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Table S1. Comparison of methodological features between this work and previously

reported machine learning studies on biochar adsorption systems
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Figure S1. Heatmap of Pearson correlation coefficients among the input numerical

features.
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Figure S2. Scatter-raincloud plots showing the data distributions of the four input

features considered for removal after analysis.
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Figure S3. Raincloud plot illustrating the data distribution of the output feature.
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Figure S4. Partial dependence analyses of the most influential variables using the RF

model.
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Figure S5. Projected density of states (PDOS) of the dominant Sb adsorption

configurations: (a) —COO —Sb(OH)3; and (b) —OH-Sb(OH)s . Black, red, and blue

curves represent the contributions from s, p, and d orbitals, respectively, with the p

states mainly arising from O 2p and Sb 5p orbitals and the d states primarily contributed

by Sb.
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Figure S6. Verification of the predictive model for Sb removal: Consistency between

observed experimental trends and coupled interaction response patterns.



Table S2. Six supporting studies were used to validate the reliability of the model. The
following entries summarize the optimal adsorbent conditions and the corresponding

experimental parameters reported in these references.

Ref SSA IHM/BC Co m q
(Yang et al.,
2025) 55.64 200 200 1 237.26
(Chen et al.,

2025) 70.77 227.27 200 0.88 142.6
(Liu et al.,

2022) 124.04 310 155 0.5 117.75
(Huang et 272.1 200 50 0.25 180.74
al., 2024) ' ’ ’

(Deng et al.,
2025) 146.2 40 20 0.5 20.3
(Fang et al.,
2025) 415.58 6.67 10 1.5 151.5
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