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Abstract 

Quantitative relationships between the structures of 52 antagonists of the 

CXCR2 receptors and their activities were investigated by the partial least 

squares (PLS) method. The genetic algorithm (GA) has been proposed for 

improvement of the performance of the PLS modeling by choosing the most 

relevant descriptors. Power prediction of the QSAR models developed with 

PLS and GA-PLS methods were evaluated using cross-validation, and 

validation through an external prediction set. A comparison between the 

different developed methods indicates that GA-PLS can be chosen as 

supreme model due to its better prediction ability than the other two 

methods. The developed models were found to be useful for the estimation 

of pIC50 of CXCR2 receptors for which no experimental data is available. 
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Introduction 

The search for quantitative relations between chemical structure and biological activity is the 

subject of Quantitative Structure-Activity Relationships (QSAR), the purpose of which is to 

explain why a given drug produces its particular effect, and ultimately to predict the effect of 

newly synthesized chemical compounds [1, 2]. This theory has an ultimate role, the proposal 

of a model capable of estimating the activities of compounds, by relying on the assumption 

that these resulting effects are the consequence of the molecular structure. Since the pioneer 

studies of Hansch, the use of QSAR has become helpful in understanding chemical–biological 

interactions in drug and pesticide research, and in various toxicology studies. In QSAR, the 

structure is translated into the so-called molecular descriptors, describing different relevant 

features of the compounds, through mathematical formula obtained from the chemical graph 

theory, information theory, quantum mechanics and so forth. More than thousand descriptors 

are available and are reported in the literature. Although, the structure descriptors may be 

easily produced by modern software, but many of these descriptors are probably irrelevant to 

the targeted biological activities. Thus, one has to decide how to select the descriptors that 

characterize the property under consideration in the best possible manner. Removing the 

irrelevant descriptors or selecting the most relevant and highly correlated ones is a vital step 

in QSAR studies. The removal of irrelevant features often improves the performance of 

learning models, which provides faster and more cost-effective prediction and may provide a 

better understanding of what properties of target and ligand are relevant to the biological 

procedure. 

One of the important features of mathematical model is its ability to predict the 

activity of molecules not yet synthesized or those with limited in vivo and in vitro 

experimental information, due to the economic or ethical reasons. Furthermore, the 

mathematical models can give information about activity of a molecule and explain receptors 

binding places (enzyme, ionic channel etc.) through correlations with molecular descriptors 

[3-10]. The more often used techniques in construction of QSAR model were PLS, principle 

component regression (PCR) and artificial neural network (ANN). The partial least squares 

(PLS) is insensitive to co-linearity among the predictor variables and allows one to handle 

data set where the number of variables is larger than number of observations [11]. Thus, for 

large data sets PLS is preferable. In addition, PLS analysis provides equation describing the 

relationship between one or more dependent variable and a group of explanatory variables. 
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However, PLS is highly sensitive to extreme values of variables, which do not contribute to a 

predictive model. The situation gets worse when more variables are introduced to the models. 

Thus, the larger the number of variables, the less the predicted ability of the developed 

model[12]. Therefore, a variable selection step is necessary prior to building PLS models. To 

solve this problem GA and PLS had been combined in variable selection of QSAR and QSPR 

modeling [13, 14].Genetic algorithms are best known for their ability to efficiency search 

large spaces and had been widely applied in different fields. Thus, GA can be used for 

improving the prediction of QSAR modeling. 

Thiazolo[4,5-d]pyrimidine derivatives display a plethora of biological activities. It had 

been reported that [4,5-d]pyrimidine analogues have anti-inflammatory activities, due to TNF 

inhibition [15].These compounds have been described to have anticancer[16], anti-

inflammatory and antimicrobial activity[17]. Recently, 2,7-substituted-thiazolo[4,5-d]pyrimi-

dine have also been described as ATP-competitive inhibitors of several protein kinases 

(EGFR, cSrc, HER-2, Lyn and c-Abl) [18]. Thus, these structures represent a class of 

molecules capable of binding to multiple target proteins (receptors or enzymes) with high 

affinity. So, from molecular drug discovery point of view, the molecule antagonists of the 

CXCR2 receptor such as pyrimidine derivatives are attractive biological targets. In this study, 

the QSAR was used to construct a suitable model to predict the drug properties of new 

pyrimidine derivatives as antagonist of CXCR2 receptor compounds such as the half-maximal 

inhibitory concentration (pIC50). Furthermore, in order to predict the activity of pyrimidine 

derivatives, an important class of bioactive compounds, the linear regression methods of PLS 

and GA-PLS were used to construct the QSAR model  

 

Materials and methods 

Experimental Data 

The structure and biological data of 52molecule antagonists of the CXCR2 receptor 

were obtained from literature [19, 20] and are shown in Table 1-3. The theoretical molecular 

descriptors were derived from the chemical structure of the compounds. The 3D-structures of 

the molecules were drawn using HyperChem version 8.05. The resulting geometries were 

further refined by means of semi-empirical method AM1 and the molecular structures were 

optimized using the Polak-Rebiere algorithm until the root mean square gradient reaches 

0.001 kJ (mol Å). Then it was transferred into the Dragon program package (Milano 
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Chemometrics group, version 3) [21] to obtain all of the descriptors of 0D, 1D, 2D and 3D 

classes of twenty different categories which involved a total of1497 descriptors [22-24]. 

After the calculation of descriptors, they were analyzed to decrease the redundancy 

existing in the descriptor data matrix. Finally, the following steps were applied into the data 

matrix: 

(1) In order to detect the homogeneities in the data set and to recognize the potential outliers 

in all of the molecules under study the principal components analysis (PCA) was applied. 

According to the results of PCA, the original dataset was split into training set (including 42 

compounds)which was used for QSAR modeling; and test set (10 compounds), which was 

used for evaluation of the predictive result of the final model. 

(2) The constant and near constant descriptors was deleted by application of the feature 

selection methods for production of suitable model i.e. one of the any two descriptors with an 

inter-correlation greater than 0.95 was removed to reduce the redundant and useless 

information. 

(3) In order to select the best descriptors as input for the next step, the genetic algorithm was 

run. 

(4) Finally the PLS model was performed by the remaining descriptors with 7 latent variables, 

it was examined on the test set and the model performance was evaluated. 

Another key step in QSAR modeling is the evaluation of the model’s stability and 

predictive ability. In order to evaluate the suitability of the developed models for the 

prediction of the activity of the compounds, different statistical parameters was used [25] 

including cross validation coefficient (Q
2
 or R

2
cv), root-mean square error of prediction 

(RMSEP) and relative error percent of prediction sets (REPPred%). 

Cross-validated coefficient of R
2

CV(LOO-Q
2
) was calculated according to the 

following formula: 

    
    

        
     

   

           
    
   

 

where ŷi, yi and     are the predicted value, the experimental value (over the prediction set) 

and the averaged value of the dependent variable for the training set, respectively. 

The REP% was calculated according to the following equation: 

               
 

 
       

  
   

            (2) 

(1) 
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where ŷi, yi, y and n are the predicted value, the experimental value, the mean of the 

experimental value in the prediction set and the number of samples, respectively. 

The root-mean square error of prediction (RMSEP) was defined as a measure of the 

average difference between the predicated and experimental values at the predication stage. 

The RMSEP is a frequently used measure of the differences between the predicted values by a 

model or an estimator and the actually observed values from the objects being estimated. The 

RMSEP was defined as follows: 

        
        

  
   

 
                             (3) 

where ŷi, yi and n are the prediction value, the measured value and the number of 

measurements at the prediction set, respectively. 

 

Table 1. Structures and biological activities of thiazolo [4,5-d]pyrimidines derivatives 

N

N
S

N

R2

S

R3
R1

 

pIC50 R1 R2 R3 No 

7.6 
F

F  

HN

OH

 

NH2 1 

8.4 
F

F  

HN

OH

 

NH2 2 

7.9 

Cl  
HN

OH

 

NH2 3 

7.8 

F  

HN

OH

 

NH2 4 
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7.5 

Cl  
HN

OH

 

NH2 5 
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Cl  
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F  
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7.5 
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F  

HN

OH

OH

 

NH2 15 
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F

F  

OH
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F  

HN

OH
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F  
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F  
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F  
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F  
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HN
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8.1 
F

F  

OH

HN

 

HN

 

24 

6.4 
F

F  

OH

HN

 

N

 

25 

5.8 
F

F  

HN

OH

OH

 

N

 

26 

 

Table 2. Structures and biological activities of thiazolo [4,5-d]pyrimidines derivatives 

N

N S

N

N

N

H2N

R1

R2

 

pIC50 R1 R2 No. 

5.4 F

 

H 27 

6.3 F

 

Cl

O

O

 

28 
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H

O

 

29 

6.5 F

 N
H

O

 

30 
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5.3 F

 

O

O

 

31 

6.2 F

 

Cl
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O  

Cl
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Cl
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6.5 

 

Cl
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Cl
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7.4 N
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41 
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7.3 
N  

Cl

OO

 

42 

4.4 

N  

Cl

OO

 

43 

7.0 F

 OO

 

44 

7.2 F

 OO

F

 

45 

5.4 F

 OO

Br

 

46 

7.4 F

 OO

OCH3

 

47 

 

Table 3. Structures and biological activities of piperazinyl substituent of 5-amino-2-(4-fluorophenyl)- 

thiazolo[5,4-d]pyrimidines derivatives. 

pIC50 B No. 

N

N

N

N

H2N

F

O
O

Cl
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N
H

N
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7.4 
N
H

N

 

52 
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Variable Selection Procedure 

Removing Constant and Nearly Constant Variables 

First, an identical test was carried out to remove the constant variables. This procedure 

removes descriptors that had a constant value for a user specified percentage of the dataset. 

Identical tests were performed to remove those descriptors that have zero or identical 

information across a user defined percentage of the training set compound space (80% to 

90%). Then the nearly constant variable indicated by standard deviation was removed 

because, in the context of QSAR, descriptors with low standard deviation are not particularly 

relevant for regression modeling. In other word, such descriptors do not have the required 

variance to be able to capture the variance of the interested property of modeling. 

 

Genetic Algorithm 

Another problem in selection of the set of molecular descriptors is the co-linearity 

within them. Thus, in order to find the more convenient set of descriptors, the variable 

selection method of the GA-PLS was performed. The QSAR model was derived by 

performing the GA analysis with partial least squares (PLS)-regression method on the 

population size of 64 and mutation rate of 0.003. The parameters and the results of R
2
, REP%, 

RMSEP and Q
2
 for prediction set of GA-PLS study are summarized in Table 4 and 5 

respectively. As the results revealed, the use of GA prior to the calibration, results in 

regression model with improve predictive power.  

Table 4. Parameters of genetic algorithm GA. 

Cross validation Random subset 

Number of subset 4 

Window width  2 

Initial term % 20% 

Maximumgeneration 100 

Convergence (%) 80 

Cross-over Double 
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Table 5.The statistical parameters calculated for PLS model 

PLS GA-PLS Parameters 

0.77 0.85 R
2

 

0.75 0.79 Q
2

 

0.601 0.552 RMSEP 

8.939 8.313 REP % 
 

PLS Method  

The PLS is a robust, multivariate statistical extension of multiple linear regression 

(MLR), in handling regression tasks with too many variables [26].PLS is a linear multivariate 

methodfor relating two data matrices, X and Y to each other. It expressed a projection to 

latent structures by means of the partial least squares, and improved the precision with 

increasing the numbers of X variables. 

The general idea of the PLS method was to extract information, the Latent variables 

from the data, which account for most of the variance in the response and construct predictive 

model. Generally the following equation demonstrated the PLS method: 

Y=b1L1+b2L2+b3L3+…+bmLm 

Y is the dependent variable (the biological activity); L1 through Lm are the latent variables, 

and b1 through bm are the regression coefficients corresponding to L1-Lm. 

The modeling by PLS method was performed in the MATLAB 7.0, using PLS 

Toolbox 2.  

 

Results and Discussion 

Regression Model 

After the selection of suitable descriptors, all descriptor variables were preprocessed 

by auto scaling. Then the number of significant factors (latent variable) for the PLS algorithm 

was determined using the cross-validation method. With cross-validation, one sample was 

kept out (leave one out) of the calibration and was used for prediction. The process was 

repeated so that each sample was kept out once. The predicted values of left-out samples were 

then compared to the literature values by using prediction error sum of squares (PRESS) and 

are demonstrated in Fig. 1. 

The PRESS was calculated according to the following equation: 

2Pr )( ed
ii yyPRESS 
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where yiand yi
Pred

 are the measured and prediction value respectively. 

 

Figure 1. The PRESS versus number of principal component. 

 

As Fig.1 revealed the most convenient PLS and GA-PLS models were produced with 

eight and seven latent variables, respectively. The types and definitions of 25 descriptors used 

in GA-PLS model are given in Table 6. 

 

Table 6. The partial least squares regression coefficients 

ID Descriptor Group 

1 MSD, SEigZ Topological Descriptors 

2 BEHv1, BEHV2, BEHe2, BELe1,BELp1 BCUT 

3 MATS1m, MATS2m, 2D autocorrelation 

4 DISPe geometrical descriptors 

5 Mor19m, Mor17v 3D-MoRSE descriptors 

6 G1u, G3m, E3m, E1v, Dv WHIM descriptors 

7 HATS2u, HATS2m, HATS8p, R7u+, R1m+, R2v+, 

R8e, R2p+ 
GETAWAY descriptors 

 

The calculated statistical parameters by PLS model are presented in Table 5. The low 

values of root-mean square error of prediction confirm the prediction ability and the accuracy 

of the resulted models for the external test set. The plots of predicted activity by regression 
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model against the experimental activity are shown in Fig. 2 and indicate that the error in the 

developed QSAR model is low. 

 

 

 

Figure 2. Predicted vs. the experimental activity () Training set (๐) Test set 

 

Interpretation of the Descriptors 

Concerning the interpretability of the descriptors, it is important to take into account 

that the response of the model is the result of a series of complex biological or physico-

chemical mechanisms. So, it is very difficult to attribute the mechanistic meaning to the 

important descriptors used in a QSAR model. Moreover, it must also be emphasis that in 

multivariate models such as MLR models, the interpretation of the singular molecular 

descriptor can be useful, however, only the combination of the selected set of descriptors is 

able to model the target property. On the other hand, although, the explanation of the involved 

descriptors in the model, by definition of chemical and physical interpretations of the selected 

molecular descriptors is not a simple task but, it can provide a better understanding of the 

relationship between the structure of the compounds and their activity. The brief explanations 

of descriptors used are as fallow: 

The first group of descriptors used was topological descriptors including SEigZ 

(Eigenvalue sum from Z weighted distance matrix) and MSD (Mean square distance index 

(Balaban)) index. Topological index mathematically encode information regarding the 

structure of molecules, which have been depicted as graphs. The molecular graph was 

comprised of vertices, which correspond to atoms and edges of the bounds between the atoms. 

Often they are sensitive to size, shape, branching, cyclicity and, to a certain extent the 

electronic characteristics of molecules (Table 6, 1
st
 row). 
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The second group of descriptors was the highest eigenvalue of burden matrix that 

defined as eigenvalues of Burdun matrix (B). The B matrix was defined as, the number of 

atoms, bond order between two atoms or the electronegativity of the atoms. The information 

included on the electronic environment of the atoms in the matrix should be related to the 

matrix eigenvalues of the electronic distribution of the whole molecule. Among the 

eigenvalues obtained from B matrix, the highest eigenvalues was found to reflect the relevant 

aspects of the molecular structure, and was therefore useful for searching the similarity among 

molecules. By B eigenvalue decomposition, the best structure for the molecules, e.g. the 

number of atoms, the number of bonds and the electronic distributions of the whole molecule 

were found (Table 6, 2
nd

 row). Thus, the B eigenvalues play a good role in predictions of 

designation of drugs. 

The third group of descriptors used was Autocorrelation of Topological Structure. In 

general the 2D-autocorrelation descriptors explain how the values of certain functions, at 

intervals equal to the lag, are correlated. The 2D-autocorrelation descriptors represent the 

topological structure of the compounds and in nature are more complex than the classical 

topological descriptors. The descriptors used to develop the proposed model, lag was the 

topological distance d and the atomic properties were the functions correlated. The 2D-

autocorrelation descriptors MATS1m (Moran autocorrelation of lag 2 / weighted by atomic 

masses) and MATS2m (2D-(Moran) autocorrelation weighted by atomic masses) are slightly 

different (Table 6, 3
th

 row) and they describe how the considered property is distributed along 

the topological structure.  

The forth descriptors used was WHIM descriptor. These molecular descriptors are 

based on the statistical indices calculated on the projection of atoms along principal axes. 

WHIM descriptors were built in such a way to capture the relevant molecular 3D information 

regarding molecular size, shape, and symmetry and atom distribution with respect to invariant 

reference frames. The algorithm consists of performing a principal components analysis on 

the centered Cartesian coordinates of molecule by using weighted covariance obtained from 

different weighting schemes for the atoms. G1u (1
st
 component symmetry directional WHIM 

index /unweighted), G3m (3
rd

 component symmetry directional WHIM index /weighted by 

atomic mass), E3m (3
rd

 component accessibility directional WHIM index /weighted by atomic 

mass), E1v (1
st
 component accessibility directional WHIM index /weighted by van Der Waals 

volumes) and Dv (D total accessibility index /weighted by van Der Waals volumes) were the 

global WHIM descriptors that represent the total size. Size descriptors can play a significance 

role independently in modeling of measured directions and produce the simpler models(Table 

6, 6
th

 row). 

GETAWAY (Geometry, Topology, and Atom-Weights Assembly) descriptors [27], 
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encode the geometrical information obtained from the molecular matrix, the topological 

information obtained from the molecular graph and the information obtained from atomic 

weights which are specially designed with the aim of matching the 3D-molecular geometry. 

Some of these descriptors are HATS2u (Leverage-weighted autocorrelation of lag 2 / 

unweighted), HATS2m (Leverage-weighted autocorrelation of lag 2/weighted by atomic 

masses), HATS8p (Leverage-weighted autocorrelation of lag 8/weighted by atomic 

polarizabilities), R7u
+
 (R maximal autocorrelation of lag 7 / unweighted), R1m

+
(R maximal 

autocorrelation of lag 1 / weighted by atomic masses), R2v
+
 (R maximal autocorrelation of 

lag 2 / weighted by atomic van der Waals volumes), R8e (R autocorrelation of lag 8 / 

weighted by atomic Sanderson electronegativities) and R2p
+
(R maximal autocorrelation of 

lag 2 / weighted by atomic polarizabilities)(Table 6, 7
th

 row). These were derived from the 

elements hij of the Molecular Influence matrix (H), obtained through the values of atomic 

Cartesian coordinates. The diagonal elements of H(hii), called leverages, and were considered 

to represent the influence of each atom of the molecule in determining the whole shape of the 

molecule. For instance, the mantle atoms always have higher hii values than the atoms near 

the molecule center, and each off-diagonal element hij represents the degree of accessibility of 

the j
th

 atom to interactions with the i
th

 atom. The influence/distance matrix (R) involves a 

combination of the elements of H matrix with those of the geometric matrix (G). 

The geometrical variables (DISPe; (d COMMA2 value/weighted by atomic Sanderson 

electronegativities)) are among the 3D elaborated descriptors obtained from moment 

expansions and did not require molecular superposition or alignment for the assignment of 

molecular similarity. These descriptors incorporate information about the magnitude of the 

displacement between the molecular centroid (center of mass) and the polarizability-field 

(center of charge)(Table 6, 4
th

 row)[28]. 

Finally, the 3D-MoRSE descriptors (Mor19m, Mor17v) were obtained through the 

molecular transformation employed in electron diffraction studies [29]. The electron 

diffraction did not directly yield atomic coordinates, but provides diffraction patterns from 

which the atomic coordinates are derived by mathematical transformations. These codes were 

defined in order to reflect the contribution of the property under the investigation at a 

prescribed scattering angle to a given atomic property. The 3D MoRSE code with its fixed-

length representation of 3D molecular structure allowed the comparison of datasets of 

molecules of different size, with different number of atoms. Thus, the 3D MoRSE code had 

found numerous applications in establishing relationships between molecular structure and 

physical, chemical, or biological properties. So the presence of a MoRSE descriptor indicates 

(Table 6, 5
th

 row) that the size of the inhibitor molecule has certain effect on the extent of the 
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interaction between the enzyme and molecule and the larger molecules with the larger 

substituent's groups or cyclo-substituents have the higher activity. 

 

Conclusion 

In this study, the PLS and GA-PLS were used in construction of the QSAR model and 

the resulted models were compared. It was found that application of GA prior to building the 

regression model; improve the prediction power of the model. The accuracy and power of 

predictive models was evaluated through the relative percentage of error, RMSCV, RMSEP 

and PRESS. The results revealed that the developed model is capable of reducing the time and 

expenses in synthesis of new molecules, and is useful in predicting the activity of antagonist 

of CXCR2 receptor. Thus, the model can be used to predict the activity of compounds not yet 

synthesis. 
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