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ABSTRACT
Artificial neural networks (ANNs) and multiple linear regressions (MLR) controlled non-linear and linear quantitative structure activity
relationship (QSAR) models were established for a set of (32) Artemisinin derivative (ART). QSAR models derived from MLR and ANN
yielded appreciable internal and external predictability. Using the pertinent descriptors calculate from this study that the activity dependent
especially on substituent R and hydrogen liaison du substituent R2 by different descriptors coding for same structural properties and
energies and associated properties of the molecules are identified and discussed as overlapping structure features in linear and non-linear
QSAR models. The independent variables selected in relation with concentration of 50% inhibition are BHA(R), W(R), and WM (R2),
processed by leave one-out cross validation and Y-scrambling technique. The test set (N=6) presented an external prediction power of 94%:
In conclusion these overlapping features may reveal fundamental structural properties which convert a linear relationship to non-linear and
better identifications of bio-chemical aspects of QSAR models to medicinal chemists.
Keywords: Artemisinin derivatives, Multiple Linear Regression, Structure-Activity Relationships, Artificial Neural Network.
INTRODUCTION
Artemisinin (ART), a natural product isolated from the plant Artemesia
annual, is widely used as an antimalarial drug 1, 2, 3. Recently, more
and more evidences have emerged to elucidate that Artemisinin and
its derivatives show potent anticancer activities in a variety of human
cancer cells 4,5,6,7. Artemisinin contains an endoperoxide bridge, which
is cleaved in Fenton reaction mediated by iron and produces freeradical reactive oxygen species (ROS) 8, 9. However, oxidative damage
alone is not sufficient to explain all of the anticancer activities of
ART 10. The advantage of this family of antimalarial and anticancer,
that we have chosen to develop that it’s able to reduce the number of
parasites by a factor of about 10,000 to each asexual cycle, which is
far more than other antimalarial drugs that reduce only by a factor of
100 to 1000 the number of parasites per cycle. It is that very few
molecules developer to derivatives of Artemisinin on terrain.11, 12. The
quantitative structure-activity relationships (QSARs) are certainly a
major factor in contemporary drug design. Thus, it is quite clear why
a large number of users of QSAR13, 14 are located in industrial research

units. Quantitative structure-activity relationship (QSAR) has been
proven as the most successful tool in the comparative evaluation of
the structure of a drug with its biological activity.15
A comparative study for estimation the pertinent descriptors between
the postulate that statistical fitness and predictability of QSAR models
are not related terms and should be treated and analyzed separately
and a combination between MLR and ANN analysis for a set of 32
Artemisinin derivatives (Fig 1).
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Figure 1: General structure of Artemisinin derivatives.

Journal of Pharmacy Research Vol.8 Issue 2.February 2014

118-122

M. Lazar et al. / Journal of Pharmacy Research 2014,8(2),118-122
MATERIALSAND METHODS
Biological Data
In this study, we are considering 32 substituted molecules. The
chemical structure along with observed activity data of the compounds
used in this work are shown in Table 1. The activity data were taken
from various studies.16
Table 1: Chemical structure of anti-malaria activity of the date a set
of Artemisinin analogues and observed activity malaria.
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0.854
0.689
0.202
0.580
-1.264
-1.463
-1.411
0.226
-0.786
0.432
0.079
0.146
-0.786
-1.139
-1.666
-0.122
0.375
0.904
0.904
0.199
0.667
0.700
0.612
0.971
0.522
-0.399
-0.105
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-0.824
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-1.097

n = 32

*log RA = log [(IC50 (i) /

∑
i =1

n =32

IC50 (analogues)) (

∑

M (analogues)

i =1

Molecular Descriptors Used
The objective of QSAR resides in parameterising the variation in
chemical structure. It is evident that the performance of QSAR models
depends mostly on the parameters used to describe the molecular
structures. In this study, a set of descriptors related to physicochemical
and geometric properties of the molecules was used in order to study
their influence on the inhibition activity of these compounds. All
these descriptors were calculated for the separate substituents R, R1,
R2, R3, and molecule structure (Fig. 1).
Molecular properties used for substituents R, R1, R2, R3 and molecular
structure, were: Size and shape described by means of surface (S) 17,
and Van Der Waals volume (V) Molecular dimensions (length, width
and height) 18. Length (L): is the distance along the screen x-axis
between the left and rightmost atoms plus their Van Der Waals radii.
Width (W): is the distance along the screen y-axis between the top
and bottommost atoms plus their Van Der Waals radii. Height (H): is
the distance along the screen z-axis between the nearest and farthest
atoms plus their Van Der Waals radii19, Ratio V/L, V/W, W/H were also
calculated20, Electronegativity21, 22, Molecular weight (MW), log P,
the partition coefficient between n-octanol and water23, Molar
refractivity (MR) 24, hydrogen-bonding acceptors (HBA) 25, and
Hydrogen-bonding donors (HBD) Some topological descriptors such
as the winner indices w(x) , connectivity indices from Kier and Hall
26,27
up to fourth order. All these descriptors were calculated with
Molecular descriptors for all dataset are calculated using an online
server E-Dragon15 (Pclient), an advanced version of well known tool
Dragon and molecular modelling program (MMP) demo version28 for
molecule structure and the separate substituents.
Methodologie
The multiple linear regression method was used to generate linear
models between the antimalarial activity and the molecular descriptors.
Because of the large number of descriptors considered, a stepwise
procedure combining the forward and backward algorithms was used
to select the pertinent descriptors.
In order to avoid all difficulties in the interpretation of the resulting
models, pairs variables with a correlation coefficient larger than 0.8
were classified as inter-correlated, and only one of these was classified
in the screened model. The quality of the model was considered as
statistically satisfactory on the basis of squared coefficient of
determination (R2), (r) coefficient of correlation, Standard error of
estimate (SE), and F is the Ficher’s statistics,

/ M (i))] with: IC50 (i): Concentration which inhibits 50% of component i.
n =32

∑ IC

50

(analogues): The sum of the concentrations necessary for 50%

i =1

inhibition
n =32

∑ M (analogues)

: The sum of Molecular mass of component i.

i =1

M (i) : Molecular mass of component i.

Artificial neural networks (ANN) are able to create internal models for
complex input-output relationships based on learning from examples
and therefore are useful in prediction. In medicine chemistry, ANN
was successively used to predict the synthesis of a new organic
compound structure.
The purpose of the current work is to provide an application of ANN
to the structure antimalarial activity relationship of dihydroartemisinin
compounds16. The result obtained by the ANN will be compared to
those given by multiple linear regressions (MLR).
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RESULTS AND DISCUSSION
Regression Linear Multiple (MLR) models and validation
Forward and Backward selections regression without constant can
be achieved either by including all potential independent variables in
the model and eliminating those that are not statistically significant,
are presented in Eq. (1), (3) and (5).
Log (RA) = (- 0.913 ± 0.246) HBA(R) - (0.0007 ± 0.0001) W(R) – (0.207
± 0. 08) J(R) + (0.596 ± 0.241) L/B5(R) + (0.2482 ± 0.217) log P (R2) –
(0.019 ± 0.004) WM (R2)----------------------------------------------------- (1)
n = 32(R2 = 0.67) (r = 0.82) SE = 0.49 = 8.71---------------------------- (2)
Log (RA) = (- 0.827 ± 0.236) HBA(R) - (0.0006 ± 0.0001) W(R) – (0.190
± 0.077) J(R) + (0.630 ± 0.242) L/B5(R) – (0.0197 ± 0.0042) WM (R2)
--------------------------------------------------------------------------------------(3)
n = 32 (R2 = 0.65) (r = 0.81) SE = 0.50 F = 10.11-----------------------(4)
Log (RA) = (- 0.73 ± 0.2) HBA(R) - (0.0005 ± 0.0001) W(R) – (0.016 ±
0.004) WM (R2)------------------------------------------------------------------ (5)
n = 32 (R2 = 0.57) (r = 0.75) SE = 0.53 F = 12.65--------------------- (6)
Where n is the number of compounds in the training dataset, R2 is the
coefficient of determination, r Correlation coefficient, SE Standard
error of estimate, and F is the Ficher’s statistics.
Table 2: Statistical parameters for MLR and ANN models

Eq. 1 with hexvariable:
HBA(R); W(R); J(R); L/B5(R);
logP(R2) and WM (R 2).
Eq. 3: with Pentavariable
HBA(R); W(R); J(R);
L/B5(R) and WM (R2).
Eq. 5 with Trivariable:
HBA(R); W(R) and WM (R2).

0.95

ANN
r
SE

0.97

0.19

R2

MLR
r

0.67

0.82

0.49

0.99

0.08

0.65

0.81

0.50

0.94

0.97

0.18

0.57

0.75

0.53

All These equations shown a regression coefficient for hydrogenbond acceptor and Winner indices of substituent R, followed by the
molecular weight of substituent R2. These equations are statistically
significant with the highest F statistic or lowest p- value and it’s
notable that there no significant intercorrelation between descriptors
appearing in the selected model, as seen in Table 3 from Trivariable,
But, this observation isn’t the case for equations 1 and 3 which present
a correlation between Balaban Indices J(R) and report of Sterimol
Parameters L/B5(R). The input variable s may be correlated with
another variable the response. If this is the case, the presence of the
one variable input in the model may mask the effect of another variable
input.

HBA (R)
W (R)
WM (R2)

HBA (R)

W (R)

1.0000
0.4995
0.0712

1.0000
-0.1068

1.

SE

0.99

Table 3: Correlation matrix of descriptors trivariables.

This method of using descriptors from the MLR has some advantages
to focus the descriptors that govern the activities observed and
predicted compounds in the modelling of this family of molecules,
with the exception of a few compounds; ANN predictions are found
more accurate and precise.

Observed Log RA

R2

The ANN was produced by using the Gaussian transfer function and
the pertinent descriptors appearing in the MLR model as input. A 3-91 neural network architecture was developed with the learning rate
and optimum momentum of 0.01 and 0.9, respectively with 10.000
iterations. The nine hidden neurons were chosen to keep ? = 2.0 ± 0.2
30
. To verify this condition, we also tried three to nine neurons in the
hidden layer and it was found that nine hidden neurons gives the
best result for the training and test sets
.
To evaluate the neural network, the results of its coefficient R2 was
compared with the R2 of the regression model developed in this work.
The R2 values were 0.57 and 0.94 and were attributed respectively
to models MLR and ANN. The corresponding standard error estimate
(SE) for both models was respectively 0.53 and 0.18. This preliminary
study enables us to conclude that the ANN with the (3-9-1)
architecture was able to establish a satisfactory relationship between
the pertinent descriptors and activity of analogues Artemisinin.
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Variables independents

Artificial neural network (ANN) models and validation
Artificial neural network was employed to deduce the possibility of
non-linear effects on the data and to found a more accurate model, 29.

0.
0.
-

WM (R2)

Figure 2: Graphical correlation of observed log RA and predicted
log RA usingTridescriptors non-linear (ANN) QSAR model.
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Table 4: Cross-validation parameters for MLR and ANN trivariables
models
Model R2cv

PRESS SSY

PRESS/SSY

MLR

0.46

10.24

18.90

0.54

ANN

0.80

3.81

18.90

0.20

To insure that the results obtained were not due to chance and lend
credence to our results, we have run a scrambling experiment and
calculated PRESS and SSY parameters.
Firstly, the dependant variable log (RA) is randomly scrambled and
then the same algorithms used in MLR and ANN run once again. The
statistics of results is listed in Table 4 with R2cv, PRESS, SSY and
PRESS/SSY. The graphical correlations of observed and predicted
log RA for training and test sets are recorded in Fig.2. R2cv approved
model stability and Y-scrambling dismissed any chance of by chance
modelling. It’s worthy to mention that ANN models (non-linear) found
statistical superior than MLR models (linear). Observations conceived
on predicted correlation of observed and estimated log RA values
revealed a unique feature of non-linear models.
This test confirms and clearly shows that the descriptors selected in
this study describe very well the activity studied. Note that in the
aforementioned expression, SSY is the variance of the biological
activity of the molecules around the mean value. PRESS is a good
estimate of real prediction of error of the model, provided that the
observations were independent. If PRESS is smaller than the sum of
the squares of the response value (SSY), the model predicts better
than chance and can be considered statistically significant. Table 4
shows that in all the two models PRESS are significantly smaller than
SSY indicating them to be statistically significant.
The statistics of results by ANN from Eq. 1 and Eq. 3 with pentavariable
and hexavariable are listed in Table 2 with R2, r, and S.E. The descriptors chosen in Forward and Backward selections of MLR and ANN
(Gaussian function) observed the big interference between all descriptors. It’s worthy to mention that ANN models (non-linear) with
interference between descriptors found statistical superior than MLR
models (linear) and the postulate that statistical fitness and predictability of QSAR models are not related terms and should be treated
and analyzed separately, is probably true just if we have not consider
the interference between descriptors appearing in the selected model.
CONCLUSION
The search for new molecule structure, directs us to the use of descriptors easy to interpret and taking into account the complexity of
modelled phenomena, we were able to show, with the fewer descriptors (three descriptors) and in 3D QSAR study, that the activity of the
Artemisinin substituted derivatives, was strongly depending on the
hydrogen-bonding acceptors (HBA) and winner indices of the substituent R and Molecular Weight of the substituent R2 attached to the
ART- substituted derivatives.

The model obtained using the ANN approach is more effective than
the regression analysis alone because it reveals the non-linearity in
the data, but the choice of descriptor is considered in this work for
the most serious application and launch the synthesis a new structure molecule. In addition, the approach of ANN and MLR combination gives a good generalization of the model for predicting data.
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