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Quantitative structure—activity relationship (QSAR) analyses were performed
independently on data sets belonging to two groups of insecticides, namely the
organophosphates and carbamates. Several types of descriptors including
topological, spatial, thermodynamic, information content, lead likeness and
E-state indices were used to derive quantitative relationships between insecticide
activities and structural properties of chemicals. A systematic search approach
based on missing value, zero value, simple correlation and multi-collinearity tests
as well as the use of a genetic algorithm allowed the optimal selection of the
descriptors used to generate the models. The QSAR models developed for both
organophosphate and carbamate groups revealed good predictability with r?
values of 0.949 and 0.838 as well as ¢2, values of 0.890 and 0.765, respectively.
In addition, a linear correlation was observed between the predicted and
experimental LDs, values for the test set data with > of 0.871 and 0.788 for
both the organophosphate and carbamate groups, indicating that the prediction
accuracy of the QSAR models was acceptable. The models were also tested
successfully from external validation criteria. QSAR models developed in this
study should help further design of novel potent insecticides.

Keywords: insecticides; organophosphates; carbamates; QSAR; insecticide
activity

1. Introduction

Insecticides are agents of chemical or biological origin that control insects. Control may
result from killing the insect or otherwise preventing it from engaging in behaviours
deemed destructive. Organophosphates (OPs) and carbamates exert their neurotoxic
effects inhibiting actylcholinesterase (AchE, EC 1.1.1.7), a critical enzyme involved
in nerve impulse transmission [1]. Chronic toxicity resulting from OP exposure ranges
from cholinesterase inhibition in plasma, erythrocytes and brain tissue to the appearance
of clinical signs of long-term damage to the central nervous system as well as the peripheral
nervous system [2,3]. Although cholinesterase inhibition by carbamates is somewhat
reversible, organophosphate poisoning is not reversible. This means that the insecticide
does not release the bound cholinesterase [4]. Although the modes of action of inhibition
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of acetylcholinesterase (AChE) by carbamate and organophosphorus esters are similar,
there are distinct differences in the reactions between the enzyme and the two classes
of compounds. First, while appropriate chemical reactivity is essential for high
anticholinesterase activity for an organophosphorus ester, a good fit of the carbamate
on the enzyme active site is essential for high anticholinesterase activity by a carbamate
ester. Second, spontaneous regeneration of the carbamylated enzyme to active or original
enzyme is relatively fast compared to spontaneous regeneration of a phosphorylated
enzyme. For example, the half-life for recovery of N-methylcarbamylated AChE is
approximately 30 min, while that for an organophosphorus ester ranges from several
hours to days, depending upon the nature of the groups attached to the phosphorus atom.
In some cases, AChE that is inhibited by certain types of organophosphorus esters
is irreversibly phosphorylated and spontaneous regeneration does not occur [5].
Consequently, decrease of sensitivity of AchE to inhibition of insecticides has been
implicated in insecticide resistance in many insects. Molecular studies indicated that the
decrease of AchE sensitivity to inhibition is due to mutation(s) of the AchE gene.
Such mutations show structural modifications of the enzyme, which often result
qualitatively in modified enzyme property, including sensitivity of the enzyme to inhibition
by insecticides. With the restrictions on the use of most of the persistent organochlorine
insecticides imposed in the 1970s, the less persistent but highly effective organophosphate
agents have become the insecticides of first choice, and have been the most widespread
pesticides used worldwide. Hence, organophosphate and carbamate insecticides are
under increasing regulatory pressure. All efforts are focused on developing insecticides
with new, presumably safer, modes of action. A rational approach for developing new
insecticides awaits development of a global mechanism of action model including high-
throughput screening and/or a predictive quantitative structure—activity relationship
(QSAR) model. With the advent of parallel synthesis methods and technology, we might
also expect the number of insecticides based on scaffold structure of organophosphates
and carbamates to be tested to achieve dramatic growth. One method of orchestrating
these strategies is to make use of QSAR models for the rapid prediction and virtual
pre-screening of insecticide activity.

A QSAR equation is a mathematical equation that correlates the biological activity to
a wide variety of physical or chemical parameters. There are many examples available in
the literature in which QSAR models have been used successfully for the screening of
compounds for biological activity [6-9]. Traditional QSAR studies have been used since
the early 1970s to predict activities of untested molecules. The pre-requisite of developing
QSAR equations is the availability of a wide range of molecular structures and their
complementary activities. For insecticides with the availability of molecular structures and
their complementary activities from various laboratories it has been assumed that the most
important criterion for a systematic study of QSARs has been satisfied. QSAR studies
have been done for the organophosphates and carbamates [10] using only free-energy-
related physiochemical substituent parameters such as 7, o and others. Accordingly,
in this QSAR study for the organophosphates and carbamates we have applied E-state,
electronic, structural, topological, quantum mechanics and physicochemical based
descriptors, which can be calculated without structural alignments. Further, the
behaviour of QSAR models was examined with a variety of statistical parameters in line
with what has been used by Deswal and Roy [11] for the development of thrombin
inhibitors.
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Table 1. Organophosphate derivatives used in this work with their insecticide activity (log LDs,
mol L™") to housefly (Musca nebulo).

0 —
RO III’ O

| \Y

R

X
Analogue R X log LDs, Analogue R X log LDs,
1 CH; H 2.75 19 C,H; 3-CN 5.0
2 CH; 3-CH; 2.0 20 C,H5 4-CN 5.1
3 CH; 4-CHj; 1.99 21 C,H; 3-NO, 5.1
4 CH; 4-OCHj3; 2.0 22 C,H; 4-NO, 5.2
S CH; 3-Cl 2.1 23 C,H; 2,4-Cl 4.3
6 CH; 4-Cl 2.6 24 C,H5 2,5-Cl 4.1
8 CH; 4-Br 3.53 26 C4Hy 3-CH; 2.0
9 CH; 3-CN 4.99 27 C4Hoy 4-CH; 2.1
10 CH; 4-CN 4.84 28 C4Hy 4-OCHj3 2.1
11 CH; 3-NO, 4.9 29 C4Hoy 3-Cl 2.8
12 CH; 4-NO, 5.1 30 C4Hy 4-Cl 2.5
13 C2H5 H 3.2 31 C4H9 4-Br 2.95
14 C,H; 4-CH; 3.0 32 C4Hy 3-CN 4.0
15 C,Hs 3-Cl 3.8 33 C4Ho 4-CN 4.01
16 C,H; 4-Cl 3.72 34 C4Hy 3-NO, 4.21
17 C2H5 3-Br 4.11 35 C4H9 4-N02 4.38
18 C,H; 4-Br 4.06

2. Materials and methods
2.1 Data set

A total of 84 insecticide analogues were used in the study and were taken from various
sources belonging to two different groups of modifications as mentioned in Tables 1 and 2.

Sublib-I, commonly known as organophosphate insecticides, consists of 35 compounds
(Table 1). Structural modifications are mainly introduced at varying radicals at positions
X and R in the scaffold structure (Table 1). The acute toxicity data (LDsy, molL™")
of these compounds to housefly (Musca nebulo L.) were taken from Hansch et al. [12],
except for the compound 24 from Gandhe and Purnanand [13]. All chemicals are
analogues to methyl and ethyl paraoxons (compounds 12 and 22), which are capable
of inhibiting AChE directly [14]. The selected chemicals have significant differences in
structure for the substituents X at meta and para positions ranging from electron-donating
group (—CHj) to electron-withdrawing group (—INO,), while the alkyl group R varies from
methyl to butyl.

Sublib-1I includes 49 compounds commonly called carbamates (Table 2) with their
insecticide activities to housefly (Musca nebulo) being taken from different sources [15-17].

All these insecticides were built from the scaffolds by different ring modifications
and substitutions of functional groups as mentioned in Tables 1 and 2. We used ISIS
Draw 2.3 software for sketching structures and converting them to their 3D
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Table 2. Carbamate derivatives used in this work with their insecticide activity (log LDso, mol fly™")
to housefly (Musca nebulo).

N O
N4y
74
‘ 2
5\4/3
Analogue Substituent log LDs, Analogue Substituent log LDs,
1 H —8.033 26 3-OMe —8.12
2 2-Me =7.77 27 3-OEt —8.23
3 2-Et —8.024 28 3-O-i-Pr —8.033
4 2-i-Pr —8.45 29 3-O-n-Bu =7.77
5 2-n-Pr —8.35 30 3-CN —7.24
6 2-F —-7.97 31 3-NO, -7.0
7 2-Cl —8.39 32 4-Me —8.07
8 2-Br —8.43 33 4-Et —7.95
9 2-1 —8.46 34 4-i-Pr =7.0
10 2-OMe —7.86 35 4-n-Pr -7.0
11 2-OEt -84 36 4-t-Bu =7.0
12 2-O-i-Pr —8.81 37 4-F —8.02
13 2-O-s-Bu -7.97 38 4-Cl =7.0
14 2-O-Allyl —7.43 39 4-Br -7.0
15 2-CN —7.88 40 4-1 =7.0
16 2-NO, —7.95 41 4-OMe —7.26
17 3-Me —8.31 42 4-OFEt -7.0
18 3-Et —8.17 43 4-CN -7.0
19 3-i-Pr —7.45 44 4-NO, =7.0
20 3-n-Pr —7.06 45 3,4-Me, —7.85
21 3-t-Bu —-7.99 46 2-0-i-Pr-5-Me —8.52
22 3-F —8.13 47 2-0O-i-Bu-3-Me —8.33
23 3-Cl —7.86 48 2-0O-i-Pr-5-n-Pr —8.74
24 3-Br —8.31 49 2-0O-i-Pr-5-s-Bu —8.26
25 3-1 —8.38

representations by using the ChemSketch 3D viewer of ACDLABS 8.0. LigPrep
(Schrodinger L. L. C. 2007) was used for final preparation of ligands. LigPrep is a utility
of the Schrédinger software suite that combines tools for generating 3D structures from
ID (Smiles) and 2D (SDF) representations, searching for tautomers and steric isomers
and performing a geometry minimization of ligands. The ligands were energy minimized
using a macromodel module of Schrodinger with default parameters and applying
molecular mechanics force fields (MMFFs). A truncated Newton conjugate gradient
(TNCG) minimization method was used with 500 iterations and a convergence threshold
of 0.05kJmol ™.

2.2 Descriptor calculation

E-state indices [18], M log P [19], superpendentic index [20], structural [21], symmetrical,
topological, lead likeness [22], electronic Wang—Ford atomic charge and extended Huckel
partial charge [23,24], bulk, moments, orbital energies, molecular connectivity indices [25],



18:17 18 January 2010

Downl oaded At:

SAR and QSAR in Environmental Research 555

Table 3. List of descriptors used in this study.

Type Descriptors
E-state indices Electro-topological-state indices
Electronic Partial positive surface area, partial negative surface area, relative

positive charge, relative negative charge, relative positive charged
surface area, relative negative charged surface area, weighted positive
charged partial surface area, weighted negative charged partial
surface area, fractional negative charged partial surface area,
fractional positive charged partial surface area, Huckel molecular
orbital indices, highest occupied molecular orbital, lowest unoccupied
molecular orbital, free valence value, nucleophilic superdelocaliz-
ability, free radical superdelocalizability, heat of formation, dipole
moments, energy of the highest occupied orbital, energy of the lowest
unoccupied orbital, electronegativity, hardness.

Information content Information of atomic composition index, superpendentivity index.

Spatial Radius of gyration, Jurs descriptors, shadow indices, area, density,
length-to-breadth ratios.

Structural Topological symmetry, geometrical symmetry, combined symmetry,

conformational flexibility indices, molecular distance edge descrip-
tors, moment of inertia indices, geometric moment indices, number
of single bonds, number of aromatic bonds.

Thermodynamic Average energy, bond strain energy, angle strain energy, non-bonded
strain energy, torsional strain energy, total strain energy of molecule.

Lead likeness log P (Meylan, Howard), log S, log P (Moriguchi, Hirono).

Topological Wiener index, Kier and Hall molecular connectivity indices, path count

and length descriptors, topological polar surface area (TPSA),
Balaban indices.

gravitational indices [26], hydrophobicity, steric and thermodynamic factors and other
topological descriptors were calculated using the ADME Model Builder software
package (version 4.5). The superpendentic index was computed from the pendent
matrix. These descriptors help differentiate the molecules mostly according to their size,
degree of branching, flexibility and overall shape. Some of the descriptors included in the
study are listed and described in Table 3.

2.3 Regression analysis

The total number of descriptors calculated initially was 372. A systematic search in the
order of missing value test, zero test, correlation coefficient, multi-collinearity and genetic
algorithm was performed to determine significant descriptors using the ADME Model
Builder (version 4.5) software package (Fujitsu Inc.). Any parameter which was not
calculated (missing value) for any number of the compounds in the data set was rejected
in the first step. Some of the descriptors were rejected because they contained a zero value
for all the compounds (zero tests). In order to minimize the effect of collinearity and
to avoid redundancy, a correlation matrix was developed with a cutoff value of 0.6 and the
variables physically removed from the analysis which show exact linear dependences
between subsets of the variables and multi-collinearity (high multiple correlations between
subsets of the variables). From the remaining descriptors, the set of descriptors that would
give the statistically best QSAR models was selected by using a genetic function approach
implemented in the ADME Model Builder (version 4.5) software package. The genetic
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algorithm (GA) starts with the creation of a population of randomly generated parameter
sets. The usage probability of a given parameter from the active set is 0.5 in any of the
initial population sets. The sets are then compared according to their objective functions.
The parameters set used for the GA includes: mutation 0.1, crossover 0.9, population 300,
number of generations 1000 and r* floor limit 50% and the objective function was
r*/N_par. The form of the objective function favours sets that have 1 as high as possible,
while minimizing the number of parameters used as descriptors. The higher the score, the
higher the probability that a given set will be used for the creation of the next generation
of sets. Creation of a consecutive generation involves crossovers between set contents,
as well as mutations. The algorithm runs until the desired number of generations is
reached. Equations were developed between the observed activity and the descriptors. The
best equation was taken based on the statistical parameters such as squared regression
coefficient (%), adjusted regression coefficient (ridj), regression coefficient cross validation
and F-test values.

2.4 Validation test
The predictive capability of the QSAR equation was determined using the leave-one-out
cross-validation method. The cross-validation regression coefficient (¢2,) was calculated by
the following equation:

, PRESS _ > (Jewp = Jpred)’

q v = - - n —
¢ TOTAL Zi—l (yexp - y)2

where ypred, Vexp and y are the predicted, experimental and mean values of experimental
activity, respectively. Also, the accuracy of the prediction of the QSAR equation was
validated by F-value, * and rﬁdj. A large F indicates that the model fit is not a chance
occurrence. It has been shown that a high value of statistical characteristics is not
necessary for the proof of a highly predictive model [27,28]. Hence, in order to evaluate the
predictive ability of our QSAR model, we used the method described by Golbraikh and
Tropsha [27] and Roy and Roy [28]. The values of the correlation coefficient of predicted
and actual activities and the correlation coefficient for regressions through the origin
(predicted vs. actual activities and vice versa) were calculated using the regression analysis
Tool-pak option of Excel and other parameters were calculated as reported by the above
authors [27,28]. The determination coefficient of prediction, ¢, was calculated using the
following equation [28]:

5 (Yoredye, = Yrest)”
Z (YTesl - ?Traning)z

where Ypreq,,, and Yoy are the predicted value based on the QSAR equation (model
response) and the experimental activity values, respectively, of the external test set
compounds. Yrrining 18 the mean activity value of the training set compounds. Further
evaluation of the predictive ability of the QSAR model for the external test set compounds
was done by determining the value of rm” by the following equation [28]:

)

2
Qrest = 1 -

rm? :r2<l —‘ r2—r}
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where 1 is the square correlation coefficient between experimental and predicted values
and 3 is the squared correlation coefficient between experimental and predicted values
without intercept for the external test set compounds. The values of k and k', slopes of the
regression line of the predicted activity vs. actual activity and vice versa, were calculated
using the following equations [29]:

kzzyi.)zjl and k/:Zyi);i
Zy[ Zyi

where y; and y; are the predicted and experimental activities, respectively.

To check the intercorrelation of descriptors, variance inflation factor (VIF) analysis
was performed. The VIF value is calculated from 1/(1 —r%), where r? is the multiple
correlation coefficient of one descriptor’s effect regressed on the remaining molecular
descriptors. If the VIF value is larger than 10, information of descriptors can be hidden by
correlation of descriptors [29,30].

3. Results and discussion
3.1 OSAR model for organophosphate derivatives

The 35 active compounds with their acute toxicity to housefly were randomly divided
into a training set of 25 compounds and a test set of 10 compounds. The various molecular
descriptors (372 in total) as described in Table 3 were calculated initially. By applying
a missing value test, a zero test and a correlation test with a cutoff value of 0.6 we have
discarded the most likely parameters that resulted in 107 parameters. Further additional
parameters were discarded by applying the GA and finally seven parameters were selected
for the development of the QSAR equation. Taking a brute-force approach, we increased
the number of parameters in the QSAR equation one by one and evaluated the effect
of addition of a new term on the statistical quality of the model. As the squared correlation
coefficient, %, can be easily increased by the number of terms in the QSAR equation,
we took the cross-validation correlation coefficient, g2, as the limiting factor for a number
of descriptors to be used in the final model. It was observed that the ¢ value increased
until the number of descriptors in the equation reached seven, as shown in Table 4. With
further addition of parameters to the equation with seven descriptors, there was a decrease
in the ¢2, value of the model. So, the numbers of descriptors were restricted to seven in the
final QSAR model. The best significant relationship for the insecticide activity has been
deduced to be

log LDsy = 0.94 — 0.044 average energy + 0.10 TPSA + 4.14 PCHGMHT

—4.71 S3C 4 4.02 V6PC + 3.53 SHDW6 + 0.13 ELOWI,
n=25 1> =0.949, ryy; = 0.928, PRESS = 3.344,

5 =0.303, ¢, =0.890, F =45.11,

()

where 7 is the number of compounds in the training set, * is the squared correlation
coefficient, s is the estimated standard deviation about the regression line, ridj is the
square of the adjusted correlation coefficient for the degree of freedom, F-test is the
measure of variance which compares two models differing by one or more variables to see
if the more complex model is more reliable than the less complex one (the model is
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Table 4. Statistical assessment of QSAR equations for prediction of insecticide activity to housefly
(Musca nebulo) with varying numbers of descriptors for organophosphate analogues.

No. of

descriptor Equation I PRESS 7

1 log LDsy=—0.64+0.108 AVERAGE 0.232 26.184 0.145

log LDsp=2.91 —0.087 AVERAGE + 0.066 TPSA 0.564 15.506 0.494

3 log LDsy=8.84 —0.204 AVERAGE +0.094 TPSA 0.728 11.936 0.610
+26.5 PCHGMHT

4 log LDsy=6.88 —0.233 AVERAGE +0.094 TPSA 0.752 11.094 0.638
+21.3 PCHGMHT + 1.83 S3C

5 log LDsy=5.49 —0.144 AVERAGE +0.098 TPSA 0.873 6.755 0.779
+13.9 PCHGMHT —2.22 S3C+3.15 V6PC

6 log LDsy=1.65—-0.122 AVERAGE +0.094 TPSA 0.901 5.467 0.822
+8.13 PCHGMHT —2.17 S3C+3.35 V6PC
+4.78 SHDW6

7 log LDsy = 0.94 — 0.0436 AVERAGE + 0.100 TPSA 0.949 3.344 0.890

+ 4.14 PCHGMHT - 4.71 S3C + 4.02 V6PC
+ 3.53 SHDW6 + 0.130 ELOW1
8 log LDsyp=1.62—-0.103 AVERAGE +0.100 TPSA 0.969 5.207 0.830
+3.58 PCHGMHT —3.07 S3C+3.58 V6PC
+2.64 SHDW6+-0.117 ELOW1 +0.027 DIP

Table 5. Observed and predicted insecticide activities to housefly (Musca nebulo) of organopho-
sphate derivatives (training set).

Insecticide activity (log LDs,) Insecticide activity (log LDs)

Compound no. Observed  Predicted Residual Compound no. Observed Predicted  Residual

1 2.75 2.47 0.28 19 5.00 5.26 0.26
2 2.00 2.30 0.30 20 5.10 5.19 0.09
4 2.00 2.39 0.39 22 5.20 5.23 0.03
5 2.10 2.65 0.55 23 4.30 4.13 0.17
6 2.60 2.92 0.32 24 4.10 4.46 0.36
7 4.00 3.68 0.32 26 2.00 2.22 0.22
9 4.99 4.95 0.04 28 2.10 2.01 0.09
10 4.84 4.90 0.06 29 2.80 3.27 0.47
12 5.10 4.80 0.30 30 2.50 2.89 0.39
13 3.20 291 0.29 32 4.00 4.45 0.45
15 3.80 3.53 0.27 33 4.01 4.70 0.69
16 3.72 3.32 0.40 35 4.38 4.11 0.27
18 4.06 3.97 0.09

supposed to be good if the F-test is above a threshold value) and qgv is the square of the
correlation coefficient of the cross validation using the leave-one-out cross-validation
technique. The QSAR model developed in this study is statistically (> =0.949, q2, =0.890,
F-test =45.11) best fitted and consequently was used for prediction of insecticide activities
(LDsg) of training and test sets of molecules as reported in Tables 5 and 6. The
relationships between predicted (both training and test) activities and the corresponding
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Table 6. Observed and predicted insecticide activities to housefly (Musca nebulo) of organopho-
sphate derivatives (test set).

Insecticide activity (log LDs) Insecticide activity (log LDs)

Compound no. Observed Predicted Residual Compound no. Observed Predicted  Residual

3 1.99 2.04 0.05 21 5.10 5.37 0.27
8 3.53 3.57 0.04 25 2.50 2.99 0.49
11 4.90 498 0.08 27 2.10 2.56 0.46
14 3.00 2.46 0.54 31 2.95 3.77 0.82
17 4.11 4.25 0.14 34 4.21 5.16 0.95
5.5
y = 0.9082x + 0.4153 o0
5.0

R? =0.949

Predicted activities (LDy)

2.0 3.0 4.0 5.0 6.0

Experimental activities (LDs)

Figure 1. Relationship between predicted and experimental activities of organophosphate analogues
for the training set compounds.

experimental activities are shown in Figures 1 and 2. The > and qzv values of 0.949 and
0.890, respectively, of the model corroborate with the criteria for a QSAR model to be
highly predictive [27].

The intercorrelation of the descriptors used in the QSAR model (1) was very low
(below 0.6), which is in conformity to the study that, for a statistically significant model,
it is necessary that the descriptors involved in the equation should not be intercorrelated
with each other. To further check the intercorrelation of descriptors, variance inflation
factor (VIF) analysis was performed. In this model, the VIF values of these descriptors
are 3.46 (average energy), 3.33 (TPSA), 1.92 (PCHGMHT), 2.32 (S3C), 2.27 (V6PC), 1.30
(SHDW6) and 2.17 (ELOW1), which are less than the threshold value of 10 [29,30].

Satisfied with the robustness of the QSAR model developed using the training set, we
have applied the QSAR model to an external data set of organophosphate analogues
constituting the test set. As the experimental values of LDs, for these compounds are
already available, this set of molecules provides an excellent data set for testing the
prediction power of the QSAR model for new ligands. Table 6 presents the predicted LDsq
values of the test set based on Equation (1). The overall root mean square error (RMSE)
between the experimental and predicted LDsy values was 0.265, which revealed
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6.0
y = 1.0074x + 0.2504
D% 5.0 - R2 = 0.871
=
8 40
=
& 3.0
Ee]
2
[$)
5 2.0 - .
<
o
1.0 T T T T
1.0 2.0 3.0 4.0 5.0 6.0

Experimental activities (LDs)

Figure 2. Relationship between predicted and experimental activities of organophosphate analogues
for the test set compounds.

good predictability. The estimated correlation coefficients between experimental and
predicted LDs, values with intercept (+°) and without intercept (r(%) were 0.871 and 0.867,
respectively. The value of (°— r%)/rzz(0.87l —0.867)/0.871 =0.005, which is less than
0.1 (stipulated value) [27]. Also, the values of k and &’ were 0.920 and 1.074, which are well
within the specified ranges of 0.85 and 1.15 [27]. The values of g2, = 0.788 and rm*=0.816
were found to be in the acceptable ranges [28], thereby indicating the good external
predictability of the QSAR model.

3.2 OSAR model for carbamate derivatives

The 49 carbamate derivatives considered as potentially toxic compounds to housefly were
randomly divided into a training set of 39 compounds and a test set of 10 compounds.
A set of 372 molecular descriptors initially was calculated using ADME Model Builder 4.5
and finally only six molecular descriptors were selected by applying systematic searches
discussed above. Different QSAR equations were developed by applying a brute-force
approach as shown in Table 7. By considering only five molecular descriptors, the QSAR
Equation (2) with best significant relationship for the insecticide activity was developed:

logLDsy = —1.82 — 3.04 SYMMI1 +0.048 LOGP — 3.93 PCHGPC
—0.077 WNSA1_AM1 +0.00013 HF,
n=39, ¥ = 0838, riy = 0.812, PRESS = 2.652,
5 =10.243, ¢, =0.765, F =32.07.

(@)

The QSAR model developed is statistically (+>=0.838, qfv =0.765, F-test=27.44)
best fitted and consequently used for computing insecticide activities of the training set
(Table 8) as well as prediction of insecticide activities of the test set (Table 9) compounds.
Figures 3 and 4 show the quality of fit between the predicted (both training and test
sets) activities with their corresponding experimental activities. The VIF values of the
descriptors used in the final equation are 1.23 (SYMMI1), 1.69 (LOGP), 1.33 (PCHGPC),
1.39 (WNSA1_AM]1) and 2.56 (HF), which revealed very low intercorrelation. The overall
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Table 7. Statistical assessment of QSAR equations for prediction of insecticide activity to housefly
(Musca nebulo) with varying numbers of descriptors for carbamate analogues.

No. of

descriptor Equation I PRESS 7

1 log LDsy=—4.67 —3.58 SYMM 1 0.547 5.601 0.504

2 log LDsp=—-3.91 —-3.37 SYMM1 0.714 3.728 0.670
—3.62 PCHGPC

3 log LDsy=—3.46—3.50 SYMM1 0.729 3.957 0.649
—0.123 LOGP —3.75 PCHGPC

4 log LDsg=—1.77—3.04 SYMM 1 0.838 2.414 0.786

+0.043 LOGP —3.95 PCHGPC
—0.077 WNSA1_AM1
5 log LDsy = —1.82 — 3.04 SYMM1 0.838 2.652 0.765
+ 0.048 LOGP — 3.93 PCHGPC
— 0.077 WNSA1_AM1 + 0.00013 HF
6 log LDsyp=—-1.88 —2.97 SYMMI1 0.840 2.855 0.747
+0.057 LOGP —4.10 PCHGPC
—0.077 WNSA1_AM1 —0.0005 HF
+0.012 DIP

Table 8. Observed and predicted insecticide activities to housefly (Musca nebulo) of carbamate
derivatives (training set).

Insecticide activity (log LDs) Insecticide activity (log LDsg)
Compound Compound
no. Observed  Predicted  Residual no. Observed  Predicted  Residual
2 =7.77 —7.57 0.20 28 —8.03 —7.82 0.21
3 —8.02 —7.66 0.36 29 =777 —7.64 0.13
5 —8.35 —8.00 0.35 30 —7.24 -7.29 0.05
6 -7.97 -7.97 0.00 31 —7.00 —7.42 0.42
8 —8.43 —8.15 0.28 32 —8.07 —7.57 0.50
9 —8.46 —7.97 0.49 33 —7.95 —7.63 0.32
10 —7.86 —7.76 0.10 34 —7.00 -7.29 0.29
11 —8.40 —8.10 0.30 35 —7.00 —7.42 0.42
14 —7.43 —7.87 0.44 37 —8.02 —8.02 0.00
15 —7.88 —8.04 0.16 38 —7.00 —7.37 0.37
16 —7.95 —7.76 0.19 40 —7.00 —7.06 0.06
17 —8.31 —7.94 0.37 41 —7.26 —7.04 0.22
18 —8.17 —7.96 0.21 42 —7.00 —7.41 0.41
20 —17.06 —7.26 0.20 43 —7.00 —7.11 0.11
21 —7.99 —8.00 0.01 44 —7.00 —7.33 0.33
22 —8.13 —7.73 0.40 46 —8.52 —8.36 0.16
23 —7.86 -7.75 0.11 47 —8.33 —8.41 0.08
24 —8.31 —7.85 0.46 48 —8.74 —8.44 0.30
25 —8.38 —8.03 0.35 49 —8.26 —8.34 0.08

26 ~8.12 ~7.63 0.49
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Table 9. Observed and predicted insecticide activities to housefly (Musca nebulo) of carbamate

derivatives (test set).

P.K. Nuaik et al.

Insecticide activity (log LDs)

Insecticide activity (log LDs)

Compound Compound
no. Observed — Predicted  Residual no. Observed — Predicted  Residual
1 —8.03 -7.75 0.29 36 —7.00 -7.19 0.19
7 —8.39 —-8.04 0.35 39 —7.00 -7.23 0.23
13 -7.97 -7.97 0.00 45 —7.85 —8.18 0.33
19 —7.45 —7.84 0.39 4 —-8.45 —8.09 0.36
27 —-8.23 —7.90 0.33 12 —8.81 —-8.49 0.32
-7.0 sy
~ 72 y = 0.5954x — 3.0879
S 7.4
)]
2 7.6
=
© —7.87
@
8 -8.0
Q
E -8.2
o
-8.41
-8.6 T T T T
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Experimental activities (LDg)

Figure 3. Relationship between predicted and experimental activities of carbamate analogues for the
training set compounds.
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Figure 4. Relationship between predicted and experimental activities of carbamate analogues for the
test set compounds.
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Table 10. Descriptor set used in the development of QSAR equations for the two groups of
compounds (organophosphates and carbamates).

Descriptor type

Explanation

Average energy

The average binding energy of the molecule calculated from all functional
groups.

TPSA Topological polar surface area.

PCHGMHT Mean partial charge on heteroatoms.

PCHGPC It is the most positive partial charge on C atom.

S3C Third-order cluster molecular connectivity indices which treat all the bond
types identically. This descriptor contains information about the size and
the degree of branching in a molecule.

V6PC Sixth-order path-cluster molecular connectivity valence. This descriptor
contains information about the size and the degree of branching in a
molecule.

SHDW6 Projection area of the molecules in YZ plane.

ELOWI Difference between minimum and maximum E-state values of the molecules.
The E-state is meant to encode information regarding intermolecular
interactions.

M Log P Octanol/water partition coefficient of the molecule based on the algorithm by
Moriguchi et al. [31].

SYMMI1 It includes information regarding topological symmetry of the molecule based
on 2D structure.

WNSAI-AMI1 Weighted negative charged partial surface area descriptor.

HF Heat of formation descriptor.

RMSE between the experimental and predicted LDs, values for the external test
set compounds is 0.259, which revealed good predictability of the QSAR equation.
The estimated squared correlation coefficients between experimental and predicted LDs
values with intercept (*) and without intercept (r3) are 0.788 and 0.731 respectively for
the test set compounds. The value of (1 —r3)/r*=(0.788 —0.731)/0.788 =0.072, which
is less than 0.1 (stipulated value) [27]. Also, the values of k and k" were 1.007 and 0.991,
which are well within the specified ranges of 0.85 and 1.15. All these values satisfied
the criteria for a QSAR model to be highly predictive [27]. Also, the values of ¢2  =0.737
and rm*=0.6 were found to be in the acceptable ranges [28], thereby indicating the good
external predictability of the QSAR model.

The definition of the molecular descriptors used in QSARs has been included in
Table 10. Based on the developed QSAR models, it has been observed that the most
important parameters that contribute to the potential insecticide activity are TPSA,
PCHGMHT, PCHGPC and WNSA1-AMI1. These descriptors depend upon the solvent-
accessible surface area and partial charged surface area of the molecule. This is well
supported if we examine compounds 25-31 (organophosphate derivatives), where
substitution of non-polar groups results in significant increase of activity. Further
substitution of polar groups among compounds 712, 15-24 and 32-35 (organophosphate
derivatives) results in significant loss of activity. The same trend is also seen among
the carbamate derivatives. Considering the molecules 46—49 (carbamate derivatives), the
introduction of non-polar groups results in significant increase of activity, whereas
substitution of polar groups in compounds 30, 31 and 3844 (carbamate derivatives)
results in significant loss of activity. M log P calculates the octanol/water partition
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coefficient of the molecule based on the algorithm by Moriguchi et al. [31]. It is the most
popular and traditional descriptor. It explains one of the principal characteristics of any
preparation, the lipophilicity. The higher its value, the more probable the transfer of the
preparation from the aqueous medium into the biological membrane. This property is
critical for medicinal preparations that are administered orally and must be absorbed
through the GI tract. A log P value less than 0.5 will be absorbed appropriately. For all the
compounds, QSAR predictions produce exactly the same trend for insecticide activity,
even though the exact magnitudes of these values do not match very well to experimental
values. Coupled with the good predictive ability of the QSAR models developed in this
study, we believe that these models would perform well as rapid screening tools to uncover
new and more potent insecticides based on organophosphate and carbamate
derivatizations.

4. Conclusion

In this study, we used a systematic way of variable selection in the order of missing value
test — zero test — simple correlation test — multi-collinearity test — genetic algorithm to
obtain QSAR models for 84 insecticides. Using a combination of topological, electro-
topological-state index and electronic and thermodynamic descriptors of chemical
structures, we have built several robust QSAR models with high values of ¢2, (for
training sets) and determination coefficient of prediction ¢ (for test sets). The high
predictive ability of the models allows virtual screening of chemical databases or virtual
libraries determined by either synthetic feasibility or commercial availability of starting
materials to prioritize the synthesis of most promising candidates. Therefore, these models
should facilitate the rational design of novel derivatives, guide the design of focused
libraries based on the skeleton of organophosphates and carbamates and facilitate the
search for related structures with similar biological activity from large databases.
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