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Chemometric modelling of antimalarial activity of aryltriazolylhydroxamates

Probir Kumar Ojha and Kunal Roy*

Division of Medicinal and Pharmaceutical Chemistry, Drug Theoretics and Cheminformatics Laboratory, Department of Pharmaceutical
Technology, Jadavpur University, Kolkata 700 032, India

(Received 22 February 2010; final version received 29 April 2010)

We have performed quantitative structure–activity relationship (QSAR) and quantitative activity–activity relationship
(QAAR) studies for aryltriazolylhydroxamates having antimalarial activity data against both chloroquine-sensitive
(D6 clone) and chloroquine-resistant (W2 clone) strains of Plasmodium falciparum to understand the relationships between
the biological activity and molecular properties for the design of new compounds. The QSAR studies were performed using
35 compounds among which 26 molecules were taken using k-means clustering technique in the training set for the
derivation of the QSAR models and nine molecules were kept as the test-set compounds to evaluate the predictive ability of
the derived models. The chemometric tool used for the analysis was the genetic function approximation. The developed
models were analysed in terms of their predictive ability, and comparable results were obtained for cross-validated
predictive variance (Q 2) and externally predicted variance (R 2

pred) values (0.761 and 0.829, respectively, for the D6 model,
0.708 and 0.748, respectively, for the W2model and 0.984 and 0.982, respectively for the QAARmodel). The QSARmodels
suggest that the number of methylene groups (between the triazolyl and hydroxamate moieties) and partially negatively
charged surface areas of the molecules are important parameters for the antimalarial activity.

Keywords: genetic function approximation; k-means cluster; quantitative structure–activity relationship; quantitative
activity–activity relationship; aryltriazolylhydroxamate

1. Introduction

Despite considerable scientific advances and development

of modern drugs, malaria still remains one of the deadliest

infectious diseases, and has a tremendous morbidity and

mortality impact in the developing world. In 2006, there

were an estimated 247 million malaria cases among 3.3

billion people at risk, causing nearly a million deaths,

mostly of children under 5 years [1]. In a 2008 report, 109

countries were endemic for malaria, 45 out of them within

the World Health Organization African region [1]. There

are four major species of the malaria parasite: Plasmodium

falciparum, Plasmodium vivax, Plasmodium malariae and

Plasmodium ovale. Among the four species, P. falciparum

is responsible for more than 95% of malaria-related

morbidity and mortality [2]. The treatment and prevention

of malaria are becoming increasingly ineffective with

chloroquine, mefloquine and other frontline drugs [8-

aminoquinolines, quinolinemethanols, sulphonamides and

dihydrofolate reductase (DHFR) inhibitors] [3]. The

treatment and prevention of malaria now includes long-

lasting insecticidal nets and artemisinin-based combination

therapy (ACT), supported by indoor residual spraying of

insecticide and intermittent preventive treatment in

pregnancy [1]. These methods are still being used and

continue to be the foundations of malaria control and

elimination programmes. Unfortunately, the global emer-

gence of resistance of P. falciparum to commonly used

antimalarial drugs has rendered these drugs useless inmany

endemic areas [4]. In recent years,most countries have been

using ACT. However, there are concerns that resistance

against these drugs is already beginning to evolve [5]. As a

result, discovering and developing newmolecules effective

against resistant strains is one of the greatest challenges [6].

Computational tools such as quantitative structure–activity

relationships (QSARs) are one of the most important

applications of chemometrics, giving information to the

medicinal chemist to understand the relationship between

biological activity and molecular properties for the design

of new compounds acting on a specific target. Thus, QSAR

models can be used to design new compounds and to predict

the activity of untested compounds [7].

QSARs have been reported for antimalarials by many

groups of researchers in recent years. Adane and Bharatam

[8] reported a 3D-QSAR study [Comparative molecular

field analysis (CoMFA) and comparative molecular

similarity indices analysis (CoMSIA)] of cycloguanil

derivatives, which are reported as growth inhibitors of P.

falciparum clone (T9/94 RC17), to investigate the

structural requirements for the activities of these

compounds and to derive predictive models. Cruz-

Monteagudo et al. [9] reported computational modelling

tools for the design of potent antimalarial bisbenzamidines

exploiting the antimalarial potential of pentamidine using

GETAWAY descriptors. Katritzky et al. [10] reported
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a QSAR model of the antimalarial activity of two diverse

sets of compounds for each of two strains, D6 and NF54,

of P. falciparum by using CODESSA PRO software.

Parenti et al. [11] explored a 3D pharmacophore model

using CATALYST software on a diverse set of PfDHFR-

TS (PfDHFR-TS; TS refers to thymidylate synthase bound

to DHFR in P. falciparum) inhibitors, including cyclogua-

nil and pyrimethamine derivatives.

In the present study, we have performed a QSAR study

of aryltriazolylhydroxamates having activity data against

both chloroquine-sensitive (D6 clone) and chloroquine-

resistant (W2 clone) strains of P. falciparum to understand

the relationship between the biological activity and

molecular properties of the compounds for the design of

new compounds. We have also performed the quantitative

activity–activity relationship (QAAR) study by taking the

in vitro activity data against chloroquine-resistant strain

(W2 clone) as the response and those against chloroquine-

sensitive strain (D6 clone) as one of the predictor variables

to calculate one activity when the other is known. It may be

mentioned here that these aryltriazolylhydroxamates belong

to the class of histone deacetylase inhibitors. No QSAR

reports are available to date on this class of compounds.

2. Material and methods

2.1 Data-set

In the present study, a data-set of 35 aryltriazolylhydro-

xamates [12] having antimalarial activity data (Table 1)

against both chloroquine-sensitive (D6 clone) and chloro-

quine-resistant (W2 clone) strains of P. falciparum was

selected. The P. falciparum growth inhibition was reported

for all the compounds by a parasite lactate dehydrogenase

assay using Malstat reagent [13]. In our QSAR study, we

have used the negative logarithm of the reported biological

activity (pIC50 ¼ 2 log IC50) against both D6 and W2

clones. The general structure of aryltriazolylhydroxamates

is given in Table 1. It is found that a methylene spacer

containing three to eight methylene fragments separates

the aryltriazolyl from the hydroxamate moiety.

The aryltriazolyl ring is substituted with different aromatic

and heteroaromatic rings.

2.2 Quantitative structure–activity relationship

2.2.1 Descriptors

The analyses were performed using electronic (dipole-

mag, HOMO, LUMO and Sr), spatial (radius of gyration,

Jurs descriptors, Area, PMI-mag, Density, Vm), thermo-

dynamic (ALogP, ALogP98, MolRef, MR, LogP),

structural (H-bond donor, H-bond acceptor, Rotlbonds)

as well as different topological parameters (E-state index,

kappa shape index, molecular connectivity index, sub-

graph count, Balaban, Wiener and Zagreb indices). All the

descriptors were calculated using Descriptor þ module of

the Cerius2 version 4.10 software [14]. The categorical list

of the descriptors used in the development of QSAR

models is reported in Table 2. Finally, we have tried to

develop a QAAR model by taking the in vitro activity data

against chloroquine-resistant strain (W2 clone) as the

response and those against chloroquine-sensitive strain

(D6 clone) as one of the predictor variables.

2.2.2 Cluster analysis

The goal of any QSAR modelling is to develop a model

which should be capable of making accurate and reliable

predictions of biological activities of new compounds.

However, internal validation does not ascertain that the

model will perform well on a new set of data. In many

cases, appropriate external data-set is not available for

prediction purpose. Thus, the whole data-set is divided

into a training set and a test set or external evaluation set.

The models developed from the training set are externally

validated using the test-set molecules. Predictive capacity

of a model for new chemical entities is influenced by

chemical nature of the training-set molecules used for the

development of the model [15–17]. The test-set molecules

will be predicted well when they are structurally very

similar to the training-set molecules. The reason is that the

model has captured all features common to the training-set

molecules. There are different techniques available for

division of the data-set into training and test sets such as

statistical molecular design, self-organising map, cluster-

ing, Kennard–Stone selection, sphere exclusion, etc. [18].

In the present study, we have used the clustering technique

as the method for training-set selection. Cluster analysis

[19] is a technique to arrange the objects into groups.

There are two types of clustering: (i) hierarchical

clustering and (ii) non-hierarchical clustering. Hierarch-

ical clustering techniques proceed by either a series of

successive mergers or a series of successive divisions.

Agglomerative hierarchical methods start with the

individual objects. Thus, there are initially as many

clusters as objects. The most similar objects are first

grouped and these initial groups are merged according to

their similarities. Eventually, as the similarity decreases,

all subgroups are fused into a single cluster. Divisive

hierarchical methods work in the opposite direction.

An initial single group of objects is divided into two

subgroups such that the objects in one subgroup are far

from the objects in the other. These subgroups are then

further divided into dissimilar subgroups; the process

continues until there are as many subgroups as objects –

that is, until every object forms a group. Non-hierarchical

clustering techniques are designed to group items, rather

than variables, into a collection of k clusters. The number

of clusters, k, may either be specified in advance or

determined as part of the clustering procedure. One of

the important non-hierarchical techniques is k-means
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Table 1. Structural features, observed and calculated antimalarial activity values of aryltriazolylhydroxamate derivatives

N

N

N
O

N

H

OH
R

n

.

Observed antimalarial
activity [pIC50 (IC50 in

mmol)]
Antimalarial activity calculated from different

models

Sl. no. R n D6 clone W2 clone Equation (1) Equation (2a) Equation (3)

1 4 3.319 3.336 3.233 3.589 3.282

2
a 5 3.494 3.324 3.369 3.317 3.467

3 6 3.880 4.071 3.806 3.550 3.878

4a 7 2.671 2.639 2.542 2.408 2.593

5 8 2.077 2.061 1.885 2.120 1.985

6 N

H
3
C

H
3
C

5 3.669 3.916 3.872 4.247 3.787

7 N

H
3
C

H
3
C

6 4.131 4.015 4.093 3.763 4.145

8a N

H
3
C

H
3
C

7 3.295 3.271 3.313 3.250 3.257

9 N

H
3
C

H
3
C

8 2.300 2.338 2.516 2.652 2.356

10

N

5 3.197 3.128 2.961 3.116 3.152
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Table 1 – continued

Observed antimalarial
activity [pIC50 (IC50 in

mmol)]
Antimalarial activity calculated from different

models

Sl. no. R n D6 clone W2 clone Equation (1) Equation (2a) Equation (3)

11

N

6 3.583 3.553 3.358 3.281 3.562

12

N

7 2.307 2.255 2.257 2.211 2.206

13a N 5 3.150 3.318 2.878 2.984 3.102

14

N

5 2.446 2.644 2.981 3.225 2.626

15

N

6 3.623 3.859 3.401 3.430 3.877

16 H
3
C 5 3.346 3.314 3.629 3.464 3.310

17

H
3
C

5 3.560 3.627 3.404 3.204 3.538

18

CH
3

5 2.363 2.170 3.159 2.961 2.266

19

CH
3

6 3.401 3.334 3.641 3.237 3.369

20 O

H
3
C

5 3.369 3.529 3.450 3.386 3.571

22

O

H
3
C

5 3.307 3.494 3.057 3.387 3.505
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Table 1 – continued

Observed antimalarial
activity [pIC50 (IC50 in

mmol)]
Antimalarial activity calculated from different

models

Sl. no. R n D6 clone W2 clone Equation (1) Equation (2a) Equation (3)

23

O

H
3
C

O

H
3
C

5 2.223 2.109 2.198 2.049 2.117

24
a

S

5 3.785 3.885 3.612 3.622 3.777

25 5 3.971 4.130 3.762 3.652 3.975

26 6 4.164 4.164 3.885 3.330 4.182

27
a 7 2.654 2.765 3.131 2.847 2.575

28 8 2.069 2.089 2.190 2.321 2.111

29 5 2.222 2.130 2.407 2.148 2.116

30a N 5 3.888 3.869 3.937 3.898 3.886

32 N 7 3.632 3.474 3.515 3.415 3.614

33a
O

H
3
C

5 4.005 4.058 4.153 4.643 4.011

34
O

H
3
C

6 3.890 3.842 4.313 4.266 3.889
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clustering [20], which has been used in the present study.

The k-means algorithm assigns each item to the cluster

having the nearest centroid (mean). In its simplest version,

the process is composed of three steps [21]:

(1) partitioning the items into k initial clusters;

(2) assigning an item to the cluster whose centroid

(mean) is nearest (distance is usually computed using

Euclidean distance with standardised observations)

followed by recalculation of the centroid for the

cluster receiving the new item and for the cluster

losing the item;

(3) step 2 is repeated until no more reassignments take

place.

In this report, the total data-set (n ¼ 35) was divided into

internal evaluation (training) set (n ¼ 26) and external

evaluation (test) set (n ¼ 9) (75 and 25%, respectively,

of the total number of compounds) based on clusters

obtained from k-means clustering applied on a standar-

dised topological and structural descriptor matrix by using

SPSS software [22]. All the parameters were standardised

to values between 0 and 1, and the whole data-set was

clustered into four subgroups from each of which 25% of

compounds were selected as the members of the test set.

Serial numbers of compounds under different clusters are

shown in Table 3.

Table 1 – continued

Observed antimalarial
activity [pIC50 (IC50 in

mmol)]
Antimalarial activity calculated from different

models

Sl. no. R n D6 clone W2 clone Equation (1) Equation (2a) Equation (3)

35
O

H
3
C

7 3.533 3.365 3.486 3.657 3.509

36
N

5 3.994 3.981 3.407 4.251 4.003

37a

N

5 3.792 3.994 3.625 4.346 3.805

aTest set compounds.

Table 2. Categorical list of the descriptors used in the development of QSAR models.

Category
of descriptors Name of the descriptors

Topological Jx, 1k, 2k, 3k, 1kam,
2kam,

3kam, f, SC-0, SC-1, SC-2, SC-3_P, SC-3_C,
1x, 2x, 3xp,

3xc,
0x v, 1x v, 2x v,

3xvp,
3xvc , Wiener, Zagreb, S_sCH3, S_ssCH2, S_aaCH, S_aaaC,S_sssCH, S_dssC, S_aasC, S_ssssC, S_sssN,

S_sOH, S_dO, S_ssO, S_ssS, S_aaS

Structural MW, Rotlbonds, Hbond acceptor, Hbond donor

Physico-chemical AlogP, AlogP98, MR, MolRef, LogP

Electronic Dipole-mag, Sr

Spatial RadOfGyration, Jurs-SASA, Jurs-PPSA_1, Jurs-PNSA_1, Jurs-DPSA_1, Jurs-PPSA_2, Jurs-PNSA_2,
Jurs-DPSA_2, Jurs-PPSA_3, Jurs-PNSA_3, Jurs-DPSA_3, Jurs-FPSA_1, Jurs-FNSA_1, Jurs-FPSA_2,
Jurs-FNSA_2, Jurs-FPSA_3, Jurs-FNSA_3, Jurs-WPSA_1, Jurs-WNSA_1, Jurs-WPSA_2, Jurs-WNSA_2,
Jurs-WPSA_3, Jurs-WNSA_3, Jurs-RPCG, Jurs-RNCG, Jurs-RPCS, Jurs-RNCS, Jurs-TPSA, Jurs-TASA,
Jurs-RPSA, Jurs-RASA, Area, Vm, Density, PMI-mag

Table 3. Serial numbers of compounds under different clusters.

Cluster number Serial number of compounds

1 4, 5, 12, 19, 20, 22, 36, 37
2 6, 7, 8, 9, 23
3 25, 26, 27, 28, 29, 30, 32, 33, 34, 35
4 1, 2, 3, 10, 11, 13, 14, 15, 16, 17, 18, 24
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2.2.3 Genetic function approximation

Genetic algorithms are derived from an analogy with the

evolution of DNA [23]. The GFA algorithm was initially

anticipated by (i) Holland’s genetic algorithm and

(ii) Friedman’s multivariate adaptive regression splines

(MARS) algorithm. In this algorithm, an individual

or model is represented as 1D string of bits. A distinctive

feature of GFA is that it produces a population of models

(e.g. 100), instead of generating a single model, as do most

other statistical methods. The genetic algorithm makes

superior models to those developed using stepwise

regression techniques because it selects the basis functions

genetically. Descriptors, which are selected by this

algorithm, are subjected to multiple linear regression

(MLR) for generation of models. A ‘fitness function’ or

lack of fit (LOF) is used to estimate the quality of an

individual or model, so that best individual or model

receives the best fitness score. The error measurement

term LOF is determined by the following equation:

LOF ¼
LSE

12 cþd*p
M

ÿ �2
:

In the above equation, c is the number of basis functions

(other than the constant term); d is the smoothing

parameter (adjustable by the user); M is the number of

samples in the training set; LSE is the least-squares error;

and p is the total number of features contained in all basis

functions.

Once models in the population have been rated using

the LOF score, the genetic crossover operation is

repeatedly performed. Initially, two good models are

probabilistically selected as parents and each parent is

randomly cut into two pieces and a new model (child) is

generated using a piece from each parent. After many

mating steps, i.e. genetic crossover-type operation,

average fitness of individuals (models) in the population

increases as good combination of genes are discovered and

spread through the population. It can build not only linear

models but also higher order polynomials, splines and

Gaussians. In our present work, linear and spline terms

have been used. For the development of GFA models,

Cerius2 4.10 version [14] has been used. The mutation

probabilities were kept at 50% with 5000 iterations.

Smoothness (d) factor was kept at 1.00. The initial

equation length value was selected as 4 and the length of

the final equations was not fixed.

2.2.4 Partial least squares

The basic concept of partial least-squares (PLS) regression

was originally developed by Wold [24,25]. PLS regression

is extensively used in CoMFA and CoMSIA. Recently,

PLS has been used by combination with other mathemat-

ical methods [e.g. genetic/PLS (G/PLS), factor analysis-

PLS (FA-PLS) and orthogonal signal correction-PLS

(OSC-PLS)] to give better performance in QSAR–QSPR

analyses. PLS regression is an extension of the MLR

model, which can handle data with strongly correlated

and/or noisy or numerous X variables [26]. It gives a

reduced solution, which is statistically more robust than

MLR. The linear PLS model finds ‘new variables’ (latent

variables or X scores), which are linear combinations of

the original variables. To avoid overfitting, a strict test for

the significance of each consecutive PLS component is

necessary and then stopping when the components are

non-significant. For PLS, the ‘leave-one-out’ (LOO)

method was used for cross-validation to obtain the

optimum number of components. Cross-validation is a

reliable and commonly used method for selecting

optimum number of components [27]. However, recently,

it has been shown that from the viewpoint of external

predictability, the choice of variables for PLS based on

internal validation may not be optimum [28]. Application

of PLS allows the construction of larger QSAR equations

while still avoiding overfitting and eliminating most

variables. Cross-validation ensures that the QSAR

equations are selected based on their ability to predict

the data rather than to fit the data [29]. In the present

report, PLS analysis has been done to remove the

intercorrelation problem with the descriptors selected by

the GFA-MLR technique.

2.2.5 Validation methods

The robustness of the models should be verified by using

different validation criteria. For the validation of QSAR

models, usually four strategies [30] are adopted: (i) internal

validation or cross-validation, (ii) validation by dividing

the data-set into a training set and a test set, (iii) data

randomisation or Y-scrambling and (iv) true external

validation by the application of a model on new external

data. In the present study, due to the lack of true external

evaluation set, the total data-set has been divided into

internal evaluation (training) set and external evaluation

(test) set. Therefore, we have applied only the first three

validation techniques. Most of the QSAR modelling

methods implement the LOO or leave-many-out (LMO)

cross-validation procedure, which are internal validation

techniques. The outcome from the cross-validation

procedure is cross-validated R 2 (LOO-Q 2 or LMO-Q 2),

which is used as a criterion of both robustness and

predictive ability of the model. In this paper, we have

performed the LOO cross-validation method as the

internal validation tool. The cross-validated determination

coefficient (LOO-Q 2) is calculated according to this

equation:

Q2 ¼ 12

P

ðYobsðtrainingÞ 2 YpredðtrainingÞÞ
2

P

ðYobsðtrainingÞ 2 Y trainingÞ
2

:
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In the above equation, Y training represents the average

activity value of the training set while Yobs(training) and

Ypred(training) represent, respectively, observed and pre-

dicted activity values of training-set compounds. Often,

a high Q
2 value (Q 2

. 0.5) is considered as a proof of

high-predictive ability of the model [31].

Models are generated based on the training-set

compounds and predictive capacity of the models is

judged based on the predictive R 2 (R 2
pred) values

calculated according to the following equation [32]:

R2
pred ¼ 12

P

ðYobsðtestÞ 2 YpredðtestÞÞ
2

P

ðYobsðtestÞ 2 Y trainingÞ
2

:

In the above equation, Ypred(test) and Yobs(test) indicate,

respectively, predicted and observed activity values of the

test-set compounds, and Y training indicates the mean

activity value of the training-set compounds. The value

of R 2
pred for an acceptable model should be greater than

0.5.

It has been previously shown [28,32] that the R2
pred may

not be sufficient to indicate external predictivity of a

model. The value of R 2
pred is mainly controlled by the term

P

ðYobsðtestÞ 2 Y trainingÞ
2, i.e. the sum of squared differences

between the observed values of test-set compounds and the

mean observed value of the training-set compounds. Thus,

it may not truly reflect the predictive capability on a new

data-set. In addition, the square of the correlation

coefficient (r 2) between the observed and predicted values

of the test-set compounds does not necessarily mean that

the predicted values are very near to the corresponding

observed activity values (there may be a considerable

numerical difference between the values, though main-

taining an overall good intercorrelation). Therefore, for a

better indication of external predictive potential of the

model, a modified r 2 (r2mðtestÞ) has been introduced by the

following equation [28,33]:

r2mðtestÞ ¼ r 2 12

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

r 2 2 r20

q

� �

:

The value of r2mðtestÞ should be greater than 0.5 for an

acceptable model.

Previously, the concept rm
2 was applied only to the test-

set prediction [28,33], but it can as well be applied for the

training set if one considers the correlation between the

observed and LOO-predicted values of the training-set

compounds [34]. More interestingly, this can be used for

the whole set considering LOO-predicted values for the

training set and predicted values for the test-set

compounds. The advantages of such consideration are as

follows: (i) unlike external validation parameters (R 2
pred,

etc.), the r2mðoverallÞ statistic is not based only on a limited

number of test-set compounds. It includes prediction for

both test-set and training-set (using LOO predictions)

compounds. Thus, this statistic is based on the prediction

of a comparably large number of compounds. In many

cases, the test-set size is considerably small, and the

regression-based external validation parameter may be less

reliable and highly dependent on individual test-set

observations. In such cases, the rm(overall)
2 statistic may be

advantageous and (ii) in many cases, comparable models

are obtained where some models show comparatively

better internal validation parameters and some other

models show relatively superior external validation

parameters. This may create problem in selecting the

final model. The rm(overall)
2 statistic may be used for

the selection of the best predictive models from among the

comparable models. For the present QSAR study, we have

determined rm
2 values for both training (based on LOO-

predicted values) and test sets and also for the whole set for

the reported models, and the results are shown in Table 4.

Further statistical significance of the relationships

between the antimalarial activity (D6 and W2 clones) and

descriptors was obtained from randomisation (Y-randomis-

ation) tests. There are two types of randomisation tests:

process randomisation and model randomisation. In the

case of the process randomisation, the values of the

dependent variable are randomly scrambled and variable

selection is done freshly from the whole descriptor matrix.

The process randomisation has been performed at 95%

confidence level. In the case of the model randomisation,

the Y column entries are scrambled and new QSARmodels

are developed using the same set of variables as present in

the non-randomised model. The model randomisation has

been performed at 99% confidence level. If the score of the

non-random QSAR model is significantly better than that

of the random models, then that model should be

considered as a statistically robust model [35,36].

We have used a parameter Rp
2 [35,36], which penalises

the model R 2 for a small difference between the square of

the mean correlation coefficient (Rr
2) of randomised

models and the square of the correlation coefficient (R 2) of

the non-randomised model. The above-mentioned novel

parameter can be calculated by the following equation:

R2
p ¼ R2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

R2 2 R2
r

q

:

This novel parameter Rp
2 ensures that the models developed

are not obtained by chance. For an acceptable QSAR

model, the value of Rp
2 should be greater than 0.5.

The values of R 2, Rr
2 and Rp

2 based on the process and

model randomisation tests for different models are

reported in Table 5.

2.3 Software

MINITAB [37] was used for PLS regression. Cerius2

version 4.10 [14] was used for the calculation of

descriptors and genetic analyses. STATISTICA [38] was
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used to determine the LOO-predicted values of the

training-set compounds and correlation matrix of the

descriptors.

3. Results and discussion

Initially, we have performed the QSAR study using a pool

of topological, structural, thermodynamic, spatial and

electronic descriptors. In this QSAR study, we have used

the in vitro activity data against both chloroquine-sensitive

(D6 clone) and chloroquine-resistant (W2 clone) strains of

P. falciparum. Though both GFA and G/PLS techniques

were tried to develop the QSAR models, the former

generated better quality equations which are reported here.

We have subsequently tried to develop a QAAR model

taking the in vitro activity data against chloroquine-

resistant strain (W2 clone) as the response and those

against chloroquine-sensitive strain (D6 clone) as one of

the predictor variables.

3.1 QSAR with the in vitro activity data of

chloroquine-sensitive (D6 clone) P. falciparum

Using the GFA spline technique, the following equation

was obtained with acceptable cross-validated predictive

variance (Q 2) and externally predicted variance (R 2
pred):

pIC50 ¼ 2:9092ð^1:417Þ

þ 1:25ð^0:1626ÞRadOfGyration

2 0:78ð^0:1063Þ, S_ssCH2 2 4:98041

.24:32ð^1:025Þ Jurs2 FPSA_2

2 0:170ð^0:06550Þ Jurs2RNCS

nTraining ¼ 26; R2 ¼ 0:826; Ra ¼ 0:793;

F ¼ 24:90ðdf4;21Þ; s ¼ 0:320;

PRESS ¼ 2:952; Q2 ¼ 0:761;

r2mðLOOÞ ¼ 0:590; nTest ¼ 9; R2
pred ¼ 0:829;

r2mðtestÞ ¼ 0:731; r2mðoverallÞ ¼ 0:608: ð1Þ

The model above could explain 79.3% of the variance

(adjusted coefficient of variation). The cross-validated

predictive variance (Q 2) was found to be 76.1%.

The predictive ability of the model was evaluated by

means of predictive R 2 (R 2
pred) for the test-set compounds,

and the resulting R 2
pred value of 0.829 shows the good

predictive ability of the model. Using the standardised

variable matrix for regression, the significance level of the

descriptors was found to be in the following order:

RadOfGyration, S_ssCH2, Jurs-fractional charged partial

positive surface area (FPSA-2) and Jurs-relative negative-

charge surface area (RNCS). The observed and calculated

pIC50 (D6 clone) values according to Equation (1) are

given in Table 1.

RadOfGyration (Å) is a measure of the size of an

object, a surface or an ensemble of points. It is calculated

as the root-mean-square distance of the objects/parts from

either its centre of gravity or an axis. This can be

calculated by the following equation:

RadOfGyration ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

X ðx2i þ y2i þ z2i Þ

N

� �

s

:

Here, N is the number of atoms and x, y, z are the atomic

coordinates relative to the centre of mass. This reflects that

the shape and size of the molecules play an important role

in the antimalarial activity. RadOfGyration has the

favourable contribution towards the antimalarial activity

as evidenced by the positive regression coefficient. If the

value of RadOfGyration is higher, then the antimalarial

activity will be higher (e.g. compounds 7, 26 and 33).

Compounds 14, 18 and 29 have lower values of

RadOfGyration and their corresponding antimalarial

activity values are in the lower range. However, in the

case of compounds 9, 27 and 28, the antimalarial activity

values are in the lower range in spite of the higher value of

RadOfGyration due to a longer methylene spacer (vide

infra). Compounds 7, 26 and 33 have 6, 6 and 5 methylene

spacer groups, respectively, while compounds 9, 27 and 28

have 8, 7 and 8 methylene spacer groups, respectively,

separating the ‘active site’ zinc binding hydroxamate

moiety and the aryltriazolyl group. Therefore, the chain

length of the methylene spacer groups should be fixed to

an optimum of 5 or 6. For this reason, compounds 9, 27

and 28 are showing lower activity in spite of higher values

of RadOfGyration.

The S_ssCH2 descriptor indicates the sum of E-state

values of methylene carbons (ZCH2Z) present in the

aryltriazolylhydroxamate derivatives and the value

depends on the number of such fragments present.

The negative regression coefficient of the spline term

kS_ssCH2 2 4.98041l indicates that the numerical value

of the E-state parameter S_ssCH2 should be lower than

4.98041 for better antimalarial activity. It has been

observed that compounds 7, 26 and 33 showed better

antimalarial activity since corresponding S_ssCH2 values

are lower than 4.98041. Compounds 5, 9 and 28 showed

lower activity as the corresponding S_ssCH2 values are

higher than 4.98041. The value of E-state parameter

S_ssCH2 will be higher if the number of methylene

fragments is greater. In the case of compounds 5, 9 and 28,

the number of methylene spacer groups is 8 and in the case

of compounds 7, 26 and 33, the number of methylene

spacer groups is 6, 6 and 5, respectively. Therefore, for

better antimalarial activity, the number of methylene

fragments should be 5 or 6.

Jurs-FPSA_2 is the fractional charged partial positive

surface area. It can be calculated as the total charge-

weighted positive-charge surface area (Jurs-PPSA_2)
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divided by the total molecular solvent-accessible surface

area (Jurs-SASA):

Jurs-FPSA_2 ¼
Jurs-PPSA_2

Jurs-SASA
:

PPSA_2 is the partial positive SASA multiplied by the

total positive charge Q þ, i.e.

PPSA_2 ¼ Qþ
*
X

aþ
SAþ

a :

Jurs-FPSA_2 has an unfavourable contribution towards the

antimalarial activity as evidenced from the negative

regression coefficient. This implies that a decrease in the

total positive charge may enhance the activity. It has been

observed that the compounds 2 and 24 have lower values of

Jurs-FPSA_2 and their corresponding inhibitory activity

values are in the highest range. In the case of compounds 9

and 23, the values of Jurs-FPSA_2 are higher and the

corresponding activity values are in the lowest range. Thus,

for better antimalarial activity, the molecules should have a

less fractional charged partial positive-charge surface area.

Jurs-RNCS is the relative negative-charge surface

area: it is the solvent-accessible surface area of the most

negatively charged atom divided by the relative negative

charge (RNCG), i.e.

RNCS ¼
SA2

max

RNCG
:

Jurs-RNCS has the unfavourable contribution towards the

antimalarial activity as evidenced by the negative

regression coefficient. This implies that the decrease in

RNCS may enhance the activity (e.g. compounds 6, 7 and

33). The high numerical values of Jurs-RNCS explain the

reduced activity of compounds 14 and 18.

3.2 QSAR with the in vitro activity data of

chloroquine-sensitive (W2 clone) P. falciparum

Using the GFA linear technique, the following equation

was obtained with acceptable cross-validated predictive

variance (Q 2) and externally predicted variance (R 2
pred):

pIC50 ¼ 2:407ð^1:143Þ

2 0:009949ð^0:002157Þ Jurs-WPSA_2

þ 0:035515ð^0:005975Þ Jurs-WNSA_1

þ 1:3906ð^0:2377ÞRadOfGyration

2 0:48698ð^0:07055Þ Jurs-RNCS

2 0:6765ð^0:211Þf

nTraining ¼ 26; R2 ¼ 0:822; R2
a ¼ 0:777;

F ¼ 18:42ðdf5; 20Þ; s ¼ 0:350;

PRESS ¼ 4:00539; Q2 ¼ 0:708;

r2mðLOOÞ ¼ 0:536; nTest ¼ 9; R2
pred ¼ 0:748;

r2mðtestÞ ¼ 0:540; r2mðoverallÞ ¼ 0:541: ð2Þ

The above model could explain 77.7% of the variance

(adjusted coefficient of variation). The cross-validated

predictive variance (Q 2) was found to be 70.8%.

The predictive ability of the model was evaluated by

means of predictive R 2 (R 2
pred) for the test-set compounds

and the resulting R 2
pred value of 0.748 shows the good

predictive ability of the model. Using the standardised

variable matrix for regression, the significance level of the

descriptors was found to be in the following order: Jurs-

surface-weighted charged partial positive surface areas

(WPSA_2), Jurs-surface-weighted charged partial nega-

tive surface areas (WNSA_1), RadOfGyration, Jurs-RNCS

and f. In the above model, some variables are highly

intercorrelated (Jurs-WPSA_2, RadOfGyration and f).

Therefore, we have performed PLS using descriptors

selected by the GFA technique to eliminate the intercorrela-

tion problem. In the case of the PLS technique, the following

equation was obtained with acceptable cross-validated

predictive variance (Q 2) and externally predicted variance

(R 2
pred). The observed and calculated pIC50 (W2 clone)

values according to Equation (2a) are given in Table 1:

pIC50 ¼ 3:859512 0:00475 Jurs-WPSA_2

þ 0:02118 Jurs-WNSA_1

þ 1:34327RadOfGyration

2 0:34038 Jurs-RNCS2 1:10993f

nTraining ¼ 26; R2 ¼ 0:752; R2
a ¼ 0:705;

F ¼ 15:91ðdf4; 21Þ; s ¼ 0:402;

PRESS ¼ 4:9407; Q 2 ¼ 0:639;

r2mðLOOÞ ¼ 0:602; nTest ¼ 9; R2
pred ¼ 0:738;

r2mðtestÞ ¼ 0:507; r2mðoverallÞ ¼ 0:583: ð2aÞ

Jurs-WPSA_2 is the surface-weighted charged partial

positive surface areas. This is calculated as the total charge

weighted positive surface area (PPSA_2) multiplied by the

total molecular solvent-accessible surface area (SASA) and

divided by 1000, i.e.

WPSA_2 ¼
PPSA_2 £ SASA

1000
:

The negative regression coefficient indicates that Jurs-

WPSA_2 has the unfavourable contribution towards the

antimalarial activity. This implies that decreases in the total

chargeweighted positive surface area (e.g. compounds 3, 25,

26 and 24) may enhance the antimalarial activity. It has been

observed that compounds 9 and 28 show poor activity due to

higher values of Jurs-PPSA_2 and Jurs-SASA.

Jurs-WNSA_1 is the surface-weighted charged partial

negative surface areas. It can be calculated as the partial

negative surface area (PNSA_1) multiplied by the total

molecular solvent-accessible surface area (SASA) and
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divided by 1000, i.e.

Jurs-WNSA_1 ¼
Jurs-PNSA_1 £ Jurs-SASA

1000
:

PNSA_1 is the sum of the SASAs of all negatively charged

atoms, i.e.

PNSA_1 ¼
X

a2
SA2

a ;

where the sum is restricted to negatively charged atoms

a 2.

The positive regression coefficient of Jurs-WNSA_1

indicates that it has a favourable contribution towards the

antimalarial activity. This implies that increases in the

PNSA_1 may enhance the antimalarial activity. It has been

observed that compounds 25, 26, 33 and 34 show good

antimalarial activity due to higher numerical values of

Jurs-PNSA_1. In the case of compounds 9 and 23, the low

numerical values explain the reduced antimalarial activity.

Similar to Equation (1), Equation (2a) explains higher

activity values of compounds 7 and 33 and lower activity

values of compounds 18 and 29 due to, respectively, higher

and lower values of RadOfGyration.

Similar to Equation (1), Equation (2a) shows that a

decrease (e.g. compounds 6 and 7) and increase (e.g.

compounds 4 and 18) in the RNCS may, respectively,

enhance and reduce the antimalarial activity of the

corresponding compounds.

The parameter f is the Kier molecular flexibility

index: a measure of molecular flexibility derived from the

Kier alpha-modified shape descriptors 1ka and 2ka:

f ¼
1ka £

2ka

A
;

where the Kier shape indices calculated from the

H-depleted molecular graph depend on the heteroatoms

by the parameter a [39]. The parameter 1ka encodes

information about the count of atoms and relative cyclicity

of molecules, while 2ka encodes information about

branching or relative spatial density of molecules.

The atom count A allows comparisons among isomers.

The negative regression coefficient of f indicates that

decreases in the molecular flexibility may enhance the

antimalarial activity (e.g. 3, 24, 36 and 37) and increases in

the molecular flexibility may reduce the antimalarial

activity (e.g. 5, 9, 27 and 28).

3.3 Quantitative activity–activity relationship

We have also performed the QAAR study for the

development of models by taking one response

(pIC50_W2) as the dependent variable and another as

one of the independent (pIC50_D6) variables. Models were

generated by using genetic function approximation (GFA)

with spline option as the statistical tool. The mutation

probability was kept at 50% with 5000 iterations. In the

case of the GFA spline technique, the following equation

was obtained with acceptable cross-validated predictive

variance (Q 2) and externally predicted variance (R 2
pred).

From this model, one activity can be calculated when the

other is known:

pIC50_W2 ¼ 20:24585ð^0:08697Þ

þ 1:06282ð^0:02565Þ pIC50_D6

þ 0:7405ð^0:1768Þk0:7057122 Srl

þ 14:493ð^3:519Þk0:30170123 xvcl

nTraining ¼ 26; R2 ¼ 0:987; R2
a ¼ 0:986;

F ¼ 576:14ðdf3; 22Þ; s ¼ 0:088;

PRESS ¼ 0:213; Q 2 ¼ 0:984;

r2mðLOOÞ ¼ 0:959; nTest ¼ 9; R2
pred ¼ 0:942;

r2mðtestÞ ¼ 0:882; r2mðoverallÞ ¼ 0:949: ð3Þ

The above GFAmodel could explain 98.6% of the variance

(adjusted coefficient of variation). The cross-validated

predictive variance (Q 2) was found to be 98.4%.

The predictive ability of the model was evaluated by

means of predictive R 2 (R 2
pred) for the test-set compounds

and the resulting R 2
pred value of 0.942 shows the good

predictive ability of the model. Using the standardised

variable matrix for regression, the significance level of the

descriptors was found to be in the following order:

pIC50_D6, Sr and
3xvc . The observed and calculated pIC50

(W2 clone) values according to Equation (3) are given in

Table 1.

The antimalarial activity against the chloroquine-

resistant strain W2 clone is favoured by the parameters

such as Sr (superdelocalisability) and 3xvc (molecular

connectivity index). The parameter 3xvc is the third-order

valance-modified cluster connectivity index, indicating the

impact of branching. The positive regression coefficients

of the spline term k0.705712-Srl and k0:30170123 xvcl

indicate that the numerical values of Sr and 3xvc should be

less than 0.705712 and 0.301701, respectively, for the

antimalarial activity against W2 clone. It has been

observed that compounds 26, 36 and 37 showed better

antimalarial activity against W2 clone, since their

corresponding Sr values are lower than 0.705712.

Compounds 9, 12 and 14 show poor antimalarial activity

due to the higher value of Sr (greater than 0.705712).

A value of 3xvc less than 0.301701 accounts for better

antimalarial activity of compound 15.

4. Overview and conclusion

In this paper, we have explored QSAR studies of 35

aryltriazolylhydroxamates as antimalarial agents using
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electronic (dipole-mag and Sr), spatial (RadOfGyration,

Jurs descriptors, Area, PMI-mag, Density, Vm), thermo-

dynamic (ALogP, ALogP98, MolRef, MR, LogP),

structural (H-bond donor, H-bond acceptor, Rotlbonds)

along with topological descriptors. QSAR models were

developed by taking activity data against both chloro-

quine-sensitive (D6 clone) and chloroquine-resistant (W2

clone) strains of P. falciparum. Finally, the QAAR model

was developed by taking the in vitro activity data against

the chloroquine-resistant strain (W2 clone) as the response

and those against the chloroquine-sensitive strain (D6

clone) as one of the predictor variables. The whole data-set

(n ¼ 35) was divided into a training set (n ¼ 26) and a test

set (n ¼ 9) by using k-means clustering. Statistical

qualities of different models are given in Table 4. From

the different QSAR models, it can be concluded that

(i) the number of methylene spacer groups should be

optimum (5 or 6). The number of methylene spacer groups

greater than 6 and less than 5 will lead to poor antimalarial

activity. (ii) The total charge-weighted positive surface

area (PPSA-2) of the molecules should be less. (iii) The

partial negative surface area (PNSA-1) of the molecules

should be greater. This suggests that the negative charge

distributed over a large surface area may enhance the

antimalarial activity. (iv) Flexibility of the molecules

should be less. This suggests that the large number of

methylene spacer groups and single bonds will lead to poor

antimalarial activity. (v) The QAAR studies suggest that

electronic parameter Sr (superdelocalisability) and mole-

cular connectivity index 3xvc are important for better

antimalarial activity against the chloroquine-resistant

strain.
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