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Fig. 1- The chemical structure of aniline derivatives
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Table 1- The studied aniline derivatives and their log (LDso) values

No. Name R, R, R; R4 R; log (LD5O)(molkg‘l)
1 3-chloro-2,6-diethylaniline H Et Cl H Et 2.23
2 3-chloro-2-fluoroaniline H F Cl H H 2.56
3 3-chloro-4-methoxyaniline H H Cl OCH; H 2.26
4 3-chloro-4-methylaniline H H Cl Me H 2.50
5 3-chloroaniline H H Cl H H 2.48
6 3-ethylaniline H H Et H H 2.15
7 3-fluoro-4-(trifluoromethoxy)aniline H H F OCF; H 1.80
8 3-methylaniline H H Me H H 2.32
9 3-Nitroaniline H H NHO, H H 2.29
10 4,4-methylenedianiline H H H C;H;- H 2.59
NH,
11 4,6-dibromo-2,3-dichloroaniline Cl Cl F F H 2.72
12 4-amino-2,3-difluoro phenol H F F OH H 3.31
13 4-amino-2,6-dichlorophenol H Cl H OH Cl 2.32
14 4-Aminophenol H H H OH H 2.62
15  4-bromo-2-(trifluoromethyl)aniline H CF; H H Br 1.81
16  4-bromo-2,6-dimethylaniline H Me H Br Me 2.01
17  4-bromo-2-chloro-6-methylaniline H Cl H Br Me 2.01
18  4-bromo-2-chloroaniline H Cl H Br H 2.35
19  4-bromo-2-ethylaniline H Et H Br H 2.80
20 4-bromo-2-methoxyaniline H OCH; H Br H 2.67
21 4-bromo-2-methylaniline H Me H Br H 2.01
22 4-bromo-3-(trifluoromethyl)aniline H H CF3 Br H 1.99
23 4-bromo-3-chloroaniline H H Cl Br H 2.40
24 4-bromo-3-methoxyaniline H H OCH; Br H 2.79
25  4-bromo-3-methylaniline H H Me Br H 1.93
26  4-bromoaniline H H H Br H 2.30
27  4-butoxyaniline H H H OC4Hy H 2.13
28  4-butylaniline H H H C;Ho H 2.13
29  4-chloro-2-(trifluoromethyl)aniline H CF; H Cl H 1.96
30  4-chloro-2,5-dimethoxyaniline H OCH; H Cl OCH; 1.99
31 4-chloro-2,6-difluoroaniline H F H Cl F 2.03
32 4-chloro-3-methylaniline H H Me Cl H 2.05
33 4-chloroaniline H H H Cl H 2.33
34 4-cyclohexylaniline H H H C¢H > H 2.36
35  4-decylaniline H H H CioHy H 2.38
36  4-Ethoxyaniline H H H OC,Hs H 2.32
37  4-ethylaniline H H H Et H 2.26
38  4-fluoro-2-(trifluoromethyl)aniline H CF; H F H 2.08
39  4-fluoro-2,3-dimethylaniline H Me Me F H 2.29
40  4-hexylaniline H H H CeHi» H 2.21
41  4-hexyloxyaniline H H H OCeH;3 H 2.28
42 4-isopropylaniline H H H C;H;g H 1.98
43 4-methoxy-2-methylaniline H Me H OCH; H 2.18
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No. Name R, R, R; R4 Rs log (LD50)(molkg'1)
44 4-methoxy-3,5-dimethylaniline H H Me OCH; Me 243
45  4-methyl-3-(trifluoromethyl)aniline H H CF; Me H 1.87
46  4-methylaniline H H H Me H 2.37
47  4-n-butylaniline H H H CsHy H 2.13
48  4-nonylaniline H H H CoH9 H 2.23
49  4-octylaniline H H H CgHy; H 2.13
50  4-pentylaniline H H H CsHy, H 2.61
51  4-pentyloxyaniline H H H OGCsH;, H 2.36
52 4-phenoxyaniline H H H C¢HsOH H 2.34
53 4-propylaniline H H H C:H; H 2.19
54  5-bromo-2-methoxyaniline H OCH; H H Br 2.27
55  5-bromo-2-methylaniline H Me H H Br 2.28
56  5-chloro-2,4-dimethoxyaniline H OCHj; H OCH; Cl 2.36
57  5-fluoro-2-methoxyaniline H OCHj; H H F 2.10
58  aniline H H H H H 2.24
59  o-anisidine OCH; H H H H 2.43
60  o-toluidine Me H H H H 2.38
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ol 0 o3lizal T ez s slie 5l candlias 350 LS 5 03 sl ol 5l 5 Sop W a &S
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Table 2- Types of descriptors calculated by MATLAB software

No. Name Descriptors dimension Descriptors no.
1 constitutional descriptors 0 11
2 topological descriptors 2 69
3 walk and path counts 2 29
4 connectivity indices 2 32
5 information indices 0 46
6 2D autocorrelations 2 55
7 edge adjacency indices 3 86
8 Burden eigenvalues 2 49
9 topological charge indices 0 8
10  eigenvalue-based indices 0 44
11 Randic molecular profiles 3 49
12 geometrical descriptors 3 23
13 RDF descriptors 3 61
14 3D-MoRSE descriptors 3 159
15 WHIM descriptors 3 98
16 GETAWAY descriptors 3 151
17 molecular properties 0 11

Total of indices

981
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Table3- The final descriptors used on MLR method

Descriptors Block classification

GATSS5p 2D autocorrelations Geary autocorrelation - lag 5 / weighted by atomic polarizabilities

GATSS5v 2D autocorrelations Geary autocorrelation - lag 5 / weighted by atomic van der Waals
volumes

RTp+ GETAWAY descriptors R maximal index / weighted by atomic polarizabilities

H5m GETAWAY descriptors ~ H autocorrelation of lag 5 / weighted by atomic masses

Morl6m 3D-MoRSE descriptors 3D-MoRSE - signal 16 / weighted by atomic masses

HATS2e GETAWAY descriptors  leverage-weighted autocorrelation of lag 2 / weighted by atomic
Sanderson electronegativities

Glm WHIM descriptors 1st component symmetry directional WHIM index / weighted by atomic
masses

Mor26m 3D-MoRSE descriptors 3D-MoRSE - signal 26 / weighted by atomic masses
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Table 4- The obtained statistical parameters of training and test set on MLR method

Pro. N R R’ R” i RMSE  p-value D-W
Train LDs, 45 0.637 0406  0.347 0.002 0.0002  2.10
Test LDs, 15 0.753 0567  0.495 0.02 0.0005 292
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Fig2- The curve of predicted versus observed log (LDs)) on MLR method
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Fig 3- The curve of the residual versus observed log (L.Ds) values on MLR method
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Table 5- The obtained statistical parameters of training, test and validation sets on ANN method

ANN(4-5-1) N R R’ RMSE
Training 42 0.953 0.908 0.12
Test 9 0.885 0.783 0.17
Validation 9 0.807 0.651 0.72
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Table 6- The global sensitivity values of final descriptors on ANN method

MLP(4-5-1)

RTp+

GATS5p

HATS2e Glm

2.025

1.901

1.490 1.106

ol u;')bg (V) J}J" g;"Ua.A ANN u::}))b LD50 u.a;-l..:: VJJ")KJ L ‘19_9.']4 OJULJ‘.;BLI 9 gf'l"u;"f- J.LJU.J u,:.ou;.h

5 Srn s Kl ui_;))éLDsg ol r:.l)@ 4 bg e okibe Bl 5 oo e polie -V g
Table 7- The predicted and residual LDs, values on ANN method

o

|

No Name Predicted Residual No Name Predicted Residual
LDs, LDs, LDs, LDs,
1 3-chloro-2,6-diethylaniline # 2.19 0.03 31  4-chloro-2,6-difluoroaniline s 2.27 -0.24
2 3-chloro-2-fluoroaniline 2.38 0.18 32 4-chloro-3-methylaniline 2.05 0.00
3 3-chloro-4-methoxyaniline s 2.24 0.02 33 4-chloroaniline 2.36 -0.03
4 3-chloro-4-methylaniline 245 0.05 34  4-cyclohexylaniline 2.49 -0.13
5 3-chloroaniline 247 0.02 35  4-decylaniline 2.37 0.01
6 3-ethylaniline s 2.27 -0.12 36  4-Ethoxyaniline 2.31 0.01
7 3-fluoro-4- 1.88 -0.08 37  4-ethylaniline s 2.22 -0.04
(trifluoromethoxy)aniline s
8 3-methylaniline 231 0.01 38  4-fluoro-2-(trifluoromethyl)aniline 2.08 0.00
9 3-Nitroaniline 2.29 0.00 39  4-fluoro-2,3-dimethylaniline 2.27 0.02
10 4,4'-methylenedianilinesss 2.59 0.00 40  4-hexylanilines 2.26 -0.05
11 4,6-dibromo-2,3-dichloroaniline 2.56 0.16 41  4-hexyloxyaniline 2.27 0.00
12 4-amino-2,3-difluoro phenol 3.34 -0.03 42 4-isopropylaniline s 1.97 0.01
13 4-amino-2,6-dichlorophenol 241 -0.09 43  4-methoxy-2-methylaniline 2.17 0.02
14 4-Aminophenol 235 0.07 44  4-methoxy-3,5-dimethylaniline 2.42 0.01
15 4-bromo-2-(trifluoromethyl)aniline s 1.88 -0.07 45  4-methyl-3-(trifluoromethyl)aniline 1.87 0.00
16  4-bromo-2,6-dimethylaniline 1.95 0.02 46  4-methylaniline 2.36 0.01
17 4-bromo-2-chloro-6-methylaniline 2.02 -0.01 47  4-n-butylaniline 2.10 0.02
18  4-bromo-2-chloroaniline 2.25 0.10 48  4-nonylaniline: 2.20 0.03
19 4-bromo-2-ethylanilin 2.80 0.00 49  4-octylaniline 2.10 0.03
20 4-bromo-2-methoxyaniline 2.67 0.00 50  4-pentylaniline 2.69 -0.01
21 4-bromo-2-methylaniline s 1.97 0.04 51  4-pentyloxyaniline 2.34 0.02
22 4-bromo-3-(trifluoromethyl)aniline 1.99 0.00 52 4-phenoxyaniline 2.39 -0.05
23 4-bromo-3-chloroaniline 2.40 0.00 53 4-propylaniliness 2.19 0.00
24 4-bromo-3-methoxyaniline 2.79 0.00 54  5-bromo-2-methoxyaniline 2.27 0.00
25 4-bromo-3-methylaniline 1.93 0.00 55  5-bromo-2-methylaniline s 2.47 -0.19
26  4-bromoaniline 224 0.06 56  5-chloro-2,4-dimethoxyaniline 2.24 0.12
27 4-butoxyaniliness 234 -0.21 57  5-fluoro-2-methoxyaniline 2.10 0.00
28  4-butylaniline s 227 -0.14 58  aniline 2.24 0.00
29  4-chloro-2-(trifluoromethyl)aniline 1.96 0.00 59  o-anisidiness 2.30 0.13
30 4-chloro-2,5-dimethoxyaniline 1.99 0.00 60  o-toluidine 2.38 0.00
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Fig 4- The curve of the predicted versus observed log (LDsy) values on ANN method
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Fig 5- The curve of the residual versus observed log (LLDsy) values on ANN method
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Abstract

In recent decades, computational methods with regard to accurate validation parameters for the
determination of the physical- chemistry properties of compounds have been considered by many
researchers and have been used as an economic and environmental alternative to saving time and
eliminating high costs. In this study, the relationship between the logarithmic values of LDs, (log
(LDso)(molkg™") and molecular descriptors has been investigated for 60 types of aniline derivatives
(including some herbicides compounds). At first, the structure of the compounds were drawn by
Gauss view(5 software and optimized using Gaussian 09 software with B3LYP/6-311++G**
method, and then were extracted molecular descriptors. Then inappropriate descriptors were
eliminated by genetic algorithm method and the best ones were used for multiple linear regression
(MLR) and artificial neural networks (ANN) models. The results showed that the ANN method
with the lowest error and the highest coefficient of determination was higher than the MLR method
to predicting the log(LD50)(molkg’1) of studied aniline derivatives.
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