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					ABSTRACT  

					ARTICLE INFO  

					Quantitative structure-activity relationships (QSARs) are widely used in drug discovery and design  

					to quantitatively analyze the relationships between the structures and biological activities of  

					compounds. The present study aimed to develop a two-dimensional (2D) QSAR and molecular  

					docking studies to predict the biological activities of protein tyrosine phosphatase 1B (PTP1B)  

					inhibitors. A QSAR was carried out to study a series of fifty-three (53) compounds based on protein  

					tyrosine phosphatase 1B (PTP1B) inhibitors. The study was performed using principal components  

					analysis (PCA), multiple linear regression (MLR) and multiple non-linear regression (MNLR) to  

					predict unambiguous QSAR models of studied compounds toward PTP1B inhibitory activity.  

					Molecular docking was used to elucidate the inhibitory mechanisms of the most active compound  

					from the data set against PTP1B. The statistical results of the MLR and MNLR indicate that the  

					determination coefficients (R2) were similar (R2 = 0.796). To validate the predictive power of the  

					resulting models, the determination coefficients of external validation were 0.815 and 0.639 for the  

					MLR and MNLR, respectively. These results showed that both models possess favorable estimation  

					stability and good prediction power. The docking of the most active compound 46 showed many  

					hydrogen bond formations with the active site residues ASP (A:48) and TYR (A:46) of PTP1B. The  

					study successfully developed a simple, convenient quantitative structure-activity relationship  

					(QSAR) model that can be used to screen chemical databases or design new PTP1B inhibitor-  

					derived compounds.  
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					Recent insights into the mechanism of insulin action have  

					demonstrated that reversible tyrosine phosphorylation of the  

					Introduction  

					The World Health Organization recognizes type 2  

					insulin receptor and its cellular substrate proteins play a  

					central role in the mechanism of insulin action.7 Preliminary  

					biochemical and cellular studies have indicated that protein  

					tyrosine phosphatases (PTPs) play a significant role in  

					regulating the process of insulin signal transduction.8 Protein  

					tyrosine phosphatase 1B (PTP1B), a cytosolic PTP, plays a  

					pivotal role in the regulation of insulin sensitivity and the  

					dephosphorylation of the insulin receptor. PTP1B has been  

					implicated as a negative regulator of insulin receptor  

					signaling.9,10 Clinical studies have identified a correlation  

					between states of insulin resistance and levels of PTP1B  

					expression in muscle and adipose tissues. This finding  

					suggests that PTP1B plays a significant role in the insulin  

					resistance associated with obesity.11 These results establish a  

					direct role for PTP1B in down regulating the insulin  

					functions. Consequently, potent, orally active, and selective  

					diabetes mellitus as the only non-infectious disease that is  

					considered an epidemic due to its global prevalence,  

					particularly in countries with a Western lifestyle.1 It is  

					characterized by chronically elevated blood glucose levels.  

					The increasing prevalence of type 2 diabetes mellitus and  

					obesity in the general population has intensified the search for  

					new therapeutic options.2 Both type 2 diabetes and obesity are  

					characterized by resistance to the hormone insulin in the  

					muscles, liver, and central nervous system.2,3 Therefore, drugs  

					that can ameliorate this resistance should be effective in  

					treating these diseases.4,5 Tyrosine phosphorylation of  

					specific intracellular proteins is a critical process that enables  

					the biological effects of various polypeptide hormones and  

					growth factors to be transduced and coordinated in vivo. This  

					process is regulated by two types of enzymes: protein tyrosine  

					kinases (PTKs) and protein tyrosine phosphatases (PTPs).6  

					PTP1B  

					inhibitors  

					have  

					emerged  

					as  

					promising  

					pharmacological agents for the treatment of obesity and  

					diabetes. Quantitative structure-activity relationship (QSAR)  

					has been widely used in drug discovery and drug design by  

					medicinal chemists,12,13 and in various practical  

					applications14,15 to provide quantitative analysis of structure  
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					and biological activity relationships of compounds.  

					A

					multitude of QSAR studies have been documented, aiming to  

					ascertain the pivotal structural characteristics that underpin  

					biological activity and to formulate predictive models for a  

					myriad of chemicals, as posited by various authors.16,17  

					Consequently, the development of a QSAR model for the  

					prediction of activity prior to the synthesis of new Protein  

					Tyrosine Phosphatase 1B inhibitors becomes imperative. The  

					development of a successful QSAR model facilitates a  

					comprehensive understanding of the relationships between  

					physicochemical properties and biological activity within a  
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					given class of molecules. In addition, it provides researchers  

					with a thorough analysis of the lead molecules to be utilized  

					in subsequent studies.18 Among the various PTP1B inhibitors  

					that have been documented in the extant literature, mono, bi,  

					and tricyclic thiophene derivatives emerge as compelling  

					small-molecule targets for drug design, a consequence of their  

					synthetic accessibility and high potency.19-21 In the present  

					study, 2D-QSAR studies were performed on a series of 53  

					PTP1B derivatives, followed by molecular docking  

					simulation, with the objective of identifying the key structural  

					features required to design new potent lead candidates of this  

					class. The findings from this study may contribute to the  

					development of highly potent anticancer drugs.  

					Materials and Methods  

					Data sources  

					In the present study, fifty-three (53) substituted PTP1B  

					molecules for which activities have been reported in the  

					literature22 were selected. The activities were collected as  

					pIC50 values, where IC50 refers to the molar concentration of  

					the compound required for 50% inhibition of PTP1B activity.  

					Table 1 presents the substituted structures of the studied  

					compounds and the corresponding experimental activities for  

					pIC50. To ensure the validity of the data set for the QSAR  

					model, the 53 substituted PTP1B were divided into training  

					and test sets. A total of 42 molecules were utilized as the  

					training set for the construction of QSAR models, while a  

					subset of 11 molecules were designated as the test set. The  

					division was executed through the utilization of the K-means  

					method.  

					Table 1: Structures and inhibitory activity of PTP B1 compounds  
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					Molecular descriptors  

					models, two principles were applied: internal and external  

					validation. For internal validation, leave-one-out cross-  

					validation (R²cv) was used to evaluate the stability of the  

					Presently,  

					a

					multitude of molecular descriptors were  

					employed in the QSAR studies. After validation, the findings  

					were used to predict the activity of untested compounds. The  

					ACD/ChemSketch and Chem 3D programs23,24 were used in  

					this study to calculate all molecular descriptors.  

					models. A high R² value indicates high internal predictive  

					cv  

					power and robustness of  

					a

					QSAR model. However,  

					Globarikh's study28 revealed that there is no correlation  

					between the R²cv value for the training set and the predictive  

					Statistical analysis  

					ability for the test set. This finding suggests that R² is  

					cv  

					A quantitative structure-activity relationship (QSAR) study is  

					a statistical approach used to create empirical models relating  

					the biological activity of compounds to their chemical  

					structures. This QSAR study use sixteen (16) quantitative  

					descriptors to explain chemical structures and describe their  

					relationship to biological activity. These 16 descriptors were  

					calculated for the 53 molecules using the ACD/ChemSketch  

					and Chem 3D programs to explain the structure-activity  

					relationship. The substituted PTPB1's quantitative descriptors  

					were studied using statistical methods based on principal  

					component analysis (PCA)25 with the software XLSTAT  

					version 2014.26 The PCA is a useful statistical technique to  

					obtain the maximal amount of encoded information in the  

					compound structures and understand the distribution of the  

					compounds.27 This method is essentially a descriptive  

					statistical technique used to graphically present as much  

					information as possible from the data. Multiple linear  

					regression (MLR) analysis with stepwise variable selection is  

					used to model structure-activity relationships. This  

					mathematical technique minimizes the difference between the  

					actual and predicted values. It is also used to select descriptors  

					as input variables in multiple nonlinear regression (MNLR).  

					The MLR and MNLR models were generated using the  

					XLSTAT software version 2014. To justify the equations for  

					predicting pIC50, we used the determination coefficient (R²),  

					mean squared error (MSE), Fisher’s criterion (F), and  

					significance level (P).  

					insufficient for reliably estimating the predictive power of  

					models for new compounds. Therefore, external validation is  

					the only way to determine the generalizability and true  

					predictive ability of QSAR models for new chemicals. For  

					this reason, statistical external validation was applied to the  

					models, as described by Globarikh and Tropsha using a test  

					set.28-30  

					Molecular docking  

					Molecular docking is one of the most important methods for  

					discovering novel small-molecule drugs.31-33 This study used  

					Surflex-Dock, which is implemented in SYBYL-X.2.0, to  

					perform this technique. The ligand and protein preparation  

					steps for the docking protocol were performed in SYBYL-  

					X.2.0 with Gasteiger-Hückel atomic partial charges,34 and  

					then results were analyzed using Discovery Studio 2016  

					software.35  

					The crystal structure of PTP1B was downloaded from the  

					Protein Data Bank (PDB entry code 1YNN). After removing  

					the original ligand, cofactors, and water molecules, the most  

					active compound from the dataset and the best designed hit  

					were docked into the active site.  

					Results and Discussion  

					Data set for analysis  

					A QSAR study was carried out for the first time on fifty-three  

					PTP1B compounds, in order to establish quantitative  

					relationships between their structures and their inhibitory  

					activities. The values of the calculated descriptors are shown  

					in Table 2.  

					Validation  

					The main objective of a QSAR study is to develop a model  

					with the greatest predictive and generalization capabilities. To  

					evaluate the predictive ability of the developed QSAR  

					Table 2: Values for the training and test of PTP1B compounds  
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					584.70 166.32 476.70 1 262.30 1.61 49.10 1.22 35.99  

					532.69 155.25 460.10 1 196.30 1.58 45.60 1.15 29.95  

					546.72 159.92 476.20 1 238.70 1.58 45.70 1.14 30.61  

					572.75 166.92 489.30 1 302.90 1.59 50.20 1.17 34.78  
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					619.77 174.52 521.60 1 366.00 1.58 47.00 1.18 30.04  

					605.74 169.89 505.10 1 326.20 1.58 47.50 1.19 29.15  

					620.75 172.67 519.10 1 357.70 1.57 46.70 1.19 35.62  

					648.80 181.94 552.20 1 437.30 1.57 45.90 1.17 37.25  

					662.83 186.57 568.70 1 477.10 1.56 45.50 1.16 38.42  

					806.96 226.96 648.50 1 744.40 1.61 52.30 1.24 39.91  

					778.91 217.49 606.60 1 661.90 1.63 56.30 1.28 36.54  

					748.88 211.35 592.60 1 610.20 1.63 54.50 1.26 35.64  

					720.83 201.88 550.70 1 527.70 1.65 59.20 1.30 32.43  

					677.80 193.83 536.40 1 459.20 1.64 54.70 1.26 35.26  

					649.75 184.35 494.50 1 376.70 1.66 60.00 1.31 31.98  

					691.83 198.46 552.90 1 499.00 1.63 54.00 1.25 36.69  

					663.78 188.98 511.00 1 416.50 1.66 59.00 1.29 33.45  

					705.86 203.09 569.40 1 538.80 1.63 53.30 1.23 37.45  

					677.80 193.62 527.50 1 456.30 1.65 58.00 1.28 33.96  
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					620.80 182.04 512.70 1 391.50 1.62 54.20 1.21 36.19  

					597.72 168.07 467.30 1 300.20 1.63 58.90 1.27 30.50  

					597.72 168.07 467.30 1 300.20 1.63 58.90 1.27 30.79  

					597.72 168.07 467.30 1 300.20 1.63 58.90 1.27 30.84  
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					-7.16  

					-7.51  

					-7.50  

					-7.17  

					-7.50  

					-7.17  

					-7.16  

					-7.15  

					-7.17  

					-7.16  

					-7.50  

					-7.50  

					-7.50  

					-7.50  

					-7.49  

					37.21 7.93  

					30.73 6.27  

					30.83 5.93  

					34.95 6.95  

					35.97 7.52  

					36.92 7.94  

					41.51 0.00  

					37.59 0.00  

					43.28 5.89  

					38.78 5.28  

					49.10 6.87  

					44.59 6.27  

					50.71 7.29  

					43.41 6.69  

					55.52 7.71  

					48.30 7.10  

					38.64 7.33  

					39.42 8.27  

					41.55 9.50  

					59.61 9.66  

					57.19 9.06  

					36.19 7.02  

					28.35 7.02  

					30.70 7.02  

					34.71 6.75  

					25.93 6.75  

					25.24 6.75  

					54.25 8.75  

					52.46 8.49  

					42.03 8.57  

					40.23 8.31  

					51.44 8.31  

					39.09 8.31  

					53.11 8.47  

					52.81 8.47  

					53.38 8.47  

					53.45 8.87  

					53.51 9.14  

					41.72 8.47  

					47.39 8.87  

					47.20 8.47  

					47.11 8.47  

					47.90 8.47  

					Molecular Weight MW, Molecular Refractivity MR, Molar Volume VM, Parachor Pc, Density D, Partition coefficient Log P, Van Der  

					Waals VDW, Total Energy ET, HOMO energy EHOMO, LUMO energy ELUMO, Hydrogen Bond Donor HBD, Hydrogen Bond Acceptor  

					HBA, Surface Tension ST, Index of Refraction IR  

					Principal component analysis  

					90.98%. PCA was conducted to identify the link among the  

					different variables.37 Table 3 presents the correlation matrix  

					representing the correlations among the sixteen descriptors.  

					The correlation matrix confirmed the absence of serious  

					collinearity between the descriptors present in the model;  

					therefore, the highly correlated descriptors (R ≥ 0.9) were  

					excluded.  

					A total of 16 descriptors encoding the 53 molecules were  

					submitted to a principal component analysis (PCA).36 The  

					first three principal axes sufficiently described the  

					information provided by the data matrix. The percentages of  

					variance were 60.86%, 18.74%, and 11.38% for axes F1, F2,  

					and F3, respectively. The total variance was estimated to be  
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					Table 3: Correlation matrix between different descriptors obtained  

					PIC50  

					1

					MW  

					1

					MR  

					1

					VM  

					Pc  

					IR  

					ST  

					D

					1,4VDW ET  

					log P HBA HBD IB  

					IW  

					ELUMO EHOMO  

					PIC50  

					MW  

					MR  

					VM  

					Pc  

					0.810  

					0.788 0.988  

					0.509 0.852 0.874  

					0.715 0.969 0.979 0.944  

					0.804 0.684 0.672 0.229 0.526  

					0.760 0.582 0.551 0.105 0.425 0.951  

					0.817 0.708 0.657 0.236 0.530 0.961 0.951  

					0.441 0.697 0.758 0.800 0.773 0.292 0.124 0.212  

					1

					1

					IR  

					1

					ST  

					1

					D

					1

					1.4VDW  

					ET  

					1

					0.433 0.514 0.560 0.445 0.509 0.442 0.294 0.349 0.590  

					1

					-

					log P  

					HBA  

					HBD  

					IB  

					0.074 -0.113 0.064 -0.236 0.157 0.232 0.172 0.104 0.237  

					0.324  

					1

					-

					0.780 0.870 0.827 0.631 0.785 0.696 0.636 0.766 0.373  

					0.841 0.791 0.754 0.410 0.666 0.889 0.889 0.919 0.235  

					0.572 0.879 0.865 0.933 0.921 0.313 0.221 0.377 0.609  

					0.343 0.259  

					-

					0.304 0.079 0.848  

					-

					0.314 0.446 0.794 0.555  

					-

					1

					1

					1

					IW  

					0.769 0.982 0.975 0.877 0.969 0.619 0.516 0.642 0.669  

					0.595 0.422 0.366 0.002 0.265 0.730 0.803 0.784 0.049  

					0.547 0.531 0.560 0.320 0.478 0.626 0.559 0.548 0.564  

					0.465 0.217 0.899 0.758 0.932  

					1

					ELUMO  

					EHOMO  

					0.108 0.286 0.468 0.697 0.086 0.333  

					1

					0.602 0.524 0.304 0.531 0.179 0.414 0.615  

					1

					Base data division  

					In this study, the k-means method was used to divide the  

					observations into homogeneous clusters based on their  

					descriptions. To divide the dataset into a training set (80% of  

					the compounds) and a test set (20% of the compounds), a  

					combination of k-means clustering results was used (Table 4).  

					The test set consists of eleven molecules (2, 14, 15, 18, 19,  

					41, 23, 34, 47, 53, and 48) one from each cluster. The  

					remaining 42 molecules were used for the training set.  

					N = 42; R = 0.892; R2 = 0.796; R2cv= 0.769; MSE = 0.042; F  

					= 76.20; P < 0.0001  

					The established models were judged by the statistical keys,  

					such as, R2 which is the coefficient of determination, F is the  

					Fisher statistic and MSE is the mean squared error. The model  

					is more reliable, as demonstrated by its higher coefficient of  

					determination and lower mean squared error. A P less than  

					0.05 means that the obtained equation is statistically  

					significant at the 95% level. The leave one out cross-validated  

					Table 4: The k-means clustering results  

					correlation coefficient LOO (R2 = 0.769) illustrates the  

					cv  

					reliability of the model by focusing on the sensitivity of the  

					model towards the elimination of any single data point. A  

					value of R2cv greater than 0.5 is the basic criteria to qualify a  

					model as valid.28  

					2,34,14,15,18,19,25,26,41,53,47  

					1

					2

					3

					4

					2,14,15,17,19,41,23,24,34,53,48  

					2,34,14,15,18,19,41,23,39,53,47  

					2,8,38,18,19,41,25,34,53,47,48  

					The multi-collinearity between the two chosen descriptors  

					was evaluated by calculating their variation inflation factors  

					VIF as shown in Table 5.  

					The VIF was defined as 1/(1 − R2)  

					Where R is the coefficient of correlation between one  

					descriptor and all the other descriptors in the proposed  

					model.38  

					Multiple linear regression  

					A mathematical linear model was proposed based on the  

					selected descriptors to quantitatively predict the  

					physicochemical effects of substituents on the inhibitory  

					activity of the 53 molecules using multiple linear regression  

					A total of forty-two molecules were placed in the training set  

					to build the QSAR models. The remaining eleven molecules  

					comprised the test set. (Equation 1).  

					Table 5: Multi-collinearity test  

					Descriptors  

					VIF  

					MW  

					MV  

					3.693  

					3.693  

					푛

					∑

					푌 = 푎0  

					+

					푖=1 푎푖 푥푖 … … … … … … … … … … … … … .. (Eq. 1)  

					The linear model using this method includes two molecular  

					descriptors: the molecular weight and the molecular volume.  

					The following Equation 2 represents the best obtained linear  

					QSAR model using the regression linear multiple regression  

					(MLR) method:  

					A VIF value greater than 5.0 indicates that the model is  

					unstable; a value between 1.0 and 4.0 indicates that the model  

					is acceptable. Accordingly, it was found that the descriptors  

					used in the proposed model have very low-inter-correlation  

					and the obtained model is stable.  

					In comparing the importance of each descriptor on pIC50 of  

					substituted PTP1B, it is important to know their standardized  

					coefficient and the t-test values in the MLR equations. The  

					PIC50  

					=

					3.106  

					+

					0.007×MW  

					-

					0.005×VM  

					.................................................................... (Eq. 2)  
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					bigger the absolute value of the t-test value, the greater the  

					influence of the descriptor.  

					Where X1, X2, X3, X4…: represent the variables, and a, b, c,  

					d…: represent the parameters.  

					In Equation 1, the t-test values were 9.362 and -3.700 for  

					MW and MV respectively.  

					The resulting Equation 4 is as follows:  

					PIC50 = 4.058 + 0.005×MW - 0.006×VM + 2.00410-6×MW2  

					+ 4.93710-7×VM2 … (Eq. 4)  

					By interpreting the molecular descriptors in the regression  

					model, it is possible to gain insight into structural features that  

					are likely to govern the activity of the studied compounds,  

					which can be used to study the activity of structurally related  

					compounds.  

					There were two descriptors in the regression model that  

					proved to be important and made statistically significant  

					contribution to the model.  

					As indicated by the t-test values, MW appeared as the most  

					significant descriptor for the derived QSAR model. Thus, it  

					can be inferred that the molecular weight is the most  

					important descriptor for the activity. The developed model  

					suggests that higher weight results in higher activity.  

					Molar volume (MV) followed molecular weight (WM) in  

					importance for their contribution to the output of this QSAR  

					model. This descriptor is one of the important polarizability  

					parameters and can represent the volume occupied by an atom  

					or a molecule. According to the model, MV has a negative  

					contribution towards the activity value as evidenced by the  

					negative regression coefficient. The smaller the MV value,  

					the higher the activity of the compound.  

					N = 42; R = 0.892; R2 = 0.796; R2cv= 0.755; MSE = 0.044  

					The leave one out cross-validated correlation coefficient LOO  

					(R2 = 0.755) illustrates the reliability of the model by  

					cv  

					focusing on the sensitivity of the model towards the  

					elimination of any single data point. A value of R2 greater  

					cv  

					than 0.5 is the basic criteria to qualify a model as valid.28 It  

					can be seen clearly from the key statistical indicators,  

					coefficient of determination (R2), mean squared error (MSE)  

					and, value of R2cv, that the predicting ability of this model is  

					like that of the linear model (MLR). The correlations of  

					predicted and observed activities and the residual graph of  

					absolute numbers are illustrated in Figure 2.  

					6.5  

					6

					The predicted values computed using this MLR model with  

					the experimental values for the training and test sets are  

					plotted in Figure 1. The selected descriptors (Eq. 2) in the  

					MLR model were then used as the input variables to perform  

					the multiple nonlinear regression (MNLR).  

					5.5  

					5

					6.5  

					6

					4.5  

					4.5  

					5

					5.5  

					6

					6.5  

					Préd(PIC50)  

					Figure 2: Predicted and observed activity values  

					calculated by MNLR  

					Applicability domain  

					5.5  

					5

					The utility of a QSAR model is its accurate prediction ability  

					for new chemical compounds. So, once the QSAR model is  

					built, its domain of applicability (AD) must be defined. A  

					model is regarded valid only within its training domain and  

					only the prediction for new compounds falling within its  

					applicability domain can be considered reliable and not model  

					extrapolations. The most common method to define the AD is  

					based on the determination of the leverage value of each  

					compound.30 The Williams plot [the plot of standardized  

					residuals versus leverage values (h)] was used in the present  

					study to visualize the AD of the QSAR model (Equation 5).  

					4.5  

					4.5  

					5

					5.5  

					6

					6.5  

					Préd(PIC50)  

					ℎ푖 = 푥푖푇(푋푇푋)−1푥푖 ……………………………… (Eq. 5)  

					Figure 1: Predicted and observed activity values  

					calculated by MLR  

					Where xi is the descriptor vector of the considered compound,  

					X is the descriptor matrix derived from the training set  

					descriptor values, the threshold is defined as Equation 6:  

					Multiple nonlinear regression  

					The nonlinear regression model was used to evaluate how the  

					substituents in the studied PTP1B compounds affect  

					inhibitory activity. This improved the quantitative structure-  

					activity relationship.  

					The 42 molecules in the training set were used to build a non-  

					linear model with the descriptors proposed by multiple linear  

					regression. The best regression performance was selected  

					according to the coefficient of determination (R2) and the  

					mean squared error MSE, a pre-programmed function in the  

					XLSTAT was used to evaluate the nonlinear regression model  

					as follows (Equation 3):  

					3(푘+1)  

					ℎ∗  

					=

					…………………………………… (Eq. 6)  

					푛

					Where n is the number of compounds in the training set, k is  

					the number of descriptors in the proposed model, a leverage  

					(h) greater than the threshold (h*) indicates that the predicted  

					response is an extrapolation of the model and, consequently,  

					it can be unreliable.  

					The Williams plot of the presented MLR model is shown in  

					Figure 3, the applicability domain is established inside a  

					squared area within ±3 standard deviation and a leverage  

					threshold h* of 0.214 for MLR model.  

					(

					)

					푌 = a + bX1 + cX2 + dX3 + eX4 …  

					+ fX12 + gX22 + hX32  

					2

					(

					)

					+ iX4 . . … … … … … …. (Eq. 3)  
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					Table 6: The statistical results of MLR and MNLR  

					models with validation techniques  

					Method/  

					paramete  

					r

					Method/p  

					arameter  

					R

					R2  

					R2  

					cv  

					R2  

					est  

					M

					SE  

					t

					MLR  

					MLR  

					0.8 0.7 0.7 0.8 0.0  

					92 96 69 15 42  

					0.8 0.7 0.7 0.6 0.0  

					92 96 55 39 44  

					MNLR  

					MNLR  

					Docking results  

					To investigate the probable binding mode between this series  

					of studied compounds and the PTP1B receptor as well as to  

					better understand and support the in vitro activity of the  

					studied compounds for the rational design of drugs, a  

					molecular docking study of the most active compound 46 was  

					carried out into the active site of the PTP1B protein (PDB ID:  

					1YNN) and the binding interactions of most active molecule,  

					compound 46 with PTP1B binding pocket are shown in  

					Figure 4. The binding pocket of PTP1B is mainly contributed  

					by residues ASP (A:48), TYR (A:46), ASP (A:265), ARG  

					(A:221), CYS (A:215), THR (A:263), GLY (A:183). The  

					docking of most  

					active compound 46  

					showed  

					many  

					Figure 3: Williams plot of standardized residual  

					versus leverage for the presented MLR model (with h*  

					= 0.214 and residual limits ±3)  

					As shown in the Williams plot, the majority of the compounds  

					in the data set were in this area, except compound 17  

					(numbered as compound 4 in the Figure according to the test  

					set) in the test set which exceeded the threshold and was  

					considered as an outlier compound. In addition, the  

					standardized residuals of all compounds were less than ±3  

					standard deviation, except compound 53 (numbered as  

					compound 10 in the Figure according to the test set) which  

					was wrongly predicted (>3σ) with a lower leverage value (h  

					< h*). Therefore, the predicted activity by the developed MLR  

					model is reliable.  

					hydrogen bond formations with the active site residues ASP  

					(A:48), TYR (A:46).  

					External validation  

					To estimate the predictive ability of the MLR and MNLR  

					models, we have to use a set of compounds that were not used  

					as the training set to establish the QSAR model. The models  

					established in the computation process using the 42  

					substituted PTP1B were used to predict the inhibitory activity  

					of the rest 11 compounds. The main performance parameters  

					of the two models are shown in Table 6. As seen from this  

					table, for the studied series of compounds, the statistical  

					parameters of the two models were nearly the same. Among  

					the obtained models for this series, the MLR model had the  

					Figure 4: The Binding conformations (2D and 3D  

					Binding pose views) and ligand interaction of the  

					most active molecule (compound 46) at active site of  

					the PTPB1 receptor (PDB ID: 1YNN), visualized with  

					Discovery studio program.  

					The present in silico experiments has demonstrated that  

					compound 46 may exhibit different type of interactions in the  

					binding site of PTP1B, which may lead to a high inhibitory  

					activity against PTP1B, and thus may act as a drug.  

					highest prediction ability for the test set (R2 = 0.815), as  

					test  

					well as the highest cross-validation coefficient (R2cv = 0.769),  

					all of which supported the applicability of the proposed MLR  

					prediction model. However, both the results obtained by the  

					MLR and MNLR should be regarded as satisfactory for  

					predicting the inhibitory activity using the proposed  

					descriptors.  

					Conclusion  

					This study underscores the potential of PTP1B as a promising  

					therapeutic target in the treatment of diabetes mellitus and  

					obesity. A comprehensive review of the existing literature  

					yielded a series of PTP1B inhibitors, which were then  

					evaluated for their efficacy through the application of 2D  

					QSAR modeling and molecular docking techniques.  

					Furthermore, molecular docking provided valuable insights  
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					into the inhibitory mechanisms of these compounds against  

					PTP1B. The quality studies of the MLR and MNLR models  

					have shown that both models have significantly better  

					predictive capacity. Future studies will focus on the  

					investigation of this series of heterocyclic compounds for  

					other types of biological activity and to use other methods, as  

					well as to synthesize the proposed molecules.  
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