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1. INTRODUCTION  
Malaria is a protozoan disease caused Plasmodium 

genus. Antifolate antimalarial drugs such as 

cycloguanil and pyrimethamine have been used in 

prevention and treatment of malaria [1]. 2-amino-

4-(p-chloro-anilino)-6 6-dimethyl-5, 6-dihydro-1, 

3, 5-triazine and p-chlorophenylbiguanide 

compounds were found to be inactive against 

Plasmodium falciparum. A large number of 

dihydrotriazines have been synthesized and the 

most of them demonstrated antimalarial activity 

[2]. A series of 1, 3, 5-triazine-substituted 

polyamines have been synthesized and have been 

investigated antiplasmodial activity   biologically. 

Several triazine compounds have been synthesized 

and biologically evaluated for biochemical targets 

such as polyamine metabolism [3] and 

dihydrofolate reductase (DHFR)   inhibition [4]. 

Besides it, s-triazine compounds were 

distinguished to be active against viruses, active as 

antitumorigenic agents, in chemotherapeutical 

preparations, protozoa, helminths, 

pharmacologically effective to therapy 

cardiovascular, neuropsychotic disorders, or 

inflammatory processes, diuretics, antidiabetic 

agents, etc. [5]. S-triazine derrivatives are the 

second class that inhibits Plasmodium falciparum-

DHFR [6, 7]. DHFR has obtained significant 

consideration as it is the target of cycloguanil. That 

it is a triazine based antimalarial drug and other 

antifolates. Also, DHFR is used for the treatment 

and prophylaxis of Plasmodium falciparum 

infection [8].  

Some of silico techniques, like molecular docking, 

pharmacophore models or quantitative structure–

activity relationships (QSAR) significantly 

decrease the time and cost in the drug discovery 

process. Among the techniques, QSAR is 

considered a valuable tool that is applied 

extensively in rational drug design and plays a 

useful role for screening of new potential lead 

compounds. 

The predictive QSAR model can be create a 

mathematical correlation between the structural 

properties of the compounds and their anti-

malarial activities using different methodologies, 

such as multiple linear regression (MLR), partial 

least squares (PLS), artificial neural networks 

(ANN) and heuristic method (HM). Prediction of 

Quantitative structure-activity relationship on the 

anti-malarial activity a set of new 

imidazolopiperazines based on artificial neural 

networks has been studied [9]. 

The studies of 2D and 3D-QSAR molecular 

docking and ADMET properties of azaaurones as 

antimalarial agents have been performed by Hadni 

and coworker [10]. The predictive quantitative 

structure activity relationship (QSAR) models for 

anti-malarial activity of 4-aminoquinolines has 

been developed by Masand et al [11]. Sanchait et 

al. have been investigated QSAR of the 

antimalarial agent artemisinin and some of its 
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derivatives with a DFT approach has been studied 

by [12]. Also, Nguyen et al. have been studied 2D-

quantitative structure–activity relationships model 

using PLS method for anti-malarial activities of 

anti-haemozoin compounds [13]. The aim of this 

study was to develop quantitative structure–

activity relationship models to determine the 

influences of physiochemical structures of 2, 4, 6-

s-triazine derivatives as anti-malarial agents. 

 
2. EXPERIMENTAL 

QSAR modelling was performed for 2, 4, 6-s-

triazine derivatives as anti-malarial agents using 

the multiple linear regression (MLR), principal 

component regression (PCR) and, partial least 

square (PLS) methods. Database of 22 compounds 

possessing anti-malarial activity were used for 

building QSAR models. 

The antimicrobial activity of 4, 6-s-triazine 

derivatives was used. The chemical structures and 

minimum inhibitory concentration (MIC) of these 

compounds based on reference [14] are listed in 

Table 1. A complete geometry optimization was 

carried out with GAUSSIAN 09 program [15] 

taking the most general conformations as outset 

geometries. Density functional theory (DFT) 

calculations [16] of the structures were performed 

in B3LYP/6-31G level [17].  

The molecular descriptors were obtained using 

HyperChem, Dragon and, GAUSSIAN Packages. 

Some of quantum chemical descriptors including 

dipole moment (DM), lowest unoccupied 

molecular orbital (LUMO) and highest occupied 

molecular orbital energy (ET), zero point energy 

(ZPE), hardness, electronic chemical potential, 

global electrophilicity index and mass. Some 

chemical parameters including molecular volume, 

molecular surface area (Sur), hydrophobicity 

(logP), polarizability, refractivity (Ref) and 

hydration energy (HE) were calculated using 

Hyperchem software.  

The optimized geometries were loaded into 

Dragon software [18] to calculate 1481 descriptors 

in 18 different classes. The program contains 

scripts for generating descriptors of different types 

including: constitutional, topological, 

radialdistribution functions (RDF), geometry, 

topology and atoms weighted assembly 

(GETAWAY), functional groups, weighted 

holistic invariants (WHIM), Randic molecular 

profiles, 3D-molecular representation of structure 

based on electron diffraction (3D-Morse) etc [19].  

For each compound in the training sets, the 

correlation equation was obtained with the same 

descriptors. Then, the obtained equation was used 

to predict pMIC values for the compounds from the 

corresponding test sets. Two programs including 

SPSS and Minitab were used for MLR, PCR and 

PLS. 

Table 1. Structural features of 2, 4, 6-s-triazine and 

predicted pMIC values [14]. 

 
No. R group pMIC 

1 
 

-4.47 

 

2 
 

-3.84 

3 
 

-3.19 

4 

 

-3.41 

5 

 

-2.61 

6 

 

-2.78 

7 
 

0.65 

8 
 

-0.19 

9 

 

-o.13 

10 
 

0.58 

11 

 

-2.76 

12 

 

-3.46 

13 

 

-0.90 

14 

 

-2.93 

15 

 

-1.85 

16 

 

-2.29 

17 

 

-3.23 

18 

 

0.44 

19 

 

-2.2 

20 

 

-3.88 

21 

 

-4.05 

22 

 

-6.8 

 
3. RESULT AND DISCUSSION 

A QSAR study was performed for a series of 2, 4, 

6-s-triazine derivatives as anti-malarial agents, for 



 

 

N. Madadi Mahani et al./ A Quantitative Structure-Activity …. | 27 

characterizing a quantitative relationship between 

structure chemical and antimicrobial activity. The 

multiple linear regression statistic method is used 

to study the relation between one dependent 

variable and several independent variables. Also, 

minimizes differences between experimental and 

predicted values. The MLR was acquired using the 

software SPSS to predict activities pMIC. The 

Linear Regression method related to a larger 

family of models called generalized linear models.  

The choice of the training set is one of the most 

significant stages in the QSAR modeling, since the 

confirmation and optimization of a QSAR model 

are based on this training set. Applicability and 

predictability of a QSAR model also relay on the 

training set selection. The data set (n = 22) was 

divided casually into two groups: train set (n = 16) 

and test set (n = 6).  The Pearson correlation 

coefficients are listed in the following table 2. The 

correlation coefficient (R2) matrix for the 

descriptors used in different MLR equations shows 

that no significant correlation exists between pairs 

of descriptors. The acquired matrix gives 

information on the positive or negative correlation 

between variables. 

We used the pMIC of the 2, 4, 6-s-triazine 

derivatives as the dependent variable. This model 

with acceptable statistical quality (R2=0.825) 

indicated that the antimicrobial activity of 

compounds is influenced by topological 

parameters IDDE, RDF095v, G2v and LUMO, 

DM  and polar values as representative of quantum 

chemical descriptors. The positive relation of 

activity and “LUMO, RDF095v and, IDDE” 

displays that increasing of these descriptors cases 

increasing antimicrobial activity of compounds. 

The obtained descriptors demonstrating the 

electronic characteristic of the studied molecules 

listed on table 3.  

The pMIC predicted of 2, 4, 6-s-triazine 

derivatives by this model is partly like that 

observed. Values of pMIC predicted in tables 4 and 

5 are listed. Also, Fig. 1 displays a very orderly 

distribution of pMIC values based on the observed 

values. The leave‒one‒out (LOO) approach was 

applied to carry out the cross-validated analysis. Q2 

(cross‒validated coefficient) is computed using the 

following equation [20, 21]:  

Q2 = 1 −
∑(yi−yipred)

2

∑(yi−yimean)
2                                (Eq. 1) 

Where yi is the ith experimental pMIC value, yipred 

is the ith predicted pMIC and ymean is the mean of 

the experimental pMIC. 

 

 
Fig. 1. Correlation of calculated vs. experimental pMIC. 

 

 

 

Table 2. Correlation coefficient (R2) matrix for descriptors represented in multiple linear regression. 

 IDDE RDF095v G2v LUMO Dipole moment Polarizability 

IDDE 1      

RDF095v  0.326 1     

G2v -0.532 -0.449 1    

LUMO 0.053 0.157 -0.207 1   

Dipole moment 0.433 0.306 -0.254 0.306 1  

Polarizability 0.457 0.536 -0.560 0.084 0.454 1 
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Table 3. List of molecular descriptors involved in MLR model. 

Descriptor definition Descriptor type Symbol Regression 

coefficient 

Standard 

deviation 

mean information content on the distance degree 

equality 

Information  

indices 

IDDE 4.882 1.842 

Radial Distribution Function - 095 / weighted by 

van der Waals volume 

RDF RDF095v 0.319 0.108 

2nd component symmetry directional WHIM index 

/ weighted by van der Waals volume 

WHIM G2v -272.008 105.597 

 

The lowest unoccupied molecular Quantum   

mechanic 

LUMO 0.075 0.042 

Dipole moment Quantum   

mechanic 

DM -0.550 0.343 

Polarizability Quantum   

mechanic 

Polar -0.300 0.117 

Constant - - 40.587 18.581 

 

 

The accuracy of the model was mostly estimated 

by Root Mean Square Error (RMSE) that 

calculated using the following equation: 

RMSE = √
yi−yipred

n
                                       (Eq. 2) 

Where n = number of compounds, yi = 

experimental value, yipred = predicted value [22, 

23]. The RMSE and Q2 of the calibration using 

MLR method were obtained as 0.399 and 0.781, 

respectively. Q2 is used as a criterion of both 

validity and predictive ability of the model. 

PLS technique is a generalization of regression, 

which can apply data with forcefully correlated 

and ⁄ or numerous independent variables. The 

linear PLS model detects new variables that are 

linear combination of the principal variables. To 

eschewing over fitting, a formidable test for the 

significance of each successive PLS component is 

essential and then pausing when the components 

are non-significant. The PLS have two purposes: 

to estimate the matrix X of molecular structure 

descriptors to the matrix Y of dependent variables 

and to maximize the relationship between them 

[24]. We presented the data matrix organized 

clearly from the descriptors offered by MLR 

corresponding to the molecules, to the PLS. This 

method used the coefficients R, R2, and the SE 

values to choose the best regression performance. 

The obtained parameters explaining the electronic 

aspect of the investigated molecules listed on 

Table 6. The resulted predictions of the pIC50 using 

PLS method in gas phase was given in table 6.  

pMICpredicted of 2,4,6-s-triazine derivatives by  PLS 

method  is little similar to that observed.  Figure 

1shows a normal distribution of pMIC values 

based on the observed values. The resulted 

parameters describing the electronic aspect of the 

studied molecules are: R2=0.953and RMSE= 

0.487. Cross-validation is a practical and validity 

method for testing the significance. PLS is usually 

used in merging with cross-validation to gain the 

optimum number of components. 

 
Table 4. The predicted activity (by MLR, PLS and 

PCR) for pMIC of 2, 4, 6-s-triazine derivatives 

(training set). 

Name pMIC MLR PLS PCR 

2 -3.84 -3.14 -3.53 -2.97 

3 -3.19 -1.89 -3.38 -2.47 

4 -3.41 -2.5 -2.68 -2.71 

5 -2.62 -2.28 -3.12 -2.94 

7 0.65 0.54 0.44 0.20 

8 0.19 -1.17 0.29 0.29 

9 0.13 0.38 -0.40 -0.49 

11 -2.76 -4.13 -2.93 -3.48 

12 -3.46 -3.72 -3.29 -2.41 

14 -2.93 -3.49 -2.12 -1.76 

15 -1.85 -1.45 -1.80 -1.19 

16 -2.29 -3.02 -2.12 -3.23 

18 0.44 -0.44 -0.42 -1.76 

19 -2.20 -1.66 -1.95 -1.19 

20 -3.88 -3.24 -3.64 -3.23 

22 -6.80 -6.34 -7.06 -6.94 

 
Table 5. The predicted activity (by MLR, PLS and 

PCR) for pMIC of 2, 4, 6-s-triazine derivatives (test 

set) 

Name pMIC MLR PLS PCR 

1 -4.47 -4.05 -4.46 -3.92 

6 -2.78 -2.93 -2.90 -3.50 

10 0.58 0.20 0.61 0.47 

13 0.90 -1.98 -2.19 -1.38 

17 -3.23 -2.67 -1.88 -3.20 

21 -4.05 -3.19 -4.25 -4.56 



 

 

N. Madadi Mahani et al./ A Quantitative Structure-Activity …. | 29 

 

Table 6. The statistical parameters of different created QSAR models. 

  R2 SE F RMSE Q2 

MLR Train 0.825 5.656 7.086 0.399 0.781 

Test 0.907 3.674 38.870 0.705        

PLS Train 0.953 0.436 282.28 0.487 0.932 

Test 0.818 0.928 17.97 0.674  

PCR Train 0.808 1.098 6.294 0.470 0.678 

Test 0.944 0.514 67.407 0.797  

 
 

The PCR is a helpful statistical technique for 

summing up all the information coded in the 

structures of compounds and very useful for 

identifying the link between the different variables 

[25].  The molecules of 2, 4, 6-s-triazine 

derivatives were studied by statistical method 

based on the PCR. The obtained parameters from 

PCR analysis of the studied molecules are listed on 

Table 5. The resulted predictions of the pMIC 

using PCR method in gas phase were given in 

Table 6. Values of pMIC predicted of 2, 4, 6-s-

triazine derivatives by PCR method is almost 

similar to that observed. Figure1(c) shows a very 

adequate distribution of pMIC values based on the 

observed values. The obtained parameters defining 

the electronic aspect of the studied molecules are: 

R2=0.808and RMSE= 0.47. It corroborates that the 

PCR results were the best to creating the 

quantitative structure activity relationship models. 

 

4. CONCLUSION 

In this work, we have studied the QSAR models to 

predict the activity of 2, 4, 6-s-triazine derivatives. 

The study of the MLR, PCR and PLR models show 

that the PLS method has substantially better 

predictive capability than the other methods. With 

considering the error, the prediction of the pMIC 

values was quite satisfactory and the performance 

of the QSAR model to predict pMIC value was 

also calculated using the internal cross-validation 

method. The sanity of the three created models 

used in this study has good consistency and great 

predictive power. By defining the molecular 

descriptors in the regression model, we finalize 

that the decreased LUMO, dipole moment and, 

polarization as well as the increased magnitude of 

IDDE, RDF095v, and G2v are reliable for the 

larger activity of the investigated compounds. 

Eventually, the accuracy and predictability of the 

suggested models were demonstrated by 

evaluating essential statistical indexes such, as Q2, 

R2 and RMSE of different models using different 

statistical models and descriptors, as shown in 

Table 6. 
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 تری آزین -S-2،4،6ساختار مشتقات -مطالعه رابطه کمی فعالیت 

 های ضد ماالریابه عنوان عامل
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 چکیده
 تیاستفاده شد. فعال اماالری ضد های¬تری آزین به عنوان عامل-s-6، 0، 2مشتقات  یکروبیضد م تیفعال ینیبشیپ ی( براQSAR) تیفعال-رابطه ساختار یمدل کم کی

و  B3LYP/6-31Gسطح  ر( دDFT) یبا روش نظریه  تابعیت چگال یکوانتوم ییایمیمحاسبات ش یفگرهایبا توص نیازیتر-s-6، 0، 2مشتقات  22 یکروبیضد م
 یمؤلفه اصل ونی( و روش رگرسPLS) یحداقل مربعات جزئ لی(، تحلMLRچندگانه ) یخط ونیمطالعه با استفاده از رگرس نیشد. ا یسازمدل یکیتوپولوژ یفگرهایتوص

(PCR انجام )نشان داد که روش  جیشد. نتاMLR نیهمچن انتخاب شد. فگریمدل با شش توص نی. بهترکندیم ینبیشیخوب پ یرا به اندازه کاف یکروبیضد م تیفعال 
 جیدارد. نتا یتجرب جیا نتاب یمطابقت مناسب یکروبیضد م تیفعال شدهینیبشیپ ریاست. مقاد یاعتبارسنج یهاروش یها براداده راتییبا تغ یخوب اریبس یدهنده سازگارنشان

 تیفعال ینبیشیباشد. این مطالعه برای  پ دتریتری آزین مف s- 6، 0، 2مشتقات  یکروبیضد م تیفعال ینیبشیپ یبرا تواندیم PLSکه روش  دهدیآمده نشان مدستبه
 .باشدمشتقات این در گروه قابل استفاده می ریسا

 هاي کلیديواژه

 .رگرسیون مولفه اصلی؛ حداقل مربع جزئی؛ نظریه تابعیت چگالی؛ رگرسیون خطی چند متغیره

 

 

  


