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Abstract: Organophosphorus pesticides are the largest and most diverse pesticides. The overuse of 

pesticides will cause them to remain in the food, water, soil, and air, hazardous to human health. This 

study was conducted in three seasons to determine organophosphorus pesticide concentration. The 

experiments were modeled using artificial neural networks. The results showed that parathion, 

malathion, and diazinon concentrations were significantly different (p<0.05). The most concentrations 

were observed in Aug, September, and October. The OPPs concentration in water treatment plants' 

effluents indicated that concentrations of pesticides were below the maximum contaminant level. Base 

on the results of an artificial neural network, the model performance to be the best prediction for 

malathion concentration in the WTP (NO.1), with 6 neurons with R2 = 0.887, parathion with 5 neurons 

and R2 = 0.711, and diazinon with 11 neurons and R2 = 0.714. The finding of ANN modeling for 

malathion concentration in the WTP (NO.2), with 9 neurons and R2 = 0.713, parathion, one hidden layer 

with 6 neurons and R2 = 0.71, and parathion with 15 neurons and R2 = 0.674 were showed the best 

prediction. 
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1. Introduction 

The Pesticides used in agriculture can enter surface water sources through irrigation 

and rainfall and cause pollution of these waters, which can also have adverse effects indirectly 

through agricultural products and entry into the food chain [1-4]. Nervous gastrointestinal 

disorders and endocrine disorders are among the adverse effects of emerging organic 

compounds, herbicides, and organic toxins [5-8]. Organophosphorus toxins are considered a 

serious threat to human health due to their effect on the enzyme cholinesterase activity and 

disarrangement for the central nervous system. According to global statistics, the highest 

mortality due to pesticides is related to organophosphorus pesticides. Among the phosphorus 

pesticides, parathion, malathion, and diazinon are used by farmers due to their effect on a wide 

range of pests and low cost than other pesticides [6].  

The overuse of pesticides will cause them to remain in the food, water, soil, and air, 

hazardous to human health. Therefore, international forums (World Health Organization and 
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United Nation Food and Agriculture Organization) formulate a list of Acceptable Daily Intake 

(ADI) and Maximum Residue Limit (MRL) to reduce harmful exposure to these substances 

[9]. The permissible limits for parathion, malathion, and diazinon are 0.1mg m-3, 1 mg m-3, and 

0.01 mg m-3, respectively [6]. Modeling the inlet and outlet of the treatment plant is essential 

for the prediction of treatment plant output. Moreover, certain critical process parameters 

cannot be measured online, so it is hard to recognize and address troublesome circumstances 

quickly; therefore, it is challenging to model treatment plant flows, and most current models 

are estimated based on assumptions. These features make it difficult to achieve the treatment 

plant production efficiency using traditional methods for modeling. Therefore, advanced 

modeling techniques need to be developed to forecast treatment plant production. Neural 

networks have also been found to be promising techniques in historical data predicting.  

Artificial neural networks (ANN) are achievements that can be used to model complex 

and unknown phenomena by modeling the human brain network [10-15]. Neural networks are 

made up of simple units called neurons and provide cells similar to those found in the human 

brain. In a network, neurons are acquired by weight connections. By adjusting these weights, 

the process of learning within the network is achieved. The neural network including a set of 

layers. The first layer containing the input data, and the last layer is containing the output data. 

The underside layers fit between the inlet and outlet layers. Neural networks can be monolayer 

or multilayer. The process of analyzing the data starts with the input parameters to the first 

layer of neurons, and then the data propagates to the second layer neurons for further 

adjustments. The results are then transmitted to the next layer, and this process continues to 

reach the output data layer [14, 16, 17]. As one of the agricultural and industrial areas, including 

oil, gas and petrochemicals and steel industries, the province of Khuzestan contributes to mass 

production and discharge in various ways. The many fertile agricultural lands throughout the 

province are also a major source of consumption and disposal of herbicides, pesticides, and 

organic matter. Since one of the final destinations for many of these compounds is the 

province's surface water resources, on the other hand, the source of drinking water supply for 

a significant part of the urban population is the surface water resources of Khuzestan province. 

So, monitoring and tracking these compounds in the catchment and outlet of Khuzestan water 

treatment plants (WTPs) are very important. 

2. Materials and Methods 

 2.1. Chemicals. 

Three organophosphorus pesticides (OPPs) have been used in this study, which 

contains parathion, malathion, diazinon, which were analytical grade and purchased from 

Sigma–Aldrich. The acetone, dichloromethane, de-ionized water, and methanol were analytical 

grade and purchased from Sigma–Aldrich. Methanol was used to prepare Stoke standard 

solutions. It should be noted that this solution was stored at 4 ◦C to prevent degradation.  

2.2. Sample collection. 

A period of seven months in 2019 was used for sampling from inlet and effluent of the 

WTPs (No. 1 and 2 in Ahvaz city), which receive their raw water from Karun River. This study 

was carried out in three seasons (winter of 2018 and autumn and summer of 2019) (August, 

September, October, November, December, January, February). The weekly sampling had 

been carried out to determine parathion, malathion, and diazinon concentration. The samples 
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were gathered from 10 cm beneath the water surface in 2.5 L of glass bottles, topped off to the 

seal,, and put away at 4 °C in dull until the investigation because drainage of sugarcane industry 

enters the Karun River and phosphorus pesticides are used in this industry. The sampling period 

of 7 months in this study was done before, during, and after cultivation season. 

2.3. Extraction of OPPs residues. 

Liquid extraction technique (DLLME) was used to extract pesticides [18, 19]. The 

separation was performed using a polypropylene cartridge column with one gram of silica gel 

that had previously been incubated at 130 ° C for 10 h. Then 20 mL of dichloromethane was 

used for the column cartridge washing process. The samples were concentrated using a rotary 

evaporator (Buchi Rotavapor  R- 210, USA) at a temperature of 40 ° C. The residual sample 

was resuspended in 1 mL of ethyl acetate and was a move to vials of 2 mL, and the sample was 

prepared for injection.  The gas chromatograph conditions were used in this study as follows: 

injection temperature of 220 ° C, the gas pressure of 60 PSI, column temperature of 190 °C, 

detector temperature of 270 ° C, nitrogen gas velocity 30 mL min-1, column length 200 cm, 

inner diameter 2 mm. All analyses were carried out with a  Gas Chromatography-Mass 

Spectrometer system (GC Agilent 7890 and MS Agilent 5975, USA). To assess the affectability 

of the DLLME and GC-MS method for analysis of OPPs, the estimations of Limit of Detection 

(LOD) and Limit of Quantitation (LOQ) were calculated for each analyte. The LODs for 

parathion, malathion, and diazinon were 10.9, 39.6, and 1.6  (ng L-1), respectively, and the 

LOQs for the mentioned analytes were 35.1, 132.4, and 5.7 (ng L-1). 

2.4. Artificial neural networks (ANN) modeling.  

ANNs are numerical models comprising straightforward, thickly interconnected 

components known as neurons, normally orchestrated in a layer. The ANN model's main 

practice is to plan a group of inputs to a group of outputs. The approaching signs are imitated 

by relative loads through which they are circulated concerning neurons or node, where they are 

aggregated (summarized). Accordingly, the net info is talented the initiation capacity to 

gracefully the output. The output of every node is obtained by registering the estimation of the 

enactment work for the result of the information vector and the weight vector in addition to the 

estimation of the inclination identified with the node. Mathematically this can be represented 

as Equation 1 [20]. 

𝑌 = 𝑓(∑ 𝑤𝑖. 𝑥𝑖 + 𝑏)𝑁
𝑖=1                                                                         (1) 

Where, xi (i = 1,2, ... n) are inputs and wi (i = 1,2, … n) are respective weights, b is the bias, y 

is the output and f(.) is the activation function. The net contribution to the node can be 

communicated as Equation 2 [20]: 

𝑛𝑒𝑡 = ∑ 𝑥𝑖𝑤𝑖
𝑛
𝑖=1                                                                                   (2) 

Artificial neural networks (ANNs) have been utilized in various domains for modeling 

and prediction with high accuracy due to their ability to learn and adapt [17, 21]. The first 

practical application of artificial neural networks was performed by Rosenblatt [22] to 

introduce multilayer perceptron (MLP). Multilayer perceptron (MLP) comprises input, hidden, 

and output layers, which are considered neurons in each layer's network architecture. The 

quantity of neurons in the input and output layers is controlled by the idea of the issue under 

study, while the number of neurons in the hidden layers as well as the quantity of these layers 

by trying and errors to reduce the amount of error. In this study, for modeling the phosphorus 
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pesticides concentration in the treatment plant effluent using MLP  model, one hidden layer 

with different neurons and sigmoid function boundary stimulus functions and different training 

methods were used. The post-propagation error method with the Levenberg-Marquardt 

algorithm has been used for faster convergence in network training. In this study, the 

experiments were modeled using artificial neural networks.  

The attributed data are included one input (Intel OPPs concentration of treatment plant 

( Number1 and Number 2)) and 6 output attributes (Outlet OPPs concentration of both 

treatment plant). Fig. 1 illustrates the structure of a multilayer perceptron with one output and 

one hidden layer. The calculation of ANN was performed using MATLAB. 

 
Figure 1. Network structure of multilayer perceptron with one output and one hidden layer. 

2.5. Statistical analysis. 

All data were analyzed utilizing Excel, SPSS v.23 software for windows. Descriptive 

statistics such as means, standard deviation, max, and min values were assessed first. The 

normality of data was checked utilizing the Kolmogorov-Smirnov test (significance value was 

weighed as P value ≤ 0.05) [23]. 

3. Results and Discussion 

3.1. OPPs concentration. 

The distribution of OPPs concentration in the intakes of WTPs from Karun River during 

the sampling period was presented in Fig. 2.  

 
Figure 2. Variations of OPPs concentration vs. the time in Karun River. 
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The results of comparing the mean concentrations of pesticides in different months 

using the analysis of variance test with repeated measures showed that the concentrations of 

parathion, malathion, and diazinon during seven months significantly different (p<0.05). The 

mean concentration of pesticide in surface water sample was exceeded from European Union 

maximum residue limit (MLR) of 1 µg L-1 for total pesticide in surface water [24] and within 

range of MRL of WHO [25]. 

As can be seen, the most concentrations were observed in Aug, September, and 

October. The remaining months were showed almost similar concentrations. These months are 

mostly corresponding to the time during and after the cultivation period. The washout of 

applied pesticides resulted in increased OPPs concentrations in water resources.  Precipitation 

is another factor affecting water pollution because of the high rainfall level that increases 

pesticide pollution risk. The transmission of pesticides in water resources is directly followed 

by using these compounds for target regions in drains after the rain. The soil structure change 

also occurs by shifting pesticides from the absorption site by water and soil that has been 

transferred into water by soil erosion because rain washes and discharges freshly applied 

pesticides into water sources, coincident with the irrigation period in Khuzestan province 

farms. These findings may be attributed to decreased river water volume, reduced rainfall, and 

increased temperature in the summer [13, 26, 27]. It should be mentioned that these pesticides 

are often used in autumn and summer in Khuzestan province.   

Organophosphate pesticides are used by farmers more than other pesticides due to their 

wide range of applications and low cost. Also, field results show that most farmers do not take 

the necessary precautions in using pesticides, and this practice has led to the spread of pesticide-

related diseases in these agricultural areas. 

Some previous study studies are inconsistent with the present study and OPPswas more 

than MRLs of WHO [24, 28, 29]. The presence of pesticides in water sources can be due to the 

movement of toxins from agricultural lands to water sources, regional runoff, and soil leakage 

[30]. The residual concentration of pesticides in water resources depends on a different 

parameter such as water temperature, hydrolysis, the phenomenon of adsorption of pesticides 

by organic matter in soil and water, the number of solutes in water, the proximity of water 

resources and agricultural lands [31], hence the residual concentrations of organic phosphorus 

toxins in different sources are different from each other. In another study, it was found that the 

residual concentrations of diazinon and malathion were higher than the permitted values up to 

one month after spraying, but the residual pesticides decreased to zero after two to three months 

[32]. A previous study that investigated pesticide residues in California surface waters showed 

that 92% of the samples contained one or more pesticides, some of which had higher than 

standard diazinon values [33]. The results of this study were in consistent with the results of 

the present study. The difference in the amount of insecticide was related to pesticides 

consumed by farmers. Also, the low price of pesticides is not ineffective in the overuse of 

pesticides in Kermanshah province. Factors such as population increase, food shortages, and 

the occurrence of various diseases of agricultural products have caused farmers to resort to the 

use of fertilizers and pesticides. Increasing farmers’ awareness and scientific performance 

following the latest scientific principles and correct crop cultivation concerning the amount of 

pesticide consumption, how to use, and frequency of use in agricultural lands can prevent the 

excessive entry of agricultural pesticides into soil and water resources. 

The results of OPPs concentration in the effluents of WTPs indicated that the 

concentrations of pesticides were below the maximum contaminant level (Table 1). The high 
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removal of OPPs and zero discharge could be attributed to chemical agents' application in the 

coagulation unit, oxidants, sand filtration, and activated carbon column [34]. However, some 

of the pesticides were observed in the post-treatment stage. It is essential to mention that many 

of these OPPs were eliminated numerous years ago and their existence in water-sediment due 

to prior utility and persistent nature of these compounds. Also, the results of OPPs 

concentration in effluent indicated that was nothing observed in January, February. The Karun 

River flow rate is high during the winter and autumn months, so it increased the mixing of 

water with air and dissolved oxygen levels. The increasing amount of dissolved oxygen in the 

water leads to a reduction in microbial contamination and the concentration of other chemical 

pollutants causing a possible pesticide reaction in the river water  with oxygen, resulting in the 

oxidation and change in the pesticide structure, or its destruction [35].  

Table 1. Concentration of OPPs in the inlet of water WTP of NO.1 and 2 Ahvaz. 

OPPs (µgL-1) N Minimum Maximum Mean Std. Deviation 

Intel of  WTPs      

Parathion 7 0.10 10.00 3.5857 3.39138 

Malathion 7 0.10 10.00 4.0143 3.76848 

Diazinon 7 0.10 5.00 2.8714 2.09341 

Outlet of WTPs NO.1      

Parathion 7 0.00 0.07 0.0371 0.02870 

Malathion 7 0.00 0.09 0.0500 0.03606 

Diazinon 7 0.00 0.08 0.0443 0.03207 

Outlet of WTPs NO.2      

Parathion 7 0.00 0.09 0.0414 0.03436 

Malathion 7 0.00 0.09 0.0514 0.03716 

Diazinon 7 0.00 0.09 0.0486 0.03579 

3.2. ANN model results. 

One of the most fundamental artificial neural models available is the Multi-Layer 

Perceptron (MLP) model, which imitates the human brain's transfer function. In this type of 

neural network, most of the behavior of human brain networks and signal propagation has been 

considered, and hence, they are sometimes referred to as feed-forward networks. Each neuron 

in the human brain, called a neuron, processes input (from another neuron or non-neuron) and 

transmitted the result to another cell (neuron or non-neuron). This behavior continues until a 

definite output is reached, which is likely to eventually led to a decision, process, thought, or 

move [27, 36]. 

, The amount of neurons in the hidden layer is primarily liable for correlation between 

different input and output considered in building up an MLP ANN. The best system for 

choosing the best possible number and size (s) of the hidden layer(s) is experimentation.  Thus, 

the hidden layer becomes very important in MLP-ANN modeling, and it will result in better 

efficiency and comparatively less training of the network [37]. In this study, a feed-forward 

MLP model with one hidden layer was used to predict OPPs concentration. An experimentation 

framework was utilized to determine the optimal neuron number concerning MSE decrease to 

minimize the error. Each trial with MLP (test and train) was done multiple times (7run), and 

we obtain the mean estimations of the error to contemplate the relationship between indicators 

and execution. In training data, the RSME decreases with the increased number of neurons in 

the hidden layer. As the number of neurons increases, the RSME in the test data increases. This 

increase is a sign of the over-training of neural networks. If the number of neurons increases 

from a certain level, the neural network will retain the data instead of training. So, the RMSE 
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in the training data will decrease. According to this process, the optimal number of neurons 

was selected. 

In the process of designing and training an artificial neural network, the accuracy of the 

intra-loop network is developed, which values the weights and biases to achieve optimal values 

in terms of R2 and MSE. Neural network testing is usually performed in two stages of calling 

and generalization to evaluate its performance in predicting outputs. In the call phase, the data 

sets are applied to train the network for evaluate network performance. In the generalization 

phase, network performance is evaluated using new data sets. In the call phase, during the 

training process, the network performance is checked against the actual data [13, 38].  

The high value of R2 indicates the ability of the model to predict the concentration of 

OPPs. The models generated by neural networks within the defined range predict the 

concentration of OPPs. This model will not work well for data outside the defined range. In 

this study, the numbers of neurons in the hidden layer have been considered in the range 

varying from 5 to 15, satisfying all the criteria as the number of one input and 6 output. In this 

way, 12 model network architectures were attempted to select the best model architecture for 

MLP. The comparison between actual and predicted data for OPPs concentration is indicated 

in Fig. 3-8. Base on the results of an artificial neural network, the model performance was 

found to be the best prediction for malathion concentration in the WTP (NO.1) of Ahvaz (Fig. 

3), with 6 neurons with R2 = 0.887, parathion (Fig. 4) with 5 neurons and R2 = 0.711 and 

diazinon (Fig. 5) with 11 neurons and R2 = 0.714. 

The finding of ANN modeling for malathion concentration in the WTP (NO.2) (Fig. 6), 

with 9 neurons and R2 = 0.713, parathion (Fig. 7), one hidden layer with 6 neurons and R2 = 

0.71, and parathion (Fig. 8) with 15 neurons and R2 = 0.674 were showed the best prediction. 

The results of the ANN model for various numbers of neurons were indicated in Fig. 9. In this 

study, the minimum RMSE of 1.66 was achieved for malathion in WTP (NO.1). The results of 

artificial neural network modeling for OPPs concentration after treatment showed that the 

model could predict the concentration of OPPs after treatment, and the model for malathion 

was showed the best prediction in the both WTPs of Ahvaz. In the previous study was reported 

that ANN model had the option to forecast the effluent wastewater quality with a correlation 

efficiency of 0.97 [16]. Another study was found that ANN model developed forecasting of the 

effluent. [39] Another study was applied the ANN model to predict the effluent WTP 

performance in dairy industry. It was investigated that, ANN model provides an effective 

analysis to comprehend and imitate the non-linear manner of the WTP [12, 40-42]. 

 
Figure 3. Prediction of malathion concentration in WTP of NO.1 
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Figure 4. Prediction of malathion concentration in WTP of NO.1. 

 
Figure 5. Prediction of diazinon concentration in WTP of NO.1. 

 
Figure 6. Prediction of malathion concentration in WTP of NO.2. 
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Figure 7. Prediction of parathion concentration in WTP of NO.2. 

 
Figure 8. Prediction of diazinon concentration in WTP of NO.2. 

 
Figure 9. The consequences of test and train the ANN model with a various number of neurons. 

https://doi.org/10.33263/BRIAC116.1403214043
https://biointerfaceresearch.com/


https://doi.org/10.33263/BRIAC116.1403214043  

 https://biointerfaceresearch.com/ 14041 

4. Conclusions 

 In this study, organophosphorus pesticide residue was investigated in Ahvaz water 

treatment plant. The mean concentration of pesticide in surface water sample was exceeded 

from European Union maximum residue limit (MLR) of 1 µg L-1 for total pesticide in surface 

water and within range of MRL of WHO guideline for pesticide. The results of OPPs 

concentration in the effluents of water treatment plants indicated that the concentrations of 

pesticides were below the maximum contaminant level. The results of artificial neural network 

modeling for OPPs concentration after treatment were showed that the model was able to 

predict the concentration of OPPs after treatment. The ANN model for malathion was showed 

the best prediction in both WTPs. 
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