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Abstract: Malaria due to the plasmodium falciparum parasite is one of the major threats to millions of 

people worldwide, which is usually transmitted to humans by the bite of female anopheles mosquitoes. 

For this reason, the design of new chemotherapeutic drugs against this parasite infection is important; 

with this idea, a series of Thiazinoquinones have been used to generate 3D-QSAR models, and 

molecular docking was performed. In addition, Molecular Dynamics simulations confirmed the stability 

of the selected complex systems during 2 ns using GROMACS. Comparative Molecular Field Analysis 

(CoMFA) and Comparative Molecular Similarity Indices Analysis (CoMSIA) methods were used to 

construct predictive 3D-QSAR models using the PLS method. The result shows high values of R2=0.96; 

Q2=0.81; R2
pred=0.91 and R2= 0.97; Q2= 0.88; R2

pred= 0.81 for CoMFA and CoMSIA models, 

respectively. The molecular docking results showed that the most active molecules have two hydrogen 

bonds with Ser 111, this type of bond is absent in the case of the less active molecule. To measure the 

stability, flexibility, and average distance between the target and compounds, root means square 

deviations (RMSD), root means square fluctuation (RMSF), and radius of gyration (Rg) was calculated 

and showed a good result.  

Keywords: Plasmodium falciparum; 3D-QSAR; molecular docking; molecular dynamic. 
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1. Introduction 

Malaria is one of the leading causes of death globally, with 219 million cases and close 

to half a million deaths in 2017 [1]; this disease is caused by parasitic protozoans of the 

plasmodium genus transmitted by female anopheles mosquitoes [2]. Hence Four Species 

(Plasmodium malaria, plasmodium vivax, plasmodium falciparum, and plasmodium ovale) are 

responsible for transmitting malaria diseases in humans after the development of malaria 

parasites in the warm environment to complete their growth cycle in the Anopheles mosquitos 

[3]. 

Otherwise, plasmodium falciparum is one of the most causes of malarial infections, 

with a high rate of mortality that can reach 95%, with 200-300 million infections and 1-3 
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million deaths each year [2], the high mortality rate ’isn’t the only challenging problem for 

Scientifics, but also the capacity of plasmodium falciparum to develop resistance against all 

antimalarial drugs contained the following substances: chloroquine, sulphadoxine-

pyrimethamine, quinine, piperaquine and mefloquine [4] which makes the discovering of new 

antimalarial drugs bases on natural products a primordial act for future scientific research. 

In this work, 27 molecules have been selected to establish 3D-QSAR models and 

correlate the three-dimensional structures of compounds with their biological activity using 

comparative molecular field analysis (CoMFA) and comparative molecular similarity index 

analysis (CoMSIA). The selected molecules are Plasmodium falciparum inhibitors [5]. The 

molecular docking was used to analyze the detailed information between inhibitors and 

receptors. At the end of this study, we have used molecular dynamics to develop the 

relationship between molecular structure and physiological function and for validating the 

stability, dynamic and thermodynamic properties of the ligand-protein complex [6]. In 

conclusion, Thiazinoquinones derivatives compounds may be a potential inhibitor against 

malaria disease. 

2. Materials and Methods 

2.1. Data set preparation. 

Twenty-seven compounds were evaluated for their effects against Plasmodium 

falciparum K1 dual drug-resistant strain by Cary et al. [5]; the database extracted from the 

literature [5] was divided randomly into two sets; the first one containing 22 compounds was 

considered as a training set used for model generation, and the second one with 5 compounds 

as a test set, that was used to validate the predictive ability of the model. Table 1 represents the 

different structures of compounds and their biological activities pIC50. The biological activity 

was characterized by the half-maximal (50%) inhibitory concentration IC50 (μM); for QSAR 

studies, the IC50 values were converted to pIC50 (pIC50= -log (IC50)). 

Table 1. Chemical structure of studied compounds and their activities. 

Molecules Structures pIC50 Structure Molecules R pIC50 

M1 

 

5.60 

 

M9 n-pentyl 6.20 

M10 n-octyl 5.95 

M11 benzyl 5.95 

M12 phenethyl 5.82 

M13 3-phenylpropyl 5.85 

M2 

 

6.22 M14 geranyl 5.79 

M15 propargyl 5.61 

M16 
Glycylmethyleste

r 
5.46 

 

 
 

M3 
  

 

 
 

7.55 

 

 

 
 

M17 

 

 
 

n-butyl 

 

 
 

6.15 

M18* n-pentyl 5.82 

M19 n-octyl 6 

M4 7.55 

M20 3-phenylpropyl 5.92 
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Molecules Structures pIC50 Structure Molecules R pIC50 

 

M21 geranyl 5.95 

 

 

M5  
 

7.06 

M22 propargyl 5.76 

M23 2-methoxyethyl 5.82 

M6 

 

7.06 

M24* 
Glycylmethyleste

r 
5.74 

M25* glycyl 5.92 

M7 

 

7.45 

 

M26*  6.95 

M8* 

 

6.92 

 

M27  6.46 

*Indicates the compounds of the test set of 3D-QSAR models. 

2.2. Minimization and alignment. 

The first step in building the 3D-QSAR model is minimizing all molecules. The 

minimized structure of all compounds was performed using the SYBYL-X 2.0 program 

package of tripos force field with the gradient convergence criteria of 0.01 Kcal/mol using the 

maximum iterations set to 1000 and Gasteiger-Huckel charges [7]. 

The second step is Molecular alignment; it’s the most important parameter in 

developing 3D-QSAR studies; all compounds were aligned based on the common structure, 

using the most active compound (compound M3) as the basis for alignment [8]. The alignment 

structure of the core and template (M3) is shown in Figures 1a, 1b, and 1c, respectively. 

             
Aligned compounds (a)                          Template (molecule M3) (b)                        Core (c) 

Figure 1. (a): Molecular alignment of all molecules. (b): Compound M3 was used as a template. (c): structure of 

the core. 

2.3. CoMFA and CoMSIA analysis. 

As a 3D-QSAR technique, CoMFA/CoMSIA methods allowed us to correlate 

biological activities with the three-dimensional structures of compounds.  

The main idea of Comparative Molecular Field Analysis (CoMFA) is based on the 

calculation of steric with a Lennard-jones potential and electrostatic with a Coulomb potential 

field energies using sp3 carbon as the steric probe atom and a +1 net charge as the electrostatic 

probe with a Van Der Waals radius of 1.52 Å [9]. The default cut-off energy value was 30 

kcal/mol for both steric and electrostatic fields [10]. 

https://doi.org/10.33263/LIANBS123.077
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The Comparative Molecular Similarity Indexes Analysis (CoMSIA) is an extension of 

CoMFA that allowed us to calculate five fields (electrostatic, steric, hydrophobic, hydrogen 

bond donor, and acceptor) [11]. These fields present the major types of interaction between 

ligand-receptor [12]. 

The two techniques also differ in the way in which molecular interaction fields are 

implanted. They generally give comparable descriptions for each molecule, and statistical 

analysis of the PLS type is used. 

2.4. Partial Least Square (PLS) analysis. 

To elaborate on the 3D-QSAR models, the Partial least-squares analysis (PLS) 

statistical method has been used to link the CoMFA and CoMSIA descriptors as independent 

variables with pIC50 as the target variables. 

The first analysis is PLS with cross-validation by the LOO procedure and several 

components ranging from 1 to Cmax, the maximum number of components. The model can be 

significant if Cmax is less than a third of the number of molecules. This first analysis gives the 

Q2 of the model and the optimal number of components. In the second analysis, we obtained 

the correlation index R2, the error standard, and the F value with the fraction of each descriptor 

used in the model. Finally, the model with the optimum number of components (highest Q2) 

and with the lowest standard error of prediction and high determination coefficient (R2) was 

accepted [13]. 

2.5. A graphic view of CoMFA and CoMSIA models. 

CoMFA and CoMSIA models' objective is to construct special visualization graphs of 

structure-activity relationships. These graphs allowed us to show the contour maps, 20% and 

80% levels representing unfavorable and favorable activity regions and facilities to predict the 

new compounds [14]. These graphs are based on the product of the variance of the points in a 

field by their standard results. Still, CoMSIA models are often more precise than CoMFA 

models because this technique has several advantages, such as greater robustness, and it gives 

us more interpretable contour maps [15]. Once the three-dimensional descriptors have been 

deviation and coefficients in the model (SD*Coefficient) [16], they represent contour surfaces 

passing through points of the same value. 

The second main of the CoMFA and CoMSIA graphs allowed us to predict new 

compounds. They give us an estimation of the degree of similarity of the evaluated compounds 

to the learning set. 

2.6. Docking study of antimalarial molecules. 

Molecular docking evaluates the binding affinity and predicts the intermolecular 

interactions of compounds with receptors [17]. We used this method to predict the affinity of 

our studied molecules and their mode of bounding with the potential targets to validate the 3D-

QSAR results. The most active compounds (M3 and M7) and the least active compound (M16) 

was docked against different antimalarial targets; the mechanism of action of these molecules 

is not yet elucidated; for this reason, we have used different potential targets; each target 

represents a different antimalarial mechanism. The macromolecule database is in Table 2. 

Autodock tools 1.5.4 from the MGL Tools package have been used for the ligands and protein 

https://doi.org/10.33263/LIANBS123.077
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preparation using default parameters, a grid box at 1 angstrom with the coordinates x, y, and z 

represented in  Table 2. 

Table 2. Studied protein database and the coordinates of the active site. 

PDB CODE NAME ORGANISM ACTIVE SITE EFFECT OF THE 

INHIBITOR 

1J3I dihydrofolate reductase-

thymidylate synthase 

DHFR-TS(Wild-type)  

Plasmodium 

falciparum 

X = 28.0213 

Y = 6.08146 

Z = 59.7873 

Inhibition of folic 

acid production. 

Impairment of 

pyrimidine 
synthesis 

3O8A dihydroorotate 
dehydrogenase 

(DHODH) 

Plasmodium 
falciparum 

X = 28.5582 
Y = -10.2866 

Z = 17.0641 

Inhibition of 
mitochondrial 

respiration and 

alteration of the 

synthesis of 
pyrimidines. 

5UMD 60S ribosomal protein L13, 

putative 

Plasmodium 

falciparum 

X = 265.661 

Y = 222.317 

Z = 168.431 

Inhibition of protein 

synthesis. 

5ZNC purine nucleoside 

phosphorylase 

Plasmodium 

falciparum 

X = 64.7525 

Y = 64.21 

Z = 12.922 

Inhibiting the cell 

metabolism of 

nucleosides and 
nucleotides 

2.7. Molecular dynamics simulation. 

Molecular dynamics simulations are important tools for understanding how a protein 

or biological macromolecules work and face a similar challenge, and it’s a crucial step in 

modern drug discovery [18]. The basic idea behind an MD simulation is simple, given the 

positions of all the atoms in a biomolecular system and giving a wealth of energetic information 

about protein and ligand interaction [19]. The simulation was executed with GROMACS 4.5.5 

package, using the most active compound M3 and the protein 1J3I with a Temperature of 310 

K. From the trajectory of atomic molecular dynamics of 2 ns, several parameters such as root 

mean square deviation (RMSD), root mean square fluctuation (RMSF), a radius of gyration 

(Rg) were calculated  [20,21]. 

3. Results and Discussion 

3.1. CoMFA results. 

The statistical parameters obtained from the CoMFA analysis are illustrated in Table 

3. 

Table 3. PLS statistics of the CoMFA model. 

 FRACTIONS 

Model Q2 R2 SEE N R2
pred Ster Elec 

CoMFA 0.81 0.96 0.12 3 0.91 0.66 0.33 

PLS analysis showed a high cross-validated correlation coefficient (Q2) of 0.81 with 3 

components for CoMFA and Standard Error of the Estimate (SEE) of 0.12. Analysis of the 

field contributions revealed 66.0% for steric field descriptors while 33.0% for those of the 

electrostatic descriptors. The predictive correlation coefficient (R2
pred) was found to be 0.91 for 

the test set consisting of five compounds. 

From these statistical parameters, the stability and powerful predictive ability of the 

CoMFA model is indicated. The correlations between the predicted and observed pIC50 values 
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https://nanobioletters.com/


https://doi.org/10.33263/LIANBS123.077  

 https://nanobioletters.com/ 6 of 16 

 

for the training and test set are shown in Figure 2; the CoMFA model gave the correlation 

coefficient (R2) value of 0.96, indicating a good model [22]. 

 
Figure 2. The experimental and predicted activity of the training set (blue color) and test set (red color) 

based on the CoMFA model. 

3.2. CoMFA contour map analysis. 

The result of the CoMFA analyses with a 2.0 Å grid spacing, steric, and electrostatic 

contours plots of the model are shown in Figures 3 and 4, respectively. 

 
Figure 3. CoMFA contours show steric fields around molecule 10a. The green-colored contour (80%) favors 

steric bulk, while sites, where steric bulk is disfavored, are shown in yellow (20%). 

 
Figure 4. CoMFA contours show electrostatic fields around molecule 10a. The red-colored contour indicates 

regions where the electron-withdrawing group increases activity (20%), while the blue-colored contour indicates 

regions where electron-donating groups increase activity (80%). 

The green-yellow region in Figure 3 indicates the contribution favored- disfavored of 

steric ’field’s present 80% and 20% level contribution, respectively. The green region near the 

methyl formate is satirically favorable to the increasing activity of a large group. While the 

yellow regions are unfavorable, that means to improve the activity; groups should not occupy 

these sites with steric bulky. This might explain why compound M12 has a low activity due to 

the radical glycymethylester in this region.   

https://doi.org/10.33263/LIANBS123.077
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The blue and red contours in Figure 4 represent 80% and 20% level contribution, 

respectively. Electropositive groups can be added in the blue color region, while the red color 

area is favorable for electronegative groups. 

3.3. CoMSIA results. 

The CoMSIA method allowed us to determine five descriptors that are: steric (S), 

electrostatic (E), hydrophobic (H), hydrogen bond donor (D), and hydrogen bond acceptor (A). 

Also, we used a PLS analysis to determine the best descriptors and find the best CoMSIA 

model [23].  

The 31 possible combinations of these 5 descriptors were studied and calculated. And 

all the models obtained are described by the number of their components (Nc), the cross-

validated correlation coefficient (Q2), the standard error of associated estimation (SEE), 

predictive correlation coefficient (R2
pred), and determination coefficient (R2). According to the 

combined models, the model has a high Q2 and R2
pred, a low value of SEE, and the minimum 

of Nc is the best one [24].  

After this analysis, the best CoMSIA results are represented in Table 4. According to 

the results shown in Table 4, the electrostatic field contributes the most to explain the activity 

with 72%. 

Table 4. PLS statistics of the CoMSIA model. 

 FRACTIONS 

Model Q2 R2 SEE N R2
pred A E 

CoMSIA 0.88 0.97 0.11 4 0.81 0.277 0.723 

The plot of observed versus predicted activities of all compounds for the optimal 

CoMSIA model is depicted in Figure 5, where the data points are rather uniformly distributed 

around the regression line, indicating the reasonability of the obtained model. 

 
Figure 5. The experimental and predicted activity of the training set (blue color) and test set (red color) is based 

on the CoMSIA model. 

3.4. CoMSIA contour map analysis. 

The electrostatic contour map of the CoMSIA model is displayed in Figure 6, 

suggesting that for increasing activity, electronegative substituents should be located at the red 

contours. Besides the blue contours, the electropositive substituent should be located. The 

compounds M7 and M3 have a high activity due to the two atoms of oxygen in the red contours. 

https://doi.org/10.33263/LIANBS123.077
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Figure 6. CoMSIA contours show electrostatic fields around molecule M3. The blue-colored contour (80%) 

favors steric bulk, while sites where steric bulk is disfavored, are shown in red (20%). 

The hydrogen bond acceptor contour map of the COMSIA model is represented in 

Figure 7. 

 
Figure 7. CoMSIA contours show Hydrogen bond acceptor fields around molecule M3. The sites 

where disfavored steric bulk are shown in red (20%). 

The large red contour map region signified that the H-bond acceptor group would 

decrease the inhibitory activity. 

3.5. Model comparison. 

The comparison between the predicted and experimental activity values and their 

residual values for both the training and test sets from CoMFA and CoMSIA models are 

represented in Table 5. 

Table 5. Experimental and predicted values of pIC50 calculated by the CoMFA and CoMSIA models. 

 COMFA COMSIA 

MOLECULES PIC50 (OBS) PIC50 (PRED) RESIDU PIC50 (PRED) RESIDU 

M3 7.55 7.236 -0.176 7.554 -0.004 

M4 7.55 7.477 0.073 7.657 -0.107 

M5 7.06 7.236 -0.176 7.099 -0.039 

M6 7.06 7.063 -0.003 6.963 0.097 

M7 7.45 7.254 0.196 7.365 0.085 

M27 6.46 6.634 -0.174 6.562 -0.102 

M9 6.20 6.022 0.178 5.961 0.239 

M10 5.95 6.047 -0.097 5.97 -0.02 

https://doi.org/10.33263/LIANBS123.077
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 COMFA COMSIA 

MOLECULES PIC50 (OBS) PIC50 (PRED) RESIDU PIC50 (PRED) RESIDU 

M11 5.95 5.758 0.192 5.87 0.08 

M12 5.82 5.919 -0.099 5.855 -0.035 

M13 5.85 5.819 0.031 5.849 0.001 

M14 5.97 5.999 -0.029 5.904 0.066 

M15 5.61 5.711 -0.101 5.819 -0.209 

M16 5.46 5.486 -0.026 5.454 0.006 

M17 6.15 6.12 0.03 6.044 0.106 

M19 6 6.068 -0.068 6.011 -0.011 

M20 5.92 5.923 -0.003 6.008 -0.088 

M21 5.95 6.056 -0.106 5.956 -0.006 

M22 5.76 5.669 0.091 5.83 -0.07 

M23 5.82 5.845 -0.025 5.896 -0.076 

M1 5.60 5.706 -0.106 5.704 -0.104 

M2 6.22 5.989 0.231 6.028 0.192 

M26* 6.95 6.49 0.46 6.863 0.087 

M8* 6.92 6.646 0.274 6.747 0.173 

M18* 5.92 6.079 -0.159 6.04 -0.12 

M24* 5.74 5.844 -0.104 5.892 -0.152 

M25* 5.92 5.823 0.097 5.4111 0.509 

Both the results of CoMFA and CoMSIA models showed good agreement between the 

experimental and predicted biological activities values. 

The results of the 3D-QSAR models shown in Figure 8 represented a very good 

agreement between the experimental values, and the CoMFA and CoMSIA predicted values. 

 
Figure 8. Predicted pIC50 values of CoMFA and CoMSIA models. The red points represent the experimental 

pIC50 values; the blue points stand for the predicted pIC50 values of the CoMFA model; the black points 

represent the predicted pIC50 values of the CoMSIA. 

As we can see in the figure, almost all the blue and black points are very close to the 

experimental values. The final residuals values of all compounds for both CoMFA and 

CoMSIA analysis are given in Figure 9. 

 
Figure 9. Residuals values of CoMFA and CoMSIA models. 

3.6. Docking results. 

https://doi.org/10.33263/LIANBS123.077
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We based our docking study on the following hypothesis: these studied molecules will 

necessarily have an antimalarial mechanism comparable to one of the antimalarial drugs 

already known. 

To understand the mechanism of the antimalarial activity noticed in these molecules 

against the parasite Plasmodium falciparum we have performed a molecular docking of the 

least active molecule (M16)  and the most active molecules (M3, M7) on the group of studied 

compounds against the most known targets of approved antimalarial drugs (See database is in 

Table 2). 

There are many mechanisms of action for antimalarial agents:  JAmino-quinolines and 

Amino-alcohols accumulate in the digestive vacuole of the parasite, their weak basic action 

increases the vacuolar pH, which induces the inhibition of the heme polymerase involved in 

the polymerization of hemin into insoluble pigment and consequently Accumulation of hemin, 

which is toxic for the membranes of the parasite. Normally this product is transformed into 

harmless malarial pigment and usable by the parasite thanks to this enzyme [25];  Artemisinin 

derivatives increase the production of free radicals after interaction with the heme, which 

causes oxidative stress with alteration of proteins, organelles, and membranes of the parasite 

[26]; Antifolics and Antifolinics Competitively inhibit enzymes of the folic acid synthesis 

pathway by inhibiting Dihydropteroate Dihydrofolate synthetase reductase and, by 

consequence, Impairment of the synthesis of pyrimidines [27]; Atovaquone inhibits 

Dihydroorotate dehydrogenase (DHOD), which induces alteration of electron transport at the 

level of cytochrome bc1 and, consequence, inhibition of mitochondrial respiration [28]; 

Doxycycline binds to the 30S/60S subunit of the ribosome and inhibits protein synthesis [29]. 

In the first two cases, the antimalarial action of these molecules is essentially based on 

the cytotoxic effect either by the action of the weak base and modification of the pH or by 

induction of oxidative stress. But in the three other cases, the antimalarial molecules act by 

inhibiting certain metabolic pathways of the parasite Plasmodium falciparum. 

On the other hand, Cary F. C. Lam et al. [5] have evaluated the antimalarial activity of 

molecules against Plasmodium falciparum parasite, and they have shown that molecule M16 

is the least active while molecules M3 and M7 are the most active. They also observed that 

molecule M7 shows very high selectivity towards the parasite Plasmodium falciparum, 

whereas molecule M3, despite its high activity in vitro, shows no selectivity towards the 

parasite Plasmodium falciparum. 

3.7. Affinity results. 

To explain the behavior of these molecules against the Plasmodium falciparum parasite 

and understand the difference observed, we evaluated the affinity of our studied molecules 

against known antimalarial targets. 

The affinity results of each compound are shown in Table 6.  

Table 6. Affinity results of molecular Docking by Kcal/mol. 

TARGET SCORING TARGET SCORING TARGET SCORING 

M16 M3 M7 

1J3I -9.2 1J3I -8.7 1J3I -8.2 

3O8A -9.8 3O8A -9.6 3O8A -9.4 

5UMD -6.8 5UMD -6.3 5UMD -6.4 

5ZNC -7.5 5ZNC -7.6 5ZNC -7.8 

https://doi.org/10.33263/LIANBS123.077
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We notice that our molecules have a high affinity with the target 3O8A and 1J3I; 

theoretically, these molecules can inhibit those targets and, consequently, their antimalarial 

activity. However, the most important affinity was observed in the least active molecule in all 

cases, which suggests that the affinity with the protein does not explain the difference observed 

in the antimalarial activity. Also, the affinity with the targets does not explain the high 

selectivity of molecule M7 towards the parasite Plasmodium falciparum. 

At this stage, the study of the interactions between the target and the molecules could 

be interesting to explain the antimalarial activity of these derivatives. 

3.8. Interaction results. 

We have visualized the interaction of the three studied molecules with the two potential 

targets which showed the best affinity (1J3I, 3O8A) 

Figures 10a, 10b, and 10c, as well as Figures 11a, 11b, and 11c, depict various 

interactions between the investigated molecules and the two targets (1J3I and 3O8A). 

 

   
(a)                                                  (b)                                                   (c) 

Figure 10. Different interactions between the 1J3I and the molecule M16 (a), molecule M3 (b), and molecule 

M7 (c) 

   
(a)                                                           (b)                                                     (c) 

Figure 11. Different interactions between the 3O8A and the molecule M16 (a), molecule M3 (b), and 

molecule M7(c). 

By analyzing the results of docking (Figure 10a, 10b, and 10c), on the one hand, the 

interactions between the protein dihydrofolate reductase-thymidylate synthase (1J3I); and, on 

the other hand, the least active molecule (M16), and the most active molecules M3 and M7,  

We note that: The most active molecules (M3 and M7) have three cycles, one of which 

is an aromatic five-membered cycle derived from thiophene (containing sulfur); The least 

https://doi.org/10.33263/LIANBS123.077
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active molecule M16 has three cycles, one of which is a six-membered ring derived from 

pyridine (containing nitrogen); The interactions observed in the case of the most active 

molecules (Figure 10b and Figure 10c) are diverse, with five hydrogen bonds and four 

hydrogen carbon bonds for the molecule M3 (Figure 10b) and five hydrogen bonds and five 

hydrogen carbon bonds for the molecule M7 (Figure 10c). 

These results can be explained by the significant steric effect carried by the sulfur atom, 

which contains more electrons than nitrogen (the aromatic cycle) which confirms the results of 

the CoMSIA analysis (Figure 6; blue contour). 

On the other hand, the reduction of this steric effect on the side of the carbonyl of the 

central cycle next to the nitrogen of the first cycle has the effect of increasing the activity; this 

is the case of molecules M3 and M7, where we have observed less steric effect on this site, 

which confirms the results of the CoMSIA analysis (Figure 6; red contour). 

The most important remark noted is the existence of two hydrogen bonds with Ser 111 

in the case of the most active molecules, M3 and M7 (Figure 10b and Figure 10c); these bonds 

result from the steric effect of sulfur already explained. This type of bond is absent in the case 

of the molecule M16 (Figure 10a), which suggests that the stabilization of the amino acid Ser 

111 is important for the inhibition of the protein dihydrofolate reductase-thymidylate synthase; 

as a consequence, antimalarial activity.  

By analyzing the results of docking (Figures 11a, 11b, and 11c), namely the interactions 

between the protein dihydroorotate dehydrogenase (308A) of the least active molecule M16 on 

the one hand and the most active molecules M3 and M7 on the other hand, we note that all 

explanations concerning the effect of the steric field are also valid in this case. And by a 

consequence, we observe in the Figure 11a the absence of hydrogen bonds with the amino acids 

Asn 274, Thr 249, Asn 452 in the least active molecule, which suggests that the stabilization 

of these amino acids is important for the inhibition of the protein dihydroorotate dehydrogenase 

and by consequence the antimalarial activity. 

In summary, the high antimalarial activity in the case of molecules M7 and M3 is 

probably due first to a structural effect favoring steric properties, which generates specific 

hydrogen bonds which could be responsible for the inhibitions of one or many antimalarial 

enzymes, which gives the activity of these chemical entities ( Figure 11b et Figure 11c).On the 

other hand, we must not neglect the action of the molecules (M3 and M7) in the parasitic 

digestive vacuole as weak bases; this effect is already described above. 

The high selectivity of molecule M7 towards the parasite (described by Cary F. C. Lam 

et al. [5] is not explained by the type or the number of interactions with these targets. Moreover, 

we propose the following explanation, the strong in vitro activity of molecule M3, the least 

selective, is probably due mainly to a cytotoxic mechanism (alteration of the plasma membrane, 

disturbance of the pH ...), while the activity of molecule M7 (the most selective) it is mainly 

due to a mechanism for inhibiting one or more of these proteins (in addition to its action as a 

weak base). 

3.9. Molecular dynamics. 

Molecular dynamics simulation has become a new major technique in the theoretical 

study of biological molecules and the design of novel bioactive compounds; during simulation, 

atoms and molecules are allowed to interact for a period of time [30]. To explore the dynamic 

stability of the ligand-protein complex, the important parameters like RMSD, RMSF, and Rg 
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were calculated from the molecular dynamics trajectory of 2 ns with a temperature of 310 K 

for the complex M3-1J3I.  

To examine the atomic positions and to analyze the equilibration of MD trajectory, the 

root means square deviation (RMSD) was calculated. Figure 12 shows the RMSD as a function 

of the simulation time.  

 

Figure 12. The RMSD of the studied complex obtained during 2 ns of MD simulations period. 

For the complex, the obtained RMSD value is within 1- 2 A˚ during 2 ns, and relatively 

stable after 0.5 ns, which indicates that the molecular system was well behaved after that.  

The RMSF with respect to the average MD simulation conformation is used to describe 

flexibility differences among residues. It’s already known that low RMSF values show limited 

movements during simulation concerning its average position. Conversely, our result presented 

in figure 13 showed high RMSF values that reach 0.4 A, making the M3-1J3I complex more 

flexible.  

 
Figure 13. RMSF of the complex at 310K. The complex exhibited a stable RMSF during a 2 n. 

Otherwise, Rg, defined as the mass-weighted root mean square distance of a collection 

of atoms from their common center of mass, was calculated to understand the complex 

properties and give us the overall dimensions of the protein. The calculated Rg value was close 

to 2.01 nm (figure 14). 
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Figure 14. The radius of gyration of the complex. The value is constant during the whole simulation 

period 

As a result, the complex remains stable. It was reported that a higher Rg value indicates 

a looser structure in a specific region of the protein, whereas small Rg values indicate a tight 

packing. However, A relative constant Rg value through time indicates that the ligands hold 

the folding behavior of the protein [31]. 

4. Conclusions 

In this work, the 3D-QSAR method was used to predict the antimalarial activity of 27 

compounds against the Plasmodium falciparum parasite by using COMFA and COMSIA 

descriptors. A partial least square (PLS) was used to establish the best models with high R2, 

Q2, and R2
pred values.  

The molecular docking was carried out to investigate the binding interactions between 

studying ligands (the most active M3 and M7, the less active M16) and the proteins (1J3I, 

3O8A). The results showed good consistency with the 3D-QSAR studies and concluded that 

Ser 111, Asn 274, Thr 249, and Asn 452 are the main residues to stabilize the ligand in the 

active site of (1J3I, 3O8A) protein. Furthermore, molecular dynamics (MD) simulations are 

performed to refine the binding mode of the docked complex structure. 
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