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Table 1. The chemical names and formulas of 16 organochlorine pesticides and their toxicity (logL.Dsp) and octanol / water distribution
coefficient (logP)(* Compounds selected for test set in external validation procedure).

No. Chemical name igfg::ﬁzl logP T(;jg;:)ty I:gi?; t(;/ f log LDsg
1 Aldrin C,,HgCly 5.270 39-60 49.5 1.695
2 Endrin C,,H3ClO 4.480 3 3 0.477
3 Heptachlor C,oH5Cl, 5.240 40-220 130 2.114
4 Isobenzan (telodrin) CyH,CI30 5.224 4.8 4.8 0.681
5 Isodrin C,,H3Clg 5.270 8.8 8.8 0.944
6 Lindane CsHgClg 3.644 88-270- 179 2.253
7 Mirex C0Cly, 6.223 600-740 670 2.826
8 Pentachlorophenol C¢ClsOH 4.659 27-211 119 2.075
9 1,4- dichlorobenzene CsH,Cl, 2.993 1516-2138 1827 3.262
10 Benzene hexachloride (BHC) C¢HClg 5.607 10000 10000 4
11 Endosulfan CyHClgO3S 3.690 18-220 119 2.075
12 Chlordane C,oHgClg 5.683 200-700 450 2.653
13 *Chloropropylate C,7H,6C1,05 5.240 5000 5000 3.699

Iy .
14 diclﬁllgi‘é‘e):gaif?gg}é) Cy14HyCly 6.190 800-1240 1020 3.008
15 *Dicofol C4HyCl50 5.600 684-1495 1089.5 3.037
16 Dieldrin C,,H3ClO 4481 46 46 1.663

’. Quantitative Structure—Activity Relationship (QSAR)
% Lethal Dose, which causes the death of 50% (one half) of a group of test animals
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?!- Gauss View 05

2. Gaussian 09

#. Dragon

“_ Genetic Algorithm (GA)
'-MATLAB 2010a

2. Backward

3. Multiple Linear Regression(MLR)
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(1) logLDsy= -22.184+0.30 (pilD)+ 34.516 (X3A) + 17.654 (X1AV)
(N=12, R=0.884, R*=0.781, R%adj =0.686, F=8.658, DW=2.082, Sig=0.007, RMSE= 0.718)

GA-MLR u:i}) L [ r.':i)lg.‘ 6‘,3 o.\.J C,..v.:l\.'s ‘.;JLAT s_,.g_‘,.b—" d,jv\’
Table 2. Statistical parameters of the models calculated with the GA-MLR method for toxicity (logLD50).

Model Independent variables R R? Rzadj RMSE
1 X5sol, X4Av, IC2, Wap, CIC3, X3A, X1Av, My, 0.984 0.968 0.860 0.640
pilD, Har2
2 X5sol, X4Av, IC2, CIC3, X3A, X1Av, My, pilD, 0.984 0.968 0.828 0.645
Har2
3 X5sol, X4Av, CIC3, X3A, X1Av, My, pilD, Har2 0.981 0.962 0.859 0.667
4 X5sol, X4Av, CIC3, X3A, X1Av, pilD, Har2 0.970 0.941 0.835 0.683
5 X5sol, CIC3, X3A, X1Av, pilD, Har2 0.938 0.880 0.736 0.698
6 X5sol, X3A, X1Av, pilD, Har2 0915 0.838 0.702 0.701
7 X5sol, X3A, X1Av, pilD 0.903 0.816 0.711 0.709
8 X3A, X1Av, pilD 0.884 0.781 0.686 0.718

(10gP) I-dSbSt w55 mb 02,8 gl ool Comsty gl sladits
Lol sy ot o e dior B, Sl el b Sio s A Y L de VO JSUST 55 on s oS Gl
A3 S Dbl Jae e (ICTTICH) Koo 5 53 LY Jie sl 0 03,51 ¥ s 53 o 0l S &S

J.J:L»J IR U'l‘ J.'.pl;- Y dsles Mijgbw\ 61.1&);;1:*0_94 aijf)sjf;ir.p}]}; U'l\

logP=6.915 - 10.555 (IC1) +0.378 (TIC4) 2)
(N=12, R=0.841, R*=0.707, R*adj=0.714, F=6.501, DW=2.012, Sig=0.018, RMSE=0.825)

GA-MLR u:i}) L1 u"—dy\.f‘ c‘)}? cu r‘.‘»_)l.il 6‘,3 o.\.J Cawddy ‘.;)LAT s_,.g_‘,.a -y d}v\’
Table 3. Statistical parameters of the models calculated with the GA-MLR method for logP.

Model Independent variables R R? R2adj RMSE
1 S3K, IC1, MAXDN, TIC4, TIC1, STN, SICO, WW 0.899 0.809  0.799 0.783
2 S3K, IC1, MAXDN, TIC4, TICI1, STN, SICO 0.899 0.809  0.791 0.790
3 S3K, IC1, TIC4, TIC1, STN, SICO 0.899 0.809  0.783 0.797
4 S3K, IC1, TIC4, TIC1, STN 0.897 0.805  0.765 0.799
5 IC1, TIC4, TIC1, STN 0.878 0.771 0.740 0.817
6 IC1, TIC4, TIC1 0.854 0.729  0.731 0.820
7 IC1, TIC4 0.841 0.707  0.714 0.825

4 Connectivity indices
>~ Walk and path counts
1 . . .

- Information indices
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L Jie sl pine Jost oa 4 (5 pdid sl o Aol o Sl SPSS 13l 5 s & 5l a5 53 cx! (PCO)
Fio 55 o oS Strad 45 oyl oS et A3l 423 [y 63 5 G i G308 4SS pe 03 XS e e
2l M e 53 o (Stees pde LS AEL 5005 i 4 ax p Ogesm gt Ll 3l s s
b e b ot 03T S (280 (5l (s 358 50D T S )7 ol pen 0 Gl £
N B XA gl 358 b 5 Ll e 4 KB PIDS X3A S Cho s 53 (Stses Jsdr sloadls
olile 3L o S Chio g o 315 0L Ll s 5 s S Gl Ble 3 (83555 5 S Cho s opl I ol PIID

Wl gy ol ol Yalslae 3L o 508 03 3l 33 (6 i S8 o b s 4TEDS 3 gm s aS Siemen
logLDs=133.104+ 0.30 (pilD) + 23.465 (X1AV) ©)
(N=12, R=0.864, R*=0.746, R,4;=0.656, F=7.459, DW=1.96, Sig=0.007, RMSE=0.620)

O daban) o gl S8 g0 51 Ko 55t (Soad o ~E gk

Table 4. Correlation coefficients between the molecular descriptors for toxicity (Equationl).

Pearson correlations Collinearity statistical
X3A X1Av PilD Tolerance VIF(1) VIF(2)
X3A 1 0.776 0.909 0.051 19.544 -
X1Av 1 0.727 0.364 2.748 1.53
pilD 1 0.160 6.250 2.57

Loy bl el el Yo 03 sl Bb s Sho 5 s 0358 5 S D il 2 0 s
Ao gl ¥ dsles il oy 35100 5 g glada>Dle B ‘_SszIC4 ICl Ko 5 55 oo ol S5 ol i

.:jcfdﬂ)‘}osu:;&\:))ﬁ.\x{

(*Ajéb.a)ui—dy\.’f‘ c_,_,s g.,e_}cé v.‘.:)\ﬂ 6‘}.’ erI Cawd & ‘.5/:.»..@.& g.,.:|f.p —Od}.)q-

Table 5. Correlation coefficients between the molecular descriptors for logP (Equation2).

Pearson correlations Collinearity statistical
IC1 TIC4 Tolerance VIF
IC1 1 -0.258 0.933 1.071
TIC4 1 0.933 1.071

L. Multicollinearity
32 . . .
- Variance inflation factor
33 _— .
- Pearson coefficient correlation

34-
Tolerance
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Table 6. Statistical parameters obtained for training and test sets of logP and logLDs.

Activity N R R’ R RMSE DW Sig F
log(LDsp) 12 0.864 0746  0.656  0.620  1.960  0.007  7.459
log(LDs;) 4 0908 0.824  0.889 0265 2178  0.060 38.623

logP 12 0831 069 0560 0825 2012 0018 6501
logP 4 0898 0806 0747 0599 1918  0.088  9.870

Ll o 36 5 05 odel Cowsay slade O3y wme SL S 3505l 48 yazes shr ool Cewsay (5 kel !
OF sy o1 Ol o S 3550 slacdled 51 G ja (sl ool sty sla S o5 5 SVslae 51 oslinud

305 025 andllan Jls S T o pes (51 aJlas

"0 el g 593 051

{(Chatterjee & 35 o 03Lzwl(DW) O gl o= s 5 oslel 3l Opem S5 o slalles Izl sy Sl
o5 odel sty O gl gm sy 53 i e STA3l o Sl 5 i o ol I 2013) Simonoff,
bl il sl Cowsas sladie oles sl 45 Wl o o Sl o O g S5 sl Lot il o s A3L Y w
A ol ballast 8 S e Ol g5 o oy ol ¥y S 3

L. Cross-validation (CV)

% External validation

3. Leave - one - out (Q’LOO)
L Durbin-Watson Statistic
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Table 7. The experimental, predicted and residual values of logP and log(LD50) of organochlorine pesticides.

Observed Predicted . Observed  Predicted .

Compounds log(LDsy) Jog(LDsy) Residual logP logP Residual
Aldrin 1.695 1.784 -0.090 5.270 5.340 -0.070
Endrin 0.477 0.970 -0.493 4.480 4.788 -0.308
Heptachloro 2.114 2.312 -0.199 5.240 5.652 -0.412
Isobenzene 0.681 0.853 -0.172 5.224 5.506 -0.282
Isodrin 0.944 0.772 0.172 5.270 5.445 -0.175
lindane 2.253 3.075 0.823 3.644 4.591 -0.947
Mirex 2.826 2.257 0.569 6.223 5.653 0.571
Pentachlorophenol 2.075 2.069 0.006 4.659 3.818 0.841
1,4dichlorobenzene 3.262 2.402 0.859 2.993 3.703 -0.710
Benzene hexa chloro 4 4.075 -0.075 5.607 4.591 1.016
Endosulfan 2.075 1.900 0.175 3.690 3.782 -0.092
Chlordane 2.653 2.581 0.072 5.683 5.114 0.569
Chloropropylates 3.699 3.703 0.004 5.240 5.544 -0.304
DDE s 3.008 3.057 -0.049 6.190 6.158 0.032
Dicofol 3.037 2.987 0.050 5.600 5.211 0.389
Dieldrine: 1.663 1.667 0.005 4.481 4.597 -0.116

% Residual
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Fig. (1). Comparison between predicted and observed values of logP by the GA-MLR method.
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Fig. (2). Comparison between predicted and observed values of logLD50 by the GA-MLR method.

1.5 +

Residual
o

-1.5 -

Observed logP

.GA-MLRUQ}JE.GJ'_; e r:‘.‘JKJ ‘5|f3 “'\:‘L"j‘l',“f*—’j!h\*:‘ AML.‘..GJ.‘»‘;LZ&V—JS.?:

Fig. (3). Plot of the residual values for logP of compounds versus the experimental values by the GA-MLR method.
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Abbreviation Description Type of Descriptor
X1Av average valence connectivity index of order 1 Connectivity indices
pilD conventional bond order ID number Walk and path counts

Total Information Content index
(neighborhood symmetry of 4-order)
Information Content index (neighborhood
symmetry of 1-order)

TIC4 Information indices

IC1 Information indices
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Abstract

In this research, Quantitative Structure—Activity Relationship (QSAR) studies have been used to
predict activities of organochlorine pesticides. Firstly, the chemical structure of molecules was
drawn with the Gauss view 05 program and optimized at Hartree—Fock level of theory and 6-31G*
basis sets using Gaussian 09 software. The physiochemical properties namely octanol-water
partition coefficient (logP) and toxicity (log LDs,) are taken from the scientific web book. The
dragon software has been used for the calculation of molecular descriptors. The suitable descriptors
were selected with the aid of the genetic algorithm (GA) and backward techniques. At the next
step, the relationship between molecular descriptors and the activities was investigated by multiple
linear regression (MLR) method. In order to build and test QSAR models, a data set of
organochlorine pesticides was randomly separated into 2 groups: training (80%) and test (20%)
sets.

The models were evaluated with regression parameters: correlation coefficient (R), squared
regression coefficient (R, adjusted correlation coefficient (R? adj) and root mean squared error
(RMSE).

For the predictive ability and verification of the models are discussed by using Leave-One-Out
(LOO)

cross-validation and external test set. The external prediction accuracy of the obtained models
was examined using the above regression parameters. Results of validations and high statistical
quality of models indicate that generated GA-MLR models are reasonable QSAR models. These
models help to delineate the important descriptors responsible for predicting their activities.

Keywords: "toxicity" ; "QSAR" ; "Multiple linear regression" ; "genetic algorithm (GA)" ; "organochlorine
pesticides" ; "octanol - water distribution coefficient".
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