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					ABSTRACT  

					ARTICLE INFO  

					Staphylococcus aureus is the most dangerous of all staphylococci and can be potentially fatal if it  

					enters the bloodstream, lungs or heart. In order to develop natural inhibitors of Staphylococcus  

					aureus, a quantitative structure-activity relationship (2D-QSAR) study was carried out on a series  

					of chrysin derivatives. 2D-QSAR models were developed using multiple linear regression (MLR)  

					and artificial neural networks (ANN). Descriptors were selected using principal component  

					analysis (PCA). Molecular docking was performed using Autodock Tools, Autodock vina and  

					discovery studio, and the structure of Enoyl-[acyl carrier protein] reductase (FabI) from  

					Staphylococcus aureus (4FS3) was extracted from the Protein Data Bank (PDB). The predicted  

					of absorption, distribution, metabolism, excretion and toxicity (ADME/Tox properties) were  

					determined using pkCSM and SwissADME and compared with those of the most active molecule  

					in the original database. This study showed that there is a significant correlation between activity  

					and three descriptors (atomic contribution to logP (GCUT_SLOGP_2), number of hydrogen bond  

					acceptor atoms (a_acc) and value of diameter - radius / radius (petitjeanSC)). The RLM model has  

					a correlation coefficient of R2 =0.78, root mean square error (RMSE=0.07) and R2test=0.85 and  

					R2=0.96 for the ANN model. We then designed new derivatives with improved in silico activity.  

					Molecular docking showed that they fit perfectly into the active pocket of the receptor with low  

					binding energy (-10.3 Kcal/mol). The predicted ADME/Tox properties of the compounds show  

					that they have satisfactory predicted properties (non-toxic and have no carcinogenic potential),  

					which confirms that the new derivatives have interesting anti-Staphylococcus aureus activity.  
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					This compound, widely distributed in nature, has low toxicity and  

					multiple biological activities (antiviral, anticancer and antibacterial).7 It  

					Introduction  

					Staphylococcus aureus is a pathogenic germ, responsible for over 80% of  

					skin infections in the human body.1 Furthermore, this bacterium is  

					considered a major cause of bacterial infectious diseases because of its  

					ability to evade the immune system and antibacterial agents by remaining  

					protected in the phagolysosomes of skin cells.1-2 Likewise,  

					Staphylococcus aureus can cause acute or chronic infections, depending  

					on a variety of host and bacterial factors.3 The enzyme enoyl-[acyl carrier  

					protein] reductase from Staphylococcus aureus (SaFabI) catalyzes the  

					elongation of fatty acids, which is the last reaction in the fatty acid  

					biosynthesis cycle.4 Thus, inhibition of this enzyme is a good target for  

					limiting Staphylococcus aureus infection.5 It is therefore necessary to  

					develop compounds with the ability to inhibit the SaFabI enzyme in order  

					to limit the risks of infection by this pathogenic germ.  

					has been shown to have antibacterial activity against Gram-positive  

					bacteria such as Staphylococcus aureus.8 The of drug discovery field,  

					which aims to research and develop new therapeutic agents, uses  

					computational methods that are less costly and less time-consuming,  

					enabling molecules of pharmaceutical interest to be identified before  

					moving on to experimental studies. To this end, quantitative structure-  

					activity relationship analysis (QSAR) is a theoretical computational  

					approach that can be used to predict the activity of new therapeutic  

					agents.9-10 The aim of the present study is to develop 2D-QSAR models  

					and analyze the molecular docking and ADME/Tox properties of the  

					most active molecule, with a view to predict a design of new chrysin  

					derivatives with improved inhibition of the enoyl [acyl carrier protein]  

					reductase (SaFabI) of Staphylococcus aureus.  

					Flavonoids in general and chrysin (5,7-dihydroxyflavone) in particular  

					represent an important class of secondary metabolites due to their diverse  

					biological activities.6  

					Materials and Methods  

					Database  

					*Corresponding author. E mail: hamid.toufik@usmba.ac.ma  

					The 2D-QSAR study was conducted on a series of chrysin derivatives  

					that have antibacterial activity against S. aureus. The experimental data  

					on the activity of the derivatives were obtained from a previous study.8  

					The activity of these derivatives was expressed as pIC50 = -log IC50, the  

					data are presented in the Table 1. The 20 chrysin compounds are  

					randomly subdivided into two groups; the first group is composed of 17  

					molecules "the training set" which allowed the development of the 2D-  

					QSAR model, while the second group consisting of 3 molecules "the test  

					set" was used for the validation of the predictive power of the selected  

					model.  
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					2D-QSAR study via Multiple Linear Regression (MLR)  

					factor F = 15.76, shows that the results are statistically significant up to  

					5% as p < 0.001, which allowed to verify that the descriptors provide a  

					significant amount of information. Indeed, the RLM model is used to  

					determine the impact of the selected descriptors on the activity;  

					All compounds were designed by MarvinSketch,11 descriptors were  

					calculated by the Molecular Operating Environment (MOE) software  

					2015 program.12-13 The selection of descriptors was based on the inter-  

					correlation coefficient14 and the visualization of the correlation between  

					descriptors and activity through principal component analysis (PCA).15  

					The MLR was performed using XLSTAT software,16 and the quality of  

					the model was assessed by statistical analyses.17 The applicability domain  

					(DA), carried out by Minitab16,18 aims to verify the robustness of the  

					established 2D-QSAR model.19  

					a_acc: the number of hydrogen bond acceptor atoms,34 which has a  

					positive coefficient, so the activity increases with the increase of the value  

					of a_acc. It is therefore recommended to add atoms with at least one free  

					electron pair, for example nitrogen and oxygen, to improve the activity;  

					GCUT_SLOGP_2: which uses the atomic contribution to log P 34 and  

					has a negative coefficient, indicating that activity increases with  

					decreasing contribution (i.e. lower lipophilic / higher hydrophilic  

					capacity), by adding a polar group;  

					Artificial Neural Networks (ANN)  

					To produce a predictive model that correlates the descriptors from the  

					MLR analysis with the activities of the molecules studied,20-21 we  

					performed a 2D-QSAR model using the artificial neural networks  

					(ANNs) through Matlab software.22-23 Based on the results found, we  

					were able to design new molecules that could have an improved in silico  

					activities and that meet Lipinski's rules.24  

					petitjeanSC: which corresponds to the ratio (diameter - radius) / radius,  

					has a positive coefficient. The activity increases with increasing value of  

					this descriptor,35 thus the addition of atoms whose ratio tends towards 1  

					improves the activity.  

					To confirm the reliability of the model,36 we evaluated the chemical  

					prediction interval, thus we determined the applicability Domain (DA),37  

					range of the model, and the results obtained are presented in Figure 3.  

					This diagram shows that the standardized residuals of the observations  

					have a value included in the interval [- 2, 2] and we note the presence of  

					2 points that have the leverage effect (compounds 7 and 14) that exceed  

					the threshold 0.3 with the presence of a single outlier (compound 5),  

					which could be due to an experimental error. 38  

					Comparing our results with those of a recent study by Sudharsan and  

					collaborators,39 who found a strong correlation between the inhibitory  

					activity of the enzyme Enoyl (acyl carrier protein) reductase and edge  

					adjacency index descriptors, molecular property descriptors and  

					topological descriptors with R2 greater than 0.9, the RLM model can be  

					used to predict biological activity.  

					Molecular docking  

					Molecular docking consists of predicting the interactions between the  

					ligand and the receptor.25 The three-dimensional structure of the FabI  

					"Enoyl-[acyl-carrier-protein] reductase" of S. aureus is derived from the  

					X-ray diffraction analysis, which can be found in the Protein Data Bank  

					(PDB),26 whose database code is 4FS3 (with the following properties:  

					Resolution = 1.80Å, R-Value Free = 0.203 and R-Value Work = 0.171).27  

					Enoyl-ACP reductase is considered to be one of the essential enzymes  

					involved in the reduction of enoyl-ACP to acyl-ACP and specifically  

					during fatty acid chain elongation in S.aureus.28 Molecular docking and  

					the necessary binding energy calculations were performed using  

					Autodock Tools-1.5.6, Autodock vina and discovery studio 2016.29  

					ADME/Tox properties  

					The critical step in the development of new therapeutic agents is to find  

					derivatives with acceptable ADME/ Tox pharmaceutical properties that  

					can be determined online via pkCSM 30 and swissadme.31 The prediction  

					of absorption, distribution, metabolism, excretion behaviors and toxicity  

					(ADME/Tox) prevents failures that can occur in the final stage of the drug  

					development process.32-33 Based on the selected 2D-QSAR model, we  

					proceeded to design new molecules whose ADME/Tox properties are  

					Artificial Neural Networks ANN  

					The RLM model data is subdivided as follows: 70% of the total  

					information is used to develop the ANN model, 15% of the information  

					constitutes the validation group which measures the generalization of the  

					network and the test represents 15% of the data to measure the  

					performance of the network. The architecture of the network that was  

					chosen is [3-3-1] with a sigmoidal function in the hidden layer (Hidden)  

					and a linear function in the output layer (Output), the results are shown  

					in the Figure 4. For the established ANN model, the MSE value (mean  

					square difference between outputs and targets) is very low (MSE-training  

					= 0.001, MSE-validation = 0.004 and MSE-testing = 0.011) and the  

					correlation is very close to 1, the results are presented in the Figure 5,  

					which confirms that the generated model is very predictive.  

					determined  

					via  

					the  

					use  

					of  

					two  

					online  

					applications:  

					and  

					http://www.swissadme.ch/index.php  

					http://biosig.unimelb.edu.au/pkcsm/prediction and these properties have  

					been compared with those of the most active compound in the database  

					(Table 1), compound 19, which has  

					a

					-log median inhibitory  

					concentration pIC50= 5.903 (pIC50 = - log IC50) calculated previously  

					by Excel 2010.12  

					Molecular docking  

					In order to find the best position of our new molecules in the active site  

					of the FabI protein "enoyl-ACP reductase", we carried out molecular  

					docking.40 To validate our docking approach, we performed a redocking  

					by starting with the preparation of the protein-ligand complex (by  

					removing the water molecules) and the separation of the two components.  

					Afterwards the molecules (receptor and ligand) are transformed into pdb  

					format and then into pdbqt format by Autodock Tools-1.5.6.41 It should  

					be noted that the docking calculations are performed by genetic algorithm  

					(GA).42 Thus we found that the active site of the receptor is located in a  

					grid box which is characterized by the following coordinates: center_x =  

					110.427, center_y = 68.907, center_z = 38.372, size_x = 38, size_y = 42,  

					size_z = 34. The result of the redocking performed by discovery studio  

					2016, confirms that the docking approach adopted is reliable, as both  

					ligands (co-crystallised and redocked ligand) are superimposed and  

					inserted into the active pocket of the FabI receptor, with an affinity of the  

					order of -9.8 kcal/ mol, the results are illustrated in the Figure 6.  

					In addition, we note a similarity between the interactions between the  

					receptor and the co-crystallized ligand on the one hand and between the  

					receptor and the redocking ligand on the other hand. We note also that  

					these interactions are established with the non-polar amino acids Val (A  

					201), Tyr (A 157), Tyr (A147), Ile (A207), Leu (A 102), Ala (A 95), Ala  

					(A 97), Phe (A 204), Phe(A96), Met (A 160), which exist in the active  

					Results and Discussion  

					2D-QSAR analysis using RLM  

					The selection of the most relevant descriptors resulted in a correlation  

					matrix that represents a correlation between the activity and 3 descriptors.  

					The principal component analysis (PCA) shows that the 2 axes F1 and F2  

					contributed respectively by 49.07% and 25.87% to the total variance and  

					the total information are 74.94%. This value confirms that the variables  

					offer the maximum amount of information existing in the database. The  

					compounds and the 3 descriptors are represented in a plane formed by the  

					2 principal components F1 and F2 where we see the distribution of the  

					compounds in 3 groups, the results obtained are presented in Figure 1 and  

					Figure 2 has shown that the Multiple Linear Regression (MLR)  

					performed confirms the linearity of the relationship between the  

					experimental and predicted activities, which proves the predictive power  

					of the model. The equation 1 of the selected MLR model is represented  

					as follows:  

					푝퐼퐶50 = 5.80 – 8.16 GCUT_SLOGP_2 + 0.079 a_acc +  

					0.82 petitjeanSC  

					(1)  

					From equation (1), we can deduce that the model can predict 78.4% of  

					the experimental value of the activity with a low error RMSE = 0.07 and  

					R2  

					= 0.85, which confirms that the model is predictive. The Fischer  

					test  
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					Table 1: Chemical structures and activities (pIC50 on S.aureus) of chrysin derivatives  

					*Test set  

					Compound  

					pIC50  

					R

					X

					Compound  

					pIC50  

					R

					X

					1

					5.609  

					N

					11*  

					5.602  

					N

					2

					3

					5.628  

					5.647  

					N

					N

					12  

					13  

					5.709  

					5.847  

					N

					N

					4*  

					5.774  

					5.892  

					N

					N

					14  

					15  

					5.804  

					5.872  

					N

					N

					5*  

					6

					7

					5.519  

					5.634  

					N

					N

					16  

					17  

					5.860  

					5.886  

					N

					N

					8

					5.492  

					N

					18  

					5.869  

					N

					9

					5.501  

					5.709  

					N

					N

					19  

					20  

					5.903  

					5.709  

					-

					O

					C

					10  

					H

					Observations (axis F1 et F2 : 74.94 %)  

					3

					2

					petitjeanSC  

					Obs2  

					Obs1  

					1

					Obs9  

					GCUT_SLOGP_2  

					Obs10  

					Obs14  

					a_acc  

					Obs12  

					pIC50  

					0

					Obs8  

					Obs6  

					Obs3  

					Obs7  

					Obs4  

					Obs16  

					-1  

					Obs5  

					Obs11  

					Obs13  

					Obs17  

					-2  

					-4  

					Obs15  

					-3  

					-2  

					-1  

					0

					1

					2

					3

					F1 (49.07 %)  

					Figure 1: Representation of the molecules and the three selected descriptors on the two axes F1 and F2  
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					site of the receptor which is covered by a hydrophobic zone, the results  

					can be seen in the Figure 7. The set of interactions is represented in Figure  

					8, where we notice that there are different types of bonds: pi-sigma, pi-  

					Alkyl, pi-pi T-shaped, Conventional hydrogen bond and Carbon  

					Hydrogen bond.The docking of the new molecules according to  

					thepreviously validated docking method, allowed us to retain those that  

					are well placed in the active pocket of the receptor taking into  

					consideration the value of the binding energy and also those that possess  

					an improved predicted activity. Tables 2 and 3 represent the result of the  

					6

					5.9  

					5.8  

					5.7  

					5.6  

					5.5  

					5.4  

					5.4  

					5.5  

					5.6  

					5.7  

					pIC50 Obs  

					5.8  

					5.9  

					6

					Table 2: Docking parameters of the best conformations of the  

					predicted new compounds  

					Figure 2: Correlation between experimental (pIC50 Obs) and  

					Compounds  

					Affinity  

					in  

					dist of  

					RMSD  

					l.b  

					best  

					RMSD  

					mode u.b  

					0.000  

					Activity  

					Predicted  

					pIC50  

					6.24  

					predicted (Pred pIC50) activities  

					Kcal/mol  

					- 10.3  

					- 9.7  

					Compound 1  

					Compound 2  

					Compound 3  

					Compound 19  

					0.000  

					2.869  

					2.420  

					0.000  

					Residual Versus Leverage  

					(response is pIC50)  

					4.976  

					6.01  

					3 components  

					- 9.7  

					3.152  

					5.95  

					0.3  

					-10.2  

					0.000  

					5.903  

					2

					1

					docking of the new compounds and the compound 19 with their affinities  

					in kcal/mol and their predicted activities. Analysis of Tables 2 and 3  

					below, shows that compounds 1, 2, 3 and compound 19 are inserted into  

					the active pocket of the receptor and have affinities equal to -10.3, -9.7, -  

					9.7 and -10.2 Kcal/mol, respectively, which vary in the opposite direction  

					of activity. We note that compound 1 establishes a pi-sigma bond with  

					Val 201, a pi-pi T-shaped bond with Tyr 157 and a pi-Alkyl bond,  

					however compound 2 generates a pi Alkyl bond with Leu 102 and Val  

					201 and pi-pi T-shaped with Phe 204 and Tyr 157. For compound 3, we  

					find pi-pi T-shaped Tyr 157, pi Sigma with Val 201, Alkyl with Leu 102  

					and pi Donor Hydrogen with Pro 192. On the other hand, compound 19  

					establishes a pi-Sigma bond with Val 201, pi Alkyl with Leu 102, pi  

					Donor Hydrogen with Ser 93. We note that compound 1 has a low binding  

					energy with a higher activity than the other compounds.  

					0

					-1  

					-2  

					0.0  

					0.2  

					0.4  

					0.6  

					0.8  

					1.0  

					Leverages  

					Figure 3: Applicability Domain of the 2D-QSAR model using  

					the RLM method  

					ADME/Tox properties  

					Based on the results of the present 2D-QSAR study, we substituted X and  

					R of chrysin derivatives with hydrophilic and polar groups to improve the  

					activity. Thus, we were able to propose new molecules with improved in  

					silico activity compared to the compounds in the database, the chemical  

					structure of the new compounds is shown in Figure 9. The design of these  

					Figure 4: Artificial Neural Network (ANN) adopted  

					Figure 5: Diagrams of the regression of the model established by the ANN method  
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					this criterion and especially the new compound 2 which has a value of  

					PSA = 83.22 Å2 (low value in comparison with the other molecules).  

					Moreover, we have detected that the new compounds have a favored  

					Compound 1  

					Figure 6: Result of redocking, co-crystallised ligand (grey) and  

					ligand from redocking (yellow)  

					Figure 7: Hydrophobic zone covering the active site of  

					Staphylococcus aureus Enoyl-[acyl-carrier-protein] reductase  

					(SaFabI)  

					Compound 2  

					Figure 8: Interactions between the Ligand and the FabI  

					Receptor  

					Compound 3  

					molecules was carried out by Marvin MarvinSketch and the predicted  

					activities values are calculated by the MOE software. The results of the  

					ADME/Tox properties for the new compounds and the most active  

					compound 19 are shown in Table 4.  

					The analysis of the results shows that compound 19 and the new chrysin  

					derivatives have criteria that meet Lipinski's rules,24 as they have a  

					molecular weight lower than 500 g/mol, with a number of hydrogen bond  

					donors not exceeding 5, a number of hydrogen bond acceptors lower than  

					10 and a Log P values < 5. We also note that all the compounds are  

					moderately soluble in water and have a high intestinal (human)  

					absorption which reaches 94.2% for the new compound 3 and compound  

					19, these results are in line with a recent study carried out on chrysin.43  

					Also the values of iLOGP (n-octanol / water partition coefficient) are  

					included in the acceptable range which varies between -2 and 10,44  

					indicating that the compounds would be able to cross the membrane  

					barrier. Knowing that PSA values (Polar surface area) should not exceed  

					the value of 140 Å2 for the drugs to be transported by Trans-cellular route  

					and to have a good brain penetration, we can say that our molecules have  

					Figure 9: Chemical structure of new compounds  

					tissue distribution compared to compound 19. From a metabolic point of  

					view, we note on the one hand that compounds 1-2-3 and 19 are not  

					substrates of CYP2D6, but they are substrates of CYP3A4 (with the  

					exception of compound 1) and on the other hand that compounds 2-3-19  

					are inhibitors of CYP1A2 and only compound 3 have an inhibitory effect  

					on CYP2C9 and CYP3A4. However, for the excretion criterion, we find  

					that the total clearance of the news compounds is high compared to  

					compound 19. This study also shows that not all the new compounds  

					show AMES toxicity and do not have carcinogenic potential. In addition,  

					the 3 new chrysin derivatives have a predicted activity that exceeds that  

					of compound 19.  
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					Table 3: Docking results of the best conformations of the predicted new derivatives and their interactions  

					Docking Interactions  

					Compound 1  

					Compound 2  

					Compound 3  
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					Compound 19  

					Table 4: ADMET prediction of newly conceived inhibitors and compound 19  

					New  

					compounds  

					Absorption  

					Intestinal  

					(Human)  

					Volume of  

					Distribution  

					(Human) log  

					L/kg  

					Metabolism  

					Excretion  

					(Total  

					Clearance)  

					log  

					Toxicity  

					AMES  

					Lepinski  

					rules  

					Vender  

					rules  

					Substrate  

					Inhibitory  

					mL/min/kg  

					74.9 %  

					0.351  

					CYP2  

					D6/ No  

					CYP1A2/  

					No  

					0.165  

					No  

					Yes  

					Yes  

					CYP2C19 /  

					No  

					CYP3  

					A4/ No  

					CYP2C9/  

					No  

					1

					CYP2D6 /  

					No  

					CYP3A4/  

					No  

					94.3%  

					0.549  

					CYP2D6/  

					No  

					CYP1A2/  

					Yes  

					0.328  

					No  

					Yes  

					Yes  

					CYP3A4/  

					Yes  

					CYP2C19 /  

					No  

					2

					CYP2C9/  

					No  

					CYP2D6 /  

					No  

					CYP3A4/  

					No  

					93.9 %  

					0.142  

					CYP2D6/  

					No  

					CYP1A2/  

					Yes  

					0.844  

					No  

					Yes  

					Yes  

					3

					CYP3A4/  

					Yes  

					CYP2  

					C19 / No  

					CYP2C9/  

					Yes  

					CYP2D6 /N  

					o

					CYP3A4/  

					Yes  

					94.2%  

					-0.089  

					CYP2D6/  

					No  

					CYP1A2/  

					Yes  

					0.622  

					No  

					Yes  

					Yes  

					CYP3A4/  

					Yes  

					CYP2C19 /  

					No  

					Compound 19  

					CYP2C9/ No  

					CYP2D6 /N  

					o

					CYP3A4/  

					No  
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					rats in the forced swim test: Comparison with neurosteroids.  

					Behav Brain Res. 2020; 386: 112590-112597.  

					Doi: 10.1016/j.bbr.2020.112590  

					Conclusion  

					The 2D-QSAR model we developed allowed predicting the relationship  

					between the structure of chrysin derivatives and antibacterial activity  

					against S.aureus. This model was validated by two methods: Multiple  

					Linear Regression (MLR) and Artificial Neural Networks (ANN). This  

					study proved that the antibacterial activity of chrysin is correlated to the  

					3 main descriptors (petitjeanSC, GCUT_SLOGP_2 and a_acc). As a  

					result, we were able to design new molecules with improved anti-  

					staphylococcus aureus activity in silico. Likewise, Molecular docking  

					reveals that the new ligands have low binding energy to the active site of  

					S. aureus Enoyl-[acyl-carrier-protein] reductase (SaFabI), through  

					interactions that are carried out pi-sigma, pi-pi T-shaped, pi-Alkyl and pi  

					Donor Hydrogen bonds. The new derivatives comply with the Lipinski  
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