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Abstract. Organophosphorus pesticides (OPs) are some of the most prevalent pollutants in the total 
environment and receive more and more concerns as a group of ubiquitous potential persistent 
organic pollutants. Using the variable selection and modeling based on prediction (VSMP), the 
molecular electronegativity distance vector (MEDV) derived directly from the molecular 
topological structures was employed to develop a quantitative structure-toxicity relationship (QSTR) 
model between the toxicity and MEDV descriptors of 22 OPs. The QSTR model showed a good 
estimation ability with a correlation coefficient (r2) of 0.9781 and a high stability with a 
leave-one-out cross-validation correlation coefficient (q2) of 0.9519. Main structural factors 
influencing the toxicity of OPs are the substructures expressed by three atomic groups —CH3、>N
—、—O—（or—S—）. The QSTR model was Internal validation and External validation, and was 
shown that the QSTR model was bootstrapping and high predictive ability. 

1．Introduction 

Organophosphorous pesticides (OPs) are widely used in agricultural production. Their high acute 
toxicity and widespread bioactivity have, however, a great impact on the environment and human 
health [1, 2]. In order to investigate for their potential toxicity, it is essential to determine their 
toxicity in mammal species. 

Several researchers have been investigated on the quantitative structure-toxicity relationship 
(QSTR) of OPs. Devillers et al.[3] developed a partial least squares (PLS)-based QSTR model for 
acute toxicity of rat for 51 organicphosphorus compounds. Sazonovas et al.[4] analyzed the 
quantitative relationship between the structures of organicphosphorus compounds. Knaak et al.[5] 
developed a quantitative structure-activity relationship (QSAR) model between 31 
organicphosphorus compounds and the toxicity of the rat with quantum chemical descriptors. 
Although several QSTR models have been developed for the organicphosphorus compounds, most 
of the model was not strictly internal and external validations [6, 7], which can not ensure the 
robustness and predicative ability of the models and may leading to an inaccurate prediction to the 
toxicity of compounds. 

The present study applied the molecular electronegativity distance vector [8] (MEDV) to 
effectively characterize molecular structures of 22 organic phosphorus compounds. The QSTR 
model between the acute toxicity (96h pLD50) of rat of organic phosphorus compounds and its 
molecular structure was built by using the variable selection and modeling method based on the 
prediction (VSMP). The QSTR model was validated by internal and external validation methods. 
The results show that the QSTR model has high statistical parameters and can accurately predict the 
toxicity of organicphosphorus compounds. Therefore, the model may serve as a theoretical basis for 
predicting the toxicities of organophosphorus compounds. 

2．Materials and methods 

2.1 Data set 
The experimental toxicity values of 22 kinds of OPs compounds that extracted from PPDB 

database [9]. The parent structure of these compounds is shown in Fig. 1, where R1~R3 stand for 
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different substituents. The diversity of their structures can be represented effectively with MEDV 
descriptor. 
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Fig.1 The structure of OPs 
2.2 Theoretical methods 

Molecular structures of OPs are represented by MEDV [8], and the MLR is applied in 
establishing the QSTR model between the pLD50 toxicity of rat and MEDV descriptors of OPs 
compounds. 

To ensure the reliability and validity of the regression model, the LOO, LMO [10,11] 
cross-validation, y-randomization test [12], and the bootstrapping method [13] are used for internal 
validation. The pLD50 values of the whole data were sorted into ascending order [14], and then 16 
OPs were equidistantly picked as a training set and the remaining 6 OPs made up a test set. The 
QSTR model established with training set is validated with the testing set, and its external 

predictive ability is evaluated with statistics Q2
F1, Q

2
F2, Q

2
F3, and 

2
mr  [15-16]. 

3．Results and discussion 

3.1 QSTR model based on the whole data set 
These three descriptors were selected by the VSMP method. Using x1, x7 and x10 descriptors as 

independent variables and the median lethal concentration of pLD50 as the dependent variable, the 
QSTR model (model M) for the training set was established with the MLR method. The model M is 
shown as follows: 

y= (1.7599±0.05475)﹣(0.2366±0.0100)﹒x1﹢(0.1974±0.0172)﹒x7﹢(0.0515±0.0055)﹒x10 

n=16, m=3, R2=0.9815, RMSE=0.09, F=212.679 (modeling) 

n=16, m=3, Q2=0.9675, RMSEV=0.12 (LOO validating) 

where, n is the number of samples, m is the number of optimal variables, F is the Fisher’s statistics, 
RMSE is the root-mean-square error estimated, RMSEV is the root-mean-square error of LOO 
cross-validation, values before and after “±” represent the regression coefficient of the model and 
its corresponding standard deviation. It can be seen from the above equation that the QSTR model 
has a good estimation ability with high R2 and Q2 values. 
3.2 Validation of QSTR model 

The whole data set was divided into the training set of 16 compounds and the test set of 6 
compounds. The correlation of the experimental and predictive pLD50 values of the training set and 
the test set is shown in Fig.2.  
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Fig.2 Plot of observed versus calculated 
pLD50 resulted from the model M 

Fig.3 LOO standardized residuals 
analysis for the model M 
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By internal validation, the LOO validation shown that R2=0.9815, Q2
Loo=0.9641, 

R2-Q2=0.0174<0.3, shows that model M has no over-fitting. LOO cross-validation is not sufficient 
to explain the robustness of model M. The correlation coefficient of LMO cross-validation (Q2

LMO) 
is 0.7447. The result of bootstrapping method is: R2

bstr=0.9785, Q2
bstr=0.6120. R2 and Q2 in LOO 

and LMO cross-validations and the bootstrapping method are all meet the condition of R2>0.6, 
Q2>0.5, which shows that model M has good robustness[26]. The result of y-randomization test is: 
R2

yrand=0.1133 and Q2
yrand=﹣0.7653, showing that there is no chance correlation between the 

independent variable and dependent variable of model M2. 
The relevant statistical parameters of model M for test set are: Q2

F1,= 0.9677, Q2
F2, =0.9674, 

Q2
F3=0.9493, CCC=0.9986 ；

2
mr =0.9354, r2

m=0.9482, 
2

mr =0.9225 △, r2
m= ﹣ 0.0256 ；

(R2-R2
0)/R

2=0.00064, (R2-R2′0)/ R2=0.00270；k=0.9796, k′=1.0155. All the relevant statistical 
parameters of the external validation meet the conditions suggested by Chirico and Gramatica, Roy, 
and Golbraikh and Tropsha. It can be concluded that model M has a good external predictive 
ability.  

Moreover, it can be seen from the residual values of model M (see Fig. 3) that there is no 
abnormal value in the data set. There is no sample present in the area of absolute value of LOO 
standard residual greater than 2.0 and leverage value greater than 0.5625, which shows the whole 
data set is within the application domain. It can be seen from the relationship between MEDV 
descriptors and the sub structure of compounds that three descriptors x1, x7, and x10 are 
corresponding to the structural fragments —CH3、>N—、—O—（或—S—）. These substructures 
are the main factors affecting the toxicity of OPs compounds to rat. 

4. Conclusion 

MEDV can effectively represent molecular structures of 22 organophosphorus compounds. The 
three optimum descriptors are highly correlated with the toxicity of organicphosphorus compounds. 
Model M based on 16 OPs in the training set can successfully estimate its toxicity, and shows a 
good internal robustness and external predictive ability. All the statistics parameters meet the 
conditions proposed, which indicates model M has a good predictive ability. Therefore, model M 
may be useful in predicting unknown toxicity values of the OPs.  
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