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Table 1 Machine learning algorithms: advantages and disadvantages
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Figure 1 (Color online) Illustrates the machine learning workflow. MSE stands for mean squared error; RMSE stands for root mean square error;
MAE stands for mean absolute error; R* stands for the coefficient of determination; AUC-ROC stands for the area under the receiver operating
characteristic curve; SHAP stands for shapley additive explanations; LIME stands for local interpretable model-agnostic explanations.
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Figure 2 (Color online) Applications of machine learning in the environment. (a) Environmental analysis and detection process; (b) environmental
behavior of pollutants; (c) water treatment processes, DWTPs: drinking water plants; WWTPs: sewage treatment plants; (d) development of new

materials and chemicals.
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Figure 3 (Color online) ML-empowered screening and mechanism analysis of PFAS adsorption materials. (a) Schematic diagram of the mechanism
of PFAS on the surface of adsorbents [51]; (b) Bayesian optimization and ML collaborative resin material screening [53]; (c) high-throughput ML and
COSMO-RS joint screening of molecularly imprinted polymer materials [55]; (d) XGBoost model identifies key feature variables for PFAS removal.

The data source: reference [56].
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Figure 4 (Color online) ML-empowered membrane separation for PFAS removal: key factor identification and mechanism analysis. (a) Schematic of
the PFAS removal mechanism by NF/RO membranes [59]; (b) the impact of membrane type, temperature, initial concentration, and pH interaction on
PFOS removal performance [61]; (c¢) diagram of the 1D convolutional model structure [33]; (d) quantum-enhanced gradient boosting neural networks
for PFOS removal and identification of key influencing factors [62]; (e) predictive performance of XGBoost and Transformer models for PFAS
removal rates [63]; (f) key factors identified by SHAP analysis for PEAS removal [63]; (g) attention mechanism reveals the contribution of key groups
in PFAS molecules to removal rate prediction [63]; (h) molecular dynamics simulation comparing the hydrogen bond behavior of PFHxA (I), GenX
(IT), and PFPeS (III) in water phase (top) and polyamide membrane layer (bottom) [63].
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Figure 5 (Color online) ML-empowered electrochemical technology for key factor identification. (a) Schematic of the removal mechanisms for
PFAS through electroreduction and electrooxidation; (b) prediction performance of PFOA removal rates by multi-supervised algorithms; (c) feature
importance analysis of the RF model based on Gini impurity; (d) feature importance analysis of the RF model based on MDA. The data source:

reference [66].
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Figure 6 (Color online) The application of ML-empowered photocatalytic technology in PFAS removal. (a) Schematic diagram of the photocatalytic
mechanism for PFAS remova [67]; (b) degradation products of PFHxS-related compounds [68]; (c) performance evaluation of the GBM model in
predicting PFOA degradation: correlation coefficient (I), learning curve (II), and prediction strength (III) [69]; (d) key variables of the photocatalytic

reaction identified by the GBM models.
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Table 2 Performance comparison of ML models in PFAS removal technologies
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Abstract: Per- and polyfluoroalkyl substances (PFAS), characterized by their exceptional chemical stability and
environmental persistence, are ubiquitous in global water systems and pose potential risks to both ecosystems and
human health. Conventional removal technologies typically rely on extensive experimental trials and parameter
optimization, yet they are often constrained by low efficiency, high operational costs, and limited adaptability. In recent
years, machine learning (ML) approaches, driven by artificial intelligence, have rapidly advanced within the
environmental science domain, demonstrating significant potential to enhance removal efficiency and optimize
treatment processes. This research comprehensively summarizes the application of ML in mainstream PFAS removal
technologies, including adsorption, membrane separation, electrochemical methods, and photocatalysis, emphasizing its
role in predicting removal performance, optimizing process parameters, guiding material screening and synthesis, and
elucidating underlying mechanisms. Furthermore, current challenges associated with ML approaches are critically
discussed, encompassing data quality, model generalizability, environmental adaptability, and toxicity prediction.
Finally, we propose strategies such as leveraging high-quality datasets, developing multimodal models, and
implementing intelligent deployment, aimed at establishing an efficient and low-carbon PFAS management framework,
thereby providing a valuable reference for future research and engineering applications.

Keywords: machine learning, per- and polyfluoroalkyl substances, contaminants, water treatment technologies,
degradation mechanism, model generalization
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