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ABSTRACT

A guantitative structure activity relationship (QSAR) study was performed to develop a model
that relates the structures of 26 drug organic compounds to their partition coefficient (log P).
Molecular descriptors derived solely from 3D structure were used to represent molecular
structures. The compounds are represented by chemical descriptors calculated from their
constitutional, geometrical and topological structure, and guantum mechanical wave function. A
subset of the calculated descriptors selected using stepwise regression that used in the QSAR
model development. Multiple linear regression (MLR) is utilized to construct the linear QSAR
model. Stepwise regression was employed to develop a regression equation based on 21 training
compounds, and predictive ability was tested on 5 compounds reserved for that purpose. The
useful ness of the quantum chemical descriptors, calculated at the level of the DFT theories using
6-31+G** basis set for QSAR study of anti-HIV drugs was examined. The prediction results are
in good agreement with the experimental values. A multi-parametric eguation containing
maximum four descriptors at B3LYP/6-31+G** method with good dtatistical qualities
(Rirain=0.9242, Fyin=48.768, Q°00=0.8815, RP,;=0.9052, Q% c0=0.8391) was obtained by
Multiple Linear Regression using stepwise method.

Key words: octanol /water partition coefficient; QSAR; MLRWIDFT.

INTRODUCTION

The human immunodeficiency virus (HIV), which haeb identified as the causative agent of
acquired immune-deficiency syndrome (AIDS), infeotany people each day and millions of
people have died from the disease. The need fenpaafe, and inexpensive chemotherapeutics
is clear, and the therapies must also be effeetijg@nst mutant strains of HIV which arise from
the circumvention of existing anti-HIV treatmeri®everse transcriptase (RT) is a key enzyme of

HIV, catalyzing the RNA-depending and DNA-dependanithesis of double strand viral DNA.
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HIV-1 reverse transcriptase (HIV-1 RT) is an atiinge target for the drug therapy of AIDS,
because it is essential for HIV replication ang ihot required for normal host cell replication.
One class of RT inhibitors is the nucleoside ana¢sdike 3'-azido-3'deoxythymidine (AZT) and
2',3'-dideoxy-inosine (ddAnother class of HIV-RT inhibitors is non-nucleosidnhibitors
(NNRTIs), which like the nucleoside analogues bloekerse transcriptase but have a different
mode of inhibition of viral replicatior{l]. The logP is an important physicochemical
parameter for drugs. LogP is probably the most commonly used descriptdipophilicity, and

is usually interpreted in biological terms as a suea of the ability of the solute to cross lipid
membranes, molecules with high LogP values arepé@gn the membrane. Therefore, only
molecules with intermediate LogP values (e.g.betwabout 0 and 4) can readily cross
membranes (by passive diffusion).

Partition coefficient(p) is defined as the ratiatloé solute concentration in the n-octanol phase to
the non-ionised solute concentration in the wakearsp, at equilibrium:

P=Coctanol Cwater

Where  GeianoliS the equilibrium concentration of the solutehe h-octanol phase
Grater 1S the equilibrium concentration of the soluteéhe water.

P describes the distribution of a compound betwwem phases-n-octanol and water. It is
generally used in its logarithmic form (LogP). Ad® of zero indicates that the solute is equally
soluble in the two phases, a negative LogP meagtik solute is more soluble in water, and a
positive value indicates a greater solubility ie thictanol phase [2].

The n-octanol/water partition coefficient is the ratibtbe concentration of a chemical r
octanol to that in water in a two-phase systemgatlibrium. The logarithm of this coefficient,
log Pow, has been shown to be one of the key parameterguantitative structure
activity/property relationship (QSAR/QSPR) studi€ke octanol-water partition coefficient is a
measure of the hydrophobicity and hydrophilicity afsubstance. Hydrophobic “bonding” is
actually not bond formation at all, but rather ttemdency of hydrophobic molecules or
hydrophobic parts of molecules to avoid water beedhey are not readily accommodated in the
highly ordered hydrogen bonded structure of wa8r Hydrophobic interaction is favored
thermodynamically because of increased entropyhefwater molecules that accompanies the
association of non-polar molecules, which squeegenater. There are some reports about the
applications of MLR [4—7] and atrtificial neural meirk [8—11] modeling to predict the-
octanol/water partition coefficient of anti-HIV dys. Experimental determination of |8g/w is
often complex and time-consuming and can be dohe fon already synthesized compounds.
For this reason, a number of computational mettiodshe prediction of this parameter have
been proposed. In this work a QSAR study is peréainto develop models that relate the
structures of a group of 26 drug compounds to theactanol-water partition coefficients.
However, usingn vivo methods to measure the logarithmic values of pamtitoefficient drug
concentration ratios (log P) in humans is not gdesand to do so in animal models is expensive
and time consuming. Finally, the accuracy of theppsed model was illustrated using the
following: leave one out, bootstrapping and extertest set, cross-validations and Y-
randomisation techniques.

332

Pelagia Research Library



Bayat. Z et al Der Chemica Sinica, 2011, 2(6):331-340

Data set and methods

The QSAR model for the estimation of the Bg, of various anti-HIV drugs is established in
the following six steps: the molecular structurpunand generation of the files containing the
chemical structures is stored in a computer read&vimat; quantum mechanics geometry is
optimized with a ab initio method; structural déstors are computed; structural descriptors are
selected; and the structure—IBg, model is generated by the MLR, and statisticallyesna

Data

All Log P data for all 26 compounds was taken from the litem[12-21]. The data set was
split into a training set (21compounds) and a taah set (5 compounds). The 1&g, of these
compounds is deposited in Journal log as suppomniatgrial (see Tables 1). Chemical structure
of drugs that illustrated in this study is shownTable 1.

Molecular Modeling and Theoretical Molecular Descriptors
The derivation of theoretical molecular descriptprsceeds from the chemical structure of the
compounds.

The computational chemistry software Hyperchem,SSiam and Gauss viewas used to build
the molecules and perform the necessary geometimiaptions. We have chosen descriptors
associated with the neutral molecules of drug in @alculations. Some of the descriptors are
obtained directly from the chemical structure, ecgnstitutional, geometrical, and topological
descriptors Commonly used descriptors in the QSAR analysispaesented in Table As a
result, the 90 theoretical descriptors were catedldor each compound in the data sets (26
compounds). At first anti-HIV drugs were built byyperchem software and some of the
descriptors such as surface area, hydration enargy refractivity were calculated through it.
The rest of the descriptors were obtained of Gaussalculations. One way to avoid data
redundancy is to exclude descriptors that are highter correlated with each other before
performing statistical analysis. Reduced multi Gokarity and redundancy in the data will
facilitate selection of relevant variables and nisder the investigated endpoint. Variable-
selection for the QSAR modeling was carried outshgpwise linear regression method. A
stepwise technique was employed that only one pateanat a time was added to a model and
always in the order of most significant to leagingficant in terms of F-test values. Statistical
parameters were calculated subsequently for eaghirstthe process, so the significance of the
added parameter could be verified. The goodnedbeotorrelation is tested by the regression
coefficient (F), the F-test and the standard error of the eséit®EE). The test and the level of
significance, as well as the confidence limitshod tegression coefficient, are also reported. The
squared correlation coefficient, ’Ris a measure of the fit of the regression model.
Correspondingly, it represents the part of theatemn in the observed (experimental) data that is
explained by the model.
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Table 1.Chemical structuresand the corresponding observed and predicted L ogPo/w values by the ML R method

Rg R~
Rog Re
N
N
(@)
N
(@
R1
Rs
R
2 R3 R4
No R RRIR|R| R R® RT IR R°|] Exp. Pred. | Ref.
1 OH |OH|H][H]OH H NH, | H| - | -251 | -2.45406 | 16
2 |CH,OH[OH| H| H|OH H O | - [H][ -19¢ | -1.6570: | 17
3 |CHOH|[OH|H|H]| H H NH, [ H | - -1.9 | -1.70849 | 18
4 [CHOH|OH|H|[H] H H O | - [H] 162 | -1.2894: | 18
5 |[CH,OH| H [ H]|H]| H H NH, [ H | - -1.3 | -1.22514 | 19
6 [CHOH|[OH|H|H ]| H F O | - [ H]| 116 | -1.53046 | 20
7 |CH,OH| H|H]|H]| H F NH, [ H| - | -1.09 | -0.82872 | 21
8 |[CHOH| H | -] -1 H H O | - [ H]| -107 | -0.88842 | 19
9 |[CH,OH| F |[H|H]| H H NH, | H| - | -0.8¢ | -1.1813{ | 21
10[CHOH| H | -] -1H CH; O | - [ H]| -072 | -065246 | 22
11 |CH,OH | N3 | H| H | H H NH, | H | - -0.7 | -0.88171 | 21
12|CHOH| F [H]H]H H O | - [H] -04¢ [ -09575: | 21
13[|CH,OH|OH|H|H | H CF, O | - |H]| -046 | -0.32962 | 20
14[CHOH| N; [H]H] H H O | -[H] 03 [ -01622 | 21
15[|CH,OH| F [H]H]| H CH; O | - | H| -028 ] -04455 | 21
16 |CHOH| H | -] -1H H S | - | H] -028 ] 052708 | 21
17 H H]IH|H]H F O | - [H] 027 [ -0.3104: | 20
18 |CH,OH| H |H|H | H H S |- |H| -021 | 043117 | 21
19|CHOH| H | -] -TH CH; S H| 009 [ 0203214] 21
20| CH,OH|OH| H|H ]| H [CHCHBr| O | - [ H] 0.33 [ 0.290381] 23
21| CH,OH|[ N; |H|H | H CH; S | - H]| 107 | 120724 | 21
22| CH,OH|[OH| H | H | OH CH; NH, [ H| - | -201 | -2.06099 | 21
23| CH,OH| H | - | - | H H NH, | H| - | -1.55 | -1.43571 | 24
24 |CH,OH|OH| H|H | H CH; O | - [H] 097 [ -0.7523¢ | 18
25| CH,OH|OH| H|H | H Br O | - [H]| -029 | -0.84905 | 20
26 |[CH,OH|[ N; |H|H ]| H CH; O | - [H] 00F | 024766 | 25
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Table2.The calculated descriptorsused in thisstudy

Descriptors Symbol Abbreviation Descriptors Symbol Abbreviation
. difference between
Molecular Dipole Moment MDP LUMO and HOMO E cap
R Hardness
Molecular Polarizability MP [ n=1/2 (HOMO+LUMO)] H
Quantum  Natural Population Analys NPA Quantum  Softness ( S=1) S
chemical . . chemical Electro negativity
descriptors Electrostatic Potentialc EP descriptors  [¢=-1/2 (HOMO-LUMO)] X
Highest Occupied o, o
Molecular Orbita HOMO El Electro philicity o=¢7/2n) Q
Lowest Unoccupied .
Molecular Orbital LUMO MullikenICharge MC
Chemical  Partition Coefficient LogP _ Molecule surface area SA
. Chemical
properties .
properties )
Mass M Hydration Energy HE
Molecule volume V Refractivity REF

RESULTSAND DISCUSSION

The software package used for conducting MLR amalyss Spss 16. MLR analysis has been
carried out to derive the best QSAR model. The Mééhnique was performed on the molecules
of the training set shown in Table 2. After regrassanalysis, a few suitable models were
obtained among which the best model was selectdcdpessented ifEq.1. A small number of
molecular descriptors (SAP, LogBg,,6n1) proposed were used to establish a QSAR model.
Additional validation was performed on an extertiada set consisting of 5 organic compounds.
Multiple linear regression analysis provided a ukefjuation that can be used to predict the log
Po/w of drug based upon these parameters. The Qasatien obtained for the solubility of the
drug compounds is:

L ogP=-5.56836(+0.59542)-0.99094(+0.283LRL 2+0.01314(+0.0016 HAP
+0.044073(+0.0886)ogP+ 0.04089(+0.0081 BAPAC3 Eq.1

N=26 Nyan=21 Nie=5 RZ%an=0.924197 F ,,n=48.76838 R%«=0.86971
Fies=0  R%q= 0.905246 Q% 00=0.881488 Q% 50=0.839088

In this equation, N is the number of compoundsisRhe squared correlation coefficient, &,
Q?.co are the squared cross-validation coefficientddarve one out, bootstrapping and external
test set respectively, F is the Fisher F statistive figures in parentheses are the standard
deviations. The built model was used to predicttdst set data and the prediction results are
given in Table 1.

The predicted values for LogP for the compoundthétraining and test sets using equation 1
were plotted against the experimental LogP valodsgure 1.

A plot of the residual for the predicted valued.ofjP for both the training and test sets against
the experimental LogP values are shown in Figure2.
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M=4, R? training= 0.9242 R? test= 0.86971 (2<LO0= 088142 (2% L 50= 0.83909
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Figure 1.The predicted versus the experimental LogP by MLR.
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Figure 2.Theresidual versusthe experimental LogP by MLR. (See colour version of thisfigureonline at
www.informahealthcare.com/enz)

The diversity of the training set and the testwas analyzed using the principal component
analysis (PCA) method. The PCA was performed withdalculated structure descriptors for the
whole data set to detect the homogeneities in #te skt, and also to show the spatial location of
the samples to assist the separation of the daiathe training and test sets. The PCA results
showed that three principal components (PCland Ri&&cribed 41.24% of the overall

variables, as follows: PC1 = 26.04% and PC2 =%¥5.5ince almost all the variables can be
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accounted for by the first three PCs, their scdot is a reliable representation of the spatial
distribution of the points for the data set.

The multi-col linearity between the above sevencdptrs were detected by calculating their
variation inflation factors (VIF), which can be calated as follows:

1
1—r2

VIF=

1)

Where r is the correlation coefficient of the nplki regression between the variables in the
model. If VIF equals to 1, then no inter-correlatiexists for each variable; if VIF falls into the
range of 1-5, the related model is acceptable;ifaxtF is larger than 10, the related model is
unstable and a recheck is necessary [22].

To examine the relative importance as well as threribution of each descriptor in the model,
the value of the mean effect (MF) was calculated dach descriptor. This calculation was
performed with the equation below:

L=t 5- -
L=t 2)
TBILT Bij

WhereMFj represents the mean effect for the consideredigésyg, fj is the coefficient of the
descriptoyj, dij stands for the value of the target descriptoreémh molecule and, eventualhy,

is the descriptors number for the model. The MRugahdicates the relative importance of a
descriptor, compared with the other descriptordhim model. Its sign indicates the variation
direction in the values of the activities as a ltestithe increase (or reduction) of the descriptor
values. The mean effect values are shown in Table 3

Table3.Thelinear model based on thefive parameters selected by the MLR method.

Descriptor Chemical meaning MF, VIF,

Constar  Intercep 0 0
MC, Mulliken charge 0.03303 1.27729
SAP Surface area approx 0.931501 1.221225
LogP Partition coefficient -0.0572  1.21832

SAPAC;  Surface area approx atomic contributi  0.09266! 1.08053.

aMean effec
Bvariation inflation factors

Also, in order to assess the robustness of the IntteY-randomisation test was applied in this
study [23-24]. The dependent variable vector (LogRs randomly shuffled and The new
QSAR models (after several repetitions) would bpeeted to have low Rand G oo values
(Table 4). If the opposite happens then an accep@BAR model cannot be obtained for the
specific modeling method and data.
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Table4.The R?,,, and Q? oo values after several Y-randomisation tests

No ? R?

1 0.16196 0.121513
2 0.09857 0.077405
3  0.067934 0.122382
4 0.249642 0.091604
5  0.0408. 0.31406
6
7
8
9

0.084249 0.017966
0.022438 0.245614
0.06898! 0.34194.
0.03621. 0.37028:
10 0.008476 0.286468

The MLR analysis was employed to derive the QSARda&® for different Nucleoside
analogues. MLR and correlation analyses were chaug by the statistics software SPSS (Table
5).

Tableb5. Thecorrelation coefficient existing between the variablesused in different ML R and equationswith b3lyp/6-
31+G** method.

MC, SAP LogP  SAPAC,
MC, 1 0 0 0
SAP  -0.40125 1 0 0
LogP  -0.4531: 0.36445 1 0
SAPAC; 0.263683 -0.29924 -0.24723 1

Figure 3 has showed that results were obtained femuation B3LYP/6-31+G** to the
experimental values.

1.5

—Series1 - 0.5

—Series2 1

Series 1: the values of log P were obtained by using prediction.
Series 2: the values of log P wer e obtained by using Experimental methods
Figure 3. The comparison between biological activity (log p) using experimental and prediction
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CONCLUSION

Predictive QSARmodel which is based on molecular descriptors @p@sed in this study to
correlate the LogP of drug compounds. In this Extia QSAR study of 26 anti-HIV drugs was
performed based on the theoretical molecular detecs calculated by the GAUSSIAN software
and selected. Application of the developed model testing set of 5 compounds demonstrates
that the new model is reliable with good predictaceuracy and simple formulation. We have
developed here a useful QSAR equation derived filoeoretical descriptors associated with
LogP. A MLR is successfully presented for predictioogP of various drug compounds with
diverse chemical structures using a linear qudiveastructure— activity relationship. A model
with high statistical quality and low predictiorr@rs was obtained. The model could predict the
LogP of the drug compounds accurately. Developroéguantitative structure property/activity
relationships (QSPR/QSAR) on theoretical descripisra powerful tool not only for prediction
of the chemical, physical and biological properaesvities of compounds, but also for deeper
understanding of the detailed mechanisms of interas in complex systems that predetermine
these properties/activities.
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