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ABSTRACT

It is important to determine whether a candidate molecule is capable of penetrating the partition
coefficient octanol- water (LogPqy) in drug discovery and development. The aim of this paper is to
establish a predictive model for LogP. penetration using simple descriptors. The usefulness of the
guantum chemical descriptors, calculated at the level of the HF theory using 6-31+G** basis set for
QSAR study of Benzimidazole derivatives was examined. The QSAR model developed contributed to a
mechanistic understanding of the investigated biological effects. In this study was to use a dataset
containing 38 drugs with known activity. A multiple linear regression (MLR) procedure was used to
model the relationships between molecular descriptors and the partition coefficient (LogPgw) of
the Benz imidazole derivatives. The stepwise regression method was used to derive the most
significant models as a calibration model for predicting the LogPg, Of this class of molecules.
Biological activities contain the logarithm of the ratio of the steady-state concentration of a compound in
the 1-octanol to in the water, log P. A multi-parametric equation containing maximum four descriptors at
HF/6-31+G** method with good statistical qualities ( Rya= 0.911, R yax= 0.829 Q’=0.6877at HF/6-
31+G**) was obtained by Multiple Linear Regression using stepwise method. The best QSAR models
were further validated by a leave one out technique as well as by the calculation of statistical
parameters for the established theoretical models. To confirm the predictive power of the
models, an external set of molecules was used. High agreement between experimental and
predicted LogP, values, obtained in the validation procedure, indicated the good quality of the
derived QSAR models.

Keywords: QSAR; Benzimidazole derivatives; multiple lineargmession; HF, Partition
coefficient .
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INTRODUCTION

The benzimidazoles are a large chemical family weedntimicrobial agents against the wide
spectrum of microorganisms [1-9]. Because of itsitlsgtic utility and broad range of
pharmacological effects, the benzimidazole nucleusn important heterocyclic ring, and
interest in the chemistry, synthesis and microlgglof this pharmacophore continues to be
fuelled by its antifungal [10], antitubercular [1Hntioxidant [12,13], and ant allergic [14,15]
properties. Other reports have revealed that thesiecules are also present in a variety of
antiparasitic [16,17] and herbicidal agents [18phekxdazole, fenbendazole and their sulphoxide
derivatives are methylcarbamate benzimidazoles witbroad spectrum anthelmintic activity,
widely used in human and veterinary medicine [Idjey are used against several systemic
parasitoses, including nematodoses, hidatidogiades and others [20]. They are also used to
treat microsporodial and cryptosporodial infectiowfich can cause lethal diarrhea in patients
treated with immunosuppressive drugs, or infectath wdlV [21,22]. The n-octanol/water
partition coefficient is the ratio of the concetitva of a chemical im-octanol to that in water in

a two-phase system at equilibrium. The logarithrthef coefficient, logPomw, has been shown to
be one of the key parameters in quantitative stractactivity/property relationship
(QSAR/QSPR) studies. The octanol-water partitioneffotment is a measure of the
hydrophobicity and hydrophilicity of a substanceidrbphobic “bonding” is actually not bond
formation at all, but rather the tendency of hydirapic molecules or hydrophobic parts of
molecules to avoid water because they are not lgpadcommodated in the highly ordered
hydrogen bonded structure of water [23]. Hydropbabieraction is favored thermodynamically
because of increased entropy of the water moled¢hktsaccompanies the association of non-
polar molecules, which squeeze out water. Thers@ree reports about the applications of MLR
[24-27] and artificial neural network [28—-31] moidel to predict then-octanol/water partition
coefficient of anti-cancer drugs. In our previoapers, we reported on the application of QSAR
techniques in the development of a new, simplifsggbroach to prediction of compounds
properties [32—36]. In this work a QSAR study isfpened, to develop models that relate the
structures of a heterogeneous group of 34 drug oangs to theim-octanol-water partition
coefficients. However, using in vivimethods to measure the logarithmic values of pamtit
coefficient drug concentration ratios (log P) imtans is not possible, and to do so in animal
models is expensive and time consuming. Finallg, délccuracy of the proposed model was
illustrated using the following: leave one out, tsi@pping and external test set, cross-
validations and chance correlation techniques.

EXPERIMENTAL SECTION

M ethodology
Data set

The properties data used in this study are the Lgbf the set of 34 Benz imidazole derivatives
[37-50]. The data set was randomly divided into tsubsets: the training set containigg
compounds (80%) and the test set containing ? congs(20%). The training set was used to
build a regression model, and the test set was tosedaluate the predictive ability of the model
obtained. The properties data for the completesebmpounds are presented in Table 1, 2.To
derive QSAR models, an appropriate representatidcheochemical structure is necessary. For
this purpose, descriptors of the structure are contyrused.

307



Z.Bayat et al J. Chem. Pharm. Res,, 2010, 2(6):306-315

Table 1. Experimental values of LogP,,, for Benzimidazole derivativestraining set

No.Train Name EXP. Pred(Train)
1 Albendazole 3.83 4.307526056
2 Fenbendazole 3.93 4.465238092
3 Benzimidazole 1.5 1.205592796
4 Thiabendazole 2.55 2.231039768
5 Pantoprazole 0.5 0.16806728
6 Oxibendazole 2.6 2.944894664
7 Flubendazole 3.32 1.289989084
8 Albendazole sulfoxide 1.24 1.13785822
9 Omeprazole 1.8 1.301367268
10 Droperidol 2.8 9.89199972
11 Compundl 1.97 3.31941264
12 Compund?2 2.37 1.732475376
13 Compund4 1.97 1.777871616
14 Compund5 12.5 1.98206018
15 I-CH3 4.85 5.010630124
16 I-F 4.5 4.81403246
17 I-CL 5.05 4.96596986
18 11-CH3 3.6 4,339923672
19 I-F 3.25 3.673920828
20 II-OCH3 3.04 4.020600128
21 111-CH3 455 4.604129552
22 HI-F 4.2 4.203018192
23 lI-CL 4.78 4.,1044666
24 I1I-OCH3 3.97 4.406944408
25 Emedastine 2.6 2.032101212
26 Candesartan 6.1 5.470055474
27 5,6-dimethylbenzimidazole 2.35 1.050705671
28 Oxfendazole 2.03 3.335288725

Table 2. Experimental values of L ogP,,, for Benzimidazole derivativestest set

No.Test Name EXP. Pred(test)

29 Mebendazole 3.73 4.226592652
30 Rabeprazole 0.6 0.89937306
31 Compund3 1.85 1.425383056
32 I-OCH3 4.28 4.990333504
33 II-CL 3.85 3.735065324
34 Lansoprazole 1.9 1.276033196

Molecular descriptor generation
To derive QSAR models, an appropriate represemtaifothe chemical structure is necessary.

For this purpose, descriptors of the structurecareamonly used. These descriptors are generally
understood as being any term, index or paramet@reying structure information. Commonly
used descriptors in the QSAR analysis are presentdable 2. Some of the descriptors are
obtained directly from the chemical structure, ecagnstitutional, geometrical, and topological
descriptors. Other chemical and physicochemicapgnttes were determined by the chemical
structure (lipophilicity, hydrophilicity descriptey electronic descriptors, energies of interaction)
In this work, we used Gaussian 03 for ab initiocakdtions. HF method at 6-31+G** were
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applied for optimization of Albenzdazole derivasvand calculation of many of the descriptors.
At first Benz imidazole derivatives were built byyperchem software and some o the
descriptors such as surface area, hydration enargy, refractivity were calculated through it.
The rest of the descriptors were obtained of Ganssalculations. A large number of descriptors
were calculated by Gaussian package and Hypercheftwase. One way to avoid data
redundancy is to exclude descriptors that are highlercorrelated with each other before
performing statistical analysis. Reduced multi ioelrity and redundancy in the data will
facilitate selection of relevant variables and nisder the investigated endpoint. Variable-
selection for the QSAR modeling was carried outsbgpwise linear regression method. A
stepwise technique was employed that only one peteanat a time was added to a model and
always in the order of most significant to leagin#ficant 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 goodneskeotorrelation is tested by the regression
coefficient (R), the F-test and the standard error of the eséif®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.

Descriptors Symbol Abbreviation Descriptors Symbol Abbreviation
Molecular Dipole Moment MDP difference between E cap
Quantum Quantum LUMO and FOMO
chemical Molecular Polarizability MP chemical Hardness H
descriptors descriptors | [ n=1/2 (HOMO+LUMO)]
Natural Population Analysis NPA Softness ( Sg)/ S
Electrostatic Potentialc EP Electro negativity X
[x=-1/2 (HOMO-LUMO)]
Highest Occupied HOMO Electro philicity =y /21 ®
Molecular Orbital
Lowest Unoccupied LUMO Mullikenl Chargeg MC
Molecular Orbital
Partition Coefficient Log P Molecule surface area SA
Chemical Chemical -
properties Mas: M properties Hydration E.n.erg HE
Molecule volume \Y, Refractivity REF

RESULTSAND DISCUSSION

In a QSAR study, generally, the quality of a modrlexpressed by its fitting ability and
prediction ability, and of these the predictionliépis the more important. In order to build and
test the model, a data set®f compounds was separated into a training s&Bafompounds,
which were used to build the model and a testfsétcompounds, which were applied to test the
built model. With the selected descriptors, we hbuét a linear model using the training set
data, and the following equation was obtained:

Logp=-17.966(+8.607),Ep317(+0.045)SAGH3.871(0.391)
Hey+0.521(+0.052)SAG262.949¢ 126.683)
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Ryar=0 .911  Ruin’=0.829 F%adj_i).806 SEE=0.9218 £=0.35179 N.;=28
Nies=6 N=34 Q2=0.6877

In this equation, N is the number of compoundsjsRhe squared correlation coefficient? i©
the squared cross-validation coefficient, and thésFisher F statistic. The figures in parentheses
the are the standard deviations. The built model wasdus predict the test set data and
prediction results are given in Table 1.As candendrom Table 1, the calculated values for the
LogP,w are in good agreement with those of the experiateratiues. The predicted values for
LogPR, for the compounds in the training and test seisgusquation LogF, were plotted
against the experimental Logl?values in Figure 1.and the comparison between LQuiBing
prediction and the experimental .A plot of the desil for the predicted values of RI for both the
training and test sets against the experimentaPLpyalues are shown in Figure 2. As can be
seen the model did not show any proportional arstegyatic error, because the propagation of
the residuals on both sides of zero are random.r@&leusefulness of QSAR models is not just
their ability to reproduce known data, verified their fitting power (R), but is mainly their
potential for predictive application. For this reasthe model calculations were performed by
maximising the explained variance in predictionrified by the cross-validated correlation
coefficient,@. This indicates that the obtaineyression model has a good internal and external
predictive power.

R2=0.6877
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Figurel. The predicted versusthe experimental L ogPg, by MLR

Also, in order to assess the robustness of the intidechance correlation test was applied in
this study. The dependent variable vector (LagRvas randomly shuffled and The new QSAR
models (after several repetitions) would be exmkttehave low Rand R values (Table 3). If
the opposite happens then an acceptable QSAR nuasielot be obtained for the specific
modeling method and data.

310



Z.Bayat et al J. Chem. Pharm. Res,, 2010, 2(6):306-315

The MLR analysis was employed to derive the QSARJ@® for different Benzimidazole
derivatives. MLR and correlation analyses were iedriout by the statistics software SPSS
(Table 4).

cLogp

12

10

&

clogp
(=)}

® clogp

* —— Linear (cLogp)

Logpex

Figure 2. Theresidual versusthe experimental LogPbyMLR.
(See colour version of thisfigure online at www.informahealthcare.conmvenz)

Table3. The R? 4, and R values after several chance correlation tests

No R R

1 0.486 0.697

2 0.442 0.665

3 0.326 0.571
4 0.488 0.699
5 0.38 0.616
6 0.461 0.679

7 0.425 0.652

8 0.42 0.684

9 0.41 0.641
10 0.429 0.655

Table 4. The correation coefficient existing between the variables used in different ML R and equations with
HF/6-31+G** method

logpex hf sagb sag8 he8 pot2
logpex 1 0 0 0 Q (
hf 0.283 1 0 0 0 @
sagb -0.353 -0.097 1 0 0 0
sag8 0.466 0.44y -0.792 1 0 0
he8 0.171 -0.444 0.150 -0.597 1 0
pot2 -0.386 -0.48 0.553 -0.514 0.1p4 1

311



Z.Bayat et al J. Chem. Pharm. Res,, 2010, 2(6):306-315

Figure 2 has showed that results were obtained &guation HF/6-31+G** to the experimental
values.

14

—— F XD
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wid oS TN
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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 2. The comparison between properties (L ogP,) using experimental and prediction

Interpretation of descriptors

The QSAR developed indicated that Nuclear magneesonancect), mass (M), Mullikan
charge (MG) and Partition coefficient (LogP) compound LggP negative values in the
regression coefficients indicate that the indicatedcriptor contributes positively to the value of
LogP,w, Whereas positive values indicate that the grebhtevalue of the descriptor the lower the
value of LogRBuw. In other words, increasing the, M and M G will decrease LogR, and
increasing the LogP increases extent of LpagRf the benzimidazole derivatives. The
standardized regression coefficient reveals theifssgnce of an individual descriptor presented
in the regression model.

CONCLUSION

In this article, a QSAR study &4 benzimidazole derivatives. was performed basedhen t
theoretical molecular descriptors calculated by@#fdJSSIAN software and selected. The built
model was assessed comprehensively (internal ateinek validation) and all the validations
indicated that the QSPR model built was robustsatfactory, and that the selected descriptors
could account for the structural features respdadir the benzimidazole derivatives properties
of the compounds. The QSPR model developed insthidy can provide a useful tool to predict
the LogRw of new compounds and also to design new compowitdhigh LogR .
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