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ABSTRACT 
Because of their acute pathologies, the search for antiviral drugs for coxakievirus B3 (CVB3) is becoming an 

urgent and unavoidable necessity. In the present study, a series of Pleconaril derivatives (anti-CVB3 molecules) 

are subjected to 2D-QSAR study, in which the objective is the construction of a predictive model of new anti-

CVB3 candidates that are more active than the ones studied. Two models are obtained by multiple linear regression 

ሺRଶ ൌ 0.893	; 	Qେ୚
ଶ ൌ 0.837	; 	R୲ୣୱ୲

ଶ ൌ 0.778ሻ and multiple non-linear regression ሺRଶ ൌ 0.918	; 	Qେ୚
ଶ ൌ

0.784	; 	R୲ୣୱ୲
ଶ ൌ 0.734ሻ showing very satisfactory results. Based on the obtained optimal QSAR models, novel 

Pleconaril derivatives are designed as new CVB3 inhibitors, showing remarkably improved inhibitory activity 

compared to the existing system. These results might be useful for advanced research in future experimental work. 
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INTRODUCTION 

The heterocyclic compounds constitute a very 

important rate of organic compounds of natural or 

synthetic origins. These compounds have a wide range of 

biological activity [1-6]. 

The derivations of the isoxazole form a particular and 

interesting class of heterocyclic compounds with five 

links, due to their availability and their biological and 

pharmaceutical activities which are important and efficient 

such as the anti-inflammatory, analgesic, antiviral, 

antioxidant, anticancer and antimicrobial activities [7-12]. 

Coxakievirus B3 (CVB3) is a class of viruses 

belonging to the Picornaviridae family, one of the oldest 

and most diverse families of viruses and more specifically 

to the group of enteroviruses [13]. These are genera that 

have been detected in both humans and animals [13]. 

Like most viruses, CVB3 is transmitted by two main 

routes: aerosol and fecal-oral routes [14-15] . They target 

all age groups and precisely new infants and children under 

15 years of age [14-16]. As soon as reach their target, 

CVB3s cause infections of the central nervous system, 

respiratory infections, mucocutaneous, muscular, and 

digestive disorders [17-18]. 

These infections occur after a set of processes that 

make up the replication cycle that begins with the entry of 

the virus after attaching itself to specific receptors. A 

process is then triggered to release viral RNA into the 

cytoplasm of the cells. After the protein expression and 

replication is followed by the assembly, new virions are 

then released and transmitted through the bloodstream to 

reach different destinations [15].  

CVB3s are small viruses (diameter about 30nm), non-

enveloped, their capsid has icosahedral symmetry. It 

consists of 60 copies of four proteins VP1, VP2, VP3, and 

VP4. The VP1, VP2, and VP3 proteins are located at the 
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outer surface of the capsid while VP4 is located at the inner 

surface [19]. Several studies have confirmed that the VP1 

protein has been involved in the process of binding to the 

receptors of the cells [20,21]. 

Inside VP1 and just below the bottom of the canyon, 

there is a hydrophobic pocket that contains fatty acid [22]. 

This pocket contributes to the stability of the virus and also 

represents the binding site for antiviral molecules. These 

molecules displace the lipid presented in the hydrophobic 

pouch, then blocking the decapsidation process [23] so 

expression and replication of new viruses. 

The main objective of our study is to model the 

inhibitory effect of a series of 28 Pleconaril derived 

compounds (isoxazole-based molecules) against CVB3, 

using statistical tools Principal Component Analysis 

(PCA), Multiple Linear Regression (MLR), Multiple Non-

Linear Regression (MNLR). The current study includes 

four main steps: the selection of the dataset, generation of 

molecular descriptors, construction and validation of 

predictive models and finally proposing new candidate 

compounds that are more active than the studied ones. 

MATERIAL AND METHODS  

1- Database 

In the present study, we selected 28 Pleconaril 

derivatives (Table 1) with activity values reported in the 

literature [24]. The activity expressed by IC50 is defined as 

the concentration necessary to decrease the initial rate of 

effect of CVB3 with a percentage of inhibition 50%. For 

modelling purposes, the activity was expressed in pIC50 

(pIC50= -log10(IC50). To build and validate our QSAR 

model, the data set was divided into two sets: 23 molecules 

constituted the training set and the remaining 5 molecules 

constituted the test set. The division of the data set was 

performed by random selection. 

2- Data processing 

A wide variety of molecular descriptors were 

computed using Gaussian 09W, Chemoffice2016, 

MarvinSketch and ACD/ChemSketch 2019.13 to predict 

the correlation between these descriptors and the activity 

of the molecules studied (Tables 2 and 3) [25-28].  

The electronic descriptors were obtained after 

optimization of the studied molecules using the 6-31G(d,p) 

[29] base of the Lee-Yang-Parr three-parameter Becke 

function (B3LYP) [30], which is a kind of density 

functional theory DFT method [31].The calculation of the 

descriptors started by drawing the molecules in 

GaussView 5.0 [32], then opening these structures in 

Gaussian 09W, and then executing the optimization (the 

calculations).  

3- Selection of descriptors 

The QSAR model is supposed to be simple and 

understandable, the descriptors chosen must be 

meaningful and interpretable and it must have the fewest 

parameters to explain the activity [33]. In order to reduce 

their number of descriptors, the highly correlated 

descriptors are removed based on the results of the 

Principal Component Analysis (PCA). A random 

procedure was used for the selection of the compounds of 

the learning set and the test set. 

4- Principal Component Analysis (PCA) 

PCA is an essentially descriptive statistical method, 

which aims at extracting the maximum amount of 

information contained in the compounds from the dataset 

[34] . The results of the PCA analysis are used to select the 

MLR input data. Thus, initially, we eliminated all 

descriptors with small (non-significant, r ≤ 0.3) 

correlations with the dependent variable (pIC50). To reduce 

redundancy in our data matrix, the descriptors that are 

highly correlated (r ≥ 0.9) and have a low value of the 

correlation coefficient concerning the dependent variable 

were excluded (Table 4).  

5- Multiple Linear Regression (MLR) 

It is one of the most transparent modeling methods 

whose the prediction is easily achievable [35]. The 

principal of MLR is based on the fact that the dependent 

variable Y (Activity/Property) depends linearly on the 

different variables (the descriptors), according to the 

relation: 
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Y : the dependent variable; iX : the independent 

variables; n : the number of independent variables; 0a : 

the constant of the model equation; ia : the coefficients of 

descriptors in the model equation. 

6- Multiple non-Linear Regression (MNLR) 

Despite its transparency, linear regression has certain 

disadvantages. It is deficient in the detection of non-linear 

dependence (exponential, logarithmic, polynomial,). To 

make up for this deficiency, a non-linear regression (NLR) 

is performed. 

In our work we used the second-degree polynomial 

model, based on the descriptors proposed by the linear 

model, as shown in the following equation: 

 
2

0
1

( )
n

i i i i
i

Y a a X b X


    

 

Y : is the dependent variable; iX : the independent 

variables; n : the number of explanatory variables; 0a : the 

constant of the model equation; ia  and ib : the coefficients 

of descriptors in the model equation. 

7- Model Validation  

The stability and robustness of the model must be 

verified before using it for prediction [36]. There are two 

types of validation: internal and external validation. 

7.1- Internal validation  

Internal validation techniques include cross-validation, 

which consists of extracting one or more compounds 

(LOO) from the training set and reconstructing the model 

to calculate the activity (or property) of these compounds 

[37]. The correlation coefficient between the predicted and 

observed activities of the extracted compounds must be 

greater than 0.5 2
CV(Q >0,5)  [38].  

Another internal validation technique; Y-

Randomization is performed to assert that the model is not 

due to chance. It consists of randomly disorganizing the 

activities/properties N times (e.g. 100) and the columns of 

the descriptors remain unchanged [39]. This gives N 

models with specific statistical characteristics. These N 

models must have low performance [39]. 

In general, these internal validation techniques allow 

the evaluation of the robustness and the stability of the 

QSAR/QSPR model parameters concerning the molecules 

of the training set. However, they do not demonstrate in 

any way the predictive power of the models, which is why 

an external validation of the model is required [38,40]. 

7.2- External validation 

The external validation consists of predicting the 

activity/property of the compounds constituting the test 

set, this validation is characterized by the parameters 

R୲ୣୱ୲ଶ , R୲ୣୱ୲, and Qୡ୴ሺ୲ୣୱ୲ሻ
ଶ . Several recent studies have 

shown that these parameters are insufficient to verify the 

predictive power of the model [41,42]. Therefore other 

parameters should be calculated [42]. 

 Metrics r୫ଶ :  

To better indicate the predictability of the model, the 

metrics introduced by Roy et al [43] can be exploited by 

r୫ଶ  which is defined by the following equations: 

 

r̅୫ଶ ൌ
ሺr୫ଶ ൅ r୫ᇱଶሻ

2
 

 

∆r୫ଶ ൌ |r୫ଶ െ r୫ᇱଶ| 
 

Where  r୫ଶ ൌ rଶ ൈ ሺ1 െ ඥሺrଶ െ r଴
ଶሻሻ   and   

 

    r୫ᇱଶ ൌ rଶ ൈ ሺ1 െ ඥሺrଶ െ r଴
ᇱଶሻሻ 

 

Tropsha and Golbraikh criteria: 

Golbraikh and Tropsha [41] proposed a set of 

parameters to determine the external prediction of the 

QSAR model (Table 7).  

8- Applicability domain 

This part of the analysis is explicitly requested [44]. 

The domain of applicability (DA) defines the zone in 

which a compound can be predicted with confidence. 

Indeed, the QSAR/QSPR built model is not intended to be 

used outside this domain [45]. 
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There are several methods for determining the scope of 

application of a QSPR/QSAR model, including the 

"leverage" method. This method is based on the variation 

of the standardized residuals of the dependent variable 

according to the leverages. If a compound has a leverage 

that exceeds the threshold h*=3(k+1)/N (where k is the 

number of descriptors and N the number of molecules 

constitutes the learning set), this compound is considered 

as an influential compound on the model developed [46]. 

Another recently developed approach [47] gave 

comparable results to the ''leverage'' method. The 

algorithm of this new approach is as follows: 

-All the descriptors appearing in the developed model 

(for training and test set compounds) are standardized 

using the following formula: 

 

ܵ௞௜ ൌ
|ܺ௞௜ െ തܺ௜|

௞௜ߪ
 

 
݇: total number of compounds (Training set and test set). 

݅: total number of descriptors. 

ܺ௞௜ : Standardized descriptor i for compound k. 
തܺ௜ : Mean value of the descriptor Xi for the training set 

compounds only. 

 ௞௜: standard deviation of the descriptor Xi for the trainingߪ

set compounds only. 

The above-calculation should run for all descriptor 

values present in the model. 

- Thereafter, one needs to compute the ௜ܵ௞  values. If 

௜ܵ௞ሺ௠௔௫ሻ ൏ 3, then that compound is not an X-outlier 

(if in the training set) or is with in applicability domain (if 

in the test set). 

- If	 ௜ܵ௞ሺ௠௔௫ሻ ൐ 3, then one should 

compute	 ௜ܵ௞ሺ௠௜௡ሻ. If	 ௜ܵ௞ሺ௠௜௡ሻ ൐ 3, then the 

compound is an X-outlier (if in the training set) or is not 

with in applicability domain (if in the test set). 

- If	 ௜ܵ௞ሺ௠௔௫ሻ ൐ 3 and ௜ܵ௞ሺ௠௜௡ሻ ൑ 3, then one 

should compute ܵ௡௘௪ሺ௞ሻfrom the following equation: 

 

ܵ௡௘௪ሺ௞ሻ ൌ ܵ௞̅ ൅ 0.28	 ൈ ௌೖߪ  

ܵ௡௘௪ሺ௞ሻ: ܵ௡௘௪  value for the compound k. 

ܵ௞̅: Mean of ௜ܵሺ௞ሻvalues of the compound k. 

ௌೖߪ : Standard deviation of ௜ܵሺ௞ሻvalues of the 

compound k. 

RESULTS AND DISCUSSION 

A series of 28 molecules (Table 1) derived from 

pleconaril were studied to determine a quantitative 

relationship between the structure of these molecules and 

their antiviral activity (pIC50) against coxsackievirus B3 

(CVB3). 

1- Multiple linear regression (MLR)  

The resulting model is a linear combination of three 

descriptors: n (Refractive Index), ET (Total Energy), and ߤ 

(Chemical potential). 

The model equation is as follows: 

 
4

50 16,826 11,468. 1,728.10 3,722. (1)TpIC n E    
 

 

The activity values (pIC50) calculated by equation (1) 

of the MLR model are given in Table 9. 

 

 

 

 

 

 

 

 

 



Jordan Journal of Pharmaceutical Sciences, Volume 14, No.2, 2021 

- 141 - 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Graphical representation of calculated and observed activity for MLR 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: The relative contributions of the three descriptors for MLR 

 

The relative contributions of the three descriptors are 

shown in Figure 2. 

The Refractive index and chemical potential contributed 

negatively while total energy contributes positively. 

The contribution of the refractive index and total 

energy were comparable, while the contribution of 

chemical potential was significant. 

The value of the variance inflation factor (VIF) is 

calculated according to the equation: 

 

ܨܫܸ ൌ
1

1 െ ଶݎ
 

 

Where rଶ is the coefficient for determining the multiple 

regression equation between the model descriptors. If the VIF 

is equal to 1, no intercorrelation exists for each variable and if 

it is between 1 and 5, the constructed model is acceptable and 

Training set 
Test set



2D-QSAR modeling of novel pleconaril…                                                                                       Youness Moukhliss, et al., 

- 142 - 

if it is greater than 10, the associated model is unstable and 

verification is required. 

The VIF value of each descriptor used in the model 

(Table 5) is less than 5 and close to 1, which is an 

indication of the slight correlation of each descriptor to the 

other two. 

The value of t for a descriptor is related to its statistical 

significance. High absolute values of t indicate that each 

regression coefficient is significantly larger than the 

associated standard deviation.  

The probability P of t of a descriptor gives its statistical 

significance when is combined with other descriptors in 

the model (i.e., provides information on the interactions 

between descriptors). Descriptors with probability values 

of t below 0.05 are considered to be statically significant 

for a given model, i.e., their influence on the dependent 

variable (the response) is not due to chance.  

The values of the probabilities of t for the three 

descriptors of the developed model (Table 6) were all 

lower than 0.001, indicating that the chosen descriptors are 

highly significant.  

Table 7 contains the various calculated parameters and 

the criteria that must be met for the model to be acceptable. 

The obtained results have shown a good correlation 

between the three selected descriptors and the studied 

activity, which is characterized by satisfactory statistical 

parameters. The good quality of the fit, the robustness, and 

the predictive power of the model has been confirmed by 

the high values of Rଶ, Rୟୢ୨
ଶ , Qେ୚ሺ୐୓୓ሻ

ଶ , F, and low error 

values (MSE, RMSE).  

The results obtained were very satisfactory and reflect 

the reliability of our model. 

2- Multiple non-linear regression (MNLR) 

We also used multiple nonlinear regressions to make 

up for the nonlinearity that is missing in multiple linear 

regression (MLR) and thus improve its results. 

The method was applied to the same learning set and 

descriptors used in multiple linear regression. 

The model equation obtained is as follows:  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: The correlation between observed and calculated activities for MNLR 
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The activity values (pIC50) calculated by equation (2) 

of the MNLR model are given in Table 9. 

The following table contains the calculated parameters 

for the model. 

The overall obtained results are very satisfactory and 

reflected the reliability of the model obtained. 

The good fit, robustness, and predictive power of the 

model have been confirmed by the high values of Rଶ, 

Rୟୢ୨
ଶ , Qେ୚ሺ୐୓୓ሻ

ଶ , F, and low error values (MSE, RMSE). 

3- Randomization test 

To avoid chance correlations and validate the MLR and 

MNLR models built, randomization testing was applied, 

and 100 models were developed for both MLR and MNLR. 

Figures 4 and 5 show the low values of Qେ୚୐୓୓ሺୖୟ୬ୢሻ
ଶ  

and Rୖୟ୬ୢ
ଶ  obtained for the two models MLR and MNLR. 

The results confirm that the obtained models were not due 

to chance correlation.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4:Y- Randomisation plot for MLR 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5:Y- Randomisation plot for MNLR 
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Figures 4 and 5 show the low values of Qେ୚୐୓୓ሺୖୟ୬ୢሻ
ଶ  

and Rୖୟ୬ୢ
ଶ  obtained for the two models MLR and MNLR. 

The results confirm that the obtained models were not due 

to chance correlation.  

4- Applicability domain 

Both Figures 6 and 7 showed the standardized prediction 

errors as a function of the lever values (hi) and the Snew 

values of the molecules in the two training and test sets.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Williams plot to evaluate the applicability domain of MLR model (h*=0.522 and residual limits=±3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: The Snew values of the test training and test sets
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All the tailings are found to be in the range of ሺേ3SDሻ 

(horizontal lines) and all compounds had levers h୧ ൏ h∗ ൌ

0.522 (Figure 6) and had a Snew of less than 3 (Figure 7), 

so there are no outliers for both training and testing sets, 

meaning that the model has a good predictive capability.  

PERFORMANCE COMPARISON OF TWO 

MODELS MLR AND MNLR 

A comparison of the results obtained by the two models 

was made (Figure 8).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Performance comparison of the two models MLR and MNLR 

 

The two established linear (MLR) and non-linear 

(MNLR) models generally performed well. Based on this 

comparison, it can be said that the non-linear model gave 

slightly better results than the linear model, this implied 

that the studied activity has certain non-linear 

characteristics and the introduction of MNLR improved 

the quality of prediction.  

NEWLY DESIGNED COMPOUNDS  

The main objective of the construction of QSAR 

models is the prediction of the activity of new candidate 

molecules that are more active than the studied molecules. 

This will be simple if we could understand the effect of 

each descriptor on the activity and the right choice of 

substitutes that vary these descriptors in the right direction. 

According to the equation (1) and taking into account 

the sign of the values of the descriptors we could say that 

the activity increases with:  

- The decrease in the refractive index (n) 

- The increase in total energy (ET) 

- The decrease in chemical potential (μ) 

The greater the absolute value of the t-test, the greater 

the influence of the descriptor. According to the obtained 

results (Table 7), the chemical potential μ has a stronger 

influence than the other two descriptors (n and ET). The 

fact that the chemical potential is proportional to the 

energies of the HOMO and LUMO boundary orbitals 

(μ=(EHOMO+ELUMO)/2) allows us to conclude that a 

decrease of μ is equivalent to a decrease of the energy of 

the boundary orbitals, thus increasing the electrophile 

character of the molecule. Finally, to decrease the 

chemical potential, in other words, to increase the activity, 

it is necessary to introduce electron acceptor groups 

(deactivating groups such as NO2, CN, CHO,...) which 

makes the molecule react as an electrophile. 

Taking into account the above results, we introduced 

new substituents and then we calculated the activities of 

the proposed molecules. The structures of the proposed 

molecules and the pIC50 values theoretically predicted by 

ܴଶ																		 ܧܵܯ  																ܧܵܯܴ

 ܴܮܯ ܴܮܰܯ
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the MLR model as well as the corresponding levers are 

shown in the following table. 

The proposed compounds 1p-4p (Table10) showed 

higher activities than the most active compound 18 in the 

existing system (Table 1) and the corresponding lever 

values were found to be less than h*=0.522.  

These results confirm that these compounds might be 

synthesized and evaluated as anti-CVB3 agents.  

 

CONCLUSION 

In this study, two QSAR models (MLR and MNLR) 

were constructed linking the inhibitory activity of a set of 

pleconaril-derived compounds (anti-CVB3) to three 

descriptors: refractive index (n), total energy (ET) and 

chemical potential (ߤ). The set of the obtained results 

(statistical parameters, internal validation, external 

validation, and the field of applicability) showed that the 

two used models seem to be useful, although the advantage 

is to the non-linear model (MNLR). The strength of this 

study is the design of new candidate compounds that are 

more active than the studied compounds and that might be 

effective as antiviral agents against CVB3. 
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Table1: Chemical structures and corresponding activities  
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Table 2: Software used to calculate the selected descriptors and models construction and validation 

 Gaussian 09W 

Highest Occupied Molecular Orbital Energy ܱܯܱܪܧ(ܸ݁) ; Lowest Unoccupied 
Molecular Orbital Energy ܱܯܷܮܧ(ܸ݁); Hardness η(eV)=((ELUMO-EHOMO))/2; 
Dipole moment µD (Debye) ; Chimical Potential µ(eV) 
=(ELUMO+EHOMO)/2;Electrophilicity Index ω(eV) =χ2/2η; Total Energy ET(eV); 
Energy Gap between ܱܯܱܪܧ and ܱܯܷܮܧ values ݌ܽܩܧ(ܸ݁) ; Activation Enrgy 
Ea(eV) ; Wavelength of Absorption Maximum λmax (nm) ; Oscillation force f(so). 

 ChemSketchACD Labs
Molecular Weight MW (cm3); Molar Refractivity MR (cm3) ; Molecular Volume 
MV (cm3) ; Parachor Pc (cm3); Index of Refraction (n); Surface Tensionγ 
(dyne/cm); Density D (g/cm3) ; Polarisabilty αe (cm3) . 

 MarvinSketch 20.2 Partition Coefficient log P ; Polar Surface Area PSA (A°)2. 

 Chemoffice 2016 Solubility logS ; Winner Index IW. 

 XLSTAT 2016.02.2845

Models construction and validation. 
 MATLAB 2018a 

  
  

Table 3: Calculated values of the different descriptors 
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N° IC50 pIC50 MW MR MV Pc n γ D αe logP PSA logS IW EHOMO ELUMO ET  ΔE  µD Ea λmax f(SO) η µ ω 
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Table 4: Matrix of correlation 

 pIC50 MW MR MV Pc n γ D αe logP PSA logS IW EHOMO ELUMO ET ΔE µD Ea λmax f(SO) η µ ω 
pIC50 1                        
MW -0,276 1                       
MR -0,451 0,700 1                      
MV -0,156 0,751 0,816 1                     
Pc -0,299 0,769 0,905 0,940 1                    
n -0,657 0,287 0,629 0,180 0,397 1                   
γ -0,410 0,069 0,259 -0,1650,182 0,622 1                  
D -0,168 0,429 -0,105 -0,274-0,163 0,160 0,334 1                 
αe -0,451 0,700 1,000 0,816 0,905 0,629 0,259 -0,105 1                
logP 0,175 0,182 0,378 0,564 0,395 -0,196 -0,487 -0,503 0,378 1               
PSA -0,252 0,323 0,056 -0,0670,176 0,216 0,709 0,565 0,056 -0,561 1              
logS 0,052 -0,419 -0,524 -0,608-0,457 -0,012 0,427 0,219 -0,524 -0,903 0,540 1             
IW -0,368 0,922 0,857 0,849 0,897 0,387 0,150 0,185 0,857 0,322 0,195 -0,536 1            

EHOMO -0,666 -0,237 0,014 -0,262-0,194 0,356 0,199 -0,006 0,014 -0,232 -0,053 0,080 -0,138 1           
ELUMO -0,192 -0,508 -0,086 -0,125-0,253 0,005 -0,382 -0,581 -0,086 0,143 -0,692 -0,139 -0,326 0,585 1          

ET 0,146 -0,927 -0,391 -0,526-0,508 -0,073 0,033 -0,633 -0,391 -0,014 -0,380 0,268 -0,743 0,272 0,584 1         
ΔE 0,624 -0,184 -0,096 0,200 -0,001 -0,423 -0,592 -0,529 -0,096 0,411 -0,575 -0,225 -0,135 -0,662 0,222 0,214 1        
µD -0,193 0,314 0,013 -0,0140,082 0,005 0,298 0,472 0,013 -0,297 0,575 0,219 0,162 0,126 -0,471 -0,400-0,587 1       
Ea 0,285 -0,276 -0,337 -0,222-0,280 -0,316 -0,187 -0,108 -0,337 0,107 -0,066 0,056 -0,291 -0,007 0,059 0,232 0,063 0,027 1      
λmax -0,214 0,109 0,334 0,276 0,283 0,276 0,032 -0,218 0,334 0,156 -0,118 -0,179 0,163 0,066 0,146 0,004 0,056 -0,211 0,630 1     
f(SO) -0,091 0,034 0,183 0,071 0,052 0,132 -0,055 -0,060 0,183 0,228 -0,147 -0,236 0,047 0,011 0,088 0,033 0,068 -0,251 -0,196 0,760 1    
η 0,624 -0,184 -0,096 0,200 -0,001 -0,423 -0,592 -0,529 -0,096 0,411 -0,575 -0,225 -0,135 -0,662 0,222 0,214 1,000 -0,587 0,063 0,056 0,068 1   
µ -0,516 0,398 -0,033 -0,2270,246 0,228 -0,060-0,287 -0,033 -0,078-0,371 -0,017 -0,246 0,919 0,858 0,457 -0,311 -0,150 0,024 0,113 0,050 -0,311 1  
ω 0,222 0,496 0,086 0,134 0,260 -0,024 0,372 0,551 0,086 -0,132 0,683 0,143 0,319 -0,619 -0,998 -0,568-0,179 0,456 0,053 -0,146 -0,087 -0,179-0,879 1

 

 
Table 5: Multicollinearity statistics 

 ࣆ ࢀࡱ ࢔ 
Tolerance 0.906 0.739 0.688 

VIF 1.104 1.353 1.454 
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Table 6: Caracteristics of the MLR model parameters 

Source Value Standard Error t Pr t  

Constant 16.8258 3.845 4.376 0.000 
n -11.4683 2.126 -5.394 ൏ 0.001 

ET 0.0002 0.000 5.349 ൏ 0.001 
൏ 9.156- 0.406 3.7219- ࣆ 0.001 

 

Table 7: Comparison of model parameters (MLR) with Golbraikh and Tropsha criteria 

F
it

ti
n

g 
cr

it
er

ia
 

Parameter Model score Threshold 
2

2

2

(Y )
1

(Y )
obs calc

obsobs

Y
R

Y


 



  0.893 0.6  

2
2 ( 1).

1adj

N R k
R

N k

 


 
 0.876 0.6  

2( )obs calcY Y
MSE

N


   0.135 A low value 

2( )obs calcY Y
RMSE

N


 

 0.367 A low value 

2

2

( ) . 1

( ) .

calccalc

obs calc

Y Y N k
F

Y Y k

  






 52.972 A high value 

In
te

rn
al

 v
al

id
at

io
n 

2
2

2

(Y )
1

(Y )
calc obs

CV
obsobs

Y
Q

Y


 





 0.837 0.5  

RandR (Average of the 100 ( )Rand iR ) 0.149 R  

2
RandR (Average of the 100 

2
( )Rand iR ) 0.360 2R  

2
( )CV LMO RandQ (Average of the 100 

2
( )(i)CV LMO RandQ ) -0.254 2

CVQ  

2 2 2. ( )p RandcR R R R   0.828 0.5  

2 2
2

(CV )

'

2
m m

m LMO

r r
r


  0.774 0.5  

2 2 2
(CV ) 'm LMO m mr r r    0.066 0.2  

E
xt

er
n

al
va

lid
at

io
n

2
( ) ( )2

2
( )( )

(Y )
1

(Y )
calc test obs test

test
obs trainobs test

Y
R

Y


 





 0.778 0.5  



2D-QSAR modeling of novel pleconaril…                                                                                       Youness Moukhliss, et al., 

- 154 - 

F
it

ti
n

g 
cr

it
er

ia
 

Parameter Model score Threshold 
2

2

2

(Y )
1

(Y )
obs calc

obsobs

Y
R

Y


 



  0.893 0.6  

2
2 ( 1).

1adj

N R k
R

N k

 


 
 0.876 0.6  

2( )obs calcY Y
MSE

N


  0.135 A low value 

2( )obs calcY Y
RMSE

N


 

 0.367 A low value 

2

2

( ) . 1

( ) .

calccalc

obs calc

Y Y N k
F

Y Y k

  






 52.972 A high value 

2 2
2

(test)

'

2
m m

m

r r
r


  0.594 0.5  

2 2 2
(test) 'm m mr r r    0.193 0.2  

2 2 2
0(test) 0 0'r r r    0.239 0 .3  

2 2
0

2

( )r r

r


 0.345 0 .1  

2 '2
0

2

( )r r

r


 0.038 0 .1  

2

2

( . )

( )
obs calc

calc

Y Y
K

Y
 


 0.963 0 .85 1 .15K 

2
'

2

( . )

( )
obs calc

obs

Y Y
K

Y
 


 1.028 0.85 ' 1.15K 

 

Table 8: Statistical parameters of the MNLR model 

Model parameters Internal and external validation 

N R ܴଶ ܴ௔ௗ௝
ଶ  MSE RMSE F 2

( )C V L O OQ  2
( )CV LMO RandQ  

RandR  2
RandR  2

pcR  2
testR  K  

'K  

23 0.958 0.918 0.905 0.122 0.349 67.511 0.784 0.397 0.397 0.176 0.836 0.737 0.875 1.097 
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Table 9: Comparison of the observed values with those calculated by MLR and MNLR 

N° pICହ଴ሺ୭ୠୱୣ୰୴ୣୢሻ 
pICହ଴ሺ୮୰ୣୢ୧ୡ୲ୣୢሻ N° pICହ଴ሺ୭ୠୱୣ୰୴ୣୢሻ 

pICହ଴ሺ୮୰ୣୢ୧ୡ୲ୣୢሻ 
MLR MNLR MLR MNLR

1 7.222 7.137 7.166 15 7.699 7.279 7.220 
2 7.155 7.341 7.292 16b 6.339 7.075 7.117 
3b 7.208 6.636 6.581 17 7.523 7.513 7.501 
4 6.310 6.395 6.221 18a 8.523 7.995 8.423 
5 6.830 7.173 7.119 19 7.602 7.076 6.970 
6 6.664 7.150 7.069 20 6.796 6.944 7.013 
7 7.523 7.054 7.240 21b 6.438 7.287 7.551 
8 5.925 6.437 6.314 22 7.699 7.230 7.330 
9 6.721 7.179 7.082 23 4.699 4.886 5.085 
10 6.854 6.951 6.849 24 4.991 4.931 4.681 
11b 7.155 7.608 7.719 25b 4.700 3.975 3.873 
12 7.222 7.538 7.579 26 5.350 4.816 5.061 
13 7.301 7.377 7.343 27 4.521 4.518 4.689 
14 5.857 6.078 5.794 28 6.086 6.072 6.033 

 
((a): more active (b): test set) 

 
 

Table 10: Values of descriptors, calculated anti- CVB3 activity pIC50 and leverages (h) for the new compounds 

N° R1 R2 R3 n ET (eV) ߤ (eV) pIC50  h 
18 H NO2 (Me)2NCO 1.541 -46803.733 -4.548 8.523 0.2260 
1p NO2 NO2 (Me)2NCO 1.558 -52367.980 -5.033 8.644 0.2103 
2p NO2 NO2 NO2 1.575 -51202.249 -5.637 10.898 0.4300 
3p CN CN CN 1.578 -42038.746 -5.265 11.063 0.4398 

4p CHO CHO CHO 1.581 -43759.955 -4.956 9.580 0.1939 
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باعتماد المقاربة  3دراسة مشتقات جديدة للبْلِكُونَارِيلْ (مركبات ايزوجزازول) المضاد للفيروسات كُوكْسَاكِي ب 
 بنية ثنائية البعد" -"العلاقة الكمية نشاط 
 

  1، الطاهر لخليفي 2، محمد بوعشرين 1، عبد الواحد السباعي *1، حميد مغاط 1، ياسين كوبي 1، خليل الخطابي 1يونس مخلص  .
 

  مختبر الأنواع الطبيعية والجزيئات الكيميائية، كلية العلوم، جامعة مولاي إسماعيل، مكناس، المغرب. 1
  المدرسة العليا للتكنولوجيا خنيفرة، جامعة السلطان مولاي سليمان، بني ملال، المغرب. 2

  

  ملخـص
 28) ضرورة ملحة ومستعجلة. CVB3( 3لأعراضها الحادة، أصبح البحث عن دواء مضاد للفِيرُوسَات كُوكْسَاكِي ب نظرا 

بنية ثنائية  –) كانت موضوع الدراسة باعتماد المقاربة " العلاقة الكمية نشاط CVB3(مضاد  لبْلِكُونَارِيلْ مركب مشتقة من ا
بؤ بمركبات جديدة أكثر نشاطا من المركبات المدروسة. بتوظيف الانحدار الخطي البعد" من أجل بناء نموذج يمكننا من التن

المتعدد والانحدار غير الخطي المتعدد تم الحصول على نموذجين بنتائج جيدة. استثمار هذين النموذجين مكننا من اقتراح 
  ما لأعمال تجريبية مقبلة.مركبات نشاطها أكبر مقارنة مع المركبات المدروسة. تعتبر هذه النتائج مرجعا مه

بنية ثنائية البعد، الانحدار الخطي المتعدد، الانحدار غير الخطي المتعدد، فيروس  –العلاقة الكمية نشاط  الكلمات الدالة:
  .، إِيزُوكْسَازُولْ، مضاد فيروساتلبْلِكُونَارِيلْ ، ا3كُوكْسَاكِي ب 
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