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Abstract

The GEometry, Topology, and Atom-Weights AssemblY (GETAWAY) approach has been applied to the study of the HIV-1 integrase inhi-
bition of 172 compounds that belong to 11 different chemistry families. A model able to describe more than 68.5% of the variance in the ex-
perimental activity was developed with the use of the mentioned approach. In contrast, none of the five different approaches, including the use of
Randić Molecular Profiles, Geometrical, RDF, 3D-MORSE and WHIM descriptors was able to explain more than 62.4% of the variance in the
mentioned property with the same number of variables in the equation. Finally, after extracting five compounds considered by us as outliers the
model was able to describe more than 72.5% of the variance in the experimental activity.
� 2006 Elsevier Masson SAS. All rights reserved.
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1. Introduction

The human immunodeficiency virus (HIV) is the causative
agent of the acquired immunodeficiency syndrome (AIDS).
An estimated 36 million people worldwide are currently living
with HIV, and some 20 million people having already died,
giving a cumulative total number of HIV infections to be 56
million [1], however, there is still no known cure or vaccina-
tion against it.

There are three viral enzymes encoded by the pool gene of
HIV-1, namely reverse transcriptase (RT), protease (PR), and
integrase (IN). Currently, the combination of RT and PR inhib-
itors, although highly effective, produces unwanted side
effects like toxicity and patient adherence, among others [2].

HIV-1 IN functions in a two-step manner by initially
removing a dinucleotide unit from the 30-ends of the viral
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DNA (termed 30-processing). The 30-processed strands are
then transferred from the cytoplasm to the nucleus where
they are introduced into the host DNA following 5 base-pair
offset cleavages of opposing host strands (termed 30-strand
transfer or end joining). There is obviously a requirement
for a functional integrase in HIV-1 replication and has no cel-
lular homologue [3]. This is one of the reasons why IN repre-
sents an attractive and validated target for chemotherapeutic
intervention and has become a focus of anti-AIDS drug design
efforts.

Through the years QSAR studies about activity of the inhi-
bition of the HIV-1 integrase or the synthesis of new
compounds with this activity have been carried out. Different
descriptors and variable selection techniques were used to de-
velop models capable of relating the activity to the structure.

For example, Aiello et al. [4] carried out QSAR studies on
novel thiazolothiazepine based HIV-1 integrase inhibitors. In
this work, in an attempt to establish a coherent structuree
activity relationship amongst thiazolothiazepines they investi-
gated whether the sulfur atom could be replaced by an oxygen
and whether a naphthalene ring could be replaced by fused
.

mailto:mpgonzalez76@yahoo.es
http://www.elsevier.com/locate/ejmech


65L. Saı́z-Urra et al. / European Journal of Medicinal Chemistry 42 (2007) 64e70
rings and employed structure-based optimization methods by
determining all the amino acid residues on the active site of
IN that are important for ligands’ binding. In order to identify
the biologically active conformation of the compounds, they
docked all the compounds onto the active site of IN using
GOLD.

Another interesting work that employs docking technique is
the work of Dayam and Neamati about active site binding
modes of the b-diketoacids like a multi-active site approach
in HIV-1 integrase inhibitor design [5].

Makhija et al. [6] investigated about design and synthesis of
HIV-1 integrase inhibitors for 30-processing and 30-strand
transfer activities. They performed a 3D-QSAR through com-
parative molecular field analysis (CoMFA) for different clas-
ses of compounds using a novel alignment technique based
on molecular electrostatic potentials (MEPs) [3,7e9]. Partial
least square (PLS) fitting was applied to derive the 3D-
QSAR models.

Costi et al. investigated about 2,6-bis(3,4,5-trihydroxyben-
zylydene) derivatives of cyclohexanone like novel potent
HIV-1 integrase inhibitors that prevent HIV-1 multiplication
in cell-based assays. In order to develop a model capable of
predicting the anti-HIV-IN activity and to design useful novel
derivatives they performed a comparative molecular field anal-
ysis (CoMFA) like 3D-QSAR [10].

On the other hand, Ma et al. performed a comparative mo-
lecular field analysis (CoMFA) like 3D-QSAR and docking
studies with the objective of understanding pharmacophore
properties of styrylquinoline derivatives and to design inhibi-
tors of HIV-1 integrase [11].

Makhija and Kulkarni performed a QSAR study using ge-
netic function approximation (GFA) technique to examine
the correlations between the calculated physicochemical de-
scriptors and the in vitro activities, 30-processing and 30-strand
transfer inhibition of a series of human immunodeficiency vi-
rus type 1 (HIV-1) integrase inhibitors [3].

In the literature no reports on GEometry, Topology, and
Atom-Weights AssemblY (GETAWAY) descriptors for
QSAR studies about HIV-1 integrase inhibitors can be found,
which is why we have, for the first time, applied it to model
this biological property using these descriptors and make
a comparison with other approaches and 3D-descriptors.

2. Materials and methods

2.1. Data set

In the present study we used a data set of 172 HIV-1 inte-
grase inhibitors for which the IC50 for 30-processing were re-
ported. These compounds are shown in the literature through
several works [12e22]. Among this data set are included 10
tyrphostins [12], 28 coumarins [13], 15 aromatic sulfonamides
[14], 19 chicoric acids [15], eight tetracyclines [16], seven ar-
ylamides and naphthalene-based compounds [17], 20 thiazolo-
thiazepines [18], six curcumins [19], 20 salicylhydrazines
[20], 10 styrylquinolines [21] and 11 depsides and depsidones
[22]. Determination of IC50 values was achieved by plotting
drug concentration versus percentage of inhibition and by
measuring the concentration at which 50% inhibition oc-
curred. In order to guarantee the linear distribution of the
dependent variable we calculated the natural logarithm of
the IC50 values and obtained the model using these values.
The structures of compounds and their biological activities
are provided as Supplementary data.

2.2. Molecular descriptors and geometry optimization

The Dragon computer software [23] was employed to
calculate the molecular descriptors. Besides, we carried out
a preliminary MMþ geometry optimization calculations for
each compound of this study, and then using the quantum
chemical semi-empirical method AM1 [24] included in MO-
PAC 6.0 [25] determined the (x,y,z)-atomic coordinates of
the minimal energy conformations for each one. Six models
were developed using the descriptors generated with the
Dragon computer software such as GETAWAY, the Randić
Molecular Profiles, Geometrical, WHIM, RDF and 3D-
MORSE descriptors [26]. Descriptors with constant values
inside each group of descriptors were discarded. Pairwise cor-
relation analysis was performed for the remaining descriptors.
This descriptors exclusion method was used to reduce the col-
linearity and correlation between them.

2.3. Statistical methods

The statistical processing to obtain the QSAR models was
carried out by using Genetic Algorithm (GA) analysis using
the Statistic 6.0 software [27]. The first step is to create a pop-
ulation of linear regression models. These regression models
mate with each other, mutate, crossover, reproduce, and then
evolve through successive generations towards an optimum so-
lution. The GA simulation conditions were 10 000 generations,
number of crossovers were 5000, smoothness factor was 1,
mutation probability for adding new term was 50% and 300
model populations. The GA procedure was repeated n-times
to confirm that the selected descriptors are the most optimal
descriptor set for describing the biological property. Analysis
of residuals was done and deleted residuals from the regres-
sion equations were used to identify outliers. The statistical
significance of the models was determined by examining the
regression coefficient, the standard deviation, the number of
variables, and the proportion between the cases and variables
in the equation.

2.4. Validation of the models

To validate a QSAR model, most of the researchers apply
the leave-one-out (LOO) or leave-group-out (LGO) cross-val-
idation procedures. Frequently, q2 is used as a criterion of both
robustness and predictive ability of the model. Many authors
consider high q2 (for instance, q2> 0.5) as an indicator or
even as the ultimate proof of the high predictive power of
the QSAR model. They do not test the models for their ability
to predict the activity of compounds of an external test set (i.e.
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compounds, which have not been used in the QSAR model de-
velopment). Although it is important to highlight that some
QSAR studies are carried out with a reduced data set with
the aim to study one or some specific characteristics of their
biological activity. That is why the selection of the test set is
very difficult and even impossible [28e31].

Nevertheless, several authors, including us, have suggested
that when the number of compounds available is enough,
a good way to estimate the true predictive power of a QSAR
model is to compare the predicted and observed activities of
an (sufficiently large) external test set of compounds that
were not used in the development of the model [32e37]. In
this connection, here we used an external predicted set for val-
idating the models obtained.

In order to obtain validated QSAR models the data set
should be divided into training and test sets. Ideally, this divi-
sion must be performed such that points representing both
training and test sets are distributed within the whole descrip-
tor space occupied by the entire data set, and each point of the
test set is close to at least one point of the training set. This
approach ensures that a similar principle can be employed
for the activity prediction of the test set. For this reason, using
k-Means Cluster Analysis (k-MCA) for splitting the set of
compounds we ensure the validity of the model.

2.5. k-Means Cluster Analysis

The k-MCA may be used in training and test sets’ de-
sign[38]. The idea is to carry out a partition of the set of com-
pounds under study into several statistically representative
classes of chemicals. Then, one may select the training and
test sets from the members of all these classes. This procedure
ensures that any chemical class (as determined by the clusters
derived from k-MCA) will be represented in both compound
series (training and test). It permits to design both training
and test sets, which are representative of the entire ‘‘experi-
mental universe’’. Fig. 1 illustrates graphically the above-de-
scribed procedure.

The k-MCA splits the chemical compounds into four clus-
ters with 57, 28, 51 and 36 members and standard deviations
of 0.08, 0.11, 0.23 and 0.25, respectively. Selection of the
test set was carried out by taking the compounds with the mi-
nor Euclidean distance belonging to each cluster to guarantee
the representative of the biological data in this set. We took

Compounds k-MCA

Cluster 1

Cluster 2

Cluster 3

Cluster 4

TRAINING
SERIES

PREDICTING
SERIES

Fig. 1. Training and predicting series design through k-MCA.
into account the number of members in each cluster and the
standard deviation of the variables in the cluster (as low as
possible) to ensure a statistically acceptable data partition
into several clusters. We also made an inspection among and
within clusters where the respective Fisher’s ratio and their
p-level of significance were considered to be lower than
0.05. The variables, which were finally, used in the analysis
showed p-levels< 0.05 for Fisher’s test. The results are
depicted in Table 1.

The main conclusion should be achieved from the k-MCA:
the structural diversity of several up-to-date known com-
pounds (as codified by the descriptors) may be described at
the least by four statistically homogeneous clusters of chemi-
cals. Anyhow, further conclusions about the mechanistic and
molecular significance of these clusters seem to be specula-
tive. Mainly, if it is considered that k-MCA based partitions
of data, which consider not only four but also five or six clus-
ters are statistically significant too. However, the use of the
k-MCA analysis points out a structurally representative distri-
bution of chemicals into training and predicting series as
shown in the following dendrogram (Fig. 2).

2.6. Comparison with other approaches

The use of GETAWAY descriptors for the prediction of
HIV-1 integrase inhibition was compared with other methodol-
ogies (Randić Molecular Profiles, Geometrical, RDF, 3D-
MORSE and WHIM). The development of these five models
involved the use of the same data set that was used in devel-
oping the model of GETAWAY descriptors. The first compar-
ison was based on the quality of the statistical parameters of
the regression as well as the predictive capability of the
models generated and the second one was based on the same
number of variables in the models for demonstrating the supe-
riority of our approximation.

In addition, further criteria exist to compare the quality of
the models obtained due to the correlation coefficient R which
is clearly the worst criterion because it tends to select as many
variables as possible, the standard deviation S value tends to
include too many variables and the F value sometimes selects
fewer variables than usually accepted by a QSAR practitioner
because large F values are often achieved by including only
one or two variables in the model.

Table 1

Main results of the k-Means Cluster Analysis for the compounds included in

the current study

Variance analysis

Descriptors Between SSa Within SSb Fisher’s ratio (F ) p-Levelc

H2u 54.11 10.14 298.72 10�7

H5v 9.91 2.19 253.78 10�7

H7e 34.09 8.70 219.45 10�7

R1u 3.28 1.60 114.64 10�7

a Variability between groups.
b Variability within groups.
c Level of significance.
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One of these criteria is the FIT Kubinyi function (Eq. (1)),
being closely related to the F value, which was created and
proved to be useful [39,40].

FIT¼ R2ðn� k� 1Þ
�
nþ k2

��
1�R2

� ð1Þ

where n is the number of compounds in the training set and k
is the number of variables in the equation.

The main disadvantage of the F value is its sensitivity to
changes in k, if k is small, and its lower sensitivity if k is large.
The FIT criterion has a low sensitivity towards changes in k
values, as long as they are small numbers, and a substantially
increasing sensitivity for large k values [39,40]. The best
model will be the present one due to the high value of this
function.

Other of these criteria was formulated by Akaike sometime
ago [41,42]. Akaike’s information criteria (AIC) take into
account the statistical goodness of fit and the number of pa-
rameters that have to be estimated to achieve that degree of
fit. This criterion is calculated using the following equation:

AIC¼ RSS
ðnþ p0Þ
ðn� p0Þ2

ð2Þ

where RSS is the sum of squared differences between the ob-
served ( y) and estimated response (ŷ); n is the number of com-
pounds in the training set; and p0 is the number of adjustable
parameters in the model. When comparing the models, the
model that produces the minimum value of these statistics
should be considered potentially the most useful. We calcu-
lated the Akaike and FIT Kubinyi function values for the
five approaches and included them in the comparison.

3. Results and discussion

In this work, the model selection was subjected to the prin-
ciple of parsimony [43]. Then, we chose a function with
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Fig. 2. Tree diagram for 172 compounds used in this study according to the

variables selected for the analysis.
higher statistical significance but having as few parameters
as possible for every type of descriptor. The best GETAWAY
QSAR models with eight, nine and 10 variables are reported
in Table 2 with the aim to choose the best among them.

According to the statistical results of the models we chose
the model with nine variables since this one showed high FIT
and the other statistical parameters do not change significantly
with the addition of a new descriptor in the equation. In this
connection, the addition of the descriptor number 10 in the
equation was not justified from the statistical point of view.
The equation with nine variables is given below together
with the statistical parameters of the regression:

�logðIC50Þ ¼ 5:44�H5v� 13:74�R5pþ þ 39:06�R7vþ

� 1:67�H2u� 19:23�HATS1v� 1:55

�H7eþ 2:84�R1u� 2:17�R7mþ þ 14:46

�R2vþ � 3:51 ð3Þ

N¼ 139; R2¼0:688; S¼0:520; Fð9;129Þ¼ 31:549; p< 10�7;

AIC¼ 0:312; FIT¼ 1:293

where N is the number of compounds included in the model,
R2 is the square of correlation coefficient, S is the standard de-
viation of the regression, F is the Fisher’s ratio, p is the signif-
icance of the variables in the model, AIC is the Akaike
information criteria and FIT is the Kubinyi function.

On the other hand, the results obtained with the use of the
other kinds of descriptors are given in Table 3.

As can be seen, there are remarkable differences concern-
ing the explanation of the experimental variance given by all
the models reported here compared to the GETAWAY one.
While the GETAWAY QSAR model explains more than 68%
of the activity, the rest of the models are unable to explain
more than 61.5% of such variance; all these models also
have important statistic parameters of a lower quality com-
pared to the GETAWAY approach, such as the Fisher’s ratio
(F ), the standard deviation (S ), the Akaike information crite-
ria (AIC) and the Kubinyi function (FIT).

On the other hand, all models require validation i.e., they
can be used to make predictions. If a QSAR cannot be used
to make predictions, then it is of no practical use. Statistical
fit should not be confused with the ability of a model to
make predictions.

In this sense also, the GETAWAY descriptors present the
best R2 (0.669) and S (0.529) predicting the external test set

Table 2

The statistical parameters of the linear regression models obtained for eight,

nine and 10 variables for the GETAWAY descriptors

Variables R2 S F p< AIC FIT

8 0.642 0.554 29.131 10�7 0.350 1.148

9 0.688 0.520 31.549 10�7 0.312 1.293

10 0.696 0.516 29.337 10�7 0.310 1.226
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Table 3

The statistical parameters of the linear regression models obtained for the six kinds of descriptors

Descriptors Variables R2 S F AIC FIT R2
Ext. Val. SExt. Val.

Randić Molecular Profiles 9 0.493 0.662 13.931 0.507 0.570 0.388 0.789

Geometrical 9 0.570 0.610 18.996 0.430 0.777 0.574 0.626

RDF 9 0.624 0.570 23.809 0.376 0.973 0.352 0.840

3D-MORSE 9 0.621 0.573 23.494 0.379 0.961 0.434 0.737

WHIM 9 0.612 0.579 22.649 0.387 0.925 0.444 0.721

GETAWAY 9 0.688 0.520 31.549 0.312 1.293 0.669 0.529
regarding the better predictive power of the methodologies
used. For these reasons, we considered that these descriptors
can be very useful tools for the prediction of HIV-1 integrase
inhibition.

Once we have demonstrated the superiority of the GET-
AWAY descriptors to other methodologies in this test set for
this biological property, we will consider the outliers present
in Eq. (3).

A step-by-step outlier extraction procedure led to different
models with better statistical profiles. In this study the outliers’
numbers were continuously extracted from 0 to 3, considering
that a number of outliers lower 10% of the general data
are classically accepted in the literature as threshold [44]. In
our case the higher extracted outlier number represented
a 2.16% of the whole data. The structure of these outliers is
shown below and the new statistic parameters for each succes-
sive extraction in Table 4.
The following equation was obtained without the outliers.

�logðIC50Þ ¼ 5:69�H5v� 15:49�R5pþ þ 37:66�R7vþ

� 1:68�H2u� 18:02�HATS1v� 1:60

�H7eþ 2:81�R1u� 1:90�R7mþ þ 14:99

�R2vþ � 3:50 ð4Þ

N ¼ 136; R2 ¼ 0:730; S¼ 0:484; Fð9;126Þ ¼ 37:781;

p< 10�7; AIC¼ 0:301; FIT¼ 1:338; R2
Ext: Val: ¼ 0:724;

SExt: Val: ¼ 0:480

The variables in the model (Eq. (4)) encoded specific struc-
ture information. As can be seen the variables in this model are
related to the polarizabilities, van der Waals volumes, electro-
negativities and the atomic mass.
Table 4

Structures of the outliers and statistic parameters of the new equations found

Compounds Structure R2 S F AIC FIT

(58)

HO

HO

O

O O
O

OH

OH

0.703 0.510 33.316 0.301 1.338

(66)

AcO

AcO

O
O

HOOC COOH

O
O

OAc

OAc

0.714 0.501 35.179 0.293 1.454

(140)

HO N

O N

O

CH3

OCH3

OCH3

0.730 0.484 37.781 0.301 1.338
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In this equation, there are four variables with a positive in-
fluence in the studied biological property and five variables
with negative ones.

Based on this classification we can observe how the
weighted by atomic van der Waals volumes have a positive in-
fluence on both types of descriptors H-GETAWAY and R-
GETAWAY not being in that same way for the weighted by
atomic Sanderson electronegativities.

From these facts we may think that drugs with high van der
Waals volume values might be inhibitors of the 30-processing,
if we take into account only the possible interactions between
atoms at the topological distance, in the molecules. Further-
more the largest values derive from the external atoms and si-
multaneously next to each other in the molecular space.

A previous study has implied that salicylhydrazines inhibit
HIV-1 integrase by chelating to the metal at the active site as
they are active only when Mn2þ is used as a cofactor [20].
However, thiazolothiazepines showed equal activities in the
presence of Mg2þ or Mn2þ, thus indicating that they differ
from salicylhydrazines and perhaps act at a different site on
HIV-1 integrase [18]. The aromatic moiety common to many
inhibitors has been proposed to interact with the divalent cat-
ion in a ‘‘cationep’’ type interaction [14]. There is also a pos-
sibility of a typical chargeecharge interaction between the
metal ions and ionic or partial charges of the ligands
[14,20]. It has been shown that both types of interactions
can co-exist in a binding site [45]. We can think that electron
withdrawing substituents on the aromatic ring exert an unfav-
ourable effect in relation with the electronegativity. It is
expected that with an increase of the electronegativity of the
substituents, the �I inductive effect increases too and this
could impoverish the aromatic ring as electrons make the in-
teraction between the aromatic ring and the cation less proba-
ble. It is very important to take into account the resonance
because there are many compounds that inhibit this enzyme
and have many OH as substituents, these compounds have
a �I inductive effect. Previous studies suggest that these inhib-
itors could block the reaction through inhibiting the glycerol-
ysis, hydrolysis, and circular nucleotide formation that are
involved in the 30-processing step [12].

On the other hand, as can be seen our model explains
more than 72.5% of activity after the extraction of the out-
liers. In spite of using better statistic parameters, the models
are not sufficiently good to explain the property. This fact
can be explained by the complexity of the enzyme as we
have shown above. Furthermore previous crystallographic
studies on three HIV and ASV integrase inhibitors occupying
three distinct binding sites in the two enzymes indicated the
possibility of more than one binding site in HIV-1 integrase
[46e48]. These results provide support for the possibility
that structurally different inhibitors interact at different sites.
Maybe because of that our model does not explain success-
fully the activity in question. Another aspect to take into ac-
count may be the presence of compounds’ target in different
moieties of the protein. Work towards the theoretical solu-
tion of this prediction problem is currently under way in
our laboratories.
4. Conclusions

In this work we model the IC50 for 30-processing taking into
account GETAWAY descriptors and other approaches and 3D-
descriptors and reflect some conclusions.

The best model obtained was using the GETAWAY descrip-
tors, explaining more than 72.5% of activity after the extrac-
tion of the outliers, the other 3D-descriptors are less
successful than the GETAWAY descriptors. The variables in
this model are related to the polarizabilities, van der Waals
volumes, electronegativities and the atomic mass. The most
important variables are related to the van der Waals volumes
and electronegativities, favourable being, for this activity,
high van der Waals volume values, and high electronegativity
values being unfavourable for the substituents taking into ac-
count that the aromatic moiety common to many inhibitors
has been proposed to interact with the divalent cation in a ‘‘cat-
ionep’’ type interaction and there is also a possibility of a typ-
ical chargeecharge interaction between the metal ions and
ionic or partial charges of the ligands. It is very important to
take into account the presence of compounds’ target in differ-
ent moieties of the protein for a better analysis of the models
of this activity.
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[30] M.P. González, C. Teran, M. Teijeira, M.J. Gonzalez-Moa, Eur. J. Med.

Chem. 40 (2005) 1080e1086.
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