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Figure 1 (Color online) Publication status of literature on machine learning-emerging contaminants related research. (a) Publication numbers of
machine learning-emerging contaminants related research from 2010 to 2023; (b) publication numbers of machine learning-emerging contaminants
related according to countries.
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Figure 2 (Color online) Numbers of the paper published about machine learning-emerging contaminants related researches in different fields.
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Figure 3 (Color online) Application classification, advantages, and disadvantages of machine learning in risk prevention and control of emerging

contaminants.
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As technology advances, an increasing number of emerging contaminants (ECs) are being generated and released into the
environment. These ECs exhibit biological toxicity and environmental persistence, posing risks to ecological systems and human
health. Consequently, many studies have focused on preventing and managing the risks associated with ECs. However, the detection
and control of EC risks in natural environments through traditional analysis methods are complex, time-consuming, and labor-
intensive. Machine learning (ML) is a data-driven research method that utilizes existing data to train models and forecast the trends of
interest. Recently, ML has been widely adopted in the identification and control of risks associated with ECs owing to its ability to
comprehend intricate parameter relationships within datasets. The integration of traditional technology and ML can reduce
computational costs and save experimental time and energy consumption by optimizing and reducing the number of experiments
required. The application of ML in addressing ECs can be categorized into several categories, such as toxicity prediction,
identification/classification, property assessment, and assisted removal. This review outlines the application of ML in addressing
various types of ECs, such as nanomaterials, microplastics, antibiotic-resistant genes, perfluoroalkyl and polyfluoroalkyl substances,
endocrine-disrupting chemicals, and persistent organic pollutants. ML can reduce the need for animal experiments in toxicity studies.
Nonetheless, there is limited data available in this field, and certain models rely on small datasets with low data quality that limit the
ML application scope. However, not all environmental problems are suitable for ML. Hence, the over-reliance on this approach is not
recommended. Complex ML models often lack interpretability, making it challenging to understand how ML generates specific
predictive outcomes. The absence of interpretability in complex ML poses a challenge in explaining and understanding the
environmental behavior and risks associated with ECs. In addition to the intricacies within ML models, the accuracy of ML models
heavily relies on the quality of the input data. Therefore, the focus should be on enhancing the quality of EC data, promoting data
sharing, establishing a comprehensive and unified database, and developing suitable frameworks for managing ECs.

machine learning, emerging contaminants, nanomaterials, antibiotics, microplastics, endocrine-disrupting
chemicals
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