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ABSTRACT: Industrial agricultural systems have significantly increased global food production but have simultaneously 

intensified environmental degradation through excessive pesticide application, fertilizer runoff, and soil contamination. Such 

common practices exacerbate the accumulation of long-lasting chemical residues into soil and aquatic ecosystems, posing 

intricate ecotoxicological consequences that are hard to evaluate through traditional analytical strategies. We propose a 

machine learning (ML) based ecotoxicological assessment framework that can better capture the environmental risk of 

industrial agricultural practices. A hybrid dataset containing pesticide concentration levels, soil physicochemical parameters, 

water quality indices, and biological toxicity endpoints was simulated by gathering real-world data described in the peer 

reviewed literature to calibrate. Various ML algorithms, such as Random Forest (RF), Support Vector Machine (SVM), 
Gradient Boosting Executive Manager system with Decision Trees (XGBoost), and Artificial Neural Networks ANN), were 

applied to generate expected values of ecotoxicological risk indices ERI. The results show that the best models were obtained 

from XGBoost (R² = 0.93) and Random Forest (R² = 0.91), confirming an effective representation of complex nonlinear 

ecological interactions in these species assemblages. The feature importance analysis identified pesticide persistence, soil 

organic carbon, and nitrate leaching as the three main contributors to ecological toxicity. The outer data show that ML-based 

approaches outperform classical statistical techniques for modeling multivariate ecological interactions across large datasets. 

Machine learning provides a powerful, scalable, and interpretable framework for ecotoxicological assessment in industrial 

agriculture. The technique also facilitates early warning of environmental contamination and assists sustainable agricultural 

decisions. 
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1. INTRODUCTION 
The intensive production systems we rely on for global food have been created by industrial agriculture, which utilizes the high 

yield potential associated with synthetic fertilizers, pesticides, and monocropping strategies. Although this approach 

contributed to increased food security, it also resulted in massive environmental outbreaks such as biodiversity loss, soil 

degradation, and eutrophication European Environment Agency, 2020 hiding and polluting groundwater systems. 
 

The research and assessment of ecotoxicology is essential for assessing the impacts from agricultural pollutants on non-target 

organisms, such as soil microbes, aquatic fauna, or terrestrial flora. Conventional ecotoxicological assessments still rely largely 

on laboratory toxicity tests and linear statistical models, which are known to obscure nonlinear interactions among 

environmental variables. 

 

Recent advances in artificial intelligence AI and machine learning (ML) present new opportunities for environmental risk 

assessment. ML models can combine large-scale, heterogeneous datasets and reveal hidden patterns of pollutant behavior and 

ecological responses. 

 

1.1. RESEARCH PROBLEM 
Existing ecotoxicological assessments are, however, constrained by their scalability, predictive power, and real-time 

operability in agricultural systems. 

 

1.2. RESEARCH GAP 
Limited ML frameworks integrated in ecotoxico logical risk modeling: 

 The sparsity of multi-variable datasets in ecological studies related to agricultural pollution. 

 Non-predictive ecotoxicological modeling for the long run 
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1.3. HYPOTHESIS 

Anticipated Ecotoxico logical Risk from Industrial Agricultural Practices Better Predicted Using Machine Learning-Based 

Models than More Traditional Statistical Approaches. 

 

2. LITERATURE REVIEW 
2.1. RECENT STUDIES HAVE EXPLORED ENVIRONMENTAL POLLUTION USING COMPUTATIONAL MODELS 

Ecotoxico logical Risk Assessment has typically been based on dose-response laboratory experiments (Posthuma et al., 2019). 

 

The applications of machine learning in environmental sciences have grown significantly, especially for pollution prediction 

and climate modeling (Reichstein et al., 2019). 

 

The Random Forest and Gradient Boosting algorithms have performed strongly in predicting soil contamination, as previously 

reported (Zhang et al., 2021). 
 

Such an application of Artificial Neural Networks in pesticide residue prediction has shown high accuracy but less 

interpretability (Li et al., 2022). 

 

Key Research Gaps Identified 

 
TABLE 1 Research Gaps in AI-Driven Agricultural Toxicity Prediction Systems 

Gap Description 

Data Integration Lack of multi-source ecological datasets 

Model Interpretability Black-box Nature of deep learning models 

Temporal Prediction Limited forecasting of long-term toxicity 

Field Validation Insufficient real-world agricultural validation 

 

3. RESEARCH METHODOLOGY 
3.1. STUDY DESIGN 
A hybrid computational ecotoxicology framework was developed combining environmental monitoring data with machine 

learning models. 

 

3.2. DATASET DESCRIPTION 
The dataset includes: 

 Pesticide concentration (mg/L) 

 Soil organic carbon (%) 

 Nitrogen and phosphorus levels 

 Water pH and turbidity 

 Concentración de metales pesados (Pb, Cd, Hg) 

 Inhibition of algal growth, mortality rate of fish → response from bioindicators 

 

3.3. MACHINE LEARNING MODELS USED 

 Random Forest (RF) 

 Support Vector Machine (SVM) 

 Gradient Boosting (XGBoost) 

 Artificial Neural Networks (ANN) 

 

3.4. ECOTOXICOLOGICAL RISK INDEX (ERI) 
The ERI was computed as: 

ERI=∑(Ci×Ti×Ei)ERI = \sum (C_i \times T_i \times E_i)ERI=∑(Ci×Ti×Ei) 
 

Where: 

 CiC_iCi = contaminant concentration 

 TiT_iTi = toxicity factor 

 EiE_iEi = environmental exposure coefficient 

 

3.5. DATA PREPROCESSING 

 Normalization using Min-Max scaling 

 Missing value imputation using KNN 

 Outlier detection using Z-score method 
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3.6. EVALUATION METRICS 

 R² Score  

 RMSE (Root Mean Square Error)  

 MAE (Mean Absolute Error)  

 

4. RESULTS AND DISCUSSION 
4.1. MODEL PERFORMANCE COMPARISON 

TABLE 2 Performance Comparison of Machine Learning Models Using R² Score, RMSE, and MAE 

Model R² Score RMSE MAE 

SVM 0.82 0.41 0.29 

ANN 0.88 0.34 0.24 

Random Forest 0.91 0.28 0.19 

XGBoost 0.93 0.25 0.17 

 

Interpretation 
XGBoost demonstrated the highest predictive accuracy due to its ability to handle nonlinear interactions and feature 

interactions effectively. 

 

4.2. FEATURE IMPORTANCE ANALYSIS 
TABLE 3 Feature Importance Scores for Agricultural Toxicity Prediction 

Feature Importance Score 

Pesticide persistence 0.34 

Soil organic carbon 0.22 

Nitrate leaching 0.18 

Heavy metal concentration 0.15 

Water pH 0.11 

 

Key Insight 

Pesticide persistence emerged as the strongest predictor of ecotoxicological risk. 

 

4.3. CASE STUDY: AGRICULTURAL RUNOFF IN INTENSIVE FARMING REGIONS 
Datatypes were simulated up until 2030 based on intensive farming systems: 

 At the same time, this result indicates that ERI > 0.75 (high risk zone) occurs in areas with high pesticide usage. 

 ERI values less than 0.30 (low risk zone) were observed in organic farming systems. 

 

Graph Interpretation (Conceptual) 

 ERI scales up exponentially with the concentration of pesticide. 

 Soil organic carbon presents a cascading effect. 

 Aquatic toxicity is enhanced by accumulation of heavy metals. 

 

4.4. DISCUSSION 
The results demonstrate that machine learning significantly improves prediction performance over regression-based methods in 

ecotoxicology. Multiple environmental variables can be incorporated to represent ecosystem complexity better. 

 

This is consistent with earlier findings from environmental informatics and supports the use of AI for ecological risk modeling. 

 

5. CONCLUSION 
This study shows that machine learning techniques can be a powerful tool for ecotoxicological assessment of industrial 

agriculture systems. Predictive performance of the XGBoost and Random Forest models was superior for estimating 

environmental risk indices. The results thereafter underscore the use of multi-dimensional environmental data integrated 

together to improve predictions of toxicity. 

 

Approach: Data for the integrative machine learning processes were collected and processed through multiple online 

disciplinary methods to estimate future ecological risks derived from agricultural intensification, paving a transformative route 

towards environmental monitoring. 

 

6. FUTURE SCOPE 
 The integration of real-time IoT-based environmental sensors 

 Ensure regulatory acceptance of explainable AI (XAI) models 
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 Expansion to global agricultural datasets 

 Pairing ML models with climate change simulation infrastructure 

 Mobile-Based Ecological Risk Prediction Tool Development 

 

7. PRACTICAL IMPLICATIONS 
 Help policymakers regulate how pesticides are used 

 Helps farmers move towards more sustainable farming practices 

 Allows early warning systems to prevent water contamination 

 Improves environmental impact assessment frameworks 
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