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Abstract 
Artemisinins tested against W-2 strains of malaria falciparum are investigated 
with molecular electrostatic potential (MEP), in an attempt to identify key 
features of the compounds that are necessary for their activities, as well as to 
investigate likely interactions with the receptor in a biological process and to 
use that information to propose new molecules. In order to discover the best 
geometry involving the ligand-receptor complexes (heme) studied and help in 
the proposition of the new derivatives, molecular simulations of interactions 
between the most negative charged region around the peroxide and heme lo-
cates (the ones around the Fe2+ ion) were carried out. In addition, PCA (prin-
cipal components analysis), HCA (hierarchical cluster analysis), SDA (step-
wise discriminant analysis), and KNN (K-nearest neighbor) multivariate 
models were employed to investigate which descriptors are responsible for 
the classification between the higher and lower antimalarial activity of the 
compounds, and also this information was used to propose new potentially 
active molecules. The information accumulated in studies of MEP, molecular 
docking, and multivariate analysis supported the proposal of new structures 
with potential antimalarial activities. The multivariate models constructed 
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were applied to the new structures and indicated numbers 19 and 20 as the 
most prominent for syntheses and biological assays. 
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1. Introduction 

Malaria is still one of the main public health problems. In 2020, the World 
Health Organization (WHO) estimated the occurrence of 241 million cases of 
malaria around the world [1], resulting in 627,000 deaths, with the most of them 
caused by infection with P. falciparum [2]. 

Currently, WHO recommends 14 drugs for the curative treatment of malaria 
and 4 drugs for the prophylactic treatment. Among these treatments, the most 
effective are artemisinin-based combinations that use an artemisinin derivative 
(short-acting) in combination with one or more complementary compounds 
(long-acting and having different mechanisms of action) [2]. 

Artemisinin was first isolated in 1971 from the plant Artemisia annua L., a 
herb that has been commonly used in traditional Chinese medicine [2] [3] [4] 
[5]. Artemisinin has shown to be effective against all multi-resistant forms of P. 
falciparum. The most common artemisinin derivatives are artemether, artesu-
nate and arteter. These semi-synthetic pro-drug derivatives are transformed into 
the active metabolite, dihydroartemisinin. The use of artemisinins has been an 
integral part of the fight against malaria in most modern treatments [2] [5]. 

The mechanism of action by which artemisinin acts has been widely debated 
[2] [6] [7] [8]. The most accepted theory is that the molecule is activated by 
heme to generate free radicals which, in turn, damage the proteins necessary for 
the parasite’s survival [2] [8] [9] [10] [11] [12]. Still, evidence for a range of oth-
er possible mechanisms has been found: in 2013, a computational approach was 
used to determine the mechanism of action based on previous studies that iden-
tified heme and PfATP6 (Ca2+ transporter) as potential mechanisms of action [2] 
[8] [13]. More recently, in 2015, it was shown that artemisinin is associated with 
regulation of the ascending pathway of protein response, which may be linked to 
decreased parasite development [2] [8] [14]. Another study showed that artemi-
sinin is a potent inhibitor of phosphatidylinositol-3-kinase (PfPI3K) [2] [8] [15]. 

Bernardinelli et al. stated that active artemisinin and related molecules have 
similar MEP around the essential trioxane-ring, and this property is due to the 
peroxide linkage [16]. Here, the HF/6-31G** theory [17] [18] was used to build 
MEP maps to sixteen (16) artemisinins with different activities degree against 
W-2 strains of P. falciparum from Indochina [19] [20]. 

The MEP maps were then evaluated and used in an attempt to identify key 
features of the molecules that are necessary for their activities, to investigate 
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likely interactions with the receptor in a biological process, and to use this in-
formation to propose new promising molecules. In addition, in order to discover 
the best geometry involving the ligand-heme complex studied, and help in the 
proposition of the new derivatives, molecular simulations of interactions be-
tween the most negative MEP region around the peroxide of the ligand with 
heme locates around the Fe2+ ion were carried out. Mutivariate analysis (MA) 
was used and PCA, HCA, SDA, and KNN models were built with the artemisis-
nins being classified into greater antimalarial potential and lower antimalarial 
potential in terms of activity. 

The information accumulated in studies of MEP, interaction with biological 
target, multivariate analysis and chemical intuition supported the proposal of 
new artemisinins with antimalarial potential. The multivariate models con-
structed were applied to the new artemisinins and indicated 19 and 20 as those 
with the most promising antimalarial potential. 

2. Computational Methodology 
2.1. Structures Studied, Calculations and Molecular Properties 

Figure 1 shows the molecular structures of the artemisinins used in the present 
study. In structure 1 (artemisinin) of the figure, it is shown the atomic number-
ing adopted to study the compounds. The artemisinins were tested in vitro 
against W-2 strains of P. falciparum from Indochina that are resistant to the an-
timalarial drug mefloquine [19] [20]. The compounds were defined as having 
greater antimalarial potential (GAP) against the P. falciparum if logarithms of 
the relative activity (log AR = IC50 artemisinin/IC50 artemisinins X molecular 
mass of artemisinins/molecular mass of artemisinin) were equal or above 0 (ze-
ro) and as having lower antimalarial potential (LAP) if the logs AR were lower 
than this value. 

The molecular calculations have, as starting point, the construction of the 
structure of artemisinin 1 using Gauss View software [21], and complete geo-
metry optimization with the HF/6-31G** method/basis set for the artemisinin 
1,2,4-trioxane-ring [17] [18] was done. The molecular parameters of the 
1,2,4-trioxane ring were computed and compared to calculated ones in differ-
ent basis sets [22] [23] and with experimental values from literature [24] [25], 
so as to check the reliability of the geometry obtained. All calculations repro-
duced most the geometrical parameters of the artemisinin 1,2,4-trioxane-ring 
(-O1O2C3O13C12C12a-) seen in the X-ray data in Table 1. This applies especially to 
the bond length of the endoperoxide bridge (-O1O2-) which, as mentioned be-
fore, seems to be responsible for the antimalarial activity [16]. All the other 
structures (Figure 1) were built with the optimized geometry of the artemisinin, 
by also using the GaussView program. The calculations were carried out by us-
ing the Gaussian 98 program and the DIRECT-SCF approach [26]. 

To give us valuable information about the influence of electronic, steric, hy-
drophilic and hydrophobic features on the interactions between artemisinins  
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Figure 1. 2D structures of artemisinins with antimalarial activity against W-2 strains of P. falciparum. 
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Table 1. Experimental and calculated geometrical parameters of the 1,2,4-trionane ring for artemisinin 
(compound 1). 

Parameters 

Theory level 

Experimentalc Experimentald 

HF/3-21Ga HF/6-21Ga HF/6-31G*b HF/6-31G** 
(this work) 

Bond lengths (Å) 

O1O2 1.462 1.447 1.390 1.390 1.474 (4) 1.4.69 (2) 

O2C3 1.441 1.435 1.396 1.396 1.418 (4) 1.416 (3) 

C3O13 1.436 1.435 1.408 1.409 1.451 (4) 1.445 (3) 

O13C12 1.407 1.403 1.376 1.376 1.388 (4) 1.380 (3) 

C12C12a 1.529 1.533 1.532 1.532 1.528 (5) 1.523 (2) 

C12aO1 1.477 1.469 1.429 1.429 1.450 (4) 1.462 (3) 

Bond angles (degree) 

O1O2C3 107.1 108.8 109.5 109.5 107.7 (2) 108.1 (2) 

O2C3O13 107.3 106.8 107.8 107.8 107.0 (2) 106.6 (2) 

C3O13C12 115.7 117.3 115.3 115.3 113.6 (3) 114.2 (3) 

O13C12C12a 112.1 112.3 112.3 112.3 114.7 (2) 114.5 (2) 

C12C12aO1 111.6 110.9 110.5 110.5 111.1 (2) 110.7 (2) 

C12aO1O2 111.3 113.2 112.7 112.7 111.5 (2) 111.1 (2) 

Torsion angles (degree) 

O1O2C3O13 −74.7 −71.8 −73.4 −73.4 −75.5 (3) −75.5 (2) 

O2C3O13C12 32.4 33.4 31.1 31.1 36.3 (4) 36.0 (2) 

C3O13C12C12a 28.3 25.3 27.4 27.4 24.7 (4) 25.3 (2) 

O13C12C12a O1 −50.7 −49.4 −50.1 −50.2 −50.8 (4) −51.3 (2) 

C12C12aO1O2 9.9 12.5 10.9 10.9 12.2 (3) 12.6 (2) 

C12aO1O2C3 50.4 46.7 48.7 48.7 47.7 (3) 47.8 (2) 

aValues from Ref [22]. bValues from Ref [23]. c,dValues from Ref. [24] and [25], respectively. 
 

and heme, quantum, holistic and physicochemical molecular descriptors were 
obtained with the aid of the Gaussian 98 [26], Dragon [27] and HyperChem [28] 
programs, respectively. 

The quantum descriptors were the highest occupied molecular orbital 
(HOMO) energy, one level below HOMO orbital (HOMO-1) energy, the lowest 
unoccupied molecular orbital (LUMO) energy, one level above LUMO orbital 
(LUMO+1) energy, the HOMO-LUMO gap, Mülliken’s electronegativity (χ), 
molecular hardness, molecular softness, dipole moment, atomic charges on the 
Nth atom (QN), bond lengths, bond angles and torsion angles of the artemisinins 
1,2,4-trioxane-ring. The atomic charges were generated by the CHELPEG key-
word through electrostatic potential [29] [30]. The charges derived from elec-
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trostatic potential are, in general, physically more satisfactory than the Mülliken 
charges [31], especially regarding biological activity. The holistic descriptors 
were selected with of the purpose of representing different sources of chemical 
information in terms of molecular size and shape, symmetry and distribution in 
the molecule. The physicochemical descriptors were total surface area, molecular 
volume, molecular refractivity, and hydration energy. 

2.2. Biological Recognition Process Ligand/Receptor through the 
Molecular Electrostatic Potential 

The electrostatic potential, ( )V r , created by the nuclei and electrons of a mo-
lecule at each point r  in the surrounding space, is given by the Equation (1), 

( ) ( )dN
i

i i

r rZ
V r

r rR r

ρ ′ ′
= −

′ −−
∑ ∫

 





 



                  (1) 

In Equation (1), Zi is the charge on nucleus i, located at Ri, and ( )rρ ′  is the 
electronic density of the molecule with the sign of ( )V r  in a given region, de-
pending on the positive contributions of the nuclei and negativity of the elec-
trons [32] [33]. 

The electrostatic potential chemical-quantum approach has been an impor-
tant tool to analyze biological recognition processes of one molecule by another, 
such as drug-receptor and enzyme-substrate interactions, because it is through 
their potentials that one species sees another, in a process of biological recogni-
tion [32]. 

The MEP was computed from the electronic density and the MEP maps were 
displayed by using the MOLEKEL software [34]. 

2.3. Interaction between Artemisinins and Heme 

Another approach that has played an important role in the design of molecules of 
pharmacological interest, dealing with the interaction between ligand-receptor, is 
known as “molecular docking” [35] [36] [37] [38] [39]. Independently or in 
combination with other theoretical approaches, this methodology has been used 
efficiently to rationally design molecules of interest in the pharmaceutical indus-
try [35] [36] [37] [38] [39]. 

The interaction between ligands (artemisinins) and heme was studied with aid 
of the molecular docking in order to discover the best geometry involving the 
complexes formed by these molecules. Artemisinins had their geometry build 
with HF/6-31G** theory, whereas for heme the geometry was obtained from the 
Protein Data Bank (PDB) RCSB, identified by the code 1A6M, according to the 
manuscript of Vojtechovsky et al. [40]. Besides that, for a more real description 
of the biological environment where this interaction takes place, a histidine re-
sidue was added to the heme unity. This histidine unity is, as usual, coordinated 
perpendicularly to the Fe2+ ion through its sp2 nitrogen atom of its imidazole 
ring. Such an arrangement will allow the Fe2+ ion to attain a nearly octahedral 
hexacoordinated arrangement after binding to the artemisinin molecule [41]. 
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Then, for each artemisinins/heme interaction, 100 conformations were calcu-
lated, and the most probable, the one based on the lowest energies of interac-
tion, was chosen to evaluate the distance between the O1 atom from artemisi-
nins and the iron atom from heme and the distance between the O2 atom from 
artemisinins and the iron atom from heme. Automated dockings calculations 
were carried out to develop possible conformations for the complex by La-
marckian Genetic Algorithm as implemented in the Autodock 4.2 software [42] 
[43]. 

2.4. Multivariate Analysis 

MA is especially useful for classifying objects into discrete classes based on 
measured characteristics. A set of characteristics of an object is considered an 
abstract pattern that contains information about a non-measured property of the 
object [44] [45]. 

Several researches carried out in this laboratory were conducted using the 
methods of MA mentioned in this section. Brief descriptions of these methods 
can be found in the articles [45] [46] [47] [48]. In this work, all MA methods 
were performed with the Pirouette program [49]. 

3. Results and Discussion 
3.1. MEP Maps for Studied Artemisinis 

It is very well-documented [16] that when artemisinin is compared with its de-
rivatives, the MEP maps of the active compounds are similar in form to the ar-
temisinin in the round of the 1,2,4-trioxane-ring of Figure 1. All the molecules 
in Figure 1 are active and this evidence is supported by the experimentally de-
termined data (IC50) shown in Table 2. 

 
Table 2. Molecular descriptors of the training set artemisinins that classify the 16 compounds studied, 
experimental IC50 and relative activity (RA), and correlation matrix, LUMO+1 energy, HE (hidratation 
energy), MAXDN (electrotopological negative variation) and ALOGPS_logs (Squared Ghose-Crippen 
octanol-water partition coeff.(log P2). 

Compound 
LUMO +  
1 energya HEa MAXDN ALOGPS_logs IC50 b,c,d RAe Activityf 

1+ (artemisinin) 131.8 −2.82 2.043 −2.34 2.60c 1 GAP 

2+ 139.3 −3.69 2.115 −1.93 0.69c 3.77 GAP 

3+ 140.6 −5.67 2.115 −1.93 0.69c 3.77 GAP 

4+ (arthemeter) 160.0 −0.89 1.948 −2.80 1.3542d 1.9199 GAP 

5+ (arteether) 141.2 −0.89 1.950 −3.04 1.2264d 2.1200 GAP 

6+ 140.6 −5.25 2.115 −4.54 1.38c 1.88 GAP 

7+ 136.8 −2.10 1.906 −2.99 0.43c 6.05 GAP 

8+ 137.4 −1.70 2.040 −3.90 0.057c 45.6 GAP 

9+ 134.9 −2.20 2.040 −3.90 0.015c 173.3 GAP 

https://doi.org/10.4236/cc.2023.111001


J. de Jesus Oliveira Araújo et al. 
 

 

DOI: 10.4236/cc.2023.111001 8 Computational Chemistry 
 

Continued 

10+ 131.1 −2.11 2.041 −3.90 0.48c 5.42 GAP 

11+ 134.9 −3.00 2.041 −3.9 0.071c 36.6 GAP 

12+ 138.7 −0.14 1.953 −4.86 2.11c 2.23 GAP 

13- 131.1 −5.59 2.537 −3.09 5.32c 0.49 LAP 

14- 131.1 −5.84 2.537 −3.09 8.33c 0.31 LAP 

15- 128.0 −3.67 2.544 −3.14 7.43c 0.35 LAP 

16- 134.3 −8.29 2.544 −3.14 4.42c 0.59 LAP 

LUMO + 1 energy  0.218 −0.087 0.213    

HE   −0.427 −0.278    

MAXDN    0.263    

akcal.mol−1. bng/mL. cFrom Ref [19]. dFrom Ref [20]. eRA = IC50 of artemisisinin (1)/IC50 of artemisinins. 
fActivity: GAP (greater antimalarial potential) and LAP (lower antimalarial potential). 

 

 
Figure 2. MEP (kcal.mol−1) maps of artemisinins with antimalarial activity against W-2 strains of P. falciparum. 
 

In Figure 2, the analysis of the MEP maps for the studied artemisinins shows 
similar contour surfaces close to the 1,2,4-trioxane-ring, characterized by nega-
tive electrostatic potential (red color), on which the lowest value for charge is 
localized around −166.3 kcal∙mol−1, indicating a concentration in electron den-
sity due to lone electron pairs on oxygen atoms (O1, O2, and O13) susceptible to 
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electrophilic attack by a biological target. 
These molecules also have contour surfaces characterized by positive electros-

tatic potential (blue color), whose the highest value is about +193.3 kcal∙mol−1. 
The distribution of electron density on the artemisinins around the tri-
oxane-ring induces them to display activity against malaria, a belief supported 
by the fact that the complexation of artemisinin with heme involves particularly 
the interaction between peroxide bond, the most negative charged zone on the 
ligand, and Fe2+ ion, the most positive charged zone on heme (the receptor mo-
lecule) [16] [50] [51]. 

3.2. Interaction between Studied Artemisinins and Heme 

The interaction between the studied artemisinins and heme (molecular docking) 
shows the ligand molecules placed in parallel to the plane of the heme porphyrin 
ring with the polar region of artemisinins containing the peroxide bond directed 
to the polar region of the heme system containing Fe2+ ion. Figure 3(a) shows 
the structure of the heme and Figure 3(b) shows the molecular docking for 
complexation between artemisinins and heme, where one can visualize the inte-
ractions for the molecules. Those orientations were assumed as the most favora-
ble and then represent the real system under investigation, considering they 
were chosen based on the lowest binding free-energy (interaction energy). For 
the studied artemisinins, the FeO1 distances are situated between 2.279 and 2.718 
Å. On the other hand, the interval for the FeO2 distances is from 3.078 to 3.744 
Å. For artemisinin (1), the calculated value for the FeO1 distance is 2.701 Å, re-
producing the value (2.7 Å) by other authors reported in the literature [51] [52]. 
This result reinforces the perspective that the O1 atom from artemisinins binds 
to the Fe2+ ion from heme more preferably than the O2 atom. Such a preference 
for attack may be due to a greater steric hindrance at O2 than at O1 and a more 
negative charge on the latter atom; both factors are essential for intermolecular 
approach. A similar conclusion is supported by other studies [53] [54] that in-
vestigated the complex artemisinin/heme. 

3.3. Multivariate Analysis 

To performing the exploratory data analysis, all variables were auto-scaled as 
preprocessing so that they could be standardized and, this way, they have the 
same importance regarding the scale. Furthermore, given a large quality of mul-
tivariate data available, it was necessary to reduce the number of variables. Thus, 
if two any descriptors had a high Pearson Correlation Coefficient (r > 0.8), one 
of the two was randomly excluded from the matrix, since theoretically they de-
scribe the same property [55], that is, they also have a high correlation with an-
timalarial activity and only one of them is enough to be used as independent va-
riable in a predictive model. Moreover, those properties that showed either the 
same values for most of the samples or a small correlation with activity (r < 0.2) 
were eliminated too. 
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Figure 3. The 2D structure of heme (a) and the final docking configurations of artemisis-
nins-heme complex (b). 

3.3.1. PCA and HCA Multivariate Models 
After the matrix data compression, PC analysis was employed so as to reduce the 
dimensionality of the datum, and find descriptors that could be useful in characte-
rizing the outlier samples. While processing PC analysis, several attempts to obtain 
a good classification of the compounds were done. At each attempt, the score and 
loading plots were analyzed based on the variables employed in the analysis. The 
score plot gives information about the compounds (similarity and differences). 
The loading plot gives information about the variables (how they are connected to 
each other and which are the best to describe the variance in original data). 

The first three principal components (PC1, PC2, and PC3) explained 96.85% 
of the total variance in the data distributed as: PC1 = 55.18, PC2 = 26.71%, and 
PC3 = 14.96%. Figure 4(a) shows PC1-PC2 scores plot for the samples (1-16),  
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Figure 4. Scores (a), loadings (b) vector plots of the first two PCs (PC1 and PC2) for the four 
properties responsible for the separation and (c) dendrogram obtained with HCA for the se-
paration of artemisinins into two classes: GAP class and LAP class against P. falciparum. 
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which are discriminated into two classes separated in PC1. The right side has 
samples corresponding to GAP class artemisinins (associated to plus sign in Ta-
ble 2), whereas the left side has samples corresponding to LAP class artemisinins 
(associated to minus sign in Table 2). The molecular descriptors responsible for 
such a distinct classification were the LUMO + 1 energy, hydration energy (HE), 
maximal electrotopological negative variation (MAXDN), and Squared 
Ghose-Crippen octanol-water partition coeff. (logP2) (ALOPS_logs), shown in 
Table 2. The correlation between them is less than 0.428. They were selected 
among the descriptors initially computed and are believed to be closely related 
to the biological response investigated. Figure 4(b) shows the plot of the load-
ings of these first two PC1-PC2. According to the figure, the LUMO + 1 energy 
HE, and ALONGPS_logs descriptors are responsible by the display of GAP class 
artemisinins of the right side, while the MAXDN descriptor displayed LAP class 
artemisinins on the left side of this figure. 

Table 3 shows the loadings for the first principal components (PC1, PC2, and 
PC3). According to this table, PC1 can be expressed through the following equa-
tion: 

( ) ( )
( ) ( )

PC1 0.467 LUMO 1 energy 0.573 HE

0.641 MAXDN 0.206 ALOGPS_ logs

= + +

− −
            (2) 

From this equation, it can be seen that more active artemisinins can be ob-
tained when we have higher values for the LUMO + 1 energy and HE combined 
with lower values for the MAXDN and more negative values of ALOGPS_logs. 

The objective of HC analysis was also to present artemisinins distributed in 
natural groupings and confirm the PC analysis. Thus, several approaches to es-
tablish links between samples/cluster were tried. All of them were of an agglo-
merative type, since each sample was firstly defined as its own cluster, others 
were then grouped together to form new clusters until all samples were part of a 
single cluster. The representation of the clustering results is shown in a dendro-
gram which depicts the similarity, with a value of 100 assigned to identical sam-
ples and a value of 0.00 to the most dissimilar samples. 

The best approach chosen in HC analysis to group samples into two main 
classes (one for more active artemisinin and other for less active artemisinins) 
was based on Euclidean distances and the incremental method. The descriptors 
employed were the same in PC analysis, that is, LUMO + 1 energy, HE, 
MAXDN, and ALOGPS_logs. 

 
Table 3. Loadings for the first principal components (PC1, PC2, and PC3). 

Descriptor PC1 PC2 PC3 

LUMO + 1 energy 0.467 0.483 −0.650 

HE 0.573 −0.213 0.560 

MAXDN −0.641 −0.109 −0.133 

ALOGPS_logs −0.206 0.842 0.496 

https://doi.org/10.4236/cc.2023.111001


J. de Jesus Oliveira Araújo et al. 
 

 

DOI: 10.4236/cc.2023.111001 13 Computational Chemistry 
 

In Figure 4(c), the dendrogram also shows the PC analysis plot for the arte-
misinins into two different classes, according to their activities. GAP-class arte-
misinins are on the left side, while LAP-class artemisinins are on the right side. 

3.2.2. SDA Multivariate Model 
The multivariate SDA method separates objects from distinct populations and 
allocates new objects to previously defined populations. The stepwise procedure 
is used and at each step the most powerful variable is inserted into the discrimi-
nant function. The selection criteria for the next variable depend on the number 
of groups specified. 

The method is based on the F-test to establish the significance of the variables. 
Thus, at each step a variable will be selected on the basis of its significance and 
after several steps, the most significant variables are extracted from the whole set 
in question. 

Equation 3(a) and Equation 3(b) show the discriminant functions for the 
more active and less active groups, respectively: 

( )Group more active GAP class 0.260LUMO 1 energy 2.66HE 13.1MAXDN
                                                      0.007ALOGPS_ logs 3.01

= + − −

− −
 (3a) 

( )Group less active LAP class 0.780 LUMO 1 energy 7.99 HE 39.4 MAXDN
                                                 0.021ALOGPS_ logs 27.1

= + + +

+ −
 (3b) 

Table 4 shows the classification matrix obtained with Equation 3(a) and Equ-
ation 3(b) using the value of each variable for the compounds of the training set 
compounds. According to this table, one can note that, in the classification, the 
error rate was 0% and the separation into artemisinins with GAP and artemisi-
nins with LAP is satisfactory. Now, to allocate new artemisinins with antimalari-
al potential in one of the Groups (Classes), according to the SDA multivariate 
model, it is needed just to follow the rule: 1) calculate, for the new artemisinin, 
the value of the most important auto scaled variables obtained in the construc-
tion of the SDA multivariate model; 2) substitute these auto scaled values in the 
two discrimination functions performed in this work; 3) check which discrimi-
nation function (more active compounds group or less active compounds group) 
presents the highest value. 

The new artemisinin is more active if it is related to discrimination function of  
 

Table 4. Classification matrix obtained by SDA. 

Classa 
Classa 

GAP LAP 

GAP 12 0 

LAP 0 4 

Total 12 4 

Percentage of correct information 100 100 

aClass: GAP (greater antimalarial potential) and LAP (lower antimalarial potential). 
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the group more active and vice versa. 
To determine if the model obtained is reliable, a cross-validation test was per-

formed by using the leave-one-out method. That is, one compound is omitted 
from the data set and classification functions are built based on the remaining 
compounds. Then, the omitted compound is classified according to the classifi-
cation of the generated functions. Subsequently, the omitted compound is in-
cluded and a new compound is removed, and the procedure continues until the 
last compound is removed. Table 5 summarizes the results obtained with the 
cross-validation approach. 

3.2.3. KNN Multivariate Model 
The KNN analysis classifies the objects (artemisinins) based on the comparison 
of distances among them. The multivariate Euclidean distances between every 
pair of samples (artemisinins) with known class membership is calculated. The 
closest K samples (artemisinins) are used to build the model. The optimal K is 
determined by cross-validation applied to the studied artemisinins. The classifi-
cation of a test sample is determined based on the multivariate distance of this 
sample regarding the K samples (studied artemisinins). 

The KNN analysis was used for the validation of the initial data set. Table 6 
presents the results obtained with one (1NN), two (2NN), three (3NN), four 
(4NN), and five (5NN) nearest neighbors. In the five cases (1NN, 2NN, 3NN, 
4NN, and 5NN), the percentage of information was 100%. The 5NN model  

 
Table 5. Classification matrix obtained by SDA with cross-validation. 

Classa 
Classa 

GAP LAP 

GAP 12 0 

LAP 0 4 

Total 12 4 

Percentage of correct information 100 100 

aClass: GAP (grater antimalarial potential) and LAP (lower antimalarial potential). 
 

Table 6. Classification obtained with the KNN method for or the training set (the 16 
compounds). 

Classa Number of  
compounds 

Compounds incorrectly 

1NN 2NN 3NN 4NN 5NN 

GAP 12 0 0 0 0 0 

LAP 4 0 0 0 0 0 

Total 16 0 0 0 0 0 

Percentage of correct 
information 

 100 100 100 100 100 

aGAP (greater antimalarial potential) and LAP (lower antimalarial potential). 
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was used [56]. 
As reported above, the properties: HOMO + 1 energy, HE, MAXDN, and 

ALOGPS_logs are important in the construction of multivariate models and, 
therefore, in the description of the antimalarial activity of artemisinins. For this 
reason, the following considerations may be relevant to understand the behavior 
of artemisinins with GAP. 

According to the literature, the HOMO does not always provide a reliable in-
dication for the location of the most energetic electrons in a molecule and the 
most reactive location for electrophiles [57]. Furthermore, it is possible that an 
orbital lower than the HOMO contains the most energetic electrons in the mo-
lecule [57]. In Table 2, one can see that, in general, the HOMO + 1 energy for 
artemisinins with GAP should present higher values than those corresponding to 
artemisinins with LAP. This may be an indication of the occurrence of biological 
processes resulting from the interaction between the most energetic electrons of 
the heme and the LUMO + 1 of artemisinins with GAP. 

HE is the energy change that accompanies the hydration of one mole of ions 
in a solution process and involves steps associated with a change in enthalpy. In 
a biological environment, the apolar molecules (artemisinins) are surrounded by 
polar molecules (water molecules), by verifying the formation of hydrogen 
bonds between them [58]. In Table 2, it can be seen, generally, that artemisinins 
with GAP have higher values for HE compared to artemisinins with LAP. This 
may be an indicative of the importance of the mediation of water molecules in the 
biological process between artemisinins with LAP and the molecular receptor. 

MAXDN, an electrotopological state index of atoms in molecules, represents 
the maximum intrinsic state difference in the molecule, and can be related to its 
nucleophilicity [59] [60]. In Table 2, in general, artemisinins with GAP have 
lower values for MAXDN, when compared to artemisinins with LAP. This may 
indicate a lower nucleophilic character of artemisins with GAP in the interaction 
with heme in the biological process. 

ALOGPS_logs are a hydrophobic index and measures the lipophilic contribu-
tions of atoms in the molecule [61] [62]. As it can be seen in Table 2, in general, 
artemisinins with lower ALOGPS_logs values correspond to those with GAP. 
This may indicate the importance of hydrophobic interactions between artemi-
sinins with GAP and heme in the biological process. 

3.2.4. Designed Artemisinins with Insights from MEP, Ligand-Heme  
Interaction, and Multivariate Models (Prediction Set) 

With the information accumulated in previous studies (MEP, interaction be-
tween artemisinins and heme, and multivariate analysis) and chemical intuition, 
eight new artemisinins with antimalarial potential were designed. Figure 5 
shows the 2D structures of these arteminins (prediction set). 

The quality demonstrated by the previously obtained multivariate models 
(PCA, HCA, SDA, and KNN) led us to apply them to artemisinins from predic-
tion set, and the results of this application are shown in Table 7. 
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Figure 5. 2D structures of new artemisinins designed from the study of MEP, molecular docking and multivariate analysis with 
antimalarial potential against W-2 strains of P. falciparum. 
 

Table 7. Prediction results obtained with four multivariate models for artemisinins de-
signed from the study of MEP, molecular docking, and multivariate analysisa. 

New  
artemisinins 

PCA 
multivariate 

model 

HCA 
multivariate 

model 

SDA 
multivariate 

model 

KNN 
multivariate 

model 

17 GAP LAP GAP LAP 

18 GAP LAP GAP LAP 

19 GAP GAP GAP GAP 

20 GAP GAP GAP GAP 

21 LAP LAP GAP LAP 

22 GAP GAP LAP GAP 

23 LAP LAP LAP LAP 

24 GAP GAP LAP GAP 

GAP (greater antimalarial potential) and LAP (lower antimalarial potential). 

 
According to Table 7, artemisinins 17 and 18 were predicted as GAP by the 

PCA and SDA models, and as LAP by the HAC and KNN models, respectively. 
Artemisinins 19 and 20 were predicted as GAP by all four models; and artemisi-
nin 21 as LAP by the PCA, HCA and KNN models, presenting GAP prediction 
by the SDA model. Furthermore, artemisinin 22 was predicted as GAP by the 
PCA, HCA and KNN models, and LAP by the SDA model. On the other hand, 
artemisinin 23 was predicted LAP by all four models; with artemisinin 24 show-
ing the same prediction as artemisinin 22. According to the prediction reported 
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in Table 7, artemisinins 19 and 20 are the most promising for synthesis and bi-
ological tests against W-2 falciparum malaria. 

Table 8 shows the properties of the new artemisinins used in the prediction 
reported in Table 7. Here it is worth noting that the properties of artemisinins 
19 and 20, in general, follow the same behavior shown by artemisinins with GAP 
in Table 2. 

 
Table 8. Molecular properties for artemisinins designed from the study of MEP, molecu-
lar docking, and multivariate analysis. 

Compound LUMO + 1 energya HEa MAXDN ALOGPS_logs 

17 134.3 −6.91 2.01 −4.09 

18 133.9 −6.98 2.01 −4.09 

19 133.3 −2.94 2.00 −4.42 

20 133.8 −1.87 2.01 −5.05 

21 89.50 −5.95 2.02 −4.08 

22 123.7 −2.22 2.10 −4.18 

23 123.2 −7.24 2.10 −3.41 

24 123.4 −3.62 2.10 −4.03 

akcal∙mol−1. 
 

 
Figure 6. 2D structures (a), MEP maps (b), and molecular dockings (c) for 8, 9, 19, and 20 artemisinins from training and predic-
tion sets, respectively. 
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3.2.5. MEP Maps, Ligand-Heme Interaction for Artemisinins from  
Training and Prediction Sets with GAP 

In Figure 6, the 2D structures, the MEP maps, and the ligand-heme interactions 
for artemisinins from the training sets (8 and 9) of prediction (19 and 20) with 
GAP are shown. It can be noticed that the MEP maps of the four compounds in 
the trioxane ring region show the same behavior, i.e.: there is concentration of 
the electron density in the atoms O1, O2, and O13 of the 1,2,4-trioxane ring 
structure. It is also noted that artemisinins 19 and 20 present distances of inte-
ractions with the heme with values that are in the range evidenced in the study 
carried out with the training set, and when these values are compared to those 
artemisinins 8 and 9 with the highest GAP among the molecules of this set, it is 
verified that the values are very close to each other: FeO1 and FeO2 distances for 
artemisinins equal to 2.340 and 3.170 Å (8); 2.329 and 3.170 Å (9); 2.487 and 
3.097 Å (19); 2.613 and 3.235 Å (20), respectively. 

4. Conclusions 

According to the MEP investigation, the key features necessary for the biological 
activities of artemisinins, Figure 1 (2-16), around the 1,2,4-trioxane ring are 
similar in form to those exhibited by artemisinin (1), also in this figure. This is 
supported by the following evidence: all artemisinins are active, according to 
Table 2. Furthermore, investigation has shown, as with artemisinin (1), that the 
MEP maps of artemisinins (2-16) exhibit contour surfaces close to the 
1,2,4-trioxane ring, characterized by negative MEP, indicating an electron den-
sity concentration due to lone pairs of electrons on atoms O1, O2, and O13, sus-
ceptible to electrophilic attack by the biological target. In addition, the electron 
density distribution in artemisinins around the trioxane ring induces their anti-
malarial behavior, this is supported by the evidence that the complexation of ar-
temisinins with the heme involves the interaction between the peroxide region, 
the most negatively charged zone, with Fe2+ ion corresponding to the most posi-
tively charged zone in the heme. 

The study of the interaction between artemisinins and the heme molecular 
receptor showed the polar region of the molecules containing the peroxide bond 
directed to the Fe2+ of the heme ion, with this ion preferentially approaching the 
O1 atom of the ligands (2-16). The FeO1 distances are between 2.279 and 2.718 
Å, while for FeO2 they are between 3.078 and 3.744 Å. For artemisinin (1), the 
calculated value of 2.701 Å practically reproduces the results of the literature. 

The application of exploratory methods (PCA and HCA) and classification 
(SDA and KNN) to the data matrix built with molecular characteristics obtained 
from the calculated properties allowed the separation of artemisinins into GAP 
and LAP classes, with the variables LUMO + 1 energy, HE, MAXDN, and 
ALOPS_logs being responsible for this separation. Additionally, these variables 
may indicate the occurrence of biological processes involving electronic, hydra-
tion, nucleophilic, and hydrophobic interactions between artemisinins with GAP 
and the heme. 
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The accumulation of information in studies with MEP, the interaction of ar-
temisinins and heme, and with multivariate analysis, as well as chemical intui-
tion, allowed the design of eight new artemisinins (17-24), whose antimalarial 
potential was scrutinized through the PCA, HCA models, SDA, and KNN, re-
sulting in the identification of two new artemisinins (19 and 20) with GAP. The 
synthesis studies, in progress at LABSínt-UFPA, and biological assays of these 
two new artemisinins will be able to validate the quality of the methodology used 
in the research. Furthermore, the reported studies can provide valuable insight 
for experimentalists on the processes of synthesis and biological evaluation that 
lead to the development of new artemisinins with antimalarial potential against 
P. falciparum. 
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