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 A study of quantitative structure-activity relationship (QSAR) is applied to a set 
of 24 molecules derived from diarylaniline to predict the anti-HIV-1 biological 
activity of the test compounds and find a correlation between the different 
physic-chemical parameters (descriptors) of these compounds and its biological 
activity, using principal components analysis (PCA), multiple linear regression 
(MLR), multiple non-linear regression (MNLR) and the artificial neural network 
(ANN). We accordingly proposed a quantitative model (non-linear and linear 
QSAR models), and we interpreted the activity of the compounds relying on the 
multivariate statistical analysis. The topological descriptors were computed with 
ACD/ChemSketch and ChemBioOffice14.0 programs. A correlation was found 
between the experimental activity and those obtained by MLR and MNLR such as 
(Rtrain = 0.886; R2

train = 0.786) and (Rtrain = 0.925; R2
train = 0.857) for the training 

set compounds, and (RMLR-test = 0.6) and (RMNLR-test = 0.7) for a randomly chosen 
test set of compounds, this result could be improved with ANN such as (R = 0.916 
and R2 = 0.84) with an architecture ANN (6-1-1). To evaluate the performance of 
the neural network and the validity of our choice of descriptors selected by MLR 
and trained by MNLR and ANN, we used cross-validation method (CV) including 
(R = 0.903 and R2 = 0.815) with the procedure leave-one-out (LOO). The results 
showed that the MLR and MNLR have served to predict activities, but when 
compared with the results given by a 6-1-1 ANN model. We realized that the 
predictions fulfilled by the latter model were more effective than the other 
models. The statistical results indicated that this model is statistically significant 
and showing a very good stability towards the data variation in leave-one-out 
(LOO) cross validation. 
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Introduction 

Acquired immunodeficiency syndrome (AIDS) is 

the major cause of death worldwide. Human 

immunodeficiency virus (HIV) is a retrovirus that 

can lead to AIDS, which is a condition in humans 

where the immune system begins to fail, leading 

to life-threatening opportunistic infections 

resulting in progressive destruction of CD4+T 

lymphocytes and inexorable collapse of immune 

function. The treatment with antiretrovirals may 

increase the life expectancy of the infected 

individuals [1, 2]. HIV-1 is a retrovirus that 

encodes a reverse transcriptase (RT) required for 

viral replication [3]. (RT) is a key enzyme that 

plays an essential and multifunctional role in the 

replication of HIV-1 and considered to be an 

attractive target for inhibition of HIV replication 

[4]. HIV-1 RT catalyses the conversion of single-

stranded RNA into double-stranded DNA that is 

integrated into the host cell’s genome [5]. 

Blocking each of the (RT) activities can protect 

target cells from infection by HIV-1 [6].Non-

nucleoside reverse transcriptase inhibitors 

(NNRTIs) are key components of most current 

combination therapies used to fight HIV-1 

infections [7, 8]. NNRTIs consist of a variety of 

hydrophobic compounds that are potent non-

competitive inhibitors of the DNA polymerase 

activity of HIV-1 RT. Most NNRTIs are highly 

specific against HIV-1 RT, and, therefore, they are 

typically non-toxic to human cells [6]. NNRTIs are 

highly lipophilic compounds that are able to enter 

intact HIV-1 virions [9]. 

NNRTIs are a family of selective chemically 

diverse RT targeting agents [10]. In anti-AIDS 

agent research, NNRTIs have gained a definitive 

and important position due to their unique 

mechanism of action, antiviral potency, high 

specificity, low toxicity and favorable 

pharmacokinetic properties [11, 12]. To date, 

more than 30 different classes of NNRTIs have 

been reported. Among these classes, three 

compounds including nevirapine, delavirdine, 

and efavirenz have been approved by the food 

and drug administration (FDA) to treat HIV-1 

infected adults in combination with nucleoside 

and protease analogues [4, 11]. The development 

of new and more potent mutation-resistant 

NNRTIs remains a challenging task for the 

treatment of HIV-1 infected patients due to the 

drug compliance, adverse effects, and cross-

resistance [13]. Diarylaniline analogues have 

attracted considerable attention due to their 

excellent activity and led to the identification of 

highly potent compounds against both wild type 

and HIV-1 RT resistant viral strains [14, 15]. 

Quantitative structure-activity relationship 

(QSAR) tries to investigate the relationship 

between molecular descriptors that describe the 

unique physicochemical properties of the set of 

compounds of interest with their respective 

biological activity or chemical property [16, 17]. 

In this work, we attempt to establish a 

quantitative structure-activity relationship 

between anti-HIV-1 activities of a series of 24 

bioactive molecules derived from diaryl aniline 

and structural descriptors. 

Thus, we can predict the anti-HIV-1 activity of 

this group of organic compounds. Therefore, we 

propose a quantitative model, and we try to 

interpret the activity of these compounds based 

on the different multivariate statistical analysis 

methods include: 

The Principal component analysis (PCA) has 

served to classify the compounds according to 

their activities and the variability of the 

descriptors. It allows reducing the number of 

variables not significant and making the 

information less redundant. The multiple linear 

regression (MLR) was used the descriptors used 

as the input parameters for the multiples non-

linear regression (MNLR) and artificial neural 

network (ANN). The artificial neural network 

(ANN) which is a nonlinear method which allows 

the prediction of the activities. To test the 

performance of the neural network and the 

validity of our choice of descriptors selected by 

MLR and trained by MNLR and ANN, we used 

cross-validation method (CV) with the procedure 

leave-one-out (LOO). 

Materials and Methods  

The biological data used in this study were 

inhibitory activity against HIV-1 virus (inhibition 
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of reverse transcriptase (RT) enzyme. (EC50)), a 

set of twenty-four derivatives of diarylaniline. We 

have studied and analyzed the series of 

diarylaniline molecule consists of 24 selected 

derivatives that have been synthesized and 

evaluated for the irinhibitory activity in vitro 

against HIV-1 (in terms of -log (EC50)) [14, 15]. 

18 molecules were selected to propose the 

quantitative model (training set), and 6 

compounds were selected randomly to test the 

performance of the proposed model (test set). 

The quantitative structure-activity relationship 

between the inhibitory activity (RT) and the 

molecules structure was determined. The 

chemical structure of diarylaniline is represented 

in Figure 1. 

 

Figure 1: The general structure of diarylaniline 

The chemical structures of 24 compounds of 

diarylaniline used in this study and their 

experimental HIV-1 inhibitory biological activity 

observed EC50 (Cytotoxic concentration required 

to inhibit the reverse transcriptase enzyme (RT) 

than 50%, this is a concentration of diarylanilines 

where 50% of the maximum effect is observed) 

were collected from recent publications [14, 15]. 

The observations converted into logarithmic 

scale -log (EC50) in molar units (M) are presented 

in Table 1. 

 

Table 1: Chemical structures and observed activities of diarylaniline derivatives (Training set and test set) 

against HIV-1 virus 

N° 
Position of substituents 

pEC50aObs 
R1 R2 R3 R4 

1 OCH3 NO2 H NO2 5,42 

2b OCH3 NO2 CH3 NO2 5,52 

3 OCH3 NO2 Br NO2 5,44 

4 CH3 NO2 Br NO2 5,37 

5c CN NO2 Br NO2 6,76 

6 CN NO2 H NO2 6,26 

7b CN NO2 CN NO2 5,38 

8 CN NO2 CH3 NO2 6,55 

9c CN NO2 CHO NO2 5,82 

10c CN H Br NO2 6,50 

11b CN H H NO2 5,50 

12 CN H CN NO2 6,68 

13 CN H CH3 NO2 7,17 

14 CN H CHO NO2 5,66 

15c CN H Br NH2 7,33 

16 CN H CN NH2 7,16 

17b CN H CH3 NH2 7,14 

18 CN NH2 Br NH2 6,79 

19b,c CN NH2 H NH2 5,49 

20b CN NH2 CN NH2 7,52 

21 CN NH2 CH3 NH2 7,16 

22 CN NO2 Br NH2 7,80 

23c CN NO2 CN NH2 8,52 
24 CN NO2 CH3 NH2 7,21 

a Pec50=log(EC50). bTest set molecules(MLR).c Test set molecules(MNLR) 
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Calculation of molecular descriptors 

Advanced chemistry development's 

ACD/ChemSketch program was used to calculate 

molecular weight (MW), molar refractivity (MR 

(cm3)), molar volume (MV (cm3)), parachor (Pc 

(cm3)), density (D (g/cm3)), refractive index (n), 

surface tension (γ (dyne/cm)) and polarizability 

(αe (cm3)) [18, 19]. 

Steric, thermodynamic descriptors are calculated 

using ACD/ChemSketchand ChemBioOffice14.0 

[20] after optimization of the energy for each 

compound using the MM2 method (force field 

method with Gradient Setting Root Mean Square 

(RMS) 0.1 kcal mol-1) [21]. 

In this study, 11 descriptors were chosen to 

describe the structure of the molecules 

constituting the series to evaluate: the molecular 

weight (MW), the molar refractivity (MR (cm3)), 

the molar volume (MV (cm3)), the parachor (Pc 

(cm3)), the refractive index (n), the surface 

tension (γ (dyne/cm)), the density (D (g/cm3)), 

the polarizability (αe (cm3)), the lipophilic (LogP), 

the hydrogen bond acceptor (HBA), and the 

hydrogen bond donor (HBD). 

Statistical analysis 

To explain the structure-activity relationship, the 

11 descriptors were calculated for 24 molecules 

(Table 2) through software ChemSketch and 

ChemBioOffice14.0. 

 

Table 2: Values of the 11 chemical descriptors 

N° MW MR MV Pc n γ D αe LogP HBA HBD 

1 409,392 111,49 306,2 834,6 1,648 55,1 1,33 44,19 6,417 5 1 

2 423,418 116,31 322,5 872,3 1,640 53,4 1,31 46,11 6,832 5 1 

3 488,288 119,18 322,4 885,1 1,660 56,7 1,51 47,24 7,305 5 1 

4 472,288 117,32 314,7 866,1 1,668 57,3 1,50 46,51 7,589 4 1 

5 483,271 115,15 299,6 887,4 1,694 76,9 1,61 45,65 6,680 5 1 

6 404,375 107,43 286,9 836,4 1,671 72,1 1,40 42,59 5,792 5 1 

7 429,385 112,00 296,1 884,0 1,680 79,3 1,44 44,40 5,298 6 1 

8 418,402 112,06 302,6 874,6 1,662 69,7 1,38 44,42 6,207 5 1 

9 432,385 112,40 299,5 883,5 1,673 75,6 1,44 44,56 5,269 6 1 

10 438,274 109,12 288,6 830,4 1,680 68,5 1,51 43,26 6,720 4 1 

11 359,377 101,40 275,9 779,3 1,656 63,6 1,30 40,20 5,832 4 1 

12 384,387 105,97 285,1 826,9 1,665 70,7 1,34 42,01 5,338 5 1 

13 373,404 106,02 291,6 817,6 1,647 61,7 1,28 42,03 6,247 4 1 

14 387,388 106,37 288,6 826,5 1,658 67,2 1,34 42,17 5,309 5 1 

15 408,291 106,71 280,6 801,2 1,685 66,4 1,45 42,30 6,070 4 2 

16 354,404 103,55 277,1 797,8 1,670 68,6 1,27 41,05 5,274 5 2 

17 343,421 103,61 283,5 788,5 1,651 59,7 1,21 41,07 5,728 4 2 

18 423,305 110,32 283,6 829,2 1,705 73,0 1,49 43,73 5,267 5 3 

19 344,409 102,60 270,9 778,1 1,681 68,0 1,27 40,67 4,438 5 3 

20 369,419 107,17 280,2 825,8 1,690 75,4 1,31 42,48 4,471 6 3 

21 358,436 107,23 286,6 816,4 1,671 65,8 1,25 42,50 4,925 5 3 

22 453,288 112,74 291,6 858,3 1,700 74,9 1,55 44,69 5,907 5 2 

23 399,402 109,59 288,2 854,9 1,685 77,4 1,38 43,44 4,525 6 2 

24 388,419 109,64 294,6 845,5 1,666 67,8 1,31 43,46 5,434 5 2 

The statistical study we conducted consists of: 

the principal component analysis (PCA), the 

multiple linear regressions (MLR), and the non-

linear regression (MNLR) available in the XLSTAT 
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15 software [22]. The Artificial Neural Network 

(ANN) and the leave-one-out cross validation 

(CV-LOO) are done on Matlab 7 using a program 

written in C language. 

The structures of the molecules based on 

diarylaniline derivatives were studied by 

statistical methods based on the principal 

component analysis. The PCA is a useful 

multivariate statistical technique to describe the 

information encoded in the structures of the 

compounds. It is also very helpful for 

understanding the distribution of the compounds. 

This is an essentially descriptive statistical 

method which aims to present, in graphic form, 

the maximum of information contained in the 

data Table 2 and Table 3. 

 

Table 3:  The correlation matrix (Pearson (n)) between different studied descriptors 

Variables MW MR MV Pc n γ D αe LogP HBA HBD pEC50 

MW 1            

MR 0,902 1           

MV 0,721 0,904 1          

Pc 0,826 0,902 0,788 1         

n 0,262 0,057 -0,375 0,106 1        

γ 0,040 -0,134 -0,457 0,187 0,762 1 
 

     

D 0,913 0,675 0,378 0,639 0,571 0,317 1      

αe 0,902 1 0,904 0,903 0,057 -0,134 0,676 1     

LogP 0,678 0,629 0,731 0,407 -0,345 -0,591 0,480 0,630 1    

HBA 0,075 0,223 0,067 0,468 0,325 0,591 0,054 0,222 -0,551 1   

HBD -0,462 -0,369 -0,554 -0,460 0,513 0,237 -0,290 -0,370 -0,650 0,186 1  

pEC50 -0,236 -0,254 -0,419 -0,166 0,430 0,429 -0,065 -0,255 -0,399 0,091 0,494 1 

 

The multiple linear regression method is used to 

study the relation between one dependent 

variable and several independent variables. It is a 

mathematic technique that minimizes differences 

between the actual and predicted values. It was 

also used to select the significant descriptors 

used as the input parameters in the multiple non-

linear regression (MNLR) and artificial neural 

network (ANN). 

The MLR and the MNLR were generated to 

predict the cytotoxic effects EC50 of the 

diarylaniline derivatives. The equations were 

justified by the coefficient of determination (R2), 

the mean squared error (MSE), the test- F 

(Fisher), and the significance level (p-value) [23, 

24]. 

ANN is artificial systems simulating the function 

of the human brain. Three components constitute 

a neural network: the processing elements or 

nodes, the topology of the connections between 

the nodes, and the learning rule by which new 

information is encoded in the network. While 

there are many different ANN models. The most 

frequently used ANN in QSAR is the three-layered 

feed-forward network [25]. In this type of 

networks, the neurons are arranged in layers (an 

input layer, one hidden layer and an output 

layer). Each neuron in any layer is fully connected 

with the neurons of a succeeding layer and no 

connections are between the neurons belonging 

to the same layer. 

According to the supervised learning adopted, the 

networks are taught by giving them examples of 

input patterns and the corresponding target 

outputs. Through an iterative process, the 

connection weights are modified until the 

network gives the desired results for the training 

set of data. A back-propagation algorithm was 

used to minimize the error function. This 

algorithm has been described previously with a 

simple example of application [26] and a detail of 

this algorithm is given elsewhere [27]. 

Cross-validation is a popular technique utilized to 

explore the reliability of statistical models. Based 
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on this technique, a great number of modified 

data sets were created by deleting in each case 

one or a small group of molecules. These 

procedures are named “leave-one-out” and 

“leave-some-out” [28-30]. For each data set, an 

input-output model was developed. The model is 

evaluated by measuring its accuracy in predicting 

the responses of the remaining data (the ones 

that have not been used in the development of 

the model). In this study we used the leave-one-

out (LOO) procedure. 

Results and Discussion 

Data set for analysis 

The QSAR analysis was performed using the -log 

(EC50) of the 24 selected molecules that have 

been synthesized and evaluated for their 

inhibitory activity in vitro against the HIV-1 

(experimental values) [14, 15]. The exploitation 

of experimental data observed using 

mathematical and statistical tools is an effective 

method to find new chemical compounds with 

high HIV-1 inhibitory activity. The values of the 

11 chemical descriptors as shown in Table 2. The 

principle is to perform in the first time, a PCA, 

which allows us to choose the relevant 

descriptors from several correlated descriptors 

(dependent), then perform a decreasing study of 

MLR based on the elimination of no significant 

descriptors until approaching a valid model 

(including the critical probability: p-value < 0.05 

for the all descriptors and the model complete). 

Principal Components Analysis (PCA) 

The totality of the 11 descriptors (variables) 

coding the 24 molecules was submitted to a 

principal components analysis. The 12 principal 

components were obtained (Figure 2). The first 

three components F1, F2, and F3 contributing 

49.73 %, 26.66 %, and 10.86 % respectively to 

the total variance. In addition, the total estimated 

information was 87.25%. 

 

Figure 2: The principal components and their variances 

The Pearson correlation coefficients are 

summarized in Table 3. The obtained matrix 

provides information on the negative or 

positive correlation between the variables. The 

principal component analysis (PCA) was 

conducted to identify the link between the 

different variables. Correlations between the 

11 descriptors are demonstrated in Table3 as a 

correlation matrix, and in Figure 3 these 

descriptors are represented in a correlation 

circle. 
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Figure 3: Correlation circles

To reduce the number of descriptors not 

significant (aberrant) and according to the matrix 

and the circle of correlations we observed the 

following correlations: (MR, αe) are perfectly 

correlated (r=1), both variables are redundant. 

MW, MR and αe are highly correlated (r (MW, MR) 

= 0,902); r (MW, αe) = 0,902). The following 

variables then removed are: (αe) and (MW). 

Multiple Linear Regression (MLR) 

To propose a mathematical model linking the 

descriptors and activity, and to quantitatively 

evaluate the substituent's physicochemical 

effects on the activity of the totality of the 24 

molecules, we submitted the data matrix 

constituted obviously from the 9 variables 

corresponding to the 18 molecules (training set), 

to a descendent multiple regression analysis. This 

method used the coefficients R2, R2aj, q2, and the 

p-values to select the best regression 

performance.  

Treatment with multiple linear regressions was 

more accurate because it allows us to connect the 

structural descriptors for each activity of 18 

molecules to quantitatively evaluate the effect of 

substituent. The selected descriptors are: MR, 

MV, Pc, γ, HBA and HBD. 

The QSAR model built using multiple linear 

regression (MLR) method is represented by the 

following equation:  

pEC50MLR= -127,329-0,678MR + 1,834MV - 

0,550Pc + 2,073γ - 1,871HBA + 1,498 HBD 

(Equation 1) 

Validation criteria of the MLR model (ANOVA: 

ANalysis Of VAriance) 

To validate the correlation equation provided by 

the statistical method of multiple linear 

regression (MLR), different criteria may be used 

[31, 32]. 

Overall assessment of the regression 

Table 4 summarizes the results of the regression 

analysis of variance such as Fisher's value (Fexp) 

and overall p-value of the model. 

The variability not explained by the model is the 

sum of residual squares SSE = 2.760 with a 

degree of freedom equal to 11 (N-p-1= 18-6-1). 

The variability explained by the model is the sum 

of regression squares SSF = 10.127 with a degree 

of freedom equal to 6 (N-(N-p-1)-1= p = 18-11-1). 

The results seem excellent and the model is 

significant because we achieved good results for 

F-exp Fisher (6,728) and lower overall p-value at 

α (F value) = 0.05 level (p-value <0.05). 

 



 Bouachrine M., & et al.  / Chem. Methodol., 2023, 7(9) 719-735 

726 | P a g e  

Table 4: Variance analysis 

Source SS df MS  F-exp p-Value 

Regression 10.127 6 1.688 6.728 0.003 

Residual 2.760 11 0.251 - - 

Total 12.887 17 1.939 - - 

Test for significance 

The first test that comes to mind is the 

significance of the correlation i.e. the correlation 

coefficient R is it significantly different from (0) 

 

The test is:       Ho : R = 0 

                            

                            H1 : R ≠ 0 

 

If the correlation coefficient is zero, we reject the 

hypothesis H0 (null hypothesis) and accept H1 

(not null hypothesis). So the model is significant. 

Confidence Interval (CI) 

The confidence interval (CI) 1-α is a range of 

values that has a chance of 1-α to contain the true 

value of the estimated parameter. 

If the p-value value exceeds (0.05), we reject H1 

and H0 is accepted. So the model is not significant. 

If α > p-value, reject H0 (H1 acceptance). 

If α < p-value, H0 acceptance (reject H1). 

Student test 

The Student law with (N-p-1) degree of freedom 

𝑡𝑐𝑎𝑙𝑐  is written: 

𝑡𝑐𝑎𝑙𝑐=

(

 
𝑅

√
1− 𝑅2

𝑁 − 𝑝 − 1)

  

 

H0 is rejected (null hypothesis) where: 

𝑡𝑐𝑎𝑙𝑐  > 𝑡(1−𝛼
2
),(N−p−1) 

  

 

Where  𝑡
(1−

𝛼

2
),(N−p−1) 

 is the value of the Student 

law for (N − p − 1)  degree of freedom, a 

probability(1 −
𝛼

2
). 

In our case we have N = 18 and R = 0.886. This 

corresponds to 𝑡𝑐𝑎𝑙𝑐   = 6.352, one rejects H0 (null 

hypothesis) where: 𝑡𝑐𝑎𝑙𝑐  > 𝑡(1−𝛼
2
),(N−p−1) 

. 

According to the Student table (1 −
𝛼

2
) = 0.975 

and N = 18 is obtained  t(0.975,11)  = 2.201. 

𝑡𝑐𝑎𝑙𝑐  > 𝑡(0.975,11)  then we reject the null 

hypothesis H0. 

Fisher test 

Analysis of variance (V) was used to test the 

equality of means, is called the F statistic of 

Fisher. 

 

-Hypothesis                             H0 : SSF = SSE   (VF = VE) Where (Error Variance) VE = MSE 

 

-against hypothesis              H1 : SSF > SSE   (VF > VE) Where (Factor Variance) VF = MSF 

 

-The Fisher F is calculated according to the 

following equation: 

Fexp =
𝑉𝐹

𝑉𝐸
=
𝑀𝑆𝐹

𝑀𝑆𝐸
=

𝑆𝑆𝐹
𝑝⁄

𝑆𝑆𝐸
𝑁−𝑝−1⁄

 

 

 

-To a threshold of (0.05) comparing 

Fexp  obtained by the theoretical calculation and 

that obtained from Fisher's table  F(p,N−p−1)  for 

one degree of freedom (p, N-p-1) with p = 6 and N 

= 18, such as (N-p-1) = 11. 

-We Accept H1 if Fexp  > F(6,11) . 

-We then find  F(6,11)  = 3.09 and  Fexp  = 6.728, so 

we accept H1 and H0 is rejected. 

Correlation Coefficient: R 

This coefficient determines the variance of the 

target activity is explained by the model of QSAR 
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i.e. by the regression of target activity based on 

the initial activity. 

R = √1 −
𝑆𝑆𝐸

𝑆𝑆𝑇
 

 

-A good correlation between the target activity 

and initial activity if R is closer to 1. 

-A non-linear correlation between the target 

activity and initial activity if R is closer to 0. 

-In our case we have R = 0.886, so a good 

correlation was shown between the observed 

activity and that obtained by MLR. 

Coefficient of Determination: R2 

The coefficient of determination R2, gives the rate 

of explanation or percentage of the variation of Y 

(endogenous variables) explained by the 

variation in X (exogenous variable). 

R2 = 
𝑆𝑆𝐹

𝑆𝑆𝑇
 

-In our case we have R2 = 0.786, this figure means 

that 78.6% of the variable Y (activity) is 

attributable to the variation in the variable X 

(descriptors), which indicates that this model is 

statistically explanatory. 

Adjusted Coefficient of Determination: R2aj 

The overall quality of the linear regression is 

measured by the coefficient of determination 

(R2aj) "adjusted" taking into account the degree of 

freedom. 

R2aj = 1- 
𝑁−1

𝑁−𝑝−1
  (1- R2) 

With: N = 18, p = 6 and R2 = 0.786. In our case we 

have R2
aj = 0.669, so the overall quality of the 

MLR is best. This indicates that this model is 

statistically significant. 

Coefficient of Prediction: q2 

The q2 value is used as the determining factor in 

selection of optimal models. The coefficient of 

prediction (q2) was calculated using: 

q2 = 1- 
𝑉𝐸

𝑆𝑆𝑇
 = 1-  

𝑀𝑆𝐸

𝑆𝑆𝑇
 

-SST: sum of total squares. In our case we have q2 

= 0.98 > 0.6, so the predictive power of this model 

is very significant, showing that the proposed 

model in this study paper is able to predict the 

activity with a great performance. This means 

that the prediction of the new compounds is 

feasible. 

-we can enjoy the performance of the predictive 

power of this model to explore and propose new 

molecules could be active. 

Standard Deviation: SD 

The standard deviation (SD) measures the 

variation in the target activity is not explained by 

the QSAR model. In particular, over the standard 

deviation is small, the correlation is best. 

𝑆𝐷 = √
𝑆𝑆𝐸

𝑁−𝑝−1
= √𝑉𝐸 = √𝑀𝑆𝐸 

-N: (N = 18) number of data points considered. 

-p: (p = 6) number of restrictions on the degrees 

of freedom (equal to the number of parameters).  

-In our case we have SD = 0.5, so the correlation 

between the observed activity and that obtained 

by MLR is the best.  

N = 18       R = 0.886     R2 = 0.786       F = 6.728         

MSE = 0.251 

Due to the fact that corresponding to the F value 

is much smaller than 0.05 it means that we would 

be taking a lower than 0.01 % risk assuming that 

the null hypothesis is wrong. Therefore, we can 

conclude that this model can provide a significant 

amount of information. 

The elaborated QSAR model revealed that the 

HIV-1 inhibitory activity could be explained by 

many topologic factors. The negative correlation 

of the molar refractivity (MR), the parachor (Pc) 

and the hydrogen bond acceptor (HBA) with the 

ability to displace the diarylaniline activity 

reveals that a decrease in the value of pEC50, 

while the positive correlation of the descriptors 

(molar volume (MV), the surface tension (γ) and 

the hydrogen bond donor (HBD)) with the ability 

to displace the diarylaniline activity reveals an 

increase in the value of pEC50. 

With the optimal MLR model, the values of 

predicted activities pEC50 MLR calculated from 

Equation1 and the observed values are presented 

in Table 5. The correlations of predicted and 

observed activities are illustrated in Figure 4. The 

descriptors proposed in equation1 by MLR were, 

therefore, used as the input parameters in the 
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multiples non-linear regression (MNLR) and 

artificial neural network (ANN). 

The correlation between MLR calculated and 

experimental activities are very significant as 

illustrated in Figure4 and as indicated by R and 

R2 values. 

 

Figure 4: Correlations of observed and predicted activities calculated using MLR 

Table 5: The observed, the predicted activities (pEC50), according to different methods MLR, MNLR, ANN and 

CV-MLR for the 18 derivatives of diarylaniline (training set) 

N° pEC50Obs pEC50MLR pEC50ANN pEC50 CV-MLR N° pEC50Obs pEC50MNLR 

1 5,420 5,207 5.439 5,40 1 5,420 5,155 

3 5,440 5,198 5.440 5,48 2 5,520 5,667 

4 5,370 5,921 5.505 5,26 3 5,440 5,233 

5 6,760 6,729 6.792 6,66 4 5,370 5,708 

6 6,260 6,819 6.550 7,15 6 6,260 6,507 

8 6,550 6,451 6.574 7,08 7 5,380 5,728 

9 5,820 5,993 5.663 5,87 8 6,550 6,116 

10 6,500 6,504 6.455 6,40 11 5,500 5,475 

12 6,680 6,839 6.499 6,02 12 6,680 6,363 

13 7,170 7,062 7.094 6,99 13 7,170 6,761 

14 5,660 5,951 5.615 5,35 14 5,660 6,236 

15 7,330 6,698 7.288 6,45 16 7,160 7,174 

16 7,160 6,985 7.286 7,40 17 7,140 7,236 

18 6,790 7,636 7.515 6,36 18 6,790 7,061 

21 7,160 7,358 7.512 7,48 20 7,520 7,172 

22 7,800 7,076 7.429 7,99 21 7,160 7,237 

23 8,520 8,161 7.503 8,59 22 7,800 7,319 

24 7,210 7,012 7.432 7,18 24 7,210 7,581 
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Multiples Non-LinearRegression (MNLR) 

The nonlinear regression model was used to 

improve the structure-activity relationship, and 

quantitatively evaluate the effect of substituent. 

We have applied to the data matrix constituted 

obviously from the descriptors proposed by MLR 

corresponding to the 18 (training set) molecules. 

The coefficients R, R2, and the F-values were used 

to select the best regression performance. We 

used a pre-programmed function of XLSTAT 

following: 

Y = a + (bX1 + cX2 + dX3 + eX4 …) + (fX12 + gX22 + 

hX32 + iX42 …) 

Where a, b, c, d: represent the parameters and X1, 

X2, X3, X4: represent the variables. 

 

The resulting equations are as following: 

pEC50MNLR= 97,173- 0,849MR-5,760MV+2,593Pc-5,716γ-1,162HBA + 3,555 HBD + 2,518E-03(MR)2+ 

5,363E-03(MV)2-9,763E-04 (Pc)2+2,118E-02 (γ)2+ 4,729E-02 (HBA)2- 0,656 (HBD)2 

N=18                 R=0.925                  R2=0.857                MSE=0.360 

With the optimal MNLR model, the values of 

predicted activities pEC50 MNLR calculated from the 

Equation2 and the observed values are given in 

Table5. The correlations of predicted and 

observed activities are illustrated in Figure 5. 

The correlation between MNLR calculated and 

experimental activities are very significant as 

illustrated in Figure5 and as indicated by R and 

R2 values. 

 

Figure 5: Correlations of observed and predicted activities calculated using MNLR 

True predictive power of a QSAR model is to test 

their ability to predict accurately the activities of 

compounds from an external test set (compounds 

which were not used for the model development), 

the activities of the remained set of 6 compounds 

(1-6) are deduced from the quantitative model 

proposed with the 18 molecules (training set) by 

MLR and MNLR. Their structures and the 

observed and calculated pEC50values are given in 

Tables 1 and 6. 
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Table 6: The observed, the predicted activities (pEC50), according to methods MLR and MNLR for the 6 tested 

compounds (test set) 

N° pEC50Obs pEC50MLR-test N° pEC50Obs pEC50MNLR-test 

2 5,520 7,538 5 6,760 5,235 

7 5,380 7,424 9 5,820 5,465 

11 5,500 6,441 10 6,500 6,244 

17 7,140 7,225 15 7,330 7,005 

19 5,490 7,366 19 5,490 6,156 

20 7,520 8,515 23 8,520 7,243 

 

The comparison of the values of pEC50test to pEC50 

Obs shows that a good prediction has been 

obtained for the 6 compounds: 

MLR:  

N = 6Rtest = 0.6 

MNLR:  

N = 6Rtest = 0.7 

Artificial Neural Networks (ANN) 

To increase the probability of good 

characterization of the studied compounds, 

artificial neural networks (ANN) was used to 

generate predictive models of quantitative 

structure-activity relationships (QSAR) between 

a set of molecular descriptors obtained from the 

MLR, and observed activity. The ANN calculated 

activities model was developed using the 

properties of several studied compounds. Some 

authors [33, 34] have proposed a parameter ρ, 

leading to determine the number of hidden 

neurons, playing a major role in determining the 

best ANN architecture defined as follows: 

ρ = (Number of data points in the training set 

/Sum of the number of connections in the ANN) 

To avoid over fitting or under fitting, it is 

recommended that 1.8 < ρ < 2.3. The output layer 

represents the calculated activity values pEC50. 

The architecture of the ANN used in this work (6-

1-1), ρ =2. 

The values of predicted activities pEC50 ANN 

calculated using ANN and the observed values are 

given in Table4. The correlations of predicted and 

observed activities are illustrated in Figure 6. 

The correlation between calculated ANN and 

experimental activities are very significant as 

illustrated in Figure6 and as indicated by R and 

R2 values. 

 

Figure 6: Correlations of observed and predicted activities calculated using ANN 

N = 18R = 0.916R2 = 0.84 
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The obtained squared correlation coefficient (R2) 

value confirmed that the artificial neural network 

results were the best to build the quantitative 

structure activity relationship models. 

To evaluate the predictive ability of the ANN 

models, ‘Leave-one-out’ is an approach 

particularly well adapted to the estimation of that 

ability. 

Cross Validation (CV) 

To evaluate the performance of the neural 

network and the validity of our choice of 

descriptors selected by MLR and trained by 

MNLR and ANN, we used cross-validation method 

(CV) with the procedure leave-one-out (LOO). So, 

one compound was removed from the data set, 

the network was trained with the remaining 

compounds and used to predict the discarded 

compound. The process was repeated in turn for 

each compound in the data set. 

In this study, the ‘leave-one-out’ procedure was 

used to assess the predictive ability of the ANN. 

The values of predicted activities pEC50 CV 

calculated using CV and the observed values are 

presented in Table5. The correlations of 

predicted and observed activities are illustrated 

in Figure 7. 

The correlation between the calculated CV and 

the experimental activities are illustrated in 

Figure 7. 

 

Figure 7: Correlations of observed and predicted activities calculated using CV 

N = 18        R = 0.903      R2 = 0.815 

The results obtained with the cross validation 

and with the prediction of activities of the 6 

compounds (test set), shows that the proposed 

model in this study is able to predict the activity 

with a great performance. The test conducted 

with the 6 compounds confirmed the 

performance of the model. So, this model could be 

applied to all derivatives of diarylaniline 

accordingly to Table 1 and could add further 

knowledge in the improvement of the search in 

the domain of inhibitors of HIV-1 virus. A 

comparison of the quality of MLR, MNLR and 

ANN models revealed that the ANN models had a 

better predictive capability. ANN was able to 

establish a satisfactory relationship between the 

molecular descriptors and the activity of the 

studied compounds. 

A good correlation was obtained with cross 

validation RCV= 0.903. So the predictive power of 

this model was very accurate. The results 

obtained in this study, revealed that the MLR, 

MNLR, and ANN are models validated, 
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representing the fact that the prediction of the 

new compounds was feasible. 

Conclusion 

In this study, three different modelling methods, 

including MLR, MNLR, and ANN were used to 

construct a QSAR model for the inhibitors of 

reverse transcriptase (RT) enzyme. The artificial 

neural network ANN revealed a better predictive 

capability in comparison with the MLR and MNLR 

model. We established a relationship between 

several descriptors and the HIV-1 inhibitory 

activity in satisfactory manners. The good results 

obtained with the cross- validation CV and with 

the prediction of activities of the test compounds 

(test set), shows that the proposed model in this 

study is able to predict activity with a great 

performance. 

The accuracy and predictability of the proposed 

models were illustrated by the comparison of the 

key statistical terms including R and R2 of 

different models obtained by using different 

statistical tools. It was also shown that the 

proposed methods were a useful to reduce the 

time and cost of synthesis and activity 

determination of inhibitors of (RT) (compounds 

based on diarylaniline). 

He studied descriptors, which were sufficiently 

rich in chemical and topological information to 

encode the structural feature might be used with 

other descriptors for the development of 

predictive QSAR models. 

Previous studies QSAR already performed on the 

same set of diarylaniline using multiple linear 

regression, obtained a correlation coefficient (R = 

0.866). In this study the correlation coefficient 

obtained from the MLR (RMLR = 0.886), by using a 

variety of descriptors, the coefficient improved 

by using MNLR (RMNLR = 0.925) and ANN (RANN = 

0.916) so the proposed model was very 

significant and was performance is tested by 

cross-validation method CV (RCV = 0.903). 

Thus, grace to QSAR studies, especially with the 

ANN that has allowed us to improve the 

correlation between the observed biological 

activity and that predicted, we can enjoy the 

performance of the predictive power of this 

model to explore and propose new molecules 

could be active. 
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