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A B S T R A C T   

Nowadays, the emergence of pesticides and its application in agriculture greatly improved the crop quality and 
food production. However, the resulted ecological problem caused by the widespread pesticide residues attracted 
more and more attention since the pesticides were harmful to most living organisms. Regulatory agencies such as 
Environmental Protection Agency (EPA) and European Chemicals Agency (ECHA) stipulated that a compre-
hensive pesticides risk assessment was essential and also underscored the application of computation method in 
evaluating pesticides. The present study aimed to use the Quantitative Structure-Activity Relationship (QSAR) 
method to establish models for quantitatively and qualitatively predicting the toxicity of pesticide against 
Skeletonema costatum. The regression model was developed using the Genetic Algorithm plus Multiple Linear 
Regression method and the classification model was established based on the Random Forest algorithm, 
respectively. Various internal and external validation metrics suggested that the obtained regression model was 
of good fitness (R2=0.722), robustness (Q2

LOO=0.653) and external predictive ability (Q2
Fn:0.719–0.776, CCC =

0.878). The classification could correctly predict 79.4% of pesticides in the training set and 69.7% in the vali-
dation set. The relatively high sensitivity value of the classification model indicated its good performance in 
identifying high-toxic pesticides. It could be concluded from the selected modelling descriptors that molecular 
weight and polarizability impacted the toxicity the most. The atom-type E-state descriptors generally contributed 
negatively to the pesticide toxicity which verified the negative influence of molecular hydrophilicity. Moreover, 
the lipophilic, carbon-type, charge related descriptors demonstrated the important influence of lipophilicity and 
polarity on pesticide toxicity. The models presented in this work could be used to pre-evaluate the toxicity of 
pesticides within the applicability domain, thus focusing resources on the high-toxic pesticides and assessing the 
environmental risk of pesticides quickly and economically.   

1. Introduction 

Agriculture played a crucial role in the development of society as a 
very important food source for the human being (Tilman et al., 2011). 
Pesticides referred to the chemicals which showed specific function in 
killing pests, inhibiting fungal growth, controlling weeds and regulating 
the crop growth. The emergence and widespread application of pesti-
cides greatly improved the crop quality and food production which 
would help feed more people, alleviate food shortage and reduce hungry 
population across the world (Aktar et al., 2009). However, the long-term 

and excess use of pesticides also resulted in some unexpected adverse 
outcomes (Kim et al., 2017). More and more researchers reported the 
detection of pesticides in the natural environment and living organisms 
(Tang et al., 2018; Ya et al., 2019). On the one hand, pesticides were 
designed harmful against most living biotas and their diverse structures 
tended to lead to some unexpected hazards to the non-target organisms 
(Stehle and Schulz, 2015; Mancini et al., 2019). On the other hand, the 
pesticide residues in the environment would get into the living organ-
isms and eventually enter the human body along the food chain, defi-
nitely threatening human health. (Carvalho, 2017; Tsygankov et al., 
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2018). Therefore, a rigorous and comprehensive ecotoxicological 
assessment of pesticides was essential and beneficial, which also 
underscored by the regulatory authorities. 

In the U.S., the registration, distribution, sale and use of pesticides 
were regulated based on the Federal Insecticide, Fungicide, and 
Rodenticide Act (FIFRA), which specified a series tests to assess the 
pesticide risk. Moreover, the Environment Protection Agency (EPA) 
started the pesticides re-registration program since 2004 to reevaluate 
pesticides and also stipulated that a pesticide should be reevaluated 
every 15 years (EPA PIRA, 2004). In the European Union (EU), the 
European Parliament Council also published relevant regulations and 
laws to instruct pesticide management work (EC 1107/2009). And 
Regulation EU 283/2013 stated the data requirements and relevant 
experiments for pesticide evaluation (Reg.EU 283/2013). Notably, the 
physicochemical and toxic data required for pesticide evaluation and 
registration mostly came from various traditional in vivo and in vitro 
testing, which usually consumed lots of resources such as time, money, 
and animals. Although the traditional animal experiments were still the 
gold standard for pesticide evaluation, they were so costly that could not 
meet the demand of quickly and efficiently pesticides risk assessment. 
Therefore, regulators advocated the use of alternative methods to 
evaluate the environmental risk of pesticides (TWG on Pesticide, 2012; 
OECD, 2015). In the European Union, the regulation Reg.EC 1907/2006 
proposed the use of in silico and in vitro tests to reduce and replace the in 
vivo experiments when evaluating chemicals (Reg.EC, 1907/2006). As a 
widely recognized in silico method, Quantitative Structure-Activity 
Relationship (QSAR) came from the assumption that chemicals of the 
same-type structure tended to exhibit the same properties (Hansch and 
Fujita, 1964). The QSAR method evaluated a new pesticide based on the 
previously obtained pesticides toxicity data, thus reducing cost and 
improving the pesticide evaluation efficiency. Moreover, the Organiza-
tion for Economic Cooperation and Development (OECD) and EPA 
published relevant guidance documents to direct the development, 
validation and application of QSAR model (EPA, 2012; OECD, 2006; 
OECD, 2014). Some previous published researches also demonstrated 
the application and significance of QSAR approach in pesticides risk 
assessment. Toropov et al. modeled the pesticides toxicity against 
Rainbow Trout based on “ideal correlations” (Toropov et al., 2020). 
Pandey et al. developed QSAR models for assessing the acute fish 
toxicity based on 85 environmental transformation products of pesti-
cides (Pandey et al., 2020). Galimberti et al. reported the use of che-
mometric methods and QSAR models in pesticide risk assessment 
(Galimberti et al., 2020). Villaverde et al. reported their models for 
evaluating pesticides according to the European legislation (Villaverde 
et al., 2019). Notably, the previous researches mainly focused on 
freshwater species such as Daphnia magna, Danio rerio, and Pseudo-
kirchneriella subcapitata. Little attention was paid to evaluate the toxicity 
of pesticides against saltwater species, especially marine diatom. 
Therefore, we took S. costatum, which mainly inhabited in the coastal 
area and also a standard species to evaluate algal toxicity (OCSPP, 
2012), as the research object and developed QSAR models to assess the 
adverse outcome of pesticides against marine diatom. 

In this present study, the primary work was to develop QSAR models 
to evaluate the pesticides toxicity. According to the QSAR guidance 
document, we collected the toxicity data from the standard ecotoxico-
logical databases and then developed the QSAR models to evaluate the 
toxicity of pesticides against S. costatum (OECD, 2014). Quantitative and 
qualitative models were both proposed to fully reveal the 
structure-response relationship between the pesticide molecular struc-
ture and its toxicity against S. costatum. The models presented in this 
paper would be considered as alternative methods in predicting the 
pesticide toxicity against S. costatum, further used in evaluating the 
pesticides which having no available experimental data, and thus 
focusing resources on high-toxic pesticides evaluation. Moreover, the 
models would also help assess the pesticides during the designing stage 
and screen the low-toxic and high-efficient candidates, thereby saving 

the cost of developing new pesticides. 

2. Datasets and methods 

2.1. Pesticides data collection and curation 

The toxicity data of pesticides against S. costatum were collected 
from two online data toxicological databases: ECOTOX (https://cfpub. 
epa.gov/ecotox/) and OPP Pesticide Ecotoxicity Database (https://eco 
tox.ipmcenters.org/). According to the algal toxicity test guideline 
published by the EPA (OCSPP, 2012), We retrieved the databases with 
setting the search parameters as S.costatum, 96 h exposure time, salt-
water, and median growth inhibition (IC50). The obtained data were 
carefully checked to remove the mixtures, inorganic compounds and 
those with unknow composition. To more accurately reflect the 
dose-response relationship of the pesticide, the data instances from 
lower chemical purity agents (<80%) were also deleted. Notably, there 
existed some pesticides which stored different IC50 values in the data-
bases, we cleaned this part by retaining the minimum one for assessing 
the possible worst situation. Finally, we collected a total of 130 pesti-
cides to develop the models, which mainly fungicides (41), herbicides 
(40), insecticides (36) and some other pesticides such as plant growth 
regulators, microbiocides, and nematicides. We developed the classifi-
cation model with labelled pesticides which classified based on their 
experimental IC50 values. High-concerns referred to the pesticides with 
small IC50 values (<1 mg/L) and low-concerns referred to those with 
greater IC50 values (>1 mg/L). Finally, we got 77 high-concern pesti-
cides and 53 low-concern pesticides. As for the regression modelling, 
only 87 pesticides, which had definite IC50 values, were selected for 
model development. Moreover, for ease of reflecting the toxicity of 
pesticides intuitively, the toxic value IC50 was converted to the format of 
its negative logarithm pIC50 which calculated from the following equa-
tion pIC50 = − log IC50

Mw , where IC50 and Mw represented the median 
inhabitation concentration at 96 h and molecular weight, respectively. 
Pesticides with higher pIC50 value indicated more toxic. The data of 
molecular weight for each pesticide was obtained from the online 
database PubChem (https://pubchem.ncbi.nlm.nih.gov/). 

2.2. Molecular descriptor preparation and training/validation set division 

Molecular descriptors encoded the physicochemical, conforma-
tional, electronic and structural information of a molecule through a 
series of numbers and were considered the basis for model development. 
At this present work, we collected the molecule structure information of 
modeling pesticides from PubChem and saved them as “.sdf” files. The 
software MarvinSketch (version: 20.8.0, https://www.chemaxon.com) 
was used to check if there were errors or ambiguities and finally stored 
the molecular files with “.mol” format, which suitable for PaDEL- 
Descriptor calculation (Yap, 2011). Undoubtedly, some researchers 
developed QSAR models based on three-dimensional (3D) molecular 
and proved their advantage compared with the two-dimensional (2D) 
ones. However, the 3D descriptors generally required some computa-
tional pretreatments, such as geometry optimization and energy mini-
mization, which would require substantially calculation resource 
(Danishuddin and Khan, 2016). For ease of interpretation and reducing 
computational complexity, only 1444 well-defined 2D descriptors were 
selected to develop models. Moreover, we also removed the 
semi-constant descriptors (basically the same value, >80%) and highly 
inter-correlated descriptors (intercorrelation>0.9) descriptors to 
remove useless information and improve modeling efficiency. With 
careful work of data checking and cleaning, we finally got 633 and 650 
descriptors for developing the regression and classification model 
respectively. 

The first priority of this present work was to build computational 
models that help predict the toxicity of pesticides against S.constatum. To 
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evaluate the performance of the obtained models, about 75% data of 
each dataset was selected as the training set for modeling and the rest 
25% data was retained as the external test set for validation (Gramatica, 
2007). In the regression modelling work, three different methods 
response-sorted, Kennard Stone (Kennard and Stone, 1969), and 
Euclidean distance were applied to obtain the training set when devel-
oping the QSAR model. And the three best models which developed from 
the three methods respectively were both presented with the better one 
detailed in the main paper and the rest two collected in the supple-
mentary files. As for the classification model, we randomly split the 
dataset into a training set and a validation set in a ratio of 3:1 using the 
train_test_split method which implemented in the scikit-learn library 
(version: 0.23.0, https://scikit-learn.org/stable/index.html). 

2.3. Model development and validation 

Model developed with appropriate molecular descriptors would help 
avoid overfit or poor-performance problems. Therefore, screening the 
molecular descriptors was the first crucial step in model development, 
which would affect the model quality. Model validation was an essential 
procedure to evaluate the predictive ability of each model and also a 
required step specified by OECD in QSAR modeling (OECD, 2014). 

In the procedure of regression model development, the possible 
modelling descriptor combinations were selected based on the Genetic 
Algorithm and the corresponding models were developed using the 
Multiple Linear Regression method. The internal performance of the 
obtained model was assessed with R2, adjust R2, and Q2

LOO (Leave-One- 
Out cross-validation). Q2

F1∼3 parameters (Q2
F1, Q2

F2, Q2
F3) and CCC 

(concordance correlation coefficient) were used to estimate the model’s 
external predictive ability (Lin, 1989; Gramatica and Sangion, 2016). 
Notably, the MAE-based criteria which calculated from the overall 
prediction residuals would help evaluate the regression models more 
objectively, since there may be some misleading and bias in the R2-based 
metrics (Roy et al., 2016, 2017). And the robustness and predictive 
ability were further validated with the r2

m -series metrics (Roy et al., 
2012). A model with a high r2

m value (r2
m > 0.5) and a low Δr2

m value (Δr2
m 

< 0.2) was considered of good predictive ability. We performed 
y-randomization test to verify the chance correlation between the 
modeled response and the selected modeling descriptors (Eriksson et al., 
2003). Moreover, the VIF (variance inflation factor) and p-value were 
also calculated to evaluatew the descriptors’ modeling qualification. For 
descriptor with a greater VIF value (>10), there would be severely 
collinearity problem between the modeling descriptors, slightly if the 
VIF value greater than 5, and inexistence if the VIF value less than 5 
(O’Brien, 2007). 

As for the development of classification model, we trained the model 
using Random Forest (RF) algorithm, which searched the best molecular 
descriptors among a random subset of molecular descriptors and 
generally yield a better model (Breiman, 2001). The RF algorithm would 
analyze the influence modeling descriptors and calculated the feature 
importance automatically, which would help interpret the obtained 
model. The model was trained based on the training set using the 
GridSearchCV method of 5-fold cross-validation to find the best hyper-
parameters and then estimated the real external predictive performance 
based on the validation set. The predictive performance of the obtained 
classification model was estimated with accuracy (Equation (1)), 
sensitivity (Equation (2)), specificity (Equation (3)) and balanced ac-
curacy (Equation (4)). In the following equations, TP, TN, FP, and FN 
represented the true positive, true negative, false positive and false 
negative respectively. 

Accuracy(ACC)=
TP+ TN

TP+ FP+ TN + FN
(1)  

Sensivity(SN)=
TP

TP+ FN
(2)  

Specificity(SP)=
TN

FP+ TN
(3)  

Balanced Accuracy(BA) =
SN + SP

2
(4) 

The accuracy evaluated the overall correctly predictive ability, 
sensitivity focused on the correctly classified high concern pesticides 
and specificity demonstrated the proportion of correctly predicted low 
concern pesticides. Since the number of high concern pesticides in the 
dataset was greater than the low-concerns, this would introduce some 
imbalance when modeling. Moreover, the accuracy of the obtained 
model mainly depended on the majority class and might show over- 
optimistic performance (Brodersen et al., 2010). Therefore, the model 
was further evaluated with the balanced accuracy which calculated as 
the average of sensitivity and specificity and considered as a less biased 
metric. 

2.4. Applicability domain 

According to the OECD Test Guideline, a model should specify its 
applicability domain, which stipulated the reliable prediction scope of 
the model when evaluating new chemicals (OECD, 2014). At this present 
work, the applicability domain (AD) of the classification model was 
calculated using the STD-AD approach, which standardized the 
modeling descriptors to define the AD with the training set and identify 
outliers in the dataset (Roy et al., 2015). 

. As for the regression model, the AD was presented using the William 
Plot which derived from the leverage value and standardized residue of 
each compound and could verify the structural and response outliers in 
the dataset intuitively. The leverage value of each compound was 
calculated with the equation H = X(XTX)− 1XT , H represented the Hat 
Matrix in which hii represented the hat value of the ith compound, X was 
the modeling descriptors matrix (Hoaglin and Welsch, 1978). The 
threshold of leverage value was defined as h* = 3(k + 1)/n, where k and 
n were the number of modeling descriptors and the size of training set 
respectively. The standardized residue of each compound was obtained 
from the Equation (5). 

δ=
yi − ŷi̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n
i=1

(

yi − ŷi

)2

∕

√

(n − k − 1)

(5) 

In Equation (5), yi and ŷi represented the observed and predicted 
pIC50 values respectively, n was the number of compounds in the dataset 
and k was the number of modeling descriptors. A compound with high 
hat value (hi > h*) was considered as a structural outlier and high value 
of standardized residue (|δ| > 3) was considered as a response outlier. 

3. Results and discussion 

At this work, we developed the regression and classification models 
to evaluate the pesticides toxicity. The quantitative modeling procedure 
resulted in three different QSAR models which derived from the three 
different dataset division methods, with the better one detailed in the 
main paper and the rest two reported in the supplementary files (SI-2). 
The obtained models showed good predictability with Q2

Fn ranged from 
0.719 to 0.776 and CCC equaled 0.878. The values of Q2

Loo (>0.6), r2
m 

(>0.5) and Δr2
m(<0.2) further proved the models’ robustness (Table 1). 

Moreover, the evaluation from MAE-based criteria indicated that the 
quality of each model was ‘GOOD’. The applicability domain of each 
model and outliers of each dataset were presented in the William Plot 
(Fig. 1). The classification model was trained with the Random Forest 
algorithm and the validation results verified the model’s good predictive 
accuracy (0.697), high sensitivity (0.750) and acceptable balanced ac-
curacy (0.683) (Table 1). The descriptors of high importance in 
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qualitative modeling procedure were also presented and discussed in the 
paper. We also analyzed the structure distribution of each dataset using 
the Principal Component Analysis (PCA) algorithm (Figure S1). Some 
other detailed results were supplemented in the supplementary infor-
mation (SI-2). 

3.1. Development of the regression model 

The three QSAR models which trained from three different division 
methods both showed good internal and external predictive perfor-
mance, with high value of R2 (0.700–0.725) and Q2

Fn (0.676–0.848) 
(Table S1-S2). The model developed from the 66 pesticides in the 
training set and 21 pesticides in the validation set which split using the 
sorted-response method showed the relatively better predictability. The 
regression equation of the optimal model was presented as follow: 

pIC50 = 4.917 + 0.444 GATS6m − 0.3083 nssO − 1.184 GATS4c

+ 1.265 SpMax8 Bhm − 0.4248 minHBint4 − 0.2974 C1SP2 

All the selected modeling descriptors were believed of statistical 
significance (p-value<0.05) and had no multicollinearity problems 
(VIF<5) (Table S3). As shown in Table 1, the various internal validation 
metrics verified the good fitness and the robustness of the obtained 
model, which could explain 72.2% variance in the training set 
(R2=0.722) and 65.3% in format of Q2

LOO variance (Q2
LOO=0.653). The 

values of r2
m -series results (r2

mLOO
=0.532, Δr2

mLOO 
= 0.187) further 

demonstrated the good internal predictability of the developed model. 
The validation set comprised of 21 compounds, which never used in the 
training process. The external validation results of Q2

Fn (Q2
F1=0.722, Q2

F2 

= 0.719, Q2
F3 = 0.776) which calculated based on different methods both 

showed good statistical performance. Compared to the Q2
Fn parameters, 

the CCC parameter was considered a more rigorous validation metric 
when evaluating the external predictive ability of a model. At this work, 
we obtained a model with the CCC value of 0.878, greater than the 

accepted threshold of 0.85. Meanwhile, the high value of r2
m(test) (0.737) 

and low value of r2
m(test) (0.039) further verified the good predictive 

performance of the obtained model. The values of MAE and RMSE 
calculated from the external validation set were slightly less than those 
form the training set. The values of average R2

yrand (0.107) and average 
Q2

yrand (-0.128) which calculated from 100 times y-randomization tests 
verified that there existed no chance correlation between the modeling 
descriptors and the response. Finally, the validation results from various 
internal and external statistical metrics illustrated that the obtained 
model was of statistical significance, showed good R2-based and MAE- 
based criteria metrics performance. The obtained model was believed 
of good predictivity, robustness and would help predict the toxicity of 
unknow pesticides against S.costatum. 

There were six descriptors contained in the quantitative model, 
which were SpMax8_Bhm, GATS6m, minHBint4, nssO, GATS4c, and 
C1SP2 (Fig. 2A). The regression coefficient of each modeling descriptor 
was standardized to evaluate its relative impact on the pesticide toxicity. 
The descriptor SpMax8_Bhm encoded the maximum absolute eigenvalue 
of Burden modified matrix - n 8, which weighted based on the relative 
mass. The SpMax-series descriptors were also called spectral indices 
which calculated from the corresponding graph-theoretical matrices. 
They were considered correlated with the molecular branching and a 
higher value generally represented a more branching molecule (Tode-
schini and Consonni, 2009). The largest standardized coefficient of this 
descriptor suggested the great influence of molecular weight and mo-
lecular branching on the pesticide toxicity. The autocorrelation 
descriptor GATS6m was another descriptor with positive contribution to 
the toxicity. This descriptor was defined as the Geary autocorrelation – 
lag 6/weighted by mass and encoded the topological distribution of 
atomic mass along with the spatial molecular graph (Geary, 1954; 
Todeschini and Consonni, 2009). The rest four descriptors both showed 
negative contribution to the pesticide toxicity with gradually declining 
standardized coefficients. minHBint4 represented the minimum E-State 

Table 1 
Validation results for the obtained models.  

Regression Model Training Ntr  R2  R2
a  Q2

LOO  r2
mLOO  

Δr2
mLOO  MAEtr  RMSEtr   

66 0.722 0.694 0.653 0.532 0.187 0.493 0.610  
Validation Next  R2

pred  Q2
F2  Q2

F3  r2
m(test) Δr2

m(test) MAEext  RMSEext  CCC  

21 0.722 0.719 0.776 0.737 0.039 0.463 0.547 0.878 

Classification Model Training Ntr  TP FP TN FP Acc Sn Sp BA 
97 50 27 13 7 0.794 0.877 0.675 0.776 

Validation Next  TP FP TN FP Acc Sn Sp BA 
33 15 8 5 5 0.697 0.750 0.615 0.683 

Abbreviation: CCC: Concordance Correlation Coefficient; TP: True Positive; FP: False Positive; TN: True Negative; FN: False Negative; Acc: Accuracy; Sn: Sensitivity; 
Sp: Specificity; BA: Balanced Accuracy; Ntr: Number of chemicals in the training set; Next: Number of chemicals in the external validation set 

Fig. 1. Plot for the regression model. A. Plot of the Predicted pIC50 versus Observed pIC50; B. William Plot for the regression model.  
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strength of potential hydrogen bonds of path length 4 and nssO counted 
the number of atom-type E-State ssO (-O-) in a molecule (Hall and Kier, 
1995). These two electrotopological descriptors encoded the topological 
and electronic information related to the hydrogen bonds and 
atom-group ssO, respectively, which correlated with the atom polarity 
and steric accessibility. Similar to the GATS6m, GATS4c was also a 
Geary coefficient with lag 4 but weighted by the charges, which related 
to the molecular polarity (Todeschini and Consonni, 2009). Carbon type 
descriptor C1SP2 denoted the doubly bond carbon to one other carbon 
which calculated the carbon connectivity and accounted for the atom 
hybridization, thus correlated with atom electronegativity (Baldim 
et al., 2017). Its negative coefficient indicated that the pesticide toxicity 
would decrease with its increasing value. In summary, the modeling 
descriptors mainly correlated with molecular weight, charge, electro-
topological state, atom polarity and electronegativity. The molecular 
mass-related descriptors contributed positively to the toxicity and the 
electronic-related descriptors showed negative influence. Moreover, the 
selection of SpMax and autocorrelation descriptors, such as 
SpMax8_Bhm, GATS6m and GATS4c, verified the importance of mo-
lecular spatial and topological structure in affecting pesticide toxicity. 

As shown in the William Plot (Fig. 1B), most pesticides were located 
inside the applicability domain which defined by the vertical line h* =

0.318 and the two horizontal standardized coefficient line (δ=±3). One 
pesticide Pyrasulfotole (365400-11-9) in the training set was considered 
as a structural outlier which mainly due to its largest value of minHBint4 
(6.486). Similarly, the pesticide Topramezone (210631-68-8) was 
considered as a structural outlier possibly for its even higher value of 
minHBint4 (6.799). There were three other outliers in the external 
validation set, which were Pentachlorophenol (87-86-5), 2,4,5-Trichlor-
ophenol (95-95-4) and Nitrapyrin (1929-82-4). The structural similarity 
analyzation further verified the applicability domain results. As shown 
in Fig. 2, most pesticides were clustered together except for two regions. 
The first one comprised three pesticides Pentachlorophenol, Tri-
chlorophenol and Nitrapyrin which both had a very high value of 
GATS6m, even greater than the maximum in the training set. Pyr-
asulfotole and Topramezone made up the second outlier region, which 
mainly due to their greater minHBint4 value as abovementioned. The 
applicability domain of the obtained quantitative model was presented 
with the William Plot and further analyzed using the PCA method 
(Figure S1). As shown in Figure S1.B, those five outliers located far away 
from the dataset and were plotted in the edge of the PCA analyzation 
figure. The results from these two approaches demonstrated that the 
pesticides in the training set defined a representative and broad chem-
ical space. 

3.2. Development of the classification model 

The classification model was developed from 130 pesticides with 
randomly selected 97 pesticides for model development and the rest 33 
pesticides for external validation. The model was trained using the 

Random Forest algorithm which calculated the feature importance 
simultaneously in modelling process. The internal performance of the 
model was validated with 5-fold cross-validation. As shown in Table 1, 
the optimal model showed 79.4% predicting accuracy in classifying the 
pesticides and the corresponding model hyperparameters were detailed 
in supplementary information (Table S4). In the training set, 87.7% of 
the high-concern pesticides and 67.5% of the low-concern pesticides 
were correctly predicted by the obtained model. The external perfor-
mance of the model was measured with the validation set. The model 
could classify 75.0% of the high-concern pesticides and 61.5% of the 
low-concerns, and thus got a balanced accuracy value of 68.3%. The 
external validation results suggested that the model had relative high 
sensitivity and low specificity, which indicated the model would have 
better performance in classifying high-toxic pesticides. Generally, reg-
ulators and academic institutions tended to pay more attention to the 
more toxic pesticides which considered ecological hazardous. As for the 
prediction accuracy, the obtained classification model correctly pre-
dicted 69.7% instances in the external validation set. The internal and 
external validation results illustrated the model’s good performance in 
classifying pesticides, especially in identifying high-toxic pesticides. 
Notably, the classification and regression model would support and 
complement each other in predicting new pesticides. We believed that 
the prediction would be reliable when they reach a similar result, either 
high or low. Otherwise, if they gave opposite results, such as the toxicity 
value of a pesticide was predicted relatively low by the regression model 
and labelled high concern by the classification model, we believed that 
this prediction would be unconvincing and should discard the results. 

Scikit-Learn automatically measures a feature’s importance by 
looking at how much tree nodes that use that feature to reduce impurity 
on average (across all trees in the forest). As shown in Fig. 2B, we pre-
sented and detailed the top ten important descriptors. AATS6p was the 
average Broto-Moreau autocorrelation (lag 6) which calculated on the 
polarizabilities-weighted molecular graph (Wagener et al., 1995). This 
autocorrelation descriptor encoded the distribution of polarizability 
along the topological structure and showed the highest impact than the 
other descriptors, which got a value of feature importance more than 
three times than the second descriptor (Todeschini and Consonni, 2009). 
The selection of AATS6p and its extremely high importance score 
demonstrated the importance of polarizability when qualitatively eval-
uating the pesticides toxicity. CrippenLogP was a calculated LogP 
(octanol-water partition coefficient) by adding the lipophilic contribu-
tion from a set of predefined atom-centred fragments and correlated 
with the molecular lipophilicity (Wildman and Crippen, 1999). Gener-
ally, the LogP-series descriptors tended to showed positive contribution 
to the pesticide toxicity. Similar to the SpMax8_Bhm, which had dis-
cussed in the quantitative model interpretation, SpMax3_Bhm also 
belonged to the Burden Modified Eigenvalues descriptor which calcu-
lated from the relative mass-weighted Burden modified matrix. These 
two descriptors were considered encoding the information about mo-
lecular branching thus correlated with the molecular shape. The rest six 

Fig. 2. Molecular descriptors. A. Standardized coefficients of the modelling descriptors for the regression model; B. The top ten important molecular descriptors for 
the classification model. 
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molecular descriptors got similar feature importance score and thus 
showed similar influence on classifying pesticides. Notably, the two 
electrotopological state atom type descriptors SdssC and mindssC 
encoded the E-state of the same atom-type dssC (=C<) but in the 
perspective of the sum and the minimum respectively (Hall and Kier, 
1995). These two descriptors encoded the electrotopological property 
which affected by the dssC E-State in a molecule. Along with the other 
descriptor minHBint4, which had detailed in the quantitative model 
interpretation, these three atom-type E-state series descriptors encoded 
the molecular polarity and steric accessibility, therefore considered 
existing some relationships with molecular hydrophilicity. Opposite to 
the lipophilicity, the molecular hydrophilicity generally contributed 
negatively to the pesticide toxicity, i.e. a molecule of more hydrophilic 
tended to be less toxic. GATS8v belonged to the autocorrelation de-
scriptors and was defined as the Geary autocorrelation – lag 8 which 
weighted by the van der Waals volumes. The selection of this descriptor 
demonstrated the influence of van der Waals volumes on evaluating the 
pesticide toxicity. AATS8p was almost the same as AATS6p except the 
former represented the average Broto-Moreau autocorrelation of lag 8 
and the latter represented the autocorrelation of lag 6. They both 
encoded the information of intermolecular variation and molecular 
polarizability. AATS8p could be considered as a complement to AATS6p. 
The topological charge indices descriptor JGI5 accounted for the mean 
topological charge index of order 5, this descriptor evaluated the global 
charge transfer ability in the molecule (Galvez et al., 1994). 

To evaluate the applicability domain of the classification model 
comprehensively, we analyzed the AD according to the top 10 important 
molecular descriptors using the STD-AD approach. As shown in 
Table S4, four pesticides in the training set were considered as outliers, 
which were Furfural (98-01-1), Ethylene dichloride (107-06-2), 
Dimethyl disulfide (624-92-0), and Saflufenacil (372137-35-4). Their 
over-high or over-low values of some descriptors, which mainly were 
AATS6p, SpMax3_Bhm, SpMax8_Bhm, and SdssC, made them outside 
the AD. As for the validation set, the training set had defined a well- 
representative AD and only one pesticide, Cyflufenamid (180409-60- 
3), was labelled as an outlier which mainly due to its highest value of 
minHBint4 all over the whole dataset. As shown in the structural simi-
larity figure (Figure S1), most pesticides centred together and the out-
liers both located on the edge of the structural similarity figure. Notably, 
the dataset similarity was derived from the first two principal compo-
nents which calculated from the top 10 important descriptors and could 
explain part of the structural variance (61.772%) within the dataset. 
That explained that Cyflufenamid was considered outside the AD even 
with its relatively centred location in the figure (Figure S1). 

4. Conclusion 

Recent years, the application of pesticides greatly improved the yield 
and quality of agriculture production. However, the resulted ubiquitous 
pesticide residues in the environment posed a great threat to the 
ecological system, which attracted more and more attention either from 
regulatory agencies or academic institutions. At this study, we devel-
oped regression and classification models, respectively, to evaluated the 
toxicity of pesticides against S. costatum based on the experimental 
toxicity data which collected from two standard online databases: 
ECOTOX and OPP Pesticide Ecotoxicity Databases. The internal and 
external validation metrics suggested that the regression model was 
robust and good-predictability. And the classification model showed 
relative high sensitivity, illustrated its good performance in classifying 
high-toxic pesticides. 

In consideration of the retained modelling descriptors, most of them 
correlated with the molecular polarizability, mass, shape and electronic 
properties. The molecular weight-weighted SpMax-series descriptors 
contributed the most to the toxicity and the polarizability-weighted 
autocorrelation descriptors impacted the most in classifying pesticides. 
Notably, minHBint4, nssO, SdssC and mindssC presented in the models, 

they both belonged to the atom-type E-state descriptors encoded the 
topological and electronic information and correlated with the molec-
ular hydrophilicity. Chemicals with higher hydrophilicity tend to be 
more soluble and easily excreted with fluids such as urine, thus exhibit 
less-toxic. The lipophilic descriptor CrippenLogP obtained the second 
importance score in the classification model, which indicated the 
impaction of molecular lipophilicity on evaluating pesticides. Moreover, 
the selection of carbon-type, topological-charge and van der Waals 
volumes-weighted autocorrelation descriptors illustrated that the 
pesticide toxicity was affected by lots of factors. Eventually, the 
regression and classification presented in this paper would help evaluate 
the toxicity of pesticide against S. costatum more efficiently and 
economically. 
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Baldim, J.L., Alcântara, B.G., Domingos, O.S., et al., 2017. The correlation between 
chemical structures and antioxidant, prooxidant, and antitrypanosomatid properties 
of flavonoids. Oxid. Med. Cell. Longev. 3789856. 

Breiman, L., 2001. Random forest. Mach. Learn. 45, 5–32. 
Brodersen, K.H., Ong, C.S., Stephan, K.E., et al., 2010. The Balanced Accuracy and its 

Posterior Distribution. 2010 20th International Conference on Pattern Recognition. 
Presented at the 2010 20th International Conference on Pattern Recognition (ICPR). 
IEEE, 2010.  

Carvalho, F.P., 2017. Pesticides, environment, and food safety. Food Energy Secur 6, 
48–60. 

Danishuddin, Khan, A., 2016. Descriptors and their selection methods in QSAR analysis: 
paradigm for drug design. Drug Dicov Today 21, 1291–1302. 

EPA PIRA, 2004. PRIA: Pesticide Registration Improvement Act Overview and History. 
Last accessed in 2020.7. https://www.epa.gov/pria-fees/pria-overview-and-history. 

Eriksson, L., Jaworska, J., Worth, A.P., et al., 2003. Methods for reliability and 
uncertainty assessment and for applicability evaluations of classification- and 
regression-based QSARs. Environ. Health Perspect. 111, 1361–1375. 

Galimberti, F., Moretto, Papa E., 2020. Application of chemometric methods and QSAR 
models to support pesticide risk assessment starting from ecotoxicological datasets. 
Water Res. 174, 115583. 

Galvez, J., Garcia, R., Salabert, M.T., et al., 1994. Charge indexes. New topological 
descriptors. J. Chem. Inf. Comput. Sci. 34, 520–525. 

Geary, R.C., 1954. The contiguity ratio and statistical mapping. Inc. Statistician 5, 
115–145. 

Gramatica, P., 2007. Principles of QSAR models validation: internal and external. QSAR 
Comb. Sci. 26, 694–701. 

Gramatica, P., Sangion, A., 2016. A historical excursus on the statistical validation 
parameters for QSAR models: a clarification concerning metrics and terminology. 
J. Chem. Inf. Model. 56, 1127–1131. 

Hall, L.H., Kier, L.B., 1995. Electrotopological state indices for atom types: a novel 
combination of electronic, topological, and valence state information. J. Chem. Inf. 
Model. 35, 1039–1045. 

L. Yang et al.                                                                                                                                                                                                                                    

https://doi.org/10.1016/j.chemosphere.2021.131456
https://doi.org/10.1016/j.chemosphere.2021.131456
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref1
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref1
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref2
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref2
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref2
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref3
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref4
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref4
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref4
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref4
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref5
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref5
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref6
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref6
https://www.epa.gov/pria-fees/pria-overview-and-history
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref8
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref8
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref8
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref9
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref9
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref9
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref10
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref10
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref11
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref11
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref12
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref12
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref13
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref13
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref13
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref14
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref14
http://refhub.elsevier.com/S0045-6535(21)01928-7/sref14


Chemosphere 285 (2021) 131456

7

Hansch, C., Fujita, T., 1964. A method for the correlation of biological activity and 
chemical structure. J. Am. Chem. Soc. 86, 1616–1626. 

Hoaglin, D.C., Welsch, R.E., 1978. The hat matrix in regression and ANOVA. Am. 
Statistician 32, 17–22. 

Kennard, R.W., Stone, L.A., 1969. Computer aided design of experiments. Technometrics 
11, 137–148. 

Kim, K., Kabir, E., Jahan, S.A., 2017. Exposure to pesticides and the associated human 
health effects. Sci. Total Environ. 575, 525–535. 

Lin, L.I., 1989. A concordance correlation coefficient to evaluate reproducibility. 
Biometrics 45, 255–268. 

Mancini, F., Woodcock, B.A., Isaac, N., 2019. Agrochemicals in the wild: identifying links 
between pesticide use and declines of nontarget organisms. Curr. Opin. Environ. Sci. 
Health. 11, 53–58. 

O’Brien, R.M., 2007. A caution regarding rules of thumb for variance inflation factors. 
Qual. Quantity 41, 673–690. 

OCSPP, 2012. Ecological Effects Test Guidelines OCSPP 850.4500. Algal Toxicity. 
OECD, 2006. Report on the Regulatory Uses and Applications in OECD Member 

Countries of (Quantitative) Structure-Activity Relationship [(Q)SAR] Models in the 
Assessment of New and Existing Chemicals. OECD Publishing, Paris.  

OECD, 2014. Guidance Document on the Validation of (Quantitative) Structure-Activity 
Relationship [(Q)SAR] Models. No. 69. In: OECD Series on Testing and Assessment. 
OECD Publishing, Paris.  

OECD, 2015. G20/OECD Principles of Corporate Governance. OECD Publishing, Paris.  
Pandey, S.K., Ojha, P.K., Roy, K., 2020. Exploring QSAR models for assessment of acute 

fish toxicity of environmental transformation products of pesticides (ETPPs). 
Chemosphere 252, 126508. 

1107/ Reg.EC, 2009. Regulation (EC) No 1107/2009 of the European Parliament and of 
the Council of 21 October 2009 Concerning the Placing of Plant Protection Products 
on the Market and Repealing Council Directives 79/117/EEC and 91/414. EEC. 

1907/ Reg.EC, 2006. Regulation (EC) No 1907/2006 of the European Parliament and of 
the Council of 18 December 2006 Concerning the Registration, Evaluation, 
Authorisation and Restriction of Chemicals (REACH), Establishing a European 
Chemicals Agency. Amending Directive 1999/45/EC and Repealing Council 
Regulation (EEC) No 793/93 and Commission Regulation (EC) No 1488/94 as Well 
as Council Directive 76/769/EEC and Commission Directives 91/155/EEC, 93/67/ 
EEC, 93/105/EC and 2000/21/EC.  

Reg, E.U., 283/2013. COMMISSION REGULATION (EU) No 283/2013 of 1 march 2013 
setting out the data requirements for active substances. Accordance with Regulation 
(EC) No 1107/2009 of the European Parliament and of the Council Concerning the 
Placing of Plant Protection Products on the Market. 

Roy, K., Das, R.N., Ambure, P., et al., 2016. Be aware of error measures. Further studies 
on validation of predictive QSAR models. Chemometr. Intell. Lab. Syst. 152, 18–33. 

Roy, K., Ambure, P., Aher, R.B., 2017. How important is to detect systematic error in 
predictions and understand statistical applicability domain of QSAR models? 
Chemometr. Intell. Lab. Syst. 162, 44–54. 

Roy, K., Kar, S., Ambure, P., 2015. On a simple approach for determining applicability 
domain of QSAR models. Chemometr. Intell. Lab. 145, 22–29. 

Roy, K., Mitra, I., Ojha, P.K., et al., 2012. Introduction of r2
m(rank) metric incorporating 

rank-order predictions as an additional tool for validation of QSAR/QSPR models. 
Chemometr. Intell. Lab. 118, 200–210. 

Stehle, S., Schulz, R., 2015. Agricultural insecticides threaten surface waters at the global 
scale. Proc. Natl. Acad. Sci. Unit. States Am. 112, 5750–5755. 

Tang, W., Wang, D., Wang, J., et al., 2018. Pyrethroid pesticide residues in the global 
environment: an overview. Chemosphere 191, 990–1007. 

Technical Working Group On Pesticides (TWG), 2012. Quantitative Strucure Activity 
Relationship [(Q)SAR] Guidance Document, pp. 1–186. 

Tilman, D., Balzer, C., Hill, J., et al., 2011. Global food demand and the sustainable 
intensification of agriculture. Proc. Natl. Acad. Sci. Unit. States Am. 108, 
20260–20264. 

Todeschini, R., Consonni, V., 2009. Molecular Descriptors for Chemoinformatics: Volume 
I: Alphabetical Listing/volume II: Appendices, References. John Wiley & Sons. 

Toropov, A.A., Toropova, A.P., Benfenati, E., 2020. QSAR model for pesticides toxicity to 
Rainbow Trout based on "ideal correlations. Aquat. Toxicol. 227, 105589. 

Tsygankov, V.Y., Lukyanova, O.N., Boyarova, M.D., 2018. Organochlorine pesticide 
accumulation in seabirds and marine mammals from the Northwest Pacific. Mar. 
Pollut. Bull. 128, 208–213. 
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