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Abstract—Malaria is nowadays a worldwide and serious problem with a significant social, economic, and human cost, mainly in
developing countries. In addition, the emergence and spread of resistance to existing antimalarial therapies deteriorate the global
malaria situation, and lead thus to an urgent need toward the design and discovery of new antimalarial drugs. In this work, a QSAR
predictive model based on GETAWAY descriptors was developed which is able to explain with, only three variables, more than 77%
of the variance in antimalarial potency and displays a good internal predictive ability (of 73.3% and 72.9% from leave-one-out
cross-validation and bootstrapping analyses, respectively). The performance of the proposed model was judged against other five
methodologies providing evidence of the superiority of GETAWAY descriptors in predicting the antimalarial potency of the
bisbenzamidine family. Moreover, a desirability analysis based on the final QSAR model showed that to be a useful way of selecting
the predictive variable level necessary to obtain potent bisbenzamidines. From the proposed model it is also possible to infer that
elevated high atomic masses/polarizabilities/van der Waals volumes could play a negative/positive/positive role in the molecular
interactions responsible for the desired drug conformation, which is required for the optimal binding to the macromolecular target.
The results obtained point out that our final QSAR model is statistically significant and robust as well as possessing a high predictive
effectiveness. Thus, the model provides a feasible and practical tool for looking for new and potent antimalarial bisbenzamidines.
© 2007 Elsevier Ltd. All rights reserved.

1. Introduction

The social, economic, and human toll of parasitic dis-
eases, such as malaria, is nowadays a worldwide and
serious problem due to their high morbidity and mortal-
ity. Malaria, one of the 10 leading diseases for global
disease burden,' occurs in around 500 million people
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and results in a number of deaths between 1 and 3 mil-
lion each year. The majority of these deaths occur in
young children who live in sub-Saharan Africa, and
are caused by infection with Plasmodium falciparum
and Plasmodium vivax.>> It must be stressed that in a
recent study published in Nature it was declared that
the global extent of this disease is yet underestimated.*
The full nature of the economic burden of malaria epi-
demics remains unclear, although it could be connected
with substantial losses to households in the form of fore-
gone income, treatment costs, missed schooling, and
decreased agricultural production.>® In fact, malaria is
the fourth disease contributing to the loss of life quality
(measured by its DALY s—disability adjusted life years),
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Figure 1. General structure of bisbenzamidines and pentamidine molecular structure.

only preceded by respiratory infections, HIV/AIDS, and
diarrhea.’

Actually, the only malaria therapeutic options are drug
combination of the elderly agents (chloroquine plus
sulfadoxine-pyrimethamine, artesunate plus sulfadox-
ine-pyrimethamine, artesunate plus mefloquine, chlor-
proguanil plus dapsone), or new ones (artemether plus
lumefantrine). However, the efficacy of drug combina-
tions is short-lived due to the selection and spread of
mutant drug-resistant parasites and to multidrug resis-
tance emergence.” It is well known that strains of P. fal-
ciparum parasites have developed resistance to most of
the commonly used antimalarials including sulfadox-
ine-pyrimethamine (Fansidar) and mefloquine.®~'°

Consequently, multidrug resistance has led to the need
of the development of new antimalarial drugs. For this
purpose, Quantitative Structure-Activity Relationship
(QSAR) methods have proved their utility into design
and drug development.!!"13 Particularly, several QSAR
studies have been conducted with success in the field
of antimalarial drugs.!*!>

Three-dimensional (3D) representations are particularly
suitable for QSAR purposes due to their ability to
simultaneously encode topological and conformational
information, being the last one determinant for drug—
target interaction.'® Specifically, GEometry, Topology,
and Atom- Weights AssemblY (GETAWAY) descriptors
encode geometrical (given by the influence of the molec-
ular matrix) and topological information (given by the
molecular graph) weighted by chemical information en-
coded in selected atomic weightings.!” The success of
GETAWAY descriptors is extensively reported in the
literature.'$-2!

In the present work, we intend to build up a predictive
model based on GETAWAY descriptors for assessing
the antimalarial potential of bisbenzamidines, a promis-
sory chemical family of new antimicrobial drugs.?>2’
Figure 1 depicts the general molecular structure of the
present bisbenzamidines, which are pentamidine cong-
eners in which the flexible pentyldioxy linker in pentam-
idine was replaced with various restricted linkers namely
1,3-, 1,4- or 1,2-phenylenedimethyleneoxy analogues,
1,2-phenylenedioxymethylene, 1,3- or 1,4-phenylenedi-
carboxamides, 1,4-phenylenedicarboxylate, 1,4-homo-
piperazinedyl, and 1,4-piperazinedyl.

This approach corresponds to an invaluable tool to con-
tribute to fight malaria infections, throughout the devel-
opment of new potent drugs. It has great applicability in
medicinal chemistry studies, specifically in early stages
of drug development, providing rationality to the pro-
cess, and appears as an interesting approach to the
design of new drugs with potential antimalarial activity.

2. Results and discussion

2.1. Prediction model for antimalarial potential of
bisbenzamidines

After reduction of the initial set of 197 GETAWAY
molecular descriptors, generated for the set of N =42
conformationally optimized bisbenzamidines, the 115
descriptors selected by GA were used to build up a
regression model suitable to predict the antimalarial
potential (expressed here as loglCsy) of bisbenzami-
dines. At least nine variables were significantly selected
to describe the mentioned activity. In this sense, the
ratio between cases and variables (4 < p <5) as well as
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the significant increments in goodness of fit and predic-
tivity parameters were considered in order to establish
the optimum number of variables to be included in the
model (see details in Table 1 and Fig. 2). From this
study a model which includes eight parameters was
found to be the best selection:
logICsy = 2.299 (£0.264) - HTm
— 1.541 (£0.179) - Hlp
+1.029 (+0.129) - R6v
—0.595 (£0.100) - R8v
—0.936 (+0.168) - H4m
+0.689 (£0.156) - Rle*
—0.317 (£0.113) - R7u*
+0.348 (+0.130) - R8p™
( )

— 0.678 (£0.063 (1)

Rig s F P p Oloo  Qhoos  AIC  FIT

2

N R

420783 0730 0407 14879 <I107® 4.667 0.689 0.613 0.256 1.118

As can be seen this model is good in both statistical sig-
nificance and predictive ability, judging by the attained
statistics. Good overall quality of the model is in fact
indicated by the large F and small p values, large FIT
and small p values (model significance), small AIC value
(overﬁttin§), along with R? and Rf\dj‘ (goodness of fit) as
well as Q7o and Q.. (predictivity) values close to
one.

Another aspect deserving special attention is degree of
multicollinearity among variables. Highly collinear vari-
ables may be identified by examining the cross-correla-
tion matrix (Table 2). One can notice that many
variables are correlated, suggesting that multicollinear-
ity may be a problem. As previously mentioned, the pri-
mary concern with multicollinearity is that uncertainty
is introduced into the estimated coefficients. Thus, to ob-
tain more efficient coefficients orthogonal complements
were determined, by Randi¢’s technique, for all
variables in Eq. 1.
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Figure 2. Plot of goodness of fit and predictivity parameters for
models obtained by successive including the first nine variables selected
by the genetic algorithm.

The relating equation given below was obtained:

logICso = 0.028 (40.064) - 'QR Ie*

+0.314 (£0.064) - *QHTm

—0.221 (4£0.064) - *QR8v

—0.060 (£0.064) - *“QH4m

—0.067 (£0.064) - *QR7u*

+0.104 (£0.064) - *“QR8p*

+0.123 (£0.064) - "QR6V

—0.546 (£0.064) - *QHIp

—0.678 (£0.063) (2)

However, inspection of the z-values for the coefficient
variables included in Eq. 2 by means of a paretto chart
(see Fig. 3) revealed that after Randi¢’s orthogonaliza-
tion some variables were no longer statistically signifi-
cant. So, they were removed from the equation. This
finding is not surprising since after variables’ orthogo-
nalization some of them may lose the information con-
tent (consequently their significance) encoded in other

Table 1. Goodness of fit and predictivity parameters for models obtained by successively-including the first nine variables selected by the genetic

algorithm®

Variables included in the model R R Adj. R 0’ AR?

HTm 0.3850 0.1482 0.1269 0.0690 0.1482
HTm, Hlp 0.4188 0.1754 0.1331 0.0430 0.0272
HTm, Hlp, R6v 0.4378 0.1916 0.1278 0.0320 0.0162
HTm, Hlp, R6v, R8v 0.5446 0.2966 0.2205 0.1270 0.1050
HTm, Hlp, R6v, R8v, H4m 0.6289 0.3956 0.3116 0.1640 0.0990
HTm, Hlp, R6v, R8v, H4m, Rle* 0.8125 0.6601 0.6018 0.5400 0.2645
HTm, Hlp, R6v, R8v, H4m, Rle*, R7u” 0.8576 0.7355 0.6810 0.6300 0.0754
HTm, Hlp, R6v, R8v, H4m, Rle*, R7u*, R8p* 0.8848 0.7829 0.7303 0.6890 0.0474
HTm, Hlp, R6v, R8v, H4m, R1e*, R7u”, R8p*, Hoe 0.8861 0.7851 0.7247 0.6730 0.0022

#The best model found is highlighted in bold.
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Table 2. Correlation matrix for the original set of descriptors included
in Eq. 1

Rle* HTm RS8v

Rle®  1.00

HTm -020 1.00

R8v —-022 044 1.00

H4m -0.34 084 036 1.00

R7u™  0.60 —0.09 —0.44 —0.24 1.00

R8p* 0.55 033 041 0.07 0.08 1.00

R6v  —-0.05 —-0.10 0.01 -0.03 031 —0.31 1.00
Hlp 038 055 019 026 042 0.44 0.39 1.00

H4m R7u* R8p* R6v Hlp

Variable: LoglCsg,

0% i
77/ 3472160

8QH1p 8.59641

20HTM

3QR8v
7QR6V
6QR8p+
5QR7u+
4QH4m

1QR1e+

p=.05
t-Value (for Coefficient;Absolute Value)

Figure 3. Paretto chart of #-values for variables’ coefficients included in
Eq. 2 after Randi¢’s orthogonalization.

linearly correlated variables included in the equation,

and has been reported in several preceding QSAR stud-

ies.26—28

After removing the irrelevant variables a new QSAR
equation is obtained, as follows:
logICsy = 4+0.314 (£0.067) - *QHTm
—0.221 (£0.067) - *QR8v
—0.546 (+£0.067) - *QH1p
—0.678 (+0.066) (3)

N R Ry s F » P Qoo Ohos. AIC  FIT

420726 0704 0426 33558 <107 105 0.680 0.674 0.220  1.967

The new model, with only three variables, retained al-
most the same performance reached by the previous
one containing eight variables. This model is able to
explain 72.6% of the variance of antimalarial potency
with a high robustness and predictivity, judging from
the values of O, (68.0%) and Q... (67.4%)
statistics.

Finally it is important to search for the presence of
outliers that might be distorting our QSAR model.
The presence of outliers was checked by withdrawal
of 10% of the training data, as this is classically

accepted in the literature®® as the threshold for outli-
ers search. Only one compound (2.38% of the training
data) was detected as a statistical outlier (compound
26) and thus removed from the training set. Com-
pound 26 was the only bisbenzamidine showing a
value of standardized residual (—3.0592) higher than
two standard deviations from the mean value of
logICsy, as well as possessing the highest value of
delete residual (—1.3623) and Cook’s distance (0.11).
Compound 26 can also be visually detected as outlier
by inspecting the scatter plots in Figure 3 resulting
from the residual analysis of Eqgs. 3 and 6 (before
and after outlier removal). No structural explanation
was found to justify the outlier nature of compound
26, which is the most potent bisbenzamidine included
in the training set. This compound is 2- to 3-fold
more active than the second more potent bisbenzami-
dine (compound 18). From the plethora of factors
that could justify the obtained experimental data one
could point out a putative difference into the mecha-
nism of antiparasitic action. The ability of bisbenzami-
dines to exert their toxic effects in a multitude of
potential targets is well known in the literature.3’ 32
Being clearly an influential outlier, this compound
should be removed from the training set to gather
homogeneity of the biological response profiles among
the compounds in the final training set.

Considering the outlier nature of compound 26 the read-
er may well call the applicability of the model to highly
active bisbenzamidines like this one into question. To
answer this question, the applicability domain of the
model before and after removal of compound 26 has
been determined.

A simple method to investigate the applicability domain
of a prediction model is to carry out a leverage plot
(plotting residuals vs. leverage of training com-
pounds).33-3* The leverage (4) of a compound in the ori-
ginal variable space which measures its influence on the
model is defined as:

hi=xI(X"™X)"'x (i=1,...,n) (4)

where x; is the descriptor vector of the considered com-
pound and X is the model matrix derived from the train-
ing set descriptor values. The warning leverage A" is
defined as follows:

h"=3xp/n (5)

where n is the number of training compounds and p’ is
the number of model adjustable parameters.

Compounds with & > h*(h* = 0.2857 before and 0.2926
after removal of compound 26) are out of the model’s
applicability domain. As observed in Figure 4 all the
compounds in training set lie within the model’s applica-
bility domain. Specifically, compound 26 (& = 0.043)
although in the outlier zone is placed perfectly in the
applicability domain before and after being removed.
Consequently, we can assert that highly active bisbenz-
amidines like compound 26 can be predicted perfectly
by using the model, even after their removal.
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In support of the above statement is important to note
that 23 out of 42 compounds used for training (apart
from compound 26) were more potent than pentamidine
against P. falciparum. So, even when this compound is
removed from the training set highly active compounds
(23 = 54.8% of training set) are steel represented.

When compound 26 was removed from the training set,
the following model with the same three variables arises:

logICsy = 0.307 (£0.059) - 2QHTm
—0.274 (£0.065) - *QR8v
—1.506 (+0.164) - *QH1p
—0.645 (£0.058) (6)

N R RZAdJ. s F P 14 Q]z_oo Q;}ools AIC  FIT

41 0776 0759 0372 42.893 <107'' 10250 0.733 0729  0.168 2.562

This last QSAR model is now able to explain the 77.62%
of the variance of antimalarial potency of the training
compounds. Contrasted to Eq. 3 this model also dis-
plays a higher predictive ability for new bisbenzamidines
of 73.3/72.9% as established by leave-one-out cross-val-
idation/bootstrapping analyses.

From Table 3, it is possible to access further details on
the prediction of 1Csq. Specifically, the error in predict-
ing ICso by means of Eq. 6 is just slightly superior to the
experimental error demonstrating the predictive ability
of the proposed model. Note the very low difference be-
tween the mean of the experimental and prediction er-
rors (0.047 uM), which is a very desirable property for
a prediction model.

The next step is to find out if the basic assumptions for
multiple linear regressions (MLR) are fulfilled.>> As the
name implies, MLR establishes a linear additive rela-

tionship between the molecular descriptors and the
underlying bioactivity, which is the simplest functional
form to adopt with no prior information. Visual inspec-
tion of the residuals’ distribution for all bisbenzamidines
(residuals vs. cases; see a2 in Fig. 5) supports this choice,
as no systematic pattern is seen. This finding also cor-
roborates the absence of multicollinearity in our model,
an expected result since all the included variables were
orthogonalized.?

The parametric assumption of homoscedasticity (i.e.,
homogeneity of variance of the variables) was also
checked by simply plotting the square residuals for each
predictor variable.*> The plots in Figure 5(b2) reveal a
broad scatter on the points, without any consistent pat-
tern, post-mortem validating the pre-adopted assump-
tion of homoscedasticity. As the term related to the
error (represented by residuals) is not included in the
MLR equation; the mean must be 0 which actually oc-
curs (see Table 4).

Moving on to the last but not least important para-
metric assumption of MLR, that is, multivariate nor-
mality of residuals, it was found that the residuals
exhibit adequate values of skewness and kurtosis,*
which is a sign of normal distribution fitting. Addi-
tionally, the hypothesis of multivariate normality of
residuals is confirmed from their histograms, as well
as the results of applying the Kolmogorov—Smirnov,
including Lilliefors’ correction, and Shapiro-Wilks
hypothesis tests (Table 4).

2.2. Comparison of GETAWAY based QSAR model with
other methodologies

A deep comparison between the QSAR model proposed
here, which was developed using the family of GET-
AWAY descriptors, and other five different methodolo-
gies was carried out. The results obtained are presented
in Table 5. Every model was developed using eight vari-
ables, except our last model (Eq. 6).

As seen, models from Constitutional, Geometrical, and
WHIM descriptors have comparable R* values (0.618,
0.621, and 0.656, respectively) which are nevertheless
lower than the one reported for the GETAWAY model.
Galvez topological charge indexes and BCUT descrip-
tors are included in another group with R? values even
lower than those reported for the group analyzed previ-
ously (0.298 and 0.594, respectively). All of them are
lower than 0.6.

It is important to highlight the low predictive ability of
all of the tested models with respect to GETAWAY
model. With the exception of the model developed by
using WHIM descriptors (with a Q* value of 0.504),
the Q° value for the other models was lower than 0.31.
The only model with a discrete predictive capability be-
sides that of the GETAWAY model is the WHIM mod-
el. However, statistical parameters of the WHIM model
are significantly lower than those of the GETAWAY
descriptors. Finally, one can assert that the proposed
GETAWAY model is the simplest one that contains
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Table 3. Performance of Eq. 6 in predicting the bisbenzamidines’ antimalarial potency
Compound® Exp. ICso (uM) Pred. ICsq (uM) AICso (UM) SEMP Obs. logICs, Pred. logICs, Res.
1 0.085 0.24807 —0.16307 0 —1.07058 —0.60542 —0.46516
2 0.114 0.05638 0.05762 +0.04 —0.94310 —1.24884 0.30575
3 0.313 0.61614 —0.30314 0 —0.50446 —0.21032 —0.29414
4 0.671 0.39427 0.27673 0 —0.17328 —0.40420 0.23093
5 0.697 0.65850 0.03850 +0.06 —0.15677 —0.18144 0.02467
7 4.12 3.63560 0.48440 +0.11 0.61490 0.56058 0.05432
8 0.64 0.95243 —0.31243 +0.04 —0.19382 —0.02117 —0.17265
11 0.402 0.28732 0.11468 +0.01 —0.39577 —0.54163 0.14586
12 0.84 0.29740 0.54260 +0.03 —0.07572 —0.52666 0.45094
13 1.6 0.65024 0.94976 +0.04 0.20412 —0.18693 0.39105
14 0.148 0.24087 —0.09287 +0.05 —0.82974 —0.61821 —0.21153
15 5.11 0.89963 4.21037 +0.2 0.70842 —0.04594 0.75436
17 0.306 0.10974 0.19626 +0.04 —0.51428 —0.95962 0.44535
18 0.018 0.03628 —0.01828 +0.009 —1.74473 —1.44030 —0.30443
19 0.154 0.04386 0.11014 +0.02 —0.81248 —1.35790 0.54542
20 0.862 0.13960 0.72240 +0.01 —0.06449 —0.85511 0.79062
21 0.124 0.20096 —0.07696 +0.06 —0.90658 —0.69689 —0.20968
22 0.029 0.12749 —0.09849 +0.01 —1.53760 —0.89454 —0.64306
23 0.245 0.58907 —0.34407 +0.05 —0.61083 —0.22984 —0.38100
24 0.358 0.48463 —0.12663 +0.04 —0.44612 —0.31459 —0.13153
25 0.019 0.04685 —0.02785 +0.004 —1.72125 —1.32930 —0.39195
27 0.021 0.01567 0.00533 +0.004 —1.67778 —1.80495 0.12717
28 0.042 0.05674 —0.01474 +0.005 —1.37675 —1.24610 —0.13065
29 0.069 0.06089 0.00811 +0.019 —1.16115 —1.21543 0.05428
30 0.297 0.14308 0.15392 +0.015 —0.52724 —0.84441 0.31717
31 0.035 0.04542 —0.01042 +0.005 —1.45593 —1.34279 —0.11315
32 0.036 0.11916 —0.08316 0 —1.44370 —0.92386 —0.51983
33 0.048 0.03107 0.01693 +0.009 —1.31876 —1.50760 0.18884
34 0.036 0.09647 —0.06047 +0.002 —1.44370 —1.01562 —0.42808
35 0.138 0.13767 0.00033 +0.002 —0.86012 —0.86116 0.00104
36 0.055 0.04246 0.01254 +0.008 —1.25964 —1.37203 0.11239
37 0.088 0.09802 —0.01002 +0.011 —1.05552 —1.00867 —0.04684
38 0.075 0.44212 —0.36712 +0.043 —1.12494 —0.35446 —0.77048
39 3.89 1.60732 2.28268 +0.07 0.58995 0.20610 0.38385
40 0.101 0.05494 0.04606 +0.077 —0.99568 —1.26011 0.26443
41 8.8 8.80115 —0.00115 1.1 0.94448 0.94454 —0.00006
42 8.32 5.57045 2.74955 +0.7 0.92012 0.74589 0.17423
43 0.089 0.07169 0.01731 0 —1.05061 —1.14455 0.09394
44 4.88 6.56586 —1.68586 +0.46 0.68842 0.81729 —0.12887
45 0.106 0.16179 —0.05579 +0.016 —0.97469 —0.79106 —0.18364
Pentamidine 0.278 0.59417 —0.31617 +0.08 —0.55596 —0.22609 —0.32987
Mean 1.07949 0.86418 0.21530 +0.08412 —0.64179 —0.64179 0.00000

25

#The compound numeration is the same as in the original data source.
®Standard error.

the most significant descriptors in predicting the antima-
larial activity of bisbenzamidines.

2.3. Desirability analysis: optimization of antimalarial
potential of bisbenzamidines

A typical problem in drug development is to find a set of
conditions, or levels of the predictive variables, that gen-
erates the most desirable product in terms of character-
istics, or responses on the predictor variables. In the
development of any drug whose characteristics are
known to depend on its properties or molecular descrip-
tors, generating the greatest potential product requires
determining the effects of those, and then finding the
balance that optimizes the overall desirability of the final
product. Typically, this work involves two main steps:
(1) predicting responses on the property under study

(in this case, the antimalarial potency), by fitting the ob-
served responses using an equation based on the levels
of the predictive variables (in this case, the GETAWAY
descriptors), and (2) finding the levels of the X-variables
that simultaneously produce the most desirable pre-
dicted responses on the studied property.?® Considering
Eq. 6 as the best choice, a desirability analysis was per-
formed based on the levels of the predictor variables
used in this model. The optimal values for obtaining a
highest antimalarial drug potential should be around
—2.01, 2.03, and 2.01 for QHTm, *QR8v, and *QHIp,
respectively, fixing the other two variables at their pres-
ent mean values (see Fig. 6). However, if the current val-
ues for the three variables (0.00967, 0.01712, and
—0.0091 for *QHTm, *QR8v, and *QHI1p, respectively)
are used it is possible to obtain a desirability value
for the antimalarial potency of 0.696. So, through the
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Figure 5. Residual analysis carried out to check parametrical assumptions for regression models (al and a2). Scatter plot of raw residual versus cases:
checking the correct specification of the mathematical (linear) form of the model (bl and b2). Scatter plot of residual versus observed values of
logICsy: checking the homoscedasticity (cl and c¢2). Histogram of residuals frequency distribution: probability plots of residuals (d1 and d2).
Checking the normal distribution of residuals: al, bl, cl, and d1 are related to Eq. 3 (that is to say, before withdrawal of outlier). Note in these
graphs the outlier nature of compound 26. a2, b2, ¢2, and d2 are related to Eq. 6.

developed model it is possible to obtain bisbenzamidines The contour plots in Figure 7 show the overall response
more potent than pentamidine (Recall that the desirabil- desirability produced by different level combinations of
ity value of pentamidine was set at 0.5.). two independent variables (fixing the value of the
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Table 4. Some important descriptive statistics in residual analysis and
normality tests

Valid N Mean Skewness Kurtosis
Residual analysis

41 <107" 0.1186 —0.2034
K-Sd )4 Lilliefors p Sh-Wilk W )4

Normality tests
0.0631 >0.2 >0.2 0.9929 0.9958

remaining third variable at its mean value). The plots
were built by previously transforming scores on each
of the three variables into desirability scores (they could
range from 0.0—undesirable (in green) to 1.0—very
desirable (in red). The red zone in the contour plots

represents the zone of higher probability to obtain a
drug with the best antimalarial profile, and wvice versa
for the green zone. As can be noticed in Figure 7,
3QR8v and ®QHIp have a positive and synergic influ-
ence over the antimalarial potential. On the contrary,
2QHTm affects the antimalarial properties of bisbenz-
amidines in a negative way.

2.4. Interpretation of the model

The molecular descriptors and desirability analyses led
to get insight into the structural factors governing the
affinity of bisbenzamidines for specific targets in P. fal-
ciparum structures. It is important to note that all
descriptors included in MLR-QSAR model (Eq. 6) pro-
vide information on the molecular degree of interaction

Table 5. Comparison of the GETAWAY descriptors model with other methodologies®

Family of mol. descriptors No. var. N R K F 0’ $(0%)
Galvez topological charge 8 42 0.2978 0.741 1.604 0.099 0.916
Geometrical 8 42 0.6209 0.537 6.778 0.283 0.739
Constitutional 8 42 0.6177 0.541 6.646 0.304 0.729
BCUT 8 42 0.5944 0.556 6.044 0.314 0.724
WHIM 8 42 0.6561 0.504 7.886 0.504 0.615
GETAWAY (Model 1) 8 42 0.7829 0.407 14.879 0.689 0.487
GETAWAY (Model 4) 3 41 0.7762 0.372 42.893 0.733 0.407

Variables included within models

Galvez topological charge
Geometrical
Constitutional

BCUT

WHIM

GETAWAY (Model 1)
GETAWAY (Model 4)

GGI2, GGI3, GGI4, GGIS, GGIe6, JGI3, IGIS, JGI6

H3D, AGDD, MAXDP, G1, SPAM, MEcc, G(N...N), G(O...0)
MW, AMW, Ss, Ms, RBN, RBF, nH, nO

BEHm?2, BEHm3, BELm3, BELm5, BELm7, BELv6, BELe3, BEHp7
L2u, G3u, E2u, E3u, E2m, E2v, Ele, Du

HTm, Hlp, R6v, R8v, H4m, Rle", R7u*, R8p*

QHTm, QHl1p, QR8v

#The best model found is highlighted in bold.

20 HTm 30O RSy SQHIp Desirability
2,00 1
: o
Q, <
i S
i = :
N | o
-0,52 ’}/{ }\]; E\ \\\~ 5 8 t_l’n
04| === = ererers [l STt Ty TEemel Lo
§ N N V7 3
076] T { T \
N 1
i iF:
%
1
-3,00 L
O —o o
n\ /u /
\ 7 /
\ , 1 >
0,696 -=---- SRR [ S— PSR EE T SRS /AR =
\‘ /I II %
\ | ' Hd
\ ' 1 -
\ h 1 7]
\ ! ! 8
\ A I
) L |
N /
o o -0
-2,011 2,0305 -1,995 2,0295 -2,03 2,0122
0,00967 0,01712 -0,0091

Figure 6. Profiles for logICs, predicted values and desirability derived from Eq. 6.
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3QR8y

8QHIp

2QHTm

8QHIp

Figure 7. Desirability surface/contours plots of logICs, and desirability derived from Eq. 6.

determined by different atomic properties. The first
inference that could be deduced is that the molecular
degree of interaction between the pair of atoms in the
molecule is determinant for the antimalarial activity of
this type of drugs. Probably, this type of interaction(s)
orients the preferred molecular conformation for

Poten cv/Planarity

Compound 1 (logIlC50 =-1.071)

Compound 3 (loglC50 =-0.504)

optimal binding to its macromolecular target in the
parasite. The data are consistent with the experimental
results since it was proposed that conformationally re-
stricted bisbenzamidines revealed a significant increase
in antimalarial efficacy.>> These inferences concerning
mechanistic aspects although not entirely novel agree

Compound 8 (loglC50 =-0.396)

e,

Compound 5 (logIC50 =-0.156)

Figure 8. Minimal energy conformation of several pentamidine analogues with different linkers. Note the tendency to the decrease of the potency

with the loss of the planarity.
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with previous experimental findings, reaffirming the
validity of the model.

However, when we analyzed the minimal energy confor-
mations of compounds 1-8 including compound 19 and
pentamidine (pentamidine analogues with dissimilar
linkers) some relation between a planar conformation
and the antimalarial potency was observed (decrease
of antimalarial potency is related with a loss of the pla-
nar conformation; see Fig. 8). This finding suggests that
the restricted linker is not the only requirement for an
improved antimalarial potency, pointing out to the pla-
nar conformation (determined by the molecular degree
of interaction between the pair of atoms in the molecule)
as an additional requirement.

To prove the above mentioned, some modifications were
made to the 1,4-piperazinedyl linker of compound 19
(the pentamidine analogue with the most restricted lin-
ker) and the antimalarial potency of the new analogues
generated was predicted by using Eq. 6 (see Fig. 9). All

(loglC50Pred. =16.77)

.

the modifications lead to a loss of the antimalarial
potency according to predictions made with Eq. 6. A
complete loss of the planar conformation of all the
analogues generated suggests that a planar conforma-
tion is required for the antimalarial activity. At the same
time, the conformation of the molecular system is
mainly determined by the linker as can be noted in
Figure 9.

In particular, HTm provides information on the degree
of interaction between all the molecule atoms, deter-
mined by the atomic masses of every individual atom
in the molecule. Judging from Eq. 6 and the results of
desirability analysis, elevated atomic masses play a neg-
ative role in inducing molecular interactions. This could
lead to conformational changes affecting its ability to
interact with specific macromolecular targets in P. falci-
parum. On the other hand, H1p provides information on
the degree of interaction between atom pairs, deter-
mined by their respective atomic polarizabilities. Specif-
ically, it informs about the chance of a given atom i to

(ol C50Pred. = 15.96)

—~0 —NH HN
e T 1D 0O
‘ o\_)._ ’ K §

(ogIC50Pred. =16.88) (logI C50Pred. = 14.14) (logI C50Pred. =15.23) (logI C50Pred. =14.73) (logIC50Pred. = 12.99) (logl C50Pred. = 12.66)

Figure 9. Modifications made to the 1,4-piperazinedyl linker of compound 19.
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interact with the atoms j at a topological distance d;; = 1
due to their respective atomic polarizabilities. This can
be related to the influence of the atomic polarizability
over the probability of interaction between the nearer
pair of atoms (probably adjacent atoms). In this case,
elevated atomic polarizabilities of adjacent atoms play
a positive role to favor conformational changes for the
antimalarial activity.

The R8v indices, defined in analogy to H-indices, en-
code similar information. These indices additionally
consider the 3D geometric distances between each pair
of atoms. In particular, R8v provides information on
the chance of a given atom i to interact with those
atoms j at a topological distance d; =8, due to their
respective atomic van der Waals volumes. This perfor-
mance can be related to the influence of the atomic
van der Waals volumes over the probability of inter-
action between distant pair of atoms. So, high atomic
van der Waals volumes may contribute positively to
the preferential conformational changes for acquiring
an optimized activity.

Moreover, the fact that a descriptor derived from the
matrix H at a topological distance d;; = 1 (matrix H con-
tains some useful information on the molecular geome-
try allowing to discriminate among the atoms according
to their position in the 3D molecular space with respect
to the molecule center) was significantly included on the
MLR model corroborates the importance of the central
linker of bisbenzamidines for the antimalarial activity.
These findings are in agreement with the literature in
which a key role for the central linker of bisbenzami-
dines is proposed to be related with their antiparasitic
efficacy. 23037

Concluding, one can assume that high atomic masses/
atomic polarizabilities/atomic van der Waals volumes
could play a negative/positive/positive role, respectively,
in the molecular interactions responsible for the desired
drug conformation required for the optimal binding to
its macromolecular target.

3. Conclusions

In this work, a QSAR model was developed which suc-
cessfully fits the antimalarial bisbenzamidines used for
training. The model is statistically significant and robust
possessing a high predictive effectiveness. It totally ful-
fills the main MLR assumptions and possesses total
superiority, when compared to different methodologies,
evidencing the superiority of GETAWAY descriptors in
predicting the antimalarial potency of bisbenzamidine
drugs.

The desirability analysis performed, based on the final
QSAR model, was shown to be a useful way of selecting
the predictive variable levels necessary to obtain potent
bisbenzamidines. In a near future this type of rational
design will allow to overcome some of the problems re-
lated with the current antimalarial drugs, such as
pentamidine.

From the final model it was also possible to infer that
elevated high atomic masses/polarizabilities/van der
Waals volumes could play a negative/positive/positive
role in the molecular interactions responsible for the de-
sired drug conformation, which is required for the opti-
mal binding to the macromolecular target. Thus, the
model provides a feasible and practical tool for looking
for new and potent antimalarial bisbenzamidines.

4. Materials and methods
4.1. Data set

The compounds used to develop our predictive model
are included in a library of 52 bisbenzamidines reported
by Huang T.L. et al.>> However, only 42 compounds
were reported in exact figures suitable for the regression
analysis. Pentamidine was included as positive control.
The in vitro anti-plasmodial activity of the lead ana-
logues has been determined against chloroquine-sensi-
tive strain of P. falciparum (D6, Sierra Leone) using a
lactate dehydrogenase (LDH) assay.*® Chloroquine
and pentamidine were used as the positive controls,
while DMSO was the negative control. ICsy values
(50% inhibitory concentration that inhibits parasite
growth by 50% in relation to drug-free control) for each
compound were computed from the dose-response
curves.”> The structure of the training set compounds
along with the reported experimental ICs, values are
depicted in Table 6.

4.2. Computational strategies

The geometries of the minimum energy conformation of
all compounds were obtained by optimization with the
semi-empirical PM3 method implemented in MOPAC
6.0.3 GETAWAY descriptors for the given compounds
were calculated on the minimal energy conformations,
using software DRAGON 2.1.40

A total of 197 GETAWAY molecular descriptors were
calculated to describe the structural diversity of the com-
pounds, following the procedure explained in detail by
Consonni et al.!”?l:4! Table 7 depicts the names and
meanings of the molecular descriptors used in this work.
Additionally, Galvez topological charge indices (21
descriptors), Geometrical (58), Constitutional (47),
BCUT (64), and WHIM (99) descriptors were computed
in order to test the performance of these families in pre-
dicting the property under study.*? The full list of this
type of molecular descriptors, and their meaning, is pro-
vided in the DRAGON 2.1 package.*

To reduce redundant and inadequate information con-
stant or near constant values, molecular descriptors with
a pairwise correlation greater than 0.95 were excluded.
Thus, from an initial set of 197 GETAWAY molecular
descriptors only 115 remained for further variable
selection.

As in QSAR studies the choice of appropriate descrip-
tors is a complicated task, because there are no absolute
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Table 6. Chemical structures for the 42 bisbenzamidines used in regression analysis and their respective 50% inhibitory concentration, inhibiting D6
Sierra Leone strain of P. falciparum growth by 50% in relation to drug-free control (ICs, values)

Compound® Structure 1Cso (UM)
NH NH

Pentamidine HQNJK@ ﬁNHZ 0.278 (+0.08)
NH NH

/@ANHZ 0.085 (+0.00)
o)

NH
o~ )%
2 HN @ NH, 0.114 (0.04)
>—< }o

HoN
HN.__NH,
3 NH 0.313 (+0.00)
HZNJK©\ ©
(e)
HN<__NH,
4 NH 0.671 (£0.00)
H,N o)
NH NH
5 HZN)K@ i i @A s 0.697 (0.06)
N N
HJ\Q/MH

o) o]
oy 5 O8 o g

7 @NH Y 4.12 (£0.11)
H,N NH

Q 0
HN }\—/_\—/( NH,
8 @NH AY <:> § 0.64 (+0.04)
HN NH

1 o 0.402 (£0.01)

NH
f: > )N
N
H

(continued on next page)
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Compound® Structure 1Cso (uM)
@
© HN/ﬁ
cl YNH
12 o 0.84 (£0.03)
[:NH Z
NH
NH
13 HN //\N/©/U\ 2 1.6 (£0.04)
>—< —N
H,N U
H
N
O~
14 N — H 0.148 (+0.05)
Cl
\
o M)
| @
C s
N
s \V \©\(H 5.11 (£0.2)
o)
cle
[>—NH
O~ Y
HN
17 HCl ©\WNH 0.306 (+£0.04)
NH
HCI
NH
~ )
HN N
18 HCI NH 0.018 (+0.009)
NH
HCI
HoN /\
19 @N Oj{ 0.154 (£0.02)
HN —
\
—\ NH
20 }ﬁQ N©j§ 0.862 (£0.01)
_/ NH
& {
21 ! N N@NH 0.124 (£0.06)
HN — NH
HCI HCI
2 . — NH 0.029 (+£0.01)
>—< —N N4< >—<S
HN A NH
23 }NH N \N@NH 0.245 (£0.05)
HN — NH

HCI HCI
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Compound® Structure I1Cso (uM)
24 : N;_@N/ \N@NH 0.358 (+0.04)
HN ~ NH
H3C-(H2C)37NH N/—\N HN—(CH2)3-CH3
25 O { H 0.019 (+0.004
HN / NH ( )
HCI HCI
26 C N@NmN@NH 0.007 (+0.001)
HN ~ NH
H3C-(H2C)4—NH HN—(CH,)4-CHs
27 )ﬁQ ©—§ 0.021 (+0.004)
28 >—L 0.042 (+0.005
N;_@ I\ NH ( )
N N{ >—<
HN N NH
2 \—<>NH 7\ NH 0.069 (£0.019)
>/—< }N N{ >—<
HN ~ NH
30 &NH C S 0.297 (£0.015)
HaC-(H,C)s—NH VoW HN—(CH,)s-CHg
31 - { H 0.035 (+0.005
HN f— NH ( )
HCl Hel
32 QNH I\ NH 0.036 (+0.00)
O A0
HN N/ NH
HCl HC
H3C-(HoC)s—NH oY HN—(CHy)g-CHs
33 - { H 0.048 (+0.009
HN —/ NH ( )
HCl HCl
34 0.036 (+0.002)

ONH /\ NH
>—< :FN N— >—<
HN — NH
Hel

(continued on next page)
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Compound® Structure I1Cso (uM)
HaC-(HoC);—NH HN—(CH_);-CHs
35 )—Q @jﬁ 0.138 (+0.002)
36 NH N 0.055 (+0.008)
H }N N )
HN — NH
HCI
HaC-(HoC)g—NH —\ HN—(CH_)g-CHs
37 )—@N N@—§ 0.088 (+£0.011
HN — NH ¢ )
HCI HCI
HaC-(HoC)e—NH HN—(CH,)¢-CHs
38 %@ @ﬂﬁ 0.075 (£0.043)
H3C-(H2C)11—NH /\ HN—(CHz)14-CHs
39 N N©—§ 3.89 (£0.07
HN — NH (0.9
HCI HCl
40 0.101 (+0.077)
Hol
OH
HO
41 a 8.8 (+1.1)
NH —\ NH
<O 0
HN — NH
HC
HO,
2 HO-NH N/—\N C NH 8.32 (+0.7)
HN Z — NH
N — N
43 [N/:@ <:> NN < > H(\Nj 0.089 (£0.00)
He o ®
cl cl
H H
N /\ N
4 ©[N/é Q NN < > ,}éi@ 4.88 (+0.46)
Ho o
cl cl
H
45 C / <:> ©—< } 0.106 (£0.016)

2 The numeration used for each compound here is the same employed in the original data source.*’
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Table 7. Molecular descriptors used on the regression models, generated by the DRAGON software

Descriptor

Meaning

Molecular walk counts

MWCO05 Molecular walk count of order 05
MWCO07 Molecular walk count of order 07
MWC09 Molecular walk count of order 09
MWCI10 Molecular walk count of order 10
TWC Total walk count

SRW04 Self-returning walk count of order 04
SRWO08 Self-returning walk count of order 08
SRW10 Self-returning walk count of order 10

Galvez topological charge indices

GGI2 Topological charge index of order 2
GGI3 Topological charge index of order 3
GGIl4 Topological charge index of order 4
GGI5 Topological charge index of order 5
GGlI6 Topological charge index of order 6
JGI3 Mean topological charge index of order3
JGIS Mean topological charge index of order5
JGI6 Mean topological charge index of order6

Geometrical descriptors
H3D

3D-Harary index

MAXDP Maximal electrotopological positive variation
AGDD Average geometric distance degree

Gl Gravitational index Gl

SPAM Average span R

MEcc Molecular eccentricity

G(N...N) Sum of geometrical distances between N...N
G(0...0) Sum of geometrical distances between O...O

Constitutional descriptors
MW

Molecular weight

AMW Average molecular weight

Ss Sum of Kier-Hall electrotopological states

Ms Mean electrotopological state

RBN Number of rotatable bonds

RBF Rotatable bond fraction

nH Number of Hydrogen atoms

nO Number of Oxygen atoms

BCUT descriptors

BEHm?2 Highest eigenvalue 7 - 2 of Burden matrix/weighted by atomic masses

BEHmM3 Highest eigenvalue # - 3 of Burden matrix/weighted by atomic masses

BELm3 Lowest eigenvalue #n - 3 of Burden matrix/weighted by atomic masses

BELm5 Lowest eigenvalue 7 - 5 of Burden matrix/weighted by atomic masses

BELm7 Lowest eigenvalue 7 - 7 of Burden matrix/weighted by atomic masses

BELv6 Lowest eigenvalue #n - 6 of Burden matrix/weighted by atomic van der Waals volumes
BELe3 Lowest eigenvalue n - 3 of Burden matrix/weighted by atomic Sanderson electronegativities
BEHp7 Highest eigenvalue n - 7 of Burden matrix/weighted by atomic polarizabilities

Weighted holistic invariant molecular (WHIM) descriptors

L2u 2nd component size directional WHIM index/unweighted

G3u 3st component symmetry directional WHIM index/unweighted

E2u 2nd component accessibility directional WHIM index/unweighted

E3u 3rd component accessibility directional WHIM index/unweighted

E2m 2nd component accessibility directional WHIM index/weighted by atomic masses

E2v 2nd component accessibility directional WHIM index/weighted by atomic van der Waals volumes
Ele st component accessibility directional WHIM index/weighted by atomic Sanderson electronegativities
Du D total accessibility index/unweighted

Geometry, topology, and atom-weights assembly GETAWAY ) descriptors

H4m H autocorrelation of lag 4/weighted by atomic masses

HTm H total index/weighted by atomic masses

Hlp H autocorrelation of lag 1/weighted by atomic polarizabilities

R7u* R maximal autocorrelation of lag 7/unweighted

R6v R autocorrelation of lag 6/weighted by atomic van der Waals volumes

R8v R autocorrelation of lag 8/weighted by atomic van der Waals volumes

Rle* R maximal autocorrelation of lag 1/weighted by atomic Sanderson electronegativities
R8p* R maximal autocorrelation of lag 8/weighted by atomic polarizabilities

HoOe H autocorrelation of lag 0/weighted by atomic Sanderson electronegativities
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rules governing this selection, an optimization tech-
nique—the Genetic Algorithm (GA)—was applied for
variable selection.*>#® In GA, the essence of selection
in nature is that under certain environmental conditions,
species of high fitness can prevail in the next generation,
and the best species may be reproduced by crossover, to-
gether with random mutations of chromosomes in the
surviving species. As to the modeling technique, we
opted for a regression-based approach; in this case, the
regression coefficients and statistical parameters were
obtained by Multiple Linear Regression (MLR)
analysis.

GA and MLR analysis were performed using Mobydigs
software.*” Accordingly, a population of 100 regression
models was ordered taking into account the leave-one-
out cross-validated correlation coefficients Q?. The GA
was stopped when increasing the model size, the Q° va-
lue did not significantly increase.

Last but not least, it is well known that if any multiple
linear-statistical based approach is applied to data sets
exhibiting collinearities among the X-variables, the cal-
culated coefficients get unstable and their interpretabil-
ity breaks down. A practical approach to avoid
multicollinearity is the orthogonal descriptors technique
proposed by Randi¢,*®>! which also provides useful
structural input in building QSAR relationships. The
X-variables were thus orthogonalized following the or-
der selected by the GA search scheme, that is, according
to the level of significance to the contribution for the
antimalarial property estimated by the increase on mod-
el’s O after successive additions of each X-variable to
the model.

4.3. Validation of the models

Goodness of fit was assessed by examining the determi-
nation coefficient, R the adjusted determination coeffi-
cient, R} , the standard deviation (s), Fisher’s statistic,
F, as wefl as the ratio between the number of com-
pounds and the number of adjustable parameters in
the model, known as the p statistics. Besides these classic
regression parameters, other important indices were
adopted, that is, the Kubinyi function (FIT) and
Akaike’s information criterion (AIC), which give en-
ough criteria for comparing models with different
parameters, number of variables, and number of points.
The robustness and Eredictive ability of the model was
evaluated by both QO based on leave-one-out cross-val-
idation (LOO-CV) and bootstrapping analyses.>* LOO-
CV procedure consists of removing one data point from
the training set and constructing the model only on the
basis of the remaining training data and then testing on
the removed point. In this way, all of the training data
points were tested and Q.. then calculated. In the
bootstrapping procedure, K n-dimensional groups are
generated by a randomly repeated selection of n-objects
from the original data set. The model obtained on the
first selected objects is used to predict the values for
the excluded sample, and then Qf . is calculated for
each model. The bootstrapping was repeated 5000 times
for each validated model.

4.4. Desirability analysis

Response/desirability profiling allows one to trace the
response surface produced by fitting the observed re-
sponses using an equation based on levels of the predic-
tor variables.’® That is to say, one can inspect the
predicted values for the dependent variable at different
combinations of levels of the X-variables, specify desir-
ability functions for the dependent variable, and search
for the levels of the X-variables that produce the most
desirable responses on the dependent variable. In the
present work, the desirability analysis was conducted
with STATISTICA 6.0, by setting the current level
of each predictor variable to the respective mean. Cur-
vature s and ¢ parameters were fixed at 9.00 (Notice that
the values chosen for s and ¢ determine the curvature in
the desirability function between the low and medium
inflection points, and between the medium and high
inflection points, respectively.). Large values for s and
¢t must be selected and predicted to be close to the most
desirable value of Y-observed (Ymax. pES.)- YMAX. DES.
can be selected anywhere between the minimum accept-
able value (Yyn) of the response and the maximum
acceptable value (Ypyax).’¢ For this particular case,
Ymax matches with Yyax. pes., thus high s and ¢ values
are required. The values of Yyax and Yyn coincide
with the log ICs( values of the more and less potent com-
pound used for training the model and their respective
desirability values were set as 1.00 (highest) for Yyax
and 0.00 (lowest) for Ypn. The logICsg value of pent-
amidine was used as the medium acceptable value
(Ymep) with a desirability value of 0.500 (medium desir-
ability value). Pentamidine was used as medium thresh-
old value in a desirability analysis allowing the design of
a more potent compound for malaria treatment. Least
squares method was used for fitting the desirability func-
tion and surface/contours maps.
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