
INTRODUCTION

Vector-borne diseases are one of the important health 
problems in most tropical countries. The environmental 
conditions in a region define the vectors, their prevalence, 
natural reservoirs, as well as their interaction with differ-
ent hosts. The imposition of the man in such a niche car-
ries risks of contagion in variable degree. In the American 
continent, they are especially important due to the dynam-
ic development process that is taking place in the region, 
which implies profound ecological changes, which are 
determinants for the emergence and spread of endemic 
diseases in the form of epidemic outbreaks. According 
to the World Health Organization, vector-borne diseases 
represent 17% of the estimated global burden of infec-
tious diseases1.

At present, the Zika virus epidemic has become no-

torious and has been associated with the appearance of 
microcephaly in neonates, and Guillain-Barre syndrome. 
According to scientific consensus, the infection due to this 
virus and the neurological disorders associated with the 
infection, constitute a public health emergency of inter-
national concern2. The Zika virus (a Flavivirus) is trans-
mitted through various routes that include sexual contact, 
perinatal transmission, blood transfusions and the bite of 
infected mosquitoes of the genus Aedes, mainly Ae. ae-
gypti. This mosquito is also  agent of other diseases, like 
dengue, chikungunya and yellow fever3. Recently, there 
has been a wide geographic spread of this vector, with 
reports of Zika fever from 61 countries and territories; 47 
of them belongs to the American continent.

Since, there is no specific treatment for  Zika virus, the 
emerging scenario highlights that the eco-friendly and ef-
fective control measures for mosquito vectors is of crucial 
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ABSTRACT

Background & objectives: Aedes aegypti is an important vector for transmission of dengue, yellow fever, chikun-
gunya, arthritis, and Zika fever. According to the World Health Organization, it is estimated that Ae. aegypti causes 
50 million infections and 25,000 deaths per year. Use of larvicidal agents is one of the recommendations of health 
organizations to control mosquito populations and limit their distribution. The aim of present study was to deduce 
a mathematical model to predict the larvicidal action of chemical compounds, based on their structure. 
Methods: A series of different compounds with experimental evidence of larvicidal activity were selected to develop a 
predictive model, using multiple linear regression and a genetic algorithm for the selection of variables, implemented 
in the QSARINS software. The model was assessed and validated using the OECDs principles. 
Results: The best model showed good value for the determination coefficient (R2 = 0.752), and others parameters 
were appropriate for fitting (s = 0.278 and RMSEtr= 0.261). The validation results confirmed that the model has 
good robustness (Q2

LOO = 0.682) and stability (R2-Q2
LOO = 0.070) with low correlation between the descriptors 

(KXX = 0.241), an excellent predictive power (R2
ext = 0.834) and was product of a non-random correlation 

(R2
Y-scr = 0.100). 

Interpretation & conclusion: The present model shows better parameters than the models reported earlier in the 
literature, using the same dataset, indicating that the proposed computational tools are more efficient in identifying 
novel larvicidal compounds against Ae. aegypti.
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importance4. It is possible to reduce the vector density 
shares, by adopting measures of environmental health 
in the community or by performing chemical control of 
vectors and/or with the technical guarantee of adequate 
entomological surveillance. The use of conventional in-
secticides, like DDT and malathion in the past decades 
demonstrated a successful move; however, this success 
was short lived due to development of resistance against 
them in many mosquito strains, ecological imbalance and 
undesirable effects on non-target organisms. This has 
necessitated the continued effort to search and develop 
environmentally safe, biodegradable and low-cost lar-
vicides/adulticides for killing larvae/adult mosquitoes, 
respectively5.

Several approaches have been employed to find new 
and better larvicidal candidates; including predictive 
models like quantitative structure-activity relationship 
(QSAR)6-8. Our research group has performed several 
QSAR studies applied to the prediction of different physi-
cochemical, chemical, pharmacokinetical, toxicological 
as well as biological properties of different compounds9-17. 
However, it is of great importance to develop a model that 
can predict larvicidal activity. The main aim of the pres-
ent study was to propose a new and better mathematical 
model for prediction of larvicidal activity of structurally 
diverse chemical compounds against Ae. aegypti mosqui-
toes using QSAR INSubria software (QSARINS)18. This 
approach offers an alternative to conventional methods 
used to design new molecular entities with larvicidal 
properties by identifying the relationship between the 
chemical structure and its activity.

MATERIAL & METHODS

Compounds and their optimization/modeling
A series of 55 compounds (41 compounds as train-

ing set to fit the model and 14 for the external predic-
tion), derived from natural products, with experimental 
larvicidal activity was used for the evaluation as used and 
proposed by Scotti et al6.  The LC50 (50% lethal concentra-
tion) values were also taken from the same study, wherein 
it was calculated on the basis of larvicidal assays. All 
compounds were optimized by a semi-empirical method, 
Austin Model 1 (AM1)19, and implemented in molecular 
orbital PACkage (MOPAC) to achieve minimum energy 
conformation. The chemical structures of the compounds 
are shown in Fig. 1.

Molecular descriptors
The modelled/optimized structures were used as the 

initial structures to calculate the molecular descriptors 

via the DRAGON Software version 5.520. This software 
includes the 0D–3D families and generates 3224 descrip-
tors for every molecule. Therefore, to compute only those 
variables were selected, which were significant for the 
study (excluding the constant or near constant variables). 
However, the number of obtained variables were large; 
hence, a genetic algorithm (implemented in QSARINS 
software) was used for variable selection.

QSAR-MLR model development
For the development of the multiple linear regression 

(MLR) model QSARINS software version 2.2 was used, 
which has been developed in the QSAR Research Unit, 
University of Insubria, Italy. It allows obtaining MLR 
models by ordinary least squares (OLS) method21. The 
model was developed based on criteria such as, the fitting 
(highest R2), robustness (greatest Q2

LOO), stability (low-
est R2–Q2

LOO), and low correlation of descriptors (low-
est KXX), amongst others, so that it has a small difference 
between fitting, cross-validation and external validation 
parameters.

Validation of model
According to the chemometric approach, the obtained 

model must be carefully checked and thoroughly validat-

Fig. 1: Molecular structure of the selected compounds6
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ed. The QSARINS offers a number of tools to verify that 
the model meets the standards, set by the Organization for 
Economic Cooperation and Development (OECD) for the 
development, validation, acceptance and use of QSAR 
models in order to increase the confidence in the reliabil-
ity of data predicted by it. Based on these principles, the 
QSAR-MLR model must meet the following criteria: (i) 
a defined end point; (ii) an unambiguous algorithm; (iii) 
a defined domain of applicability; (iv) appropriate mea-
sures of goodness-of-fit, robustness and predictivity; and 
(v) a mechanistic interpretation, if possible22.

To comply with principle (i), the LC50 of compounds 
against the mosquito larvae was used as endpoint. For 
compliance with principle (ii), the molecular descriptors 
were calculated with the DRAGON software, and the 
QSARINS was used to develop the MLR model by OLS 
method and genetic algorithm for variable selection. This 
algorithm allows relating the descriptors of the chemical 
structure and their larvicidal activity.

The definition of the model applicability domain 
(principle iii), is considered a crucial problem in the che-
mometric studies. Only predictions for compounds that 
fall within the domain of applicability may be considered 
reliable, but not the extrapolations of the models, even if 
they show robustness and significance. In order to define 
the applicability domain of the model, the Williams graph/
plot was used; so that reliable predictions of the model 
have leverage values lower than the critical leverage, 
ranging between ±3 standard deviations23. Compounds 
that were outside these ranges were considered outliers. In 
addition, the Insubria graph (included in QSARINS) was 
used, which is useful to assess the position of molecules, 
the reliability of the predictions of compounds lacking 
experimental response, and to compare them to the pre-
dictions of the external prediction set (14 compounds).

In order to evaluate the measures of goodness-of-fit, 
robustness and predictivity of the model (principle 4), 
several exercises were adopted. First, the coefficient of 
determination, R2 was used to evaluate the fitness of the 
model, and a modified form R2

adj was used to evaluate the 
efficacy of the model by adding a new descriptor. How-
ever, these criteria do not provide information about the 
predictivity of the model or if it is the product of a casual 
correlation. Considering these aspects, an internal vali-
dation was considered in order to check how robust the 
model is when small changes occur in the data. For inter-
nal validation, the cross-validation techniques were used. 
Initially, leave-one-out (LOO) exercises were done which 
involved the process of removing a single compound, and 
creating and validating the model against the individu-
al molecules for the entire set. Later, a leave-many-out 

(LMO) technique was used, which allows studying the be-
havior of the model when a larger number of compounds 
are excluded. In order to demonstrate that the model is 
not the result of a casual correlation, the randomization 
(Y-Scrambling) procedure was applied24. In this process, 
the response variable  are randomly located, so that there 
is no correlation with the descriptors and, as a result, the 
model performance should decay dramatically. 

In order to prove predictivity of the model, an external 
validation was performed. For this, the obtained model 
equation was evaluated with the external prediction set, 
which were not used in the model calculation (they are 
only used to check the predictability of the model).

RESULTS 

QSAR-MLR modeling results
Large numbers of models were obtained while ex-

ploring the best combinations of molecular descriptors 
that show a high correlation with the response variable 
(pLC50). Therefore, an analysis of the model’s parameters 
was done, taking into account the principle of parsimony. 
Based on this analysis, a QSAR-MLR model was devel-
oped to evaluate the larvicidal activity against Ae. aegypti 
(so that it is able to describe the maximum information 
with the least number of descriptors). The equation and 
the statistical parameters of the best model are as follows:

pLC50=1.516 (±0.330)-0.224 (±0.049)×X2v+0.220 (±0.057)× 
GATS5p +26.243 (±10.848)×R3p++0.540 (±0.054)×AlogP 

R2 = 0.752; R2
adj = 0.724; R2-R2

adj = 0.028; LOF = 0.105; 
KXX= 0.241; Delta K= 0.050; RMSEtr= 0.261; MAEtr= 
0.206; RSStr= 2.784; CCCtr= 0.858; s = 0.278; F = 27.258 
 Where, R2 is the coefficient of determination, R2

adj is 
adjusted R2, s is standard error of estimate, F is variance 
ratio, and LOF is Friedman lack of fit25-26. The parameter 
Kxx is the correlation among descriptors27, delta K is the 
difference of the correlation between the descriptors (Kx) 
and the descriptors plus the responses (Kx). Moreover, 
RMSEtr is root-mean-square error in fitting (for the train-
ing set), MAEtr is mean absolute error in fitting (calculated 
on the training set), RSStr is the residual sum of squares in 
the fitting and CCCtr is the concordance correlation coef-
ficient calculated over the training set28-30.

Validation results according to OECD standards
 The leverage (h) and standardized residual approach, 

described in the literature as Williams Plot (Fig. 2), used 
for applicability domain study shows the graph for the 
training and prediction sets. As shown in the figure, most 
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compounds are within the applicability domain of the 
model. 

The Insubria plot enables an easy visual inspection of 
the diagonal values of the leverage values (HAT) against 
the predicted responses for each compound and is shown 
in the Fig. 3. 

The results of the internal validation demonstrated 
the fitness and stability of the model. The most impor-
tant techniques for internal validation are LOO, LMO 
and Y-scrambling. According to the results, it was clear 
that the internal predictions were good showing values of  
Q2

LOO= 0.682, RMSEcv = 0.295 and MAEcv = 0.236. The 
Fig. 4 shows the values predicted by LOO vs experimen-

tal LC50 values for the training and test sets. The model’s 
performance for internal validation by LMO was Q2

LMO= 
0.663, although it is important to take into account that this 
technique gives better result with larger databases. Figure  
5 shows Q2

LMO vs  KXY values (correlation between the 
descriptors and larvicidal activity). 

The results of the Y-scrambling procedure indicate 
that the proposed model is well founded, and not just the 
result of chance correlation. The values of R2 and Q2 of 
every iteration are shown in Fig. 6 (Yellow and red circles, 
correspondingly), and their averages were R2

Y-scr = 0.100 
and Q2

Y-scr = 0.177 (Light blue and dark blue, respectively). 
The predictivity of the model was tested by using  

Fig. 2: Williams plot—Leverage values vs Standardized residuals.

Fig. 3: Insubria graph—Leverage values vs Predicted data.

Fig. 4: Scatter plot of experimental pLC50 vs Predicted by LOO Q2 
experiment.

Fig. 5: Plot of Q2 values of LMO validations compared with the Q2 
value of the original model.
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Fig. 6: Plot of Y-scrambled model compared with the original model.

Fig. 7: Scatter plot of experimental pLC50 vs Predicted values of 
pLC50 by model equation.

the external prediction set of 14 compounds. Its  
parameters were R2

ext = 0.834, RMSEex = 0.272, MAEext = 
0.209, PRESSext = 1.039, Q2-F1 = 0.718, Q2-F2 = 0.709, 
Q2-F3 = 0.729, CCCext = 0.869, r2m_aver = 0.763, r2m_
delta = 0.008; where, R2

ext is the external determination 
coefficient31; RMSEext is the root-mean-square error 
in external prediction; MAEext is the mean absolute er-
ror in external prediction; PRESSext is the predictive 
residual sum of squares (external validation); Q2-F132, 
Q2-F233, Q2-F334 are the explained variances in external 
prediction; CCCext is the concordance correlation coef-
ficient28-30 and r2

m-aver and r2
m-delta are the Roy criteria:  

Average and delta, respectively. The predictions of com-
pounds in the external set is shown in Fig. 7 (Blue circles) 
and Table 1.

Table 1. LC50 predicted by model equation

Compounds Exp. 
endpointa

Predicted 
by model

HAT i/ib 

(h*=0.366)
SPRc

1 2.790 2.938 0.153 0.580
2 2.360 2.753 0.116 1.504
3* 2.310 2.284 0.154 –0.103
4 2.040 2.228 0.167 0.739
5 3.470 3.585 0.141 0.445
6 3.320 3.234 0.079 –0.324
7* 3.640 3.656 0.078 0.058
8 3.590 3.807 0.330 0.955
9 3.490 3.517 0.088 0.101
10 3.660 3.972 0.173 1.235
11* 3.430 3.396 0.142 –0.132
12 3.090 3.133 0.058 0.158
13 3.320 3.128 0.050 –0.709
14* 3.660 3.708 0.148 0.188
15 3.850 3.600 0.227 –1.024
16 3.490 3.421 0.063 –0.257
17* 3.460 3.889 0.141 1.666
18 3.160 3.277 0.079 0.437
19 3.720 3.361 0.107 –1.365
20 2.650 3.037 0.052 1.431
21 2.160 2.267 0.342 0.476
22 2.290 1.915 0.250 –1.557
23* 2.040 1.863 0.276 –0.749
24 2.330 2.964 0.051 2.341
25 3.280 2.991 0.042 –1.064
26 3.040 3.015 0.034 –0.092
27 2.400 2.143 0.199 –1.033
28 2.660 2.642 0.182 –0.070
29* 3.400 3.326 0.056 –0.273
30 3.350 3.172 0.062 –0.660
31* 2.690 3.189 0.703 3.293
32 3.390 3.342 0.156 –0.189
33 2.840 2.842 0.243 0.008
34 3.280 3.187 0.046 –0.343
35 2.050 2.694 0.057 2.384
36 2.410 2.501 0.138 0.352
37 2.710 2.606 0.077 –0.390
38* 2.590 3.071 0.067 1.791
39 2.480 2.554 0.091 0.279
40* 2.850 2.947 0.136 0.377
41 3.510 3.198 0.159 –1.225
42 3.240 3.180 0.052 –0.221
43 2.440 2.606 0.077 0.621
44 2.880 2.424 0.133 –1.760
45* 2.470 2.906 0.107 1.659
46 3.420 3.354 0.080 –0.247
47 3.550 3.257 0.047 –1.079
48* 3.000 3.283 0.066 1.052
49 2.280 2.583 0.161 1.190
50 3.700 3.361 0.097 –1.282
51 3.110 3.125 0.101 0.058
52* 2.950 3.102 0.259 0.634
53 3.080 3.324 0.171 0.965
54 3.640 3.283 0.066 –1.330
55* 2.470 2.646 0.098 0.666

*Compounds used in the test set; aExperimental endpoint expressed as pLC50mol/l; 
bLeverage values (diagonal elements of the HAT matrix HAT i/ib); cStandardized 
residuals predicted (SPR) from the model; h*–Critical leverage value.
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DISCUSSION

Several predictive QSAR model based studies 
have been employed to find new compounds with po-
tential larvicidal activity; however, the development of  
newer models demand high accuracy, robustness and ap-
plicability domain. The model developed in this study 
showed a R2 value of 0.752, indicating an appropriate 
fit for modeling larvicidal activity against Ae. aegypti. 
This means that the model explains more than 75% of 
the experimental variance. There was no overfitting in the 
model representing a good fit with a minimum number of 
descriptors, due to the low value of the LOF parameter 
(0.105) and a R2

adj (0.724). The LOF is used to penalize the 
addition of descriptors in the model equation and should 
be as low as possible; and the value of R2

adj should be very 
similar to the R2 value, which were fulfilled by the model 
developed. The correlation between the descriptors of the 
model was low, since the KXX value was small (0.241), 
indicating that there was no redundant information in the 
selected descriptors. In addition, the correlation between 
the descriptors and the response variable was appropriate, 
in accordance with the Delta K parameter (0.05), with a 
small error in the calculations of training and parameters 
estimation (RMSEtr = 0.261; MAEtr = 0.206; s = 0.278). 
From the scatter plot of the predicted response against 
experimental, it was evident that the compounds tend to 
be located next to the diagonal line. The compounds with 
extreme predictions were assessed as potential outliers.

The applicability domain was assessed by use of two 
approaches: William's Plot and Insubria graph. As evident 
from the Williams Plot, there was only one compound, 
i.e. 31 with a leverage value (h = 0.703) greater than the 
critical leverage value (h* = 0.366), with standard devia-
tion value of  3.293, which is out of limits, indicating it as 
a possible outlier. Similar to the results obtained in Wil-
liam’s graph, the compound 31 was also excluded in the 
Insubria graph, as it was behaving as an outlier.

In order to evaluate the robustness of the model, 
several internal validation strategies were carried out. 
The parameters of the cross-validation LOO technique 
showed a well-known criterion: the explained variance in 
the prediction by LOO (Q2

LOO), which iteratively excludes 
a compound of the dataset. The model’s performance for 
internal validation by LMO was similar to LOO (Q2

LMO= 
0.663), although it is important to take into account that 
this technique gives better result with larger databases. 
It may be noted that Q2

LMO values were similar to each 
other and comparable to KXY values, corroborating the 
good fit and stability of the model. The values of R2 and 
Q2 of every iteration, and their averages (R2

Y-scr and Q2
Y-scr) 

showed that the model was good, since these parameters 
were lower with regard to the values of the model (R2

Y-scr = 
0.100 and Q2

Y-scr = – 0.177). As obvious in the Figure 6, the 
red circles (Q2

LMO for each iteration) were around the blue 
circle (R2 of the model). In the Y-scrambling experiment, 
the absence of change in correlation for the model was 
checked. The expected behavior is that the values of R2

Y-scr 
and Q2

Y-scr (for each iteration) should differ appreciatively 
from R2 and Q2 values of the model. As seen in Fig. 6, the 
values of R2 and Q2 of the model were far from the values 
obtained for those parameters in the Y-scrambling experi-
ment, confirming the validity of the model.

In order to assess the model’s ability to predict new 
compounds, an external validation was also performed. 
The procedure was carried out by applying the model 
equation, developed with the training set, to the external 
prediction set. Based on the results with the external set 
(R2

ext = 0.834, RMSEext = 0.272,), it was inferred that the 
model has a good predictive power.

To study the structure-activity relationship of po-
tential larvicidal agents, Scotti et al6  investigated the 
molecular interactions of 55 selected compounds (also 
used in this study) with the aid of chemometric methods 
which  included principal components analysis (PCA), 
consensus PCA (CPCA), and partial least squares (PLS) 
regression. Hence, a direct comparison was carried out 
between their best model and the developed model. Their 
best model obtained with PLS exhibited R2= 0.714, while 
the present model showed a better value of R2= 0.752. 
Similarly, in the LOO cross-validation, the present model 
showed slightly better results (Q2

LOO = 0.682) with respect 
to Q2

LOO = 0.679. Additionally, the results of the exter-
nal validation (R2

ext=0.834) were much better than their 
reports (R2

ext = 0.623). Thus, it can be concluded that  
the derived model has an improved performance with 
respect to the Scotti et al6 model and could be a useful 
tool for the prediction of the larvicidal activity against 
Ae. aegypti. 

CONCLUSION

 In the present study, a QSAR-MLR model was 
developed by using molecular descriptors calculated us-
ing the Dragon software, which adequately predicts the 
larvicidal activity against Ae. aegypti mosquitoes. The 
model developed with QSARINS software fulfilled all 
regulatory principles established by the OECD; the ro-
bustness of the model was tested through internal valida-
tion techniques (LOO, LMO, and Y-scrambling), and its 
predictability was determined with an external prediction 
set (external validation). The obtained model showed bet-
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ter parameters than a model previously reported in the 
literature, using the same datasets, concluding that the 
proposed computational tools are efficient in identifica-
tion of novel larvicidal compounds.
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