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Table 1- The name, chemical structure and LDs, values of studied carboxylic acids derivatives.

No Compound LDsy Structure
(mg.kg™")
1 Trichloroacetyl chloride 600 i
CizC Ci
2 Dichloroacetyl chloride 2,460 o
ci \I)J\ P
i
3 Bromoacetyl chloride 3,200 (o)
Br\)k
Cl
4 Chloroacetyl chloride 208 0O
a X
Cl
5 Acetyl chloride reagent 910 (0]
HsC™ ~Cl
6 Methyl chloroformate 60 (o)
cl )Locm
7 2,3-Dibromopropionyl 1,200 O
chloride
) Br
Br
8 2-Chloropropionyl 642 o
chloride HLC \|/U\CI
Cli
9 3-Chloropropionyl 1,200 O
chloride
Cl MCI
10 1-Chloroethyl 470 o)
chloroformate T}
Cl~ ~O" c
11 2-Chloroethyl 859 ()
chloroformate
cI” oAU
12 Propionyl chloride 823 (®)
Hae L,
13 Ethyl chloroformate 270 Ol\
€17 707 CH,
14 4-Chlorobutyryl chloride 1,350 o
Cla_~ ~c
15 Butyryl chloride 785 o)
HC™ e
16 Propyl chloroformate 1,045 o
ca” o CHy
17 Glutaryl chloride 190 o o
a” o
18 Trimethylacetyl chloride 638 o
cBu—~
-Bu Cli
19 Chloroacetic acid 76 (0]
cl /lLOCHg
20 2-Chloropropanoic acid 800 Ol\
€17 707 CH,
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21 6-Chlorohexanoic acid 3,080 o} o
a” o
n CHa
22 Phenyl chloroformate 1,410 Z O \( Cl
X~ ©
23 m-Toluoyl chloride 3,440 O Cl
: “CHy
24 2-Ethylhexanoyl chloride 1,500 o
ML G
CH,
25 methanoic acid 1,100 <>
— )'I\o —
26 ethanoic acid 3,310 o
HzC )J\o H
27 Oxalic acid 7,500 HO o
o OH
28 Glyoxylic acid 3,000
o
o
Q)J\ OH
29 Acrylic acid 2,500 o
~
~ A,
30 Malonic acid 100 o
HCc=c—C
OH
31 propanedioic acid 1,310 (@)
MO
o o
32 2-hydroxypropanoic acid 3,543 o
.
oOH
OoOH
33 1-hydroxypropanoic acid 2,937
(o]
HO ' OH
34 butanoic acid 2,940
OH
- X
35 2-methylpropanoic 280
)\I‘r OH
o
36 pentanoic acid 9,300
o A~
37 Ethyl propionate 7,500 o
H
ONOH
O

A
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" Gauss View 05

12 Gaussian 09

'3 Hartree fock

" Dragon

'S MATLAB 2010a

' Multiple linear regression
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'8 Artificial Neural Network
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Table 2- List of descriptors and statistical coefficients

Model Independent variables R R? Ry RMSE F Sig

1 Mor13m, IVDE, Mor0O6u, EEig01r, DISPv, RDF020u, 0.827 0.684 0.33 0.439 1.934 0.08
Mor32u, MAXDN, Mor02m, DISPe, Mor09m, TIE,
ESpm03d, Mor07m, BEHv4, RDF020v, ATS2p,
DISPp, MA

2 Mor13m, IVDE, Mor06u, EEig0O1r, DISPv, RDF020u, 0.827 0.684 0.367 0.427 2.161 0.056
MAXDN, Mor02m, DISPe, Mor09m, TIE, ESpm03d,
Mor07m, BEHv4, RDF020v, ATS2p, DISPp, MAXDP
3 Mor13m, IVDE, Mor06u, EEig0O1r, DISPv, RDF020u, 0.827 0.683 04 0.416 2.409 0.033
MAXDN, DISPe, Mor09m, TIE, ESpm03d, Mor07m,
BEHv4, RDF020v, ATS2p, DISPp, MAXDP
4 Mor13m, IVDE, EEig01r, DISPv, RDF020u, 0.826 0.682 0.428 0.406 2.681 0.019
MAXDN, DISPe, Mor09m, TIE, ESpm03d, Mor07m,
BEHv4, RDF020v, ATS2p, DISPp, MAXDP
5 Mor13m, IVDE, EEig01r, DISPv, MAXDN, DISPe, 0.825 0.681 0.453 0.397 2.991 0.011
Mor09m, TIE, ESpm03d, Mor07m, BEHv4, RDF020v,
ATS2p, DISPp, MAXDP
6 Morl3m, IVDE, EEig01r, DISPv, MAXDN, DISPe, 0.823 0.677 0472 0.390 3.295 0.006
Mor09m, TIE, ESpm03d, Mor07m, RDF020v, ATS2p,
DISPp, MAXDP

7 Morl3m, IVDE, EEig01r, DISPv, MAXDN, DISPe, 0.819 0.671 0.484 0.385 3.602 0.004
Mor09m, TIE, ESpm03d, Mor07m, RDF020v, DISPp,
MAXDP
8 Morl3m, IVDE, EEig01r, DISPv, MAXDN, DISPe, 0.814 0.663 0.494 0.381 3.935 0.002
TIE, ESpm03d, Mor07m, RDF020v, DISPp, MAXDP
9 IVDE, EEig01r, DISPv, MAXDN, DISPe, TIE, 0.805 0.648 0.493 0.382 4.182 0.001
ESpm03d, Mor07m, RDF020v, DISPp, MAXDP
10 ), IVDE, EEig01r, MAXDN, DISPe, TIE, ESpm03d, 0.786 0.617 0.470 0.390 4.195 0.002
Mor07m, RDF020v, DISPp, MAXDP
11 IVDE, EEig01r, MAXDN, TIE, ESpm03d, Mor07m, 0.765 0.585 0.446 0.399 4223 0.002
RDF020v, DISPp, MAXDP
12 IVDE, MAXDN, TIE, ESpm03d, Mor07m, RDF020v, 0.752 0.565 0.441 0.401 4.552 0.001
DISPp, MAXDP
13 IVDE, MAXDN, ESpm03d, Mor07m, RDF020v, 0.743 0.552 0.444 0.400 5.111 0.001
DISPp, MAXDP
14 IVDE, MAXDN, ESpm03d, RDF020v, DISPp, 0.731 0.534 0.441 0.401 5.729 0.000
MAXDP

Coefficient of determination
 Correlation coefficient

21 p2

. adjusted

2 Fisher

3 Significance level

% Mean Squared Error

» Root Mean Squared Error
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Log LDs, = 5.011+0.654 (MAXDN) +0.888 (MAXDP)- 1.158 (IVDE)-1.076 (ESpm03d) -0.
576(DISPp)+0.423(RDF020v)

N=37, R=0.731, R?=0.534, R?=0.441, Durbin-Watson= 1.998, RMSE=0.401, F=5.729, Sig=0.000
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26 Durbin-Watson
’ Pearson's correlation coefficient
 Variance inflation factor
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Table 3- The correlation matrix between the molecular descriptors and permeability coefficients in final model

Descriptor IVDE MAXDN ESpm03d RDF020v DISPp

MAXD Toleranc VIF

P e
IVDE 1.000 0.764 1.309
MAXDN -0.053 1.000 0.390 2.564
ESpmO03d 0.162 -0.060 1.000 0.452 2.213
RDF020v -0.107 0.446 -0.252 1.000 0.643 1.556
DISPp 0.070 0.348 -0.242 0.034 1.000 0.805 1.243
MAXDP -0.381 0.545 -0.066 0.03 0.077 1.000 0.357 2.798

"o . . Yq ) ~. R P . . )
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el ok ols =5 8 s 53 ol S o g R g 5 il L e s

26 S o s At dp
Table 4- Description and type of final descriptors

Notation Descriptor Type of Descriptor
IVDE mean information content on the vertex degree equality Information index
MAXDN mean information content on the vertex degree equality Information index
MAXDP maximal electrotopological negative variation Topological index
ESpm03d Spectral moment 01 from edge adj. matrix weighted by Edge adjacency index
dipole moments
DISPp displacement value / weighted by polarizability =~ Geometrical descriptor
RDF020v maximal electrotopological positive variation Topological index

L_;Lawyd?w)l{;o\};)fﬂcdij}aims 4 Bolal Oy 4 OlS 5 S ANN ) 4 (55l Jbe s

sl 3 Ol e B0 Gl 5 S5 Y0 bl Wsad Sl 4 (Soshar LS (S e 10 5 BVO 5 UV
hlone S8 4 S a sl bl el o 5 03 S iladde 4 plBl e 5 A5 w3 S B (S ST
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¥ Geometrical
* Topological
*! Information
2 Edge adjacency
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Table-5: The modelling results in train, test and validation sets in ANN method.

parameters sample MSE RMSE R R?
Train 25 0.00183 0.04278 0.97482 0.95027
validation 6 0.02996 0.17309 0.99584 0.99169
test 6 0.02543 0.15948 0.99425 0.98854

S 5 oV Oles 5 e alid 63555 Sl Y ol a0 S (9355 b el sl

S deny (ml 03,8 BLod 15 0T Slowlons a0l 45 Olg Y sliw .3l (o MLR g 3 ol Jie 5 7 s

Al o Y G S s Y el 50 s Y IS S e 00 6l ol LSS 5 Sl avg Sldes ol
Ao e OLi 1, e 8 Jae j3eddes y 8 4 ANN bl 1 IS

Synaptic Weight > 0
—— Synaptic Weight < 0

LDso

Hidden layer activation function: Hyperbolic tangent

Output layer activation function: Identity
log LDsy (¢! ,» ANN Ll 1 Jﬁé
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Table 6The log LDs, observed, predicted and residual values of carboxylic acids derivatives in MLR and ANN

MLR ANN
No log LDSO(obs) log LDso(Pred) log LDso(Res) log LDSO(Pred) log LDsy (Res)

1 2.778 3.094 -0.316 2951 -0.213

2 3.391 3.080 0.310 3.132 0.472

3 3.505 3.054 0.450 2.882 0.150

4 2318 2.754 -0.433 2.931 0.734

5 2.959 2.843 0.111 2.889 0.274

6 1.778 2.326 -0.548 2.638 -0.361

7 3.079 3.370 -0.291 2.740 0.054

8 2.808 2.731 0.077 2.723 0311

9 3.079 2.799 0.279 2.869 0.476
10 2.672 2.443 0.228 2.649 0.303
11 2934 2.826 0.107 2.949 -0.636
12 2915 2.460 0.455 2.503 -0.118
13 2.431 2.397 0.033 2.553 -0.269
14 3.130 3.127 0.002 3.082 0.109
15 2.895 2.580 0.315 2.505 -0.678
16 3.019 2.569 0.449 2.623 0.428
17 2279 2782 -0.503 3214 0.636
18 2.805 3.045 -0.240 2.937 0.039
19 1.881 2477 -0.597 2.541 -0.213
20 2.903 3.237 -0.334 3.116 0472
21 3.489 3.320 0.168 3.016 0.150
22 3.149 3222 -0.073 2.998 0.734
23 3.537 3.239 0.297 2.801 0.274
24 3.176 3.367 -0.191 2.901 -0.361
25 3.041 3.226 -0.185 3.402 0.054
26 3.520 3.477 0.042 3.465 0.311
27 3.875 3.529 0.345 3.563 0.476
28 3.477 2.755 0.721 3.000 0.303
29 3.398 3.286 0.111 3.094 -0.636
30 2.000 2.690 -0.690 2.636 -0.118
31 3.117 2.802 0.314 3.235 -0.269
32 3.549 3.838 -0.289 3.818 0.108
33 3.468 3.298 0.169 3.359 -0.678
34 2.447 3.248 -0.801 3.125 0.428
35 3.968 3.761 0.206 3.540 0.636
36 3.875 3.455 0.419 3.238 0.039
37 3312 3.434 -0.122 3.272 -0.213
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In this research, Quantitative Structure—Activity Relationship (QSAR) study has been used for
prediction of toxicity values of carboxylic acid derivatives. Firstly, the toxicity (LDsy) values of
data set of studied compounds were taken from the scientific web book and the their structures
were drawn with the Gauss view 05 program and optimized at Hartree—Fock level of theory and 3-
21G basis set by Gaussian 09 software. Then the dragon software was used for the calculation of
molecular descriptors. The unsuitable descriptors were deleted with the aid of the genetic algorithm

(GA) and backward techniques, and the best descriptors were used for multiple linear regression
(MLR) and artificial neural network (ANN) models. The prediction accuracy of the final model
was discussed using the statistical parameters. Leave-one-out cross-validation and external test set
of the predictive models demonstrated a high-quality correlation between the observed and
predicted toxicity values of all, training, test and validation sets in GA-ANN method. The model by
ANN algorithm due to the lower error and higher regression coefficients was clearly superior to
those models by MLR algorithm. The proposed model may be useful for predicting log LDs, of
new compounds of similar class.

Key words: "Toxicity ; Multiple linear regression method ; "Artificial neural network ; ‘Carboxylic acid
derivatives.
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