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Dibenzoylhydrazines are employed as growth regulators 
that act through the induction of a lethal larval molting 
process in insects. In this study quantitative structure-
activity relationship (QSAR) and pharmachophore models 
of ecdysone agonistic activity of dibenzoylhydrazine 
insecticides, measured in the silkworm Bombyx Mori 
lepidopteran species cell lines, are presented.  Molecular 
mechanics calculations using the MMFF94s force field 
were employed to model the dibenzoylhydrazine 
structures. The experimental insecticidal activity (pEC50 
values) was correlated to the calculated variables using the 
multiple linear regression (MLR) approach. The most 
stable and predictive MLR model had the following statistical parameters: 2

trainingr = 0.870, 2
testr = 0.731, 2

LOOq = 0.808, RMSEtr = 
0.406, RMSEext = 0.385. Pharmacophore hypotheses were generated for the same series of compounds and validated using the partial 
least squares (PLS) approach. Two hydrogen bond acceptors, one hydrogen bond donor, one hydrophobic group and one aromatic 
ring features were found to be important for the insecticidal activity.   

 
 

INTRODUCTION* 

Dibenzoylhydrazine derivatives are insect growth 
regulators that work through the induction of an early 
and lethal larval molting process in susceptible 
insects that belong to the species of Lepidoptera and 
Coleoptera.1 The dibenzoylhydrazine non-steroidal 
ecdysone agonists have an unusual high affinity for 
the ecdysone receptor of lepidopteran insects.2 When 
activated by the steroid hormone ecdysone, or more 
precisely by its active metabolite 20-hydroxyecdy-

                                                 
 
 

sone, the ecdysone receptor is responsible for 
initiating the moulting of insects by binding to 
ecdysteroid binding elements.3 As result, the insect 
stays permanently trapped in the molting process and 
is unable to feed, it dies in the period of a few days 
from desiccation and starvation. 

Dibenzoylhydrazines share the molting hormone 
receptor, which belong to the superfamily of nuclear 
receptors, with endogenous/endocrine-active 
ecdysteroids working in arthropods and nonarthropod 
invertebrates.4 The dibenzoylhydrazine structures 
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include two benzene rings variously substituted. 
Several classical QSARs (quantitative structure-
activity relationships) were applied to model the 
insecticidal activity of substituted dibenzoylhydrazi-
nes by correlating their insecticidal activity to rice 
stem borer larvae with several structural parameters. 
Homology modeling and CoMFA (comparative 
molecular field analysis) approaches were applied to 
model the ligand-binding domain of ecdysone 
receptor, too. 

Classical QSAR and CoMFA analysis were 
applied to model the binding of ecdysteroids to the 

ecdysone receptors of D. melanogaster.5 Hydrogen 
bonding was found to be important to the 
ecdysteroids-ecdysone receptors interactions. The 
steric effects improved to some extent the correlation 
in 3D-QSAR calculations. 

The objective of our study is to find multiple 
linear regression (MLR) and pharmachophore 
models of ecdysone agonistic activity of 
dibenzoylhydrazine insecticides6 (Table 1) measured 
in the silkworm Bombyx Mori lepidopteran species 
cell lines. 

 
Table 1 

Experimental ecdysone agonistic activity (pEC50 values) of dibenzoylhydrazine derivatives and predicted insecticidal activity values 
by the MLR1 (pEC50pred_MLR1) and pharmacophore (pEC50pred_AADHR.72) models 

No Structure pEC50 pEC50pred_MLR1 pEC50pred_AADHR.72 
1# CC(C)(C)N(NC(=O)c1ccccc1)C(=O)c1ccccc1 6.36 6.36 6.80 
2# CCc1ccc(cc1)C(=O)NN(C(=O)c1cc(C)cc(C)c1)C(C)(C)C 8.95 - 7.79 
3 COc1cccc(C(=O)NN(C(=O)c2cc(C)cc(C)c2)C(C)(C)C)c1C 8.47 8.55 8.55 
4# CC(C)(C)N(NC(=O)c1ccc(Cl)cc1)C(=O)c1ccccc1 7.11 7.65 7.24 
5 Cc1cc(C)cc(c1)C(=O)N(NC(=O)c1ccc2OCCCc2c1C)C(C)(C)C 9 8.25 8.78 
6 CC(C)(C)N(NC(=O)c1ccccc1)C(=O)c1ccccc1C(F)(F)F 6.06 6.00 6.06 
7# CC(C)(C)N(NC(=O)c1ccccc1)C(=O)c1ccc(Cl)c(Cl)c1Cl 5.44 5.96 6.18 
8* Cc1cc(C)cc(c1)C(=O)N(NC(=O)c1ccccc1)C(C)(C)C 6.7 6.85 6.70 
9 CC(C)(C)N(NC(=O)c1ccccc1F)C(=O)c1ccccc1Cl 6.84 6.46 6.87 

10*# Cc1ccccc1C(=O)NN(C(=O)c1ccccc1Cl)C(C)(C)C 6.89 7.33 7.15 
11# CC(C)(C)N(NC(=O)c1cccc(F)c1)C(=O)c1ccccc1Cl 6.49 5.96 6.46 
12 CC(C)(C)N(NC(=O)c1cccc(Cl)c1)C(=O)c1ccccc1Cl 6.51 5.77 6.73 
13# CC(C)(C)N(NC(=O)c1ccc(Br)cc1)C(=O)c1ccccc1Cl 6.82 6.95 6.79 
14*# CCCc1ccc(cc1)C(=O)NN(C(=O)c1ccccc1Cl)C(C)(C)C 7.51 6.94 7.06 
15# CC(C)c1ccc(cc1)C(=O)NN(C(=O)c1ccccc1Cl)C(C)(C)C 8.18 7.24 7.57 
16 COc1ccc(cc1)C(=O)NN(C(=O)c1ccccc1Cl)C(C)(C)C 6.87 7.12 6.66 
17 Cc1cc(C)cc(c1)C(=O)N(NC(=O)c1ccc(cc1)C(C)(C)C)C(C)(C)C 8.15 7.79 8.20 
18 Cc1cc(C)cc(c1)C(=O)N(NC(=O)c1cccc(C)c1C)C(C)(C)C 7.96 8.35 7.93 
19 CCc1ccc(cc1)C(=O)NN(C(=O)c1ccccc1)C(C)(C)C 7.76 7.74 7.89 
20 CCOc1ccccc1C(=O)N(NC(=O)c1ccc(OC)cc1)C(C)(C)C 4.72 5.14 4.95 
21 CCOc1ccccc1C(=O)N(NC(=O)c1ccc(Cl)cc1)C(C)(C)C 5.11 5.29 5.03 
22* CCOc1ccccc1C(=O)N(NC(=O)c1ccc(CC)cc1)C(C)(C)C 5.54 5.24 5.47 
23# Cc1cc(C)c(Cl)c(c1)C(=O)N(NC(=O)c1ccccc1)C(C)(C)C 5.93 6.05 5.86 
24 CCc1ccc(cc1)C(=O)NN(C(=O)c1cc(C)cc(C)c1Cl)C(C)(C)C 6.94 7.07 6.91 
25* CCCCc1ccc(cc1)C(=O)NN(C(=O)c1cc(C)cc(C)c1Cl)C(C)(C)C 5.94 6.27 5.81 
26 COc1ccc(cc1)C(=O)NN(C(=O)c1cc(C)cc(C)c1Cl)C(C)(C)C 5.91 6.64 6.16 
27# Cc1ccc(cc1)C(=O)NN(C(=O)c1cc(C)cc(C)c1Cl)C(C)(C)C 6.52 6.40 6.40 
28# CCCCCc1ccc(cc1)C(=O)NN(C(=O)c1cc(C)cc(C)c1Cl)C(C)(C)C 5.75 5.86 6.31 
29# Cc1cc(C)c(Cl)c(c1)C(=O)N(NC(=O)c1ccc(Cl)cc1)C(C)(C)C 6.35 6.49 6.24 
30 Cc1cc(C)c(Cl)c(c1)C(=O)N(NC(=O)c1ccc2OCCCc2c1C)C(C)(C)C 7.48 7.97 7.73 
31 Cc1c2CCCOc2ccc1C(=O)NN(C(=O)c1ccccc1Cl)C(C)(C)C 8.54 8.41 8.35 
32 CC(C)(C)N(NC(=O)c1ccccc1)C(=O)c1ccccc1 6.37 6.42 6.43 
33 CCc1ccc(cc1)C(=O)NN(C(=O)c1cc(C)cc(C)c1)C(C)(C)C 4.79 4.55 4.71 

* test compounds (MLR1 model) 
# test compounds (AADHR.72 pharmacophore model) 



 Pharmacophore models 701 

MATERIALS AND METHODS 

Definition of target property and molecular 
structures: A series of 33 dibenzoylhydrazine 
derivatives (Table 1) was used, having the 
insecticidal activity pEC50 measured in vitro, based 
on an ecdysone-dependent reporter assay using cell 
lines derived from the lepidopteran species the 
silkworm Bombyx Mori, as dependent variable.  

These insecticides were energy pre-optimized by 
molecular mechanics calculations using the 
MMFF94s force field included in the OMEGA 
(version 2.5.1.4, OpenEye Scientific Software, Santa 
Fe, NM. http://www.eyesopen.com) software.7,8 The 
following parameters were used for the conformer 
generation: a maximum of 400 conformers per 
compound, an energy cutoff of 10 kcal/mol relative 
to a global minimum identified from the search. 
SMILES notation was used as program input. To 
avoid redundant conformers, any conformer having 
a RMSD fit outside 0.5 Å to another conformer was 
removed. Structural 0D, 1D, 2D and 3D descriptors 
were calculated for the minimum energy structures 
using the DRAGON (Dragon Professional 5.5 
(2007), Talete S.R.L., Milano, Italy) and 
InstantJchem (which was used for structure database 
management, search and prediction) (InstantJchem 
15.10.0, 2012, ChemAxon 
(http://www.chemaxon.com) software. 

 
MLR method: Multiple linear regression 

(MLR)9 calculations were performed using the 
QSARINS v.2.2 program.10 The Genetic 
Algorithm11 (GA) was used for the 1416 structural 
descriptors calculated for the 33 
dibenzoylhydrazine compounds to select variables 
in the multiple linear regression models. In the 
QSARINS package the following parameters were 
used: the RQK fitness function12 with leave-one-
out cross-validation13 correlation coefficient as 
constrained function to be optimized, a 
crossover/mutation trade-off parameter of T = 0.5 
and a model population size of P = 50. 

The dibenzoylhydrazine derivatives were 
divided into training and test sets randomly. Five 
compounds were taken out of the total number of 
compounds: 8, 10, 14, 22, 25.  
 
Model validation: The MLR models were 
internally validated using the following robustness 
parameters: leave-one-out cross-validation (Q2

LOO), 
Y-scrambling14 and Q2

LMO leave-more-out (LMO) 
cross-validation (carried out for 30% of data out of 

training, each run). In Y-scrambling the process 
was randomly mixed 2000 times. 

The domain of applicability was checked using 
the Williams plots (standardized crossvalidated 
residuals versus leverage (Hat diagonal) values).10 
A threshold of residual value greater than 2.5 times 
the value of standard error in calculation was 
employed for outlier detection. 

The root-mean-square error (RMSE) of training 
and validation sets was compared to check the data 
over fitting and model applicability. 

The model’s predictive power was tested using 
the 2

1FQ ;15 2
2FQ ;16 2

3FQ ;17 - external validation 
parameters and the concordance correlation 
coefficient (CCC)18 and 2

mr .19 
Among other statistical measures to check the 

model predictivity, following parameters were 
used:20 1) the squared correlation coefficient ( 2

testr ) 

between the predicted and observed activities as 
well as squared correlation coefficient by cross-
validation ( 2

LOOq ); 2) the coefficient of 
determination for linear regressions with intercepts 
set to zero, i.e. 2

0r   (predicted versus observed 

activities), and 2'
0r  (observed versus predicted 

activities); 3) slopes k and k’ of the above 
mentioned two regression lines. All these measures 
were applied over the test set compounds.  

To test model collinearity variance inflation 
factors (VIF)21 were calculated. It was considered 
that if VIF shows values > 10, or if the tolerance 
remains below 0.10, then the model present 
multicollinearity.22 For VIF < 5, no significant 
collinearity is present. 

 
Pharmacophore modeling and validation: Phase 
software from the Schrodinger suite (Schrödinger 
Release 2016-3: Phase, Schrödinger, LLC, New 
York, NY, 2016.) was engaged in the generation of 
the pharmacophore hypotheses and in their 
validation by the 3D-QSAR module. The dataset 
involved in the pharmacophore generation was 
represented by the 33 compounds taken in study 
with all the conformers previously generated using 
Omega. The pharmacophore hypotheses were 
obtained based on the most active compounds 
having the pEC50 values > 8, while the compounds 
with pEC50 values < 6 were considered to be 
inactive. The creation of pharmacophore sites was 
conducted by considering the following  
four pharmacophore features for all compounds: 
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(A) – hydrogen bond acceptors, (D) – hydrogen 
bond donors, (H) – hydrophobic groups and (R) – 
aromatic rings. Numerous variants were obtained 
for a maximum number of sites set to 5. The 
pharmacophore model validation was achieved 
using the atom-based 3D-QSAR module by 
performing a partial least squares (PLS) regression. 
The test set used for the external validation 
includes 40% randomly selected compounds 
(Table 1). 

RESULTS AND DISCUSSION 

Multiple linear regression calculations were 
applied to the series of the dibenzoylhydrazine 
analogues. A training set of 27 compounds and 5 

test compounds (no.: 8, 10, 14, 22, 25) were used 
(Table 1). Compound 2 was found as outlier and 
was omitted from all MLR models. Variable 
selection was carried out by the genetic algorithm, 
using the leave-one-out fit criterion as constrained 
function to be optimized. Several MLR models 
were obtained (Tables 2 to 4). They are completely 
satisfactory in the fitting, and have good predictive 
power (except models MLR3 and MLR4). They 
have been assessed by internal (LOO and LMO) 
cross-validation, Y-scrambling. Best statistical 
results for model fitting and predictive power were 
obtained for the MLR1 model. The correlation 
matrix, variance inflation factors and tolerance are 
presented in Table 5. 

 
Table 2 

Internal validation parameters of the MLR and pharmacophore (AADHR.72) models (training set)* 

Model 2
trainingr  2

LOOq  2
LMOq  2

adjr  RMSEtr MAEtr CCCtr 2
scrr  2

scrq  SEE F 

MLR1 0.870 0.808 0.771 0.839 0.406 0.316 0.931 0.195 -0.387 0.461 28.101 
MLR2 0.848 0.772 0.736 0.812 0.439 0.347 0.918 0.190 0.363 0.498 23.499 
MLR3 0.846 0.764 0.710 0.809 0.443 0.370 0.916 0.195 -0.386 0.502 23.008 
MLR4 0.842 0.756 0.699 0.804 0.448 0.354 0.914 0.191 -0.403 0.508 22.369 

AADHR.72 0.986 - - - 0.145 0.117 0.993 - - 0.179 232.3 

* 2
trainingr - correlation coefficient; 2

LOOq - leave-one-out correlation coefficient; 2
LMOq - leave-more-out correlation coefficient; 

RMSEtr-root-mean-square errors; MAEtr-mean absolute error; CCCtr-the concordance correlation coefficient; 2
scrr - scrambled r2; 

2
scrq - scrambled cross-validated q2; SEE-standard error of estimates; F-Fischer test. 

 
Table 3 

External validation parameters calculated for the MLR models (test set)* 

Model 2
1FQ  2

2FQ  2
3FQ  RMSEext MAEext CCCext 2

mr  

MLR1 0.730 0.697 0.884 0.385 0.358 0.854 0.600 
MLR2 0.894 0.881 0.954 0.241 0.218 0.942 0.819 
MLR3 0.588 0.539 0.823 0.475 0.390 0.768 0.513 
MLR4 0.482 0.420 0.777 0.533 0.509 0.758 0.349 

AADHR.72 0.729 0.729 0.843 0.488 0.362 0.800 0.571 

* 2
1FQ , 2

2FQ , 
2

3FQ , 2
mr -external validation parameter; RMSEext-root-mean-square errors; MAEext -mean absolute error; CCCext-the 

concordance correlation coefficient 
 

Table 4 

Tropsha20 criteria calculated for external validation (test set) of the MLR and pharmacophore models and final descriptors selected in 
the MLR models 

Model 2
testr  

2

2
0

2

r
rr −  

2

2'
0

2

r
rr −  

k k’ 2'
0

2
0 rr −  

Descriptors included in the model* 

MLR1 0.731 0.044 0.017 0.996 1.000 0.020 EEig04d, Mor32p, L3m, B10[C-O] 
MLR2 0.897 0.009 0.000 1.010 0.989 0.007 RBF, Mor04v, Gu, HATS8p, Infective-

80 
MLR3 0.633 0.057 0.075 1.026 0.970 0.012 EEig04d, Mor11p, Mor32p, L3m, 

B10[C-O] 
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Table 4 (continued) 

MLR4 0.590 0.283 0.011 0.995 0.999 0.160 EEig04d, RDF130e, Mor32p, L3m, 
HATS6p 

AADHR.72 0.729 0.118 0.686 1.01 0.986 0.472 - 

* EEig04d represents the eigenvalue 04 from edge adj. matrix weighted by dipole moments; RDF130e- Radial Distribution Function 
- 13.0 / weighted by atomic Sanderson electronegativities;  Mor32p-D-MoRSE - signal 32 / weighted by atomic polarizabilities; 
L3m- 3rd component size directional WHIM index / weighted by atomic masses;  B10[C-O]- presence/absence of C - O at 
topological distance 10; RBF- rotatable bond fraction; Mor04v- 3D-MoRSE - signal 04 / weighted by atomic van der Waals volumes; 
Gu- G total symmetry index / unweighted; HATS8p- leverage-weighted autocorrelation of lag 8 / weighted by atomic 
polarizabilities; Infective-80- Ghose-Viswanadhan-Wendoloski antiinfective-like index at 80%; Mor11p- 3D-MoRSE - signal 11 / 
weighted by atomic polarizabilities; HATS6p- leverage-weighted autocorrelation of lag 6 / weighted by atomic polarizabilities. 
 

Table 5 

Correlation matrix, variance inflation factors (VIF) and tolerance of the descriptors included in the MLR1 model 

 EEig04d RDF130e Mor32p L3m VIF Tolerance 

EEig04d 1.000 -0.067 0.297 0.338 1.442 0.694 
RDF130e -0.067 1.000 0.014 0.055 1.142 0.876 
Mor32p 0.297 0.014 1.000 -0.255 1.315 0.761 
L3m 0.338 0.055 -0.255 1.000 1.354 0.739 
B10[C-O] 0.206 0.312 0.143 0.062 1.182 0.846 

 

 
Fig. 1 – Williams plot predicted by the final MLR1. 

 
The Williams plot validates the absence of 

outliers and influential points in the final selected 
MLR1 model (Fig. 1). 

The MLR1 model demonstrates a satisfactory 
stability in internal validation, has high fitting, 

internal and external predictivity (verified by 
different validations). The small difference of CCC 
values between the training and test sets of 7.7% 
demonstrates that this model is able to predict the 
response for chemicals not used in the model 
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development (validation set) just as they do for 
chemicals used to find the relationship (training set). 

The LOO validation highlights that the model is 
stable, not obtained by chance, in fact the 
difference between 2

trainingr
 
and 2

LOOq
 
is small: 6.2 

% in case of MLR1 model. This model is internally 
predictive with differences between 2

LMOq  and 
2
LOOq  of -3.7%. The risk of chance correlation was 

verified by the Y-scrambling procedure. The 
extremely low calculated scrambling values (Table 
2) indicate no chance correlation. 

Edge adjacency indices are deduced from the 
edge (i.e. atom) adjacency matrix encoding the 
molecular connectivity between graph edges. The 
EEig04d (eigenvalue 04 from edge adj. matrix 
weighted by dipole moments) descriptor in the 
MLR1 linear equation has positive coefficient 
value. Increase of its value will increase the pEC50 
values. 

RDF (The radial distribution function) 
descriptors are geometrical descriptors based on 
the geometrical interatomic distance and constitute 
a radial distribution function code. They represent 
the molecular conformation in 3D with a series of 
weighting schema, including weighted by atomic 
masses, atomic van der Waals volumes, atomic 
Sanderson electronegativities and atomic 
polarizabilities. Low values of the RDF130e 
(Radial Distribution Function - 13.0 / weighted by 
atomic Sanderson electronegativities) descriptor 
increase the pEC50 values. 

Other geometrical descriptors are the 3D-
MoRSE (Molecule Representation of Structure 
based on Electron) descriptors, which are the sums 
of atom weights with different angular scattering 
function. High values of the Mor32p (3D-MoRSE - 
signal 32 / weighted by atomic polarizability) 
descriptor yield high pEC50 values. 

WHIM (Weighted Holistic Invariant 
Molecular) descriptors are geometrical descriptors 
based on statistical indices calculated on the 
projections of the atoms along principal axes. In 
case of the L3m (3rd component size directional 
WHIM index/weighted by atomic masses) 
descriptor the atomic electrotopological states are 
one of the weighting schemes that are used for 
computing the weighted covariance matrix. L3m 
descriptor in the MLR1 linear equation has 
negative coefficient value. Therefore increase of its 
value will decrease the pEC50 values. 

The best pharmacophore hypothesis 
AADHR.72 that obtained a survival score of 3.807 
was taken for further studies. Fig. 2 provides the 
features and the corresponding distances of the 
AADHR.72 hypothesis (two hydrogen bond 
acceptors (A), one hydrogen bond donor (D), one 
hydrophobic group (H) and one aromatic ring (R)) 
along with the best aligned compound, no. 5.  

The selected pharmacophore hypothesis was 
employed for an atom-based 3D-QSAR model 
development. The statistical results are included in 
Tables 1, 2 and 4 and prove that the 3D-QSAR 
model is reliable and predictive. 

 
 

      
Fig. 2 – Best pharmacophore hypothesis: AADHR.72 aligned with compound 5.  

The distances between all the pharmacophore features are presented in the table (right). 
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(A)                                                          (B) 

Fig. 3 – 3D-QSAR model for compound 5 (the most active ligand) - (A) and compound 22 (the less active ligand) - (B).  
The cube grid indicates important areas for the insecticidal activity (dark gray - favourable; light gray - unfavourable). 

 
3D – QSAR visualization of the AADHR.72 

hypothesis in the context of the dataset compounds 
was done using 4 PLS factors and the following 
obtained combined outcomes: hydrogen bond 
donor, hydrophobic and electron–withdrawing 
features (Fig. 3). From statistical point of view the 
pharmacophore model has good fitting results and 
an acceptable predictive power. 

In Fig. 3 one can see that the benzodihydro-
pyran fragment belonging to compound 5 increases 
the activity (Fig. 3A), while the hydroxyethyl 
moiety from compound 22, situated in the light 
gray cubic area (Fig. 3B), shows that this structural 
pattern is detrimental for the insecticidal activity. 

CONCLUSIONS 

A series of dibenzoylhydrazine non-steroidal 
ecdysone agonists were modeled using the MLR 
approach and ligand-based pharmacophore model. 
Good correlations with the ecdysone agonistic 
activity and good predictive models were found. 
The most important molecular descriptors for the 
insecticidal activity are related to the geometric 
representation of molecules, providing information 
on interatomic and topological distances, structural 
fragments, and descriptors sensitive to any 
conformational change. Geometrical descriptors 
related to the ligand molecular conformation in the 
3D space weighted by electronegativity and 
polarizability influence the insecticidal activity. 
Pharmacophore sites were created taking into 
account the following features: hydrogen bond 
acceptors, hydrogen bond donors, hydrophobic 
groups and aromatic rings.  The pharmacophore 
model was validated using partial least squares 
(PLS) regression. The benzodihydropyran 

fragment included in the dibenzoylhydrazines was 
found to be favourable and the hydroxyethyl 
moiety detrimental for the insecticidal activity. 
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