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Abstract

Cadmium (Cd), a typical highly toxic heavy metal, poses serious risks to
environmental safety and public health once it enters water bodies. Manganese-
modified biochar (Mn-BC) can effectively remove Cd from wastewater. However, the

need for complex batch experiments represents a major constraint on its development.

The emergence of artificial intelligence provides a new approach to address this



problem. In this study, six machine learning (ML) models were developed to predict
the Cd adsorption performance of Mn-BC, aiming to reduce the reliance on complex
experimental procedures. Among the six models, the extra trees regressor (ETR) model
achieved high prediction accuracy (test R> = 0.970; root mean square error (RMSE) =
12.982). The ETR model provided insights into the preparation of Mn-BC: the results
of feature importance analysis revealed that the initial Cd concentration, biochar dosage,
and manganese content were the main contributors to the model output. Additionally,
the one-way partial dependence plots revealed that the optimal heating time in the
biochar preparation process was 2 h, and the optimal manganese loading reached
approximately 10%. To evaluate the practical applicability of the model, Mn-BC was
prepared for conducting reverse validation of the ETR model, and the error between the
predicted and experimental values was less than 17%. The results of characterization
analyses, including X-ray photoclectron spectroscopy (XPS) and X-ray diffraction
(XRD), revealed that Mn-BC adsorbed Cd mainly via coordination exchange and
surface precipitation. This research not only presents an effective model for predicting
adsorbent performance but also provides data-supported insights into the associations
between complex preparation and adsorption conditions, thereby offering effective
guidance and new insights for practical adsorbent fabrication.
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1. Introduction

Cadmium (Cd), a typical highly toxic heavy metal pollutant, is characterized by
high toxicity even at low concentrations, nonbiodegradability, and easy migration and
accumulation (Sun et al., 2023). Industrial production activities such as electroplating,
battery manufacturing, and mining may produce wastewater that contains Cd (Jiang et
al., 2024; Li et al., 2025). If not properly controlled, this wastewater can be absorbed
by humans and ecosystems through drinking water, the food chain, and
bioaccumulation, causing health problems such as kidney damage and bone metabolism
disorders and posing serious threats to environmental and human health (Chen et al.,
2022). Chemical precipitation readily causes secondary poilution (Xu et al., 2022),
while membrane separation and electrochemical methods are costly and thus difficult
to apply widely (J. Wang et al., 2023). Adsorption has received significant attention
because it is simple to implement, broadly applicable, and easy to couple with existing
treatment units (Tian et al., 2023).

Biochar is associated with abundant feedstock sources, a low preparation cost, and
abundant surface functional groups, which render it an ideal carrier for adsorbents (Y.
Wang et al., 2025). The oxygen-containing functional groups on the surface of biochar
(such as carboxyl, hydroxyl, and phenolic hydroxyl groups) provide sites for
complexation and ion exchange. However, pristine biochar exhibits limited active-site
density, selectivity, and resistance to interference, especially under conditions of multi-
ion coexistence or high ionic strength; thus, pristine biochar often fails to satisfy the

demand for Cd removal (Mensah et al., 2025).



Loading metal oxides and hydroxides can significantly enhance the adsorption
performance of biochar. For example, Fe—-Mn bimetal-modified biochar can adsorb
Cd(I) and As(III)/As(V) through synergistic mechanisms, including electrostatic
attraction and ternary surface complexation (Yin et al., 2023). A mixture of industrial
steel slag waste and ginkgo leaves was employed to prepare a novel magnetic adsorbent,
which enhanced adsorbent recoverability while enabling the simultaneous adsorption
of Cd(Il) and As(V) (M. Wang et al., 2023). Mn-Fe bimetal sulfide-modified magnetic
biochar derived from hardwood sawdust was synthesized via a stepwise activation—
magnetization—sulfidation process, and its use improved the remediation of wastewater
contaminated with Cd and Pb (H. Zhang et al., 2025). Among the various metal-
modified biochar types, Mn-modified biochar (Mn-BC) exhibits an increased in situ
Mn content on its surface, which increases the density of surface active sites and thus
enhances its adsorption capacity (Wu et al., 2022).

Manganese oxide exhibits notable surface complexation. Cadmium can be
effectively immobilized through coordination exchange and surface precipitation (for
example, in 25 mL of a 100 mg/L Cd solution with a pH of 5.0, Cd(OH): or CdCOs can
be formed) (Yin et al., 2020) and synergistic interactions with oxygen-containing
groups (Fan et al., 2020). Mn also alters the surface charge and acid—base properties of
the material, which increases the adsorption stability over a wide range of pH values
and enhances the resistance to interference from coexisting ions (Xiao et al., 2020).

Currently, the preparation of adsorbents relies mainly on a large number of

experiments, especially batch tests, to determine the optimal preparation and adsorption



conditions. Although advanced tools such as density functional theory (DFT),
molecular simulation, and the response surface methodology have been introduced, the
preparation of adsorbents still depends on the experience of researchers and their
understanding of material properties. Without experimental verification, the adsorption
performance cannot be quantified accurately to identify the optimal preparation and
adsorption conditions (W. Zhang et al., 2023). However, this method is time consuming
and labour intensive, and the adsorbent may not provide the expected results (Shuyan
Zhao et al., 2025). With the advent of artificial intelligence, emerging technologies such
as machine learning (ML) can greatly reduce the complexity and workload of
experimental procedures (Wang and Yao, 2025). ML iacilitates the integration of
multisource features (material structural parameters, chemical composition, process
conditions, and water quality conditions; and facilitates the creation of input—
performance maps in nonlinear and strongly coupled systems (Z. Wang et al., 2025).
ML enables rapid prediction of the adsorption capacity and significantly reduces the
cost of experimental iteration (Chen et al., 2025). After an ML model is established, the
key features that determine Cd removal can be identified through feature importance
analysis and SHapley Additive exPlanations (SHAP) analysis (Zhao et al., 2024a). ML
can integrate the effects of multiple variables, thereby providing a more precise range,
which can fulfil a certain guiding role in the design of adsorption materials (Li et al.,
2026). Researchers have applied ML to reveal the effect of multivalent background ions
(including Ca, K, Na, and Mg) on the adsorption capacity of natural mineral materials

for azo dye molecules (Zhao et al., 2024b). By integrating advanced ML techniques



with interpretability tools, researchers have advanced the understanding of ammonia
adsorption on biochar (Liu et al., 2025). To rapidly identify effective doping strategies
for aluminium-based lithium adsorbents, ML has been employed to guide material
screening (R. Zhang et al., 2025). ML models have been adopted to predict the
adsorption capacity of arsenite (As(IIl)) and arsenate (As(V)) on different materials
(R?=0.987; RMSE=3.54) (Huang et al., 2025).

This study focuses on the preparation process of Mn-BC and introduces the
preparation conditions, elemental content, pore structure, and other key influencing
indicators of Mn-BC. An ML model is established to predict the actual adsorption
performance of biochar before its preparation and to provide data-supported guidance
for adsorbent preparation to address Cd>" pollution in the target water body, thereby
providing directions for reverse design of adsorbents. The design concept of Cd biochar
adsorbents is shifted from material preparation—performance testing to customized
design of adsorption materials for the target water body.

In this study, ten key features related to the preparation conditions, material
properties, and adsorption environment of Mn-BC were selected to predict its Cd
adsorption capacity. This study aimed to (1) identify the optimal prediction model
through comparative evaluation analysis; (2) quantify the effects of input variables on
adsorption performance via feature importance analysis and identify key predictive
factors; (3) partially analyse the preparation conditions for biochar; and (4) guide
practical experiments with the optimal prediction model, evaluate the prediction

performance, and examine possible adsorption mechanisms. Via the use of a data-



driven ML model, this study provides new insights for the rational design and
optimization of efficient biochar adsorbents and helps overcome the limitations of
traditional methods.
2. Materials and methods
2.1 Data collection

As shown in Fig. 1, the dataset in this study was collected from the Web of Science,
Wiley Online Library, and China National Knowledge Infrastructure (CNKI) databases.
The publication period was limited to the 2014-2025 range. To enhance the
completeness and reproducibility of the literature search, the following search string
was adopted: TS = (“Mn” OR “manganese” OR “mangancse oxide” OR “manganese-
modified” OR “manganese-loaded””) AND (“biochar” OR “modified biochar”) AND
(“cadmium” OR “Cd”) AND (“adsorption” OR “removal”). The initial search records
were screened according to predefined inclusion and exclusion criteria. Studies were
included when they satistied the following criteria: (i) Mn-BC was employed as the
adsorbent; (i1) Cd(II) adsorption was investigated in aqueous solutions; (iii) the
adsorption capacity or sufficient data for calculating the adsorption capacity were
reported; and (iv) data for the selected feature variables were available without missing
values. Studies involving non-Mn-BC, mixed contaminants without separable Cd
adsorption data, soil-only immobilization experiments, review articles, duplicated
publications, or records with missing key variables were excluded .

Duplicate records were first removed on the basis of the title, DOI, and author

information. The title and abstract of the remaining articles were then reviewed,



followed by full-text evaluation. When the same data appeared in both figures and
tables, tabulated values were preferentially chosen. With respect to data reported only
in figures, WebPlotDigitizer was applied for extraction. After duplicate records and
incomplete entries were removed, 27 papers were ultimately retained, yielding 1,016
valid data records (The DOI of the literature and the journal were listed in Table S3).

The input variables were selected to cover the major stages from biochar
preparation to Cd adsorption. Specifically, the pyrolysis time (t) represents the
preparation conditions; the adsorption temperature (T), biochar dosage, solution pH,
and initial Cd concentration (C0) represent the adsorption conditions; and the carbon
content (C%), oxygen content (0%), hydrogen content (H%), Mn loading percentage
(Mn%), and specific surface area (SA) represent the physicochemical properties of Mn-
BC. These ten variables were selected because they are frequently reported in the
literature and are directly relatea to the biochar structure, Mn modification, surface
chemistry, and Cd adsorption behaviour.
2.2 Model training

All the algorithms and functions chosen in this study were implemented in Python
3.12.7. The main software packages include pandas 3.0.3, numpy 1.26.4, matplotlib
3.10.9, seaborn 0.13.2, scikit-learn 1.7.2, bayesian-optimization 3.0.1, SHAP 0.49.1,
and XGBoost 3.0.5. Six ML algorithms were selected for model development, namely,
random forest (RF), extra tree regressor (ETR), gradient boosting regressor (GBR),
extreme gradient boosting (XGB), artificial neural network (ANN), and support vector

regression (SVR) models (Fig. 1). The coefficient of determination (R?) was applied to



evaluate the goodness of fit of the models (Shilin Zhao et al., 2025). The differences
between the observed and predicted values were quantified on the basis of the RMSE,

mean absolute error (MAE), and mean bias error (MBE) (Jie Li et al., 2024).
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where y; denotes the actual observed value, §; denotes the predicted value, ¥
denotes the mean of the observed values, and n denotes the sample size.
2.3 Model interpretation

Through the use of the prebuilt frameworks 2nd libraries provided by scikit-learn,
ML modelling (evaluation, interpretation, and application) was conducted. In the
dataset, 80% of the data were randomly assigned to the training set, and the remaining
20% were employed to validate the final model. During Bayesian hyperparameter
optimization, fivefold cross-validation was applied to the training set containing 80%
of the data; four folds were used for training, and one fold was adopted for validation
(Zhang et al., 2024). SHAP analysis was employed to interpret feature importance and
to help determine the contribution of each feature to the model predictions (Yang et al.,
2021). One-way partial dependence analysis was conducted to examine how each input
feature affected the output variable, and two-way partial dependence analysis was used
to analyse the interaction effects between different features (Yuan et al., 2021).

2.4 Experimental verification under the guidance of machine learning models



Biochar was prepared from corn straw through pyrolysis. Briefly, the raw biomass
was washed with deionized water, dried at 50 °C, ground, and sieved through a 20-
mesh screen. The dried biomass was then pyrolyzed at 250 °C for 2 h in an oxygen-free
atmosphere at a heating rate of 10 °C min™'. The obtained biochar was denoted as BC.

Mn-BC was prepared via the use of a coprecipitation method. Briefly, 1 g of BC
was added to 100 mL of a 0.1 mol/L KMnOs4 solution, corresponding to a solid-to-liquid
ratio of 10 g/L. The suspension pH was adjusted to 10 using a 0.1 mol/L NaOH solution.
After ageing at room temperature for 3 h, the suspension was centrifuged, and the
precipitate was washed several times with deionized water until the supernatant became
neutral. Finally, the obtained Mn-BC was dried at 35 °C overnight.

The morphology and elemental distribution of the samples were characterized via
scanning electron microscopy coupied with energy-dispersive spectroscopy
(SEM-EDS; TESCAN MIRA LMS). The SA and pore structure were determined
through the Brunauer- Emmett-Teller (BET) method (Micromeritics ASAP 2460). The
crystalline phases were analysed by X-ray diffraction (XRD; Rigaku SmartLab SE).
The surface elemental composition and chemical states were analysed via X-ray
photoelectron spectroscopy (XPS; Thermo Scientific ESCALAB 250Xi). The surface
functional groups were identified through the use of Fourier transform infrared
spectroscopy (FTIR; Thermo Scientific Nicolet iS20). The elemental composition was
determined with an elemental analyser (EA; Elementar Unicube), and the Cd
concentration was measured via inductively coupled plasma—mass spectrometry

(ICP-MS; Agilent 7800 ICP-MS).
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Fig 1. The process of model establishment, evaluation, interpretation and application.
3. Results and discussion
3.1 Statistical analysis of datasets

The different physicochemical properties of biochar and the adsorption conditions
are shown in Fig. 2. The elemental composition of biochar, including the contents C,
of H, O, and Mn, is shown in Fig. 2a. The C content was generally high, confirming
that carbon constituted the main structural framework of biochar. In contrast, the H
content remained relatively low, which should not be interpreted only from its absolute
mass fraction. For biochar, the atomic H/C ratio is a meaningful indicator of aromaticity,
degree of carbonization, and structural stability. A lower H/C ratio usually reflects
greater dehydration and dehydrogenation during pyrolysis, accompanied by the
formation of more condensed aromatic carbon structures. Conversely, a higher H/C
ratio indicates a lower degree of carbonization and greater retention of aliphatic or

hydrogen-containing structures. Therefore, the variation in the H content may indirectly



reflect changes in the H/C ratio and the evolution of biochar aromaticity and surface
chemistry (Xiao et al., 2016). This structural evolution is closely related to Cd
adsorption because excessive carbonization may reduce the number of surface
functional groups, whereas moderate carbonization can preserve oxygen- and
hydrogen-containing functional groups that contribute to Cd complexation and
coordination (J. Zhang et al., 2020). A higher O content in biochar helps increase the
abundance of oxygen-containing functional groups on its surface (such as carboxyl and
hydroxyl groups), thereby enhancing complexation and ion exchange with Cd*;
therefore, the O content in most biochars is approximately 20% (Sun et al., 2022). As
a dopant element, the content of Mn was relatively low, mostly less than 20%. However,
the Mn content is likely among the key factors influencing the adsorption of Cd** by
biochar (Wu et al., 2022).

The environmental factors during Cd** adsorption by biochar, including the
biochar dosage, initial solution pH, and adsorption temperature, are shown in Fig. 2b.
The amount of added biochar is usually small (< 10 g/L), which might occur because
excessive addition of biochar can lead to waste, as the adsorption capacity of biochar is
not solely determined by the amount of added biochar but also depends on factors such
as the pH (Qu et al., 2023). Because Cd*" precipitates under alkaline conditions, the
adsorption solution is generally acidic (< 7), and in real-world Cd**-containing
wastewater, the solution pH is lower than 8. The adsorption temperature is
approximately 25 °C, which aims to simulate the ambient temperature in practical

adsorption processes (Kong et al., 2024).



The SA of biochar and the initial Cd** concentration are shown in Fig. 2¢c. The SA
was correlated with the adsorption capacity of biochar; notably, a relatively large
surface area likely provides more active sites and pore channels, thereby promoting the
physical adsorption and chemical binding of metal ions (J. Wang et al., 2025). Different
Cd?** concentration gradients result in distinct concentration differences, which in turn
affects the adsorption capacity of biochar (Kong et al., 2023b).

As shown in Fig. 2d, the use of different pyrolysis times affects the adsorption
performance of biochar by altering its functional groups. At shorter pyrolysis times, the
produced biochar retains more functional groups. With increasing pyrolysis time, the
aromaticity of biochar increases, whereas the number of oxygen-containing functional
groups decreases, which reduces the number of adsorption sites on the surface of
biochar and thus attenuates its adsorption performance (Jishuo Li et al., 2024). Overall,
the elemental composition, SA, and external environmental conditions (such as the pH,
temperature, and concentration) jointly influence the adsorption behaviour and

mechanism of Cd?" on the surface of Mn-BC.
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Fig 2. Presents boxplots of each parameter: H%, C%, O%, and Mn%, (a); Addition
Amount, pH,T (b); and SA, Co (¢); and t (d).

3.2 Pearson correlaticn cocefficient analysis

Pearson’s coirclation analysis among different variables was conducted to
examine the relationships between feature parameters, and the results are shown in Fig.
3. As shown in Fig. 3, significant correlations were observed among most parameters,
suggesting potential coupling relationships between the adsorption conditions and the
physicochemical properties of biochar.

Ce was significantly correlated with most of the variables, indicating that Cd**
adsorption by Mn-BC was associated with both the adsorption conditions and biochar
properties. Specifically, H%, 0%, Mn%, and Co were significantly positively

correlated with Ce, suggesting that biochars with higher contents of hydrogen- and



oxygen-containing components, higher Mn loadings, and higher initial Cd*
concentrations exhibit higher adsorption capacities. The positive correlation between
Co and Ce may be related to the increased concentration gradient at higher initial Cd**
concentrations, which could influence the adsorption performance of biochar (Lian et
al., 2020).

C% (p<0.001) and H% (p<0.001) in the elemental composition of biochar were
strongly significantly correlated with t, indicating that variations in the pyrolysis time
were associated with changes in H% during biomass pyrolysis and may reflect
differences in the abundance of hydrogen-containing functional groups. C% was
significantly negatively correlated with H% (0.01<p<0.001), O% (p<0.001), and Mn%
(p<0.001), suggesting that biochars with higher C% values contained lower contents of
hydrogen- and oxygen-containing components and lower Mn contents. The SA was
strongly correlated with most other factors, and these correlations were mainly negative,
indicating that a greater SA value was generally associated with lower adsorption
performance in this dataset. This result should not be interpreted as a direct adverse
effect of the SA itself but may reflect the coupled influence of the preparation
conditions. Previous studies have revealed that biochars with higher SA values do not
necessarily exhibit higher Cd** adsorption capacities because Cd** adsorption by
biochar is often governed by chemical interactions such as ion exchange, surface
complexation, and precipitation rather than the physical surface area alone (Dai et al.,
2021; L. Zhang et al., 2020). This relationship may be related to differences in the

preparation process. For example, high pyrolysis temperatures can increase the SA of



biochar while reducing the number of H- and O-containing components and surface

functional groups, which may reduce the contribution of chemically active sites to Cd**

adsorption.

Overall, the elemental composition of biochar (C%, 0%, Mn%, and SA) and the

initial environmental conditions during adsorption jointly affect Cd** adsorption by

Mn-BC.

Addition amount

Mn%

Pearson Correlation Coefficients

Addition amount

Fig 3. Pearson correlation heatmap with significance levels (the color intensity

indicates the strength of correlation between variables, and * significant ** extremely

significant *** extraordinarily significant).

3.3 Model prediction



The prediction results of Cd** adsorption performance obtained with different ML
models are shown in Fig. 4. As shown in Fig. 4a—f, the prediction accuracy clearly
varied among the models. The ETR model achieved the best performance, with the
highest R? value (0.970) and the lowest RMSE value (12.982). Compared with the RF
and boosting models (GBR and XGB), the ETR model introduces a higher degree of
randomness in feature splitting and sample selection, which effectively reduces model
variance and avoids overfitting. As a result, this model attained greater stability and
generalization for the test set and an improved ability to capture complex nonlinear
relationships.

Among the ETR, ANN, and SVR models, the ANN model can simulate highly
complex input—output relationships and performs better than linear or tree-based
models do (Chellappa et al., 2021). The SVR model was solved globally through the
use of kernel techniques, dual transformation, and the sequential minimal optimization
(SMO) algorithm, which enables it to gradually approximate complex nonlinear
relationships, similar to the GBR model but in a more concise form (Huang et al., 2022).
The prediction performance of the ANN and SVR models was worse than that of the
ETR model. In terms of R?, RMSE, MAE, and MBE, the ETR model outperformed the
other models.

Significance analysis was conducted for the different models (Fig. S2). Although
the difference between the RF and ETR models was not significant, in comparison, the
ETR model performed the best among all the algorithms (R? = 0.970; RMSE = 12.982;

Table 1), suggesting satisfactory prediction performance in resolving high-dimensional



nonlinear relationships and complex feature interactions. Therefore, subsequent

analyses were conducted on the basis of the ETR model, including feature importance

and interpretability analyses, to identify the key variables contributing to model

predictions of the adsorption performance of Mn-BC and to clarify their underlying

mechanisms.
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Fig 4. Prediction plots of the ETR (a), RF (b), GBR (c), ANN (e), and SVR (f) models.

Table 1. R?, RMSE, MAE, and MBE of the ETR, GBR, RF, XGB, ANN, and SVR

models.
R2 RMSE MAE MBE
Train Test Train Test Train Test Train Test
ETR 0.989 0.970 6.965 12.982 0.862  6.498 0.000 0.097
RF 0.983 0.956 8.705 15.638 3.604 8.475 0.227 -1.181



GBR 0.989 0.906 6.901 23.024 0.861 12.200 -0.200 -5.978

XGB 0.978 0.962 10.027 14.629 5296 9.209 -0.003 -0.585
ANN 0.942 0.933 16.146 19399 9.183 12512 -1.823 -2.964
SVR 0.961 0.607 13.255 47.014 2886 0.607 -0.054 -6.179

3.4 Model fitting and feature importance analysis

The learning curves, residual plots, and feature importance results of the ETR
model are shown in Fig. 5, which are used to validate model stability and quantify the
contributions of key features. As shown in Fig. 5a—b, with increasing training set size,
the prediction accuracy increased notably: the test-set R? value first gradually increased
and then stabilized, eventually exceeding ~0.9, whereas the RMSE continuously
decreased and remained low. This trend suggests that with sufficient samples, the ETR
model effectively learned complex feature relationships and achieved suitable
generalizability and robustness.

As shown in Fig. 5c, the residuals were randomly distributed around zero, and the
residual ranges for the training and test sets were similar. No systematic bias was
observed, which indicates that the model yields a good fit (Nandi et al., 2025). These
results confirmed the reliability of the ETR model for predicting Cd** adsorption
performance.

The feature importance results obtained with the different methods, including the
mean absolute SHAP value (MAS), embedded feature importance (EFI), and
permutation feature importance (PFI), are shown in Fig. 5d—f (Neubauer et al., 2024).
The three methods yielded highly consistent results, and all the results indicated that
Co and Mn% were the main predictors contributing to the prediction of the adsorption

capacity. This result was likely due to the relatively high manganese content, which



increased the number of surface active sites and thereby promoted the binding of Cd*,
whereas the notable effect of Co suggested that the initial concentration gradient was
among the key forces driving adsorption. This occurred mainly because a relatively
large difference in concentration could enhance Cd** transport, thereby improving the
adsorption performance of Mn-BC (Fan et al., 2020). The variables of the addition
amount, H%, and O% followed in importance. Although C%, SA, pH, and T also
contributed to the observed increase, their importance was relatively low.

Overall, Co and Mn% were the primary factors governing the adsorption

performance of Mn-BC.
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EFI (e) feature importance analysis; MAS values of feature importance (f).

3.5 Model SHAP analysis and one-way partial dependence analysis

As shown in Figure 6a, there was a significant difference in the distribution of the
SHAP values for the input features. The average absolute SHAP values of Co and Mn%
were the highest, indicating that they contributed the most to the model predictions. The
SHAP values of Co were mainly positive, suggesting that the initial concentration
contributed positively to the adsorption capacity. This greater contribution may be
related to the adsorption mechanism driven by the concentration gradient in the solution.
The positive contribution of the positive SHAP values of Mn% suggested that a higher
Mn% value was associated with higher predicted adsorption capacity of the binding
sites on the surface of biochar, thereby strengthening its complexation ability. The
variables of the addition amount and H% ranked next in importance. The distribution
of SHAP values of the addition amount was mainly negative, indicating that an
excessive dosage, whilc reducing Cd** in water, also decreased the adsorption capacity
per unit mass of bicchar (Kong et al., 2023a). H% yielded a positive effect, mainly
because H% was closely related to surface functional groups; notably, a higher H%
value increased the abundance of hydrogen-containing functional groups on the surface
of biochar, thereby providing more binding sites for Cd** (H. Zhang et al., 2025). 0%,
SA, and t also generated notable effects, indicating that the physicochemical properties
of biochar and the adsorption environment played supportive roles in driving Cd*
adsorption by biochar.

The one-way partial dependence plots of the main features are shown in Fig. 6b to

explain their effects. With increasing adsorbent dosage, the theoretical adsorption



capacity per unit mass of biochar first decreased rapidly but then stabilized. The partial
dependence plots suggested a positive marginal association with the adsorption
performance, which might be attributed to the change in hydrogen-containing
functional groups (H. Zhang et al., 2020); biochar achieved relatively satisfactory
adsorption when the H% value reached approximately 5%. Both O% and Mn% first
increased but then decreased, indicating that moderate contents were most favourable
for Cd** adsorption. Excessive Mn loadings may lead to Mn oxide aggregation and a
reduced utilization efficiency of active Mn sites, thereby limiting further improvement
in the Cd adsorption performance (H. Zhang et al., 2020); the adsorption performance
was better when Mn% and O% reached approximately 10% and 35%, respectively. The
SA first increased but then decreased, possibly because achieving an excessively high
surface area requires a longer carbonization time. For t > 4 h, the adsorption
performance decreased considerably. Therefore, a lower SA could help facilitate the
retention of surface finctional groups and thus enhance adsorption. The pyrolysis time
should be < 4 h. Although the SA value increased, many binding sites might be lost.
The one-way partial dependence plots of the pH, T, and Co indicated that the adsorption
capacity increased gradually as the values of these variables increased (Fig. S1).

Co and Mn% were the most influential in model prediction, while the C, H, and O
ratios and pore-structure parameters also participated in regulating the adsorption
behaviour. The combination of SHAP and partial dependence plot analyses not only
supported the reliability and interpretability of the model but also provided a theoretical

basis for clarifying the key mechanisms underlying Cd** adsorption by biochar.
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Fig 6. SHAP values of feature importance (a); The one-way partial dependence plot
of each input feature in the ETR model (b).
3.6 Two-way partial dependence analysis

To clarify the effect of loading and the role of Mn in biochar, two-way partial
dependence plots were created to analyse how different factors interact with Mn%. The
bivariate interaction effects between the Mn-doping content (Mn%) and other key
features (Co, pH. T, C%, H%, 0%, SA, t, and addition amount) on the Cd** adsorption
performance are shown in Fig. 7. The multiple influences of the predicted adsorption
capacity under different parameter combinations are shown in Fig. 7a—i.

As shown in Fig. 7a, the interaction between Co and Mn% was significant. When
Mn% was low, the adsorption capacity increased notably with increasing Co, whereas
in the high-Mn% region, the positive effect of Co gradually weakened. This result
indicates that under high-doping conditions, the number of Mn-provided surface
reactive sites was close to saturation. Thus, increasing the initial concentration further

yielded a limited promotional effect. As Mn% continuously increased, the adsorption



capacity first decreased but then increased, possibly because a higher Mn% value
promoted metal aggregation on the surface of biochar and thus reduced the number of
available binding sites. The combined effect of the pH and Mn% is shown in Fig. 7b,
indicating that the positive effect of Mn doping was greatest under near-neutral
conditions (pH: 6—7) and that a Mn content of approximately 10% resulted in relatively
satisfactory adsorption performance.

The interactive effects of the temperature (T) and the elemental composition of
biochar (C%, H%, and O%) with Mn% are shown in Fig. 7c—f. With increasing
temperature, the overall adsorption performance improved, and biochar with higher Mn%
values exhibited better Cd** removal at increased temperatures. This result indicates
that the adsorption process is endothermic, which is consistent with the findings of
previous studies (Yin et al., 2023). When C% ranged from 50-75%, positive synergy
with Mn was observed, indicating that a higher degree of carbonization and metal
doping jointly enhanced Cd** complexation. When Mn% reached approximately 10%,
increasing H% improved the adsorption performance of biochar, which is likely related
to the presence of hydrogen-containing functional groups on the surface of biochar. The
changes in 0% indicated that under both low- and high-Mn% conditions, O contents
ranging from 15-40% are beneficial for Cd** adsorption, which might be associated
with different Mn valence states (Liu et al., 2023).

As shown in Fig. 7g—i, the SA, t, and addition amount also exhibited significant
interaction effects with Mn%. When the SA and Mn% were low, the adsorption

capacity increased. Reducing the reaction time also improved the adsorption



performance, which might be attributed to the preservation of surface functional groups.
The adsorption performance was better at a dosage of approximately 1 g/L.

Overall, the Cd** adsorption performance was controlled by Mn doping and
multiparameter synergy. Increasing Mn% significantly amplified the positive effects of
environmental and structural factors (such as the pH, temperature, and SA). However,
an excessively high doping level could cause active-site saturation and aggregation
effects, thereby limiting further improvement. A Mn content of approximately 10%
promoted Cd** adsorption by biochar. These results confirm the key role of Mn doping

in regulating Cd*" adsorption by biochar.
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3.7 Experimental verification
To validate the model performance, rice husk biochar was modified with

potassium permanganate under the guidance of the ETR model (Table S1). Under



different experimental conditions, the error between the actual performance of Mn-BC
and the predicted performance was less than 17% (Table 2). This result indicates that
the ETR model accurately predicted the adsorption performance of Mn-BC and
provided effective guidance for its preparation.

Table 2. The predicted values output by the model and the actual adsorption capacity.

Predicted value Actual adsorption capacity Error

81.366 94.840 16.559
108.243 97.047 -10.343
84.280 95.371 13.160

3.8 SEM-EDS analysis

To validate the model performance, rice husk biochar was modified with
potassium permanganate to obtain BC and Mn-BC. The micromorphology and
elemental distribution of Mn-BC before and after Ca*" adsorption are shown in Fig. 8.
The surface structure of the pristine biochar is shown in Fig. 8a. At 5 pm, the biochar
exhibited a three-dimensional porous network with a relatively uniform pore
distribution and interconnected pore walls, forming a rich pore channel system. This
structure facilitated rapid diffusion and mass transfer of Cd** in solution and provided
sufficient contact interfaces for adsorption (Liu et al., 2022). The structures of Mn-BC
and biochar after Cd adsorption are shown in Fig. 8b—c. Compared with the data in Fig.
8a, obvious precipitated substances were observed, indicating that Mn was successfully
loaded onto the surface of biochar (the elemental maps in Fig. 8h—i and the EDS spectra
also support this finding). These features were clearer at 500 nm. As shown in Fig. 8d—f,
more precipitates occurred in the pore channels, which was likely due to successful Mn

loading and Cd adsorption via surface precipitation. Moreover, the presence of Mn and



Cd in Fig. 8h—i confirmed the successful capture of Mn and Cd on the surface of biochar.
The increased amounts of precipitates suggested an effective Mn content on the surface
of biochar and within the pores, and after Cd*>* adsorption, select particles likely formed
Cd—Mn complexes or precipitates with Cd?*. This finding in turn indicates that Mn-BC
adsorbed Cd** through chemisorption and surface reactions. The EDS spectra
confirmed the presence of C, O, Mn, and Cd in the samples, and the characteristic Cd
peak after adsorption indicated that Cd** was adsorbed on the surface of Mn-BC.

Overall, the combined SEM and EDS results confirmed that Mn was successfully

loaded onto the surface of biochar and enabled efficient capture of Cd**.

Fig 8. 5 um scanning electron microscope images of BC (a), Mn-BC (b), and Cd-Mn-
BC (c); 500 nm scanning electron microscope images of BC (d), Mn-BC (e), and Cd-

Mn-BC (f); EDS mapping:C, O, Mn, Cd elemental distribution of the Cd-Mn-BC (g



h); EDS spectrum of BC-Mn-BC (i).
3.9 Performance and mechanistic analysis

To investigate the Mn-BC adsorption mechanism, the biochar samples before and
after adsorption were characterized. The adsorption capacity and removal efficiency of
Mn-BC at different initial concentrations and dosages are shown in Fig. 9a. At a dosage
of 1 g/L, Mn-BC achieved a high removal efficiency close to 100%, whereas at 2 g/L,
the removal efficiency decreased. This result indicates that at a concentration of 1 g/L,
Mn-BC removed Cd** from water more effectively. When the initial concentration was
100 or 200 mg/L, the adsorption capacity changed only slightly, suggesting that Cd**
adsorption by Mn-BC stabilized. This likely occurred because the adsorption sites on
the surface of Mn-BC approached saturation. Therefore, increasing the initial
concentration did not significantly increase the adsorption capacity. The N2 adsorption—
desorption isotherm of Mn-EC is shown in Fig. 9b. The curve corresponded to a type-
IV isotherm with an H3 hysteresis loop, likely because of the presence of mesopores
and slit-shaped pores. The adsorption amount increased continuously with increasing
relative pressure, indicating that the mesoporous structure provided sufficient pore
space, and the hysteresis loop confirmed the presence of mesopores (Wang et al., 2024).
The mesoporous structure provided Mn-BC with abundant pore channels and a high
SA, thereby offering favourable conditions for Cd** adsorption. The XRD patterns of
Mn-BC before and after Cd** adsorption are shown in Fig. 9c. After potassium
permanganate modification, clear MnsOs peaks (PDF#: 24-0734) were identified,

indicating that Mn was successfully loaded onto the surface of Mn-BC. Cd occurred in



the material mainly in a precipitated form as CdCOs (PDF#: 42—-1342). The formation
of CdCO:; likely resulted from carbonate functional groups remaining after biochar
carbonization or from dissolved CO: in the solution reacting with Cd** to form
precipitates (Y. Zhang et al., 2023).

Before adsorption, the C 1s spectrum of Mn-BC was deconvoluted into three
components, namely, 284.4 eV (C-C/C-H), 285.53 eV (C—C/C-OH), and 288.15 eV
(C-0O/C=0) (C 1s XPS spectra are shown in Fig. 9d). After adsorption, the relative
proportion of C—C/C—H decreased from 62.89% to 49.02%, which was likely caused
by Cd** adsorption.

The O 1s XPS spectra in Fig. 9e reveal that beforc adsorption, the O 1s peaks of
Mn-BC were assigned to 532.53 eV (H20), 530.73 ¢V (M—OH), and 529.62 eV (M—
O). After adsorption, the binding energy of the M—O proportion increased from 38.97%
to 40.97%. The proportion of M-OH increased from 9.75% to 14.98% (a binding
energy shift of ~0.15 eV), whereas the proportion of H-O decreased from 51.28% to
44.05% (a shift of 0.11 eV). These changes could be attributed mainly to coordinated
exchange between surface functional groups and Cd*, which resulted in the
immobilization of Cd*". After Cd*" adsorption, Mn—O-R (R: functional group) or Cd—
O species formed on the surface of Mn-BC (Yin et al., 2020). The Mn 2ps/> peak was
deconvoluted into Mn(IIl) (641.61 eV) and Mn(IV) (642.63 eV), together with a
satellite peak, indicating that Mn-BC was successfully loaded with Mn(III) and Mn(IV)
(Lin et al., 2025). In the Cd XPS spectrum, the characteristic peaks of Cd 3ds/> and Cd

3ds/> were located at 411.57 and 404.82 eV, respectively, corresponding to CdO and



CdCO:s, respectively (Henriquez et al., 2023). As shown in Fig. 9g, the valence state of

Cd(II) remained unchanged after adsorption, indicating that Mn-BC removed Cd(II)

mainly through adsorption rather than oxidation or reduction processes (Yin et al.,

2023). The Mn-BC adsorption mechanism is shown in Fig. 9h.
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Fig 9. The adsorption capacity and removal rate of Mn-BC (a); The N, adsorption-

desorption isotherms of Mn-BC (b); XRD (c); High-resolution XPS spectra of C 1s (d),

O 1s (e), Mn 2p (f), Cd 3d (g); Adsorption mechanism diagram (h).

3.10 Prospects and limitations

In this study, ML models were employed to preliminarily explore how the

preparation conditions and adsorption environment affect the Cd adsorption

performance of Mn-BC, but further research remains needed. The main limitations are

as follows: first, the dataset size remains relatively small. Thus, the dataset should be



expanded to enhance model stability and generalizability. Second, the current data do
not cover additional microscopic material characteristics (such as functional groups and
Mn content forms), which prevents a more in-depth investigation of the adsorption
mechanism and creates a barrier to mechanism elucidation. This study did not focus on
in-depth mechanistic analysis. In future work, advanced theoretical methods such as
molecular dynamics and DFT simulations should be combined with ML methods to
analyse the adsorption process at the molecular and atomic levels, thereby providing
more detailed theoretical support for clarifying the mechanism underlying Cd
adsorption on Mn-BC.
4. Conclusions

In this study, an ML framework for predicting the adsorption behaviour of
cadmium by Mn-BC was developed. The ETR model achieved the best overall
prediction performance and was subsequently employed for further interpretation and
experimental verification. The model interpretation results revealed that an effective
manganese—biochar design should comprehensively balance the manganese loading,
pyrolysis conditions, and the retention of surface functional groups rather than merely
increasing the metal content or SA. The experimental verification results in turn
confirmed the applicability of the model-guided strategy. The increase in the cadmium
adsorption capacity of Mn-BC was attributed mainly to the synergistic effects of surface
complexation, coordination exchange, and surface precipitation. In summary, this study
demonstrated that interpretable ML can be used to not only predict the adsorption

performance but also provide practical guidance for the design of metal-modified



biochar adsorbents.
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Abstract

Cadmium (Cd), a typical highly toxic heavy metal, poses serious risks to
environmental safety and public health once it enters water bodies. Manganese-
modified biochar (Mn-BC) can effectively remove Cd from wastewater. However, the

need for complex batch experiments represents a major constraint on its development.

The emergence of artificial intelligence provides a new approach to address this



problem. In this study, six machine learning (ML) models were developed to predict
the Cd adsorption performance of Mn-BC, aiming to reduce the reliance on complex
experimental procedures. Among the six models, the extra trees regressor (ETR) model
achieved high prediction accuracy (test R> = 0.970; root mean square error (RMSE) =
12.982). The ETR model provided insights into the preparation of Mn-BC: the results
of feature importance analysis revealed that the initial Cd concentration, biochar dosage,
and manganese content were the main contributors to the model output. Additionally,
the one-way partial dependence plots revealed that the optimal heating time in the
biochar preparation process was 2 h, and the optimal manganese loading reached
approximately 10%. To evaluate the practical applicability of the model, Mn-BC was
prepared for conducting reverse validation of the ETR model, and the error between the
predicted and experimental values was less than 17%. The results of characterization
analyses, including X-ray photoclectron spectroscopy (XPS) and X-ray diffraction
(XRD), revealed that Mn-BC adsorbed Cd mainly via coordination exchange and
surface precipitation. This research not only presents an effective model for predicting
adsorbent performance but also provides data-supported insights into the associations
between complex preparation and adsorption conditions, thereby offering effective
guidance and new insights for practical adsorbent fabrication.
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1. Introduction

Cadmium (Cd), a typical highly toxic heavy metal pollutant, is characterized by
high toxicity even at low concentrations, nonbiodegradability, and easy migration and
accumulation (Sun et al., 2023). Industrial production activities such as electroplating,
battery manufacturing, and mining may produce wastewater that contains Cd (Jiang et
al., 2024; Li et al., 2025). If not properly controlled, this wastewater can be absorbed
by humans and ecosystems through drinking water, the food chain, and
bioaccumulation, causing health problems such as kidney damage and bone metabolism
disorders and posing serious threats to environmental and human health (Chen et al.,
2022). Chemical precipitation readily causes secondary poilution (Xu et al., 2022),
while membrane separation and electrochemical methods are costly and thus difficult
to apply widely (J. Wang et al., 2023). Adsorption has received significant attention
because it is simple to implement, broadly applicable, and easy to couple with existing
treatment units (Tian et al., 2023).

Biochar is associated with abundant feedstock sources, a low preparation cost, and
abundant surface functional groups, which render it an ideal carrier for adsorbents (Y.
Wang et al., 2025). The oxygen-containing functional groups on the surface of biochar
(such as carboxyl, hydroxyl, and phenolic hydroxyl groups) provide sites for
complexation and ion exchange. However, pristine biochar exhibits limited active-site
density, selectivity, and resistance to interference, especially under conditions of multi-
ion coexistence or high ionic strength; thus, pristine biochar often fails to satisfy the

demand for Cd removal (Mensah et al., 2025).



Loading metal oxides and hydroxides can significantly enhance the adsorption
performance of biochar. For example, Fe—-Mn bimetal-modified biochar can adsorb
Cd(I) and As(III)/As(V) through synergistic mechanisms, including electrostatic
attraction and ternary surface complexation (Yin et al., 2023). A mixture of industrial
steel slag waste and ginkgo leaves was employed to prepare a novel magnetic adsorbent,
which enhanced adsorbent recoverability while enabling the simultaneous adsorption
of Cd(Il) and As(V) (M. Wang et al., 2023). Mn-Fe bimetal sulfide-modified magnetic
biochar derived from hardwood sawdust was synthesized via a stepwise activation—
magnetization—sulfidation process, and its use improved the remediation of wastewater
contaminated with Cd and Pb (H. Zhang et al., 2025). Among the various metal-
modified biochar types, Mn-modified biochar (Mn-BC) exhibits an increased in situ
Mn content on its surface, which increases the density of surface active sites and thus
enhances its adsorption capacity (Wu et al., 2022).

Manganese oxide exhibits notable surface complexation. Cadmium can be
effectively immobilized through coordination exchange and surface precipitation (for
example, in 25 mL of a 100 mg/L Cd solution with a pH of 5.0, Cd(OH): or CdCOs can
be formed) (Yin et al., 2020) and synergistic interactions with oxygen-containing
groups (Fan et al., 2020). Mn also alters the surface charge and acid—base properties of
the material, which increases the adsorption stability over a wide range of pH values
and enhances the resistance to interference from coexisting ions (Xiao et al., 2020).

Currently, the preparation of adsorbents relies mainly on a large number of

experiments, especially batch tests, to determine the optimal preparation and adsorption



conditions. Although advanced tools such as density functional theory (DFT),
molecular simulation, and the response surface methodology have been introduced, the
preparation of adsorbents still depends on the experience of researchers and their
understanding of material properties. Without experimental verification, the adsorption
performance cannot be quantified accurately to identify the optimal preparation and
adsorption conditions (W. Zhang et al., 2023). However, this method is time consuming
and labour intensive, and the adsorbent may not provide the expected results (Shuyan
Zhao et al., 2025). With the advent of artificial intelligence, emerging technologies such
as machine learning (ML) can greatly reduce the complexity and workload of
experimental procedures (Wang and Yao, 2025). ML iacilitates the integration of
multisource features (material structural parameters, chemical composition, process
conditions, and water quality conditions; and facilitates the creation of input—
performance maps in nonlinear and strongly coupled systems (Z. Wang et al., 2025).
ML enables rapid prediction of the adsorption capacity and significantly reduces the
cost of experimental iteration (Chen et al., 2025). After an ML model is established, the
key features that determine Cd removal can be identified through feature importance
analysis and SHapley Additive exPlanations (SHAP) analysis (Zhao et al., 2024a). ML
can integrate the effects of multiple variables, thereby providing a more precise range,
which can fulfil a certain guiding role in the design of adsorption materials (Li et al.,
2026). Researchers have applied ML to reveal the effect of multivalent background ions
(including Ca, K, Na, and Mg) on the adsorption capacity of natural mineral materials

for azo dye molecules (Zhao et al., 2024b). By integrating advanced ML techniques



with interpretability tools, researchers have advanced the understanding of ammonia
adsorption on biochar (Liu et al., 2025). To rapidly identify effective doping strategies
for aluminium-based lithium adsorbents, ML has been employed to guide material
screening (R. Zhang et al., 2025). ML models have been adopted to predict the
adsorption capacity of arsenite (As(IIl)) and arsenate (As(V)) on different materials
(R?=0.987; RMSE=3.54) (Huang et al., 2025).

This study focuses on the preparation process of Mn-BC and introduces the
preparation conditions, elemental content, pore structure, and other key influencing
indicators of Mn-BC. An ML model is established to predict the actual adsorption
performance of biochar before its preparation and to provide data-supported guidance
for adsorbent preparation to address Cd>" pollution in the target water body, thereby
providing directions for reverse design of adsorbents. The design concept of Cd biochar
adsorbents is shifted from material preparation—performance testing to customized
design of adsorption materials for the target water body.

In this study, ten key features related to the preparation conditions, material
properties, and adsorption environment of Mn-BC were selected to predict its Cd
adsorption capacity. This study aimed to (1) identify the optimal prediction model
through comparative evaluation analysis; (2) quantify the effects of input variables on
adsorption performance via feature importance analysis and identify key predictive
factors; (3) partially analyse the preparation conditions for biochar; and (4) guide
practical experiments with the optimal prediction model, evaluate the prediction

performance, and examine possible adsorption mechanisms. Via the use of a data-



driven ML model, this study provides new insights for the rational design and
optimization of efficient biochar adsorbents and helps overcome the limitations of
traditional methods.
2. Materials and methods
2.1 Data collection

As shown in Fig. 1, the dataset in this study was collected from the Web of Science,
Wiley Online Library, and China National Knowledge Infrastructure (CNKI) databases.
The publication period was limited to the 2014-2025 range. To enhance the
completeness and reproducibility of the literature search, the following search string
was adopted: TS = (“Mn” OR “manganese” OR “mangancse oxide” OR “manganese-
modified” OR “manganese-loaded””) AND (“biochar” OR “modified biochar”) AND
(“cadmium” OR “Cd”) AND (“adsorption” OR “removal”). The initial search records
were screened according to predefined inclusion and exclusion criteria. Studies were
included when they satistied the following criteria: (i) Mn-BC was employed as the
adsorbent; (i1) Cd(II) adsorption was investigated in aqueous solutions; (iii) the
adsorption capacity or sufficient data for calculating the adsorption capacity were
reported; and (iv) data for the selected feature variables were available without missing
values. Studies involving non-Mn-BC, mixed contaminants without separable Cd
adsorption data, soil-only immobilization experiments, review articles, duplicated
publications, or records with missing key variables were excluded .

Duplicate records were first removed on the basis of the title, DOI, and author

information. The title and abstract of the remaining articles were then reviewed,



followed by full-text evaluation. When the same data appeared in both figures and
tables, tabulated values were preferentially chosen. With respect to data reported only
in figures, WebPlotDigitizer was applied for extraction. After duplicate records and
incomplete entries were removed, 27 papers were ultimately retained, yielding 1,016
valid data records (The DOI of the literature and the journal were listed in Table S3).

The input variables were selected to cover the major stages from biochar
preparation to Cd adsorption. Specifically, the pyrolysis time (t) represents the
preparation conditions; the adsorption temperature (T), biochar dosage, solution pH,
and initial Cd concentration (C0) represent the adsorption conditions; and the carbon
content (C%), oxygen content (0%), hydrogen content (H%), Mn loading percentage
(Mn%), and specific surface area (SA) represent the physicochemical properties of Mn-
BC. These ten variables were selected because they are frequently reported in the
literature and are directly relatea to the biochar structure, Mn modification, surface
chemistry, and Cd adsorption behaviour.
2.2 Model training

All the algorithms and functions chosen in this study were implemented in Python
3.12.7. The main software packages include pandas 3.0.3, numpy 1.26.4, matplotlib
3.10.9, seaborn 0.13.2, scikit-learn 1.7.2, bayesian-optimization 3.0.1, SHAP 0.49.1,
and XGBoost 3.0.5. Six ML algorithms were selected for model development, namely,
random forest (RF), extra tree regressor (ETR), gradient boosting regressor (GBR),
extreme gradient boosting (XGB), artificial neural network (ANN), and support vector

regression (SVR) models (Fig. 1). The coefficient of determination (R?) was applied to



evaluate the goodness of fit of the models (Shilin Zhao et al., 2025). The differences
between the observed and predicted values were quantified on the basis of the RMSE,

mean absolute error (MAE), and mean bias error (MBE) (Jie Li et al., 2024).

e 0
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where y; denotes the actual observed value, §; denotes the predicted value, ¥
denotes the mean of the observed values, and n denotes the sample size.
2.3 Model interpretation

Through the use of the prebuilt frameworks 2nd libraries provided by scikit-learn,
ML modelling (evaluation, interpretation, and application) was conducted. In the
dataset, 80% of the data were randomly assigned to the training set, and the remaining
20% were employed to validate the final model. During Bayesian hyperparameter
optimization, fivefold cross-validation was applied to the training set containing 80%
of the data; four folds were used for training, and one fold was adopted for validation
(Zhang et al., 2024). SHAP analysis was employed to interpret feature importance and
to help determine the contribution of each feature to the model predictions (Yang et al.,
2021). One-way partial dependence analysis was conducted to examine how each input
feature affected the output variable, and two-way partial dependence analysis was used
to analyse the interaction effects between different features (Yuan et al., 2021).

2.4 Experimental verification under the guidance of machine learning models



Biochar was prepared from corn straw through pyrolysis. Briefly, the raw biomass
was washed with deionized water, dried at 50 °C, ground, and sieved through a 20-
mesh screen. The dried biomass was then pyrolyzed at 250 °C for 2 h in an oxygen-free
atmosphere at a heating rate of 10 °C min™'. The obtained biochar was denoted as BC.

Mn-BC was prepared via the use of a coprecipitation method. Briefly, 1 g of BC
was added to 100 mL of a 0.1 mol/L KMnOs4 solution, corresponding to a solid-to-liquid
ratio of 10 g/L. The suspension pH was adjusted to 10 using a 0.1 mol/L NaOH solution.
After ageing at room temperature for 3 h, the suspension was centrifuged, and the
precipitate was washed several times with deionized water until the supernatant became
neutral. Finally, the obtained Mn-BC was dried at 35 °C overnight.

The morphology and elemental distribution of the samples were characterized via
scanning electron microscopy coupied with energy-dispersive spectroscopy
(SEM-EDS; TESCAN MIRA LMS). The SA and pore structure were determined
through the Brunauer- Emmett-Teller (BET) method (Micromeritics ASAP 2460). The
crystalline phases were analysed by X-ray diffraction (XRD; Rigaku SmartLab SE).
The surface elemental composition and chemical states were analysed via X-ray
photoelectron spectroscopy (XPS; Thermo Scientific ESCALAB 250Xi). The surface
functional groups were identified through the use of Fourier transform infrared
spectroscopy (FTIR; Thermo Scientific Nicolet iS20). The elemental composition was
determined with an elemental analyser (EA; Elementar Unicube), and the Cd
concentration was measured via inductively coupled plasma—mass spectrometry

(ICP-MS; Agilent 7800 ICP-MS).
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Fig 1. The process of model establishment, evaluation, interpretation and application.
3. Results and discussion
3.1 Statistical analysis of datasets

The different physicochemical properties of biochar and the adsorption conditions
are shown in Fig. 2. The elemental composition of biochar, including the contents C,
of H, O, and Mn, is shown in Fig. 2a. The C content was generally high, confirming
that carbon constituted the main structural framework of biochar. In contrast, the H
content remained relatively low, which should not be interpreted only from its absolute
mass fraction. For biochar, the atomic H/C ratio is a meaningful indicator of aromaticity,
degree of carbonization, and structural stability. A lower H/C ratio usually reflects
greater dehydration and dehydrogenation during pyrolysis, accompanied by the
formation of more condensed aromatic carbon structures. Conversely, a higher H/C
ratio indicates a lower degree of carbonization and greater retention of aliphatic or

hydrogen-containing structures. Therefore, the variation in the H content may indirectly



reflect changes in the H/C ratio and the evolution of biochar aromaticity and surface
chemistry (Xiao et al., 2016). This structural evolution is closely related to Cd
adsorption because excessive carbonization may reduce the number of surface
functional groups, whereas moderate carbonization can preserve oxygen- and
hydrogen-containing functional groups that contribute to Cd complexation and
coordination (J. Zhang et al., 2020). A higher O content in biochar helps increase the
abundance of oxygen-containing functional groups on its surface (such as carboxyl and
hydroxyl groups), thereby enhancing complexation and ion exchange with Cd*;
therefore, the O content in most biochars is approximately 20% (Sun et al., 2022). As
a dopant element, the content of Mn was relatively low, mostly less than 20%. However,
the Mn content is likely among the key factors influencing the adsorption of Cd** by
biochar (Wu et al., 2022).

The environmental factors during Cd** adsorption by biochar, including the
biochar dosage, initial solution pH, and adsorption temperature, are shown in Fig. 2b.
The amount of added biochar is usually small (< 10 g/L), which might occur because
excessive addition of biochar can lead to waste, as the adsorption capacity of biochar is
not solely determined by the amount of added biochar but also depends on factors such
as the pH (Qu et al., 2023). Because Cd*" precipitates under alkaline conditions, the
adsorption solution is generally acidic (< 7), and in real-world Cd**-containing
wastewater, the solution pH is lower than 8. The adsorption temperature is
approximately 25 °C, which aims to simulate the ambient temperature in practical

adsorption processes (Kong et al., 2024).



The SA of biochar and the initial Cd** concentration are shown in Fig. 2¢c. The SA
was correlated with the adsorption capacity of biochar; notably, a relatively large
surface area likely provides more active sites and pore channels, thereby promoting the
physical adsorption and chemical binding of metal ions (J. Wang et al., 2025). Different
Cd?** concentration gradients result in distinct concentration differences, which in turn
affects the adsorption capacity of biochar (Kong et al., 2023b).

As shown in Fig. 2d, the use of different pyrolysis times affects the adsorption
performance of biochar by altering its functional groups. At shorter pyrolysis times, the
produced biochar retains more functional groups. With increasing pyrolysis time, the
aromaticity of biochar increases, whereas the number of oxygen-containing functional
groups decreases, which reduces the number of adsorption sites on the surface of
biochar and thus attenuates its adsorption performance (Jishuo Li et al., 2024). Overall,
the elemental composition, SA, and external environmental conditions (such as the pH,
temperature, and concentration) jointly influence the adsorption behaviour and

mechanism of Cd?" on the surface of Mn-BC.
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Fig 2. Presents boxplots of each parameter: H%, C%, O%, and Mn%, (a); Addition
Amount, pH,T (b); and SA, Co (¢); and t (d).

3.2 Pearson correlaticn cocefficient analysis

Pearson’s coirclation analysis among different variables was conducted to
examine the relationships between feature parameters, and the results are shown in Fig.
3. As shown in Fig. 3, significant correlations were observed among most parameters,
suggesting potential coupling relationships between the adsorption conditions and the
physicochemical properties of biochar.

Ce was significantly correlated with most of the variables, indicating that Cd**
adsorption by Mn-BC was associated with both the adsorption conditions and biochar
properties. Specifically, H%, 0%, Mn%, and Co were significantly positively

correlated with Ce, suggesting that biochars with higher contents of hydrogen- and



oxygen-containing components, higher Mn loadings, and higher initial Cd*
concentrations exhibit higher adsorption capacities. The positive correlation between
Co and Ce may be related to the increased concentration gradient at higher initial Cd**
concentrations, which could influence the adsorption performance of biochar (Lian et
al., 2020).

C% (p<0.001) and H% (p<0.001) in the elemental composition of biochar were
strongly significantly correlated with t, indicating that variations in the pyrolysis time
were associated with changes in H% during biomass pyrolysis and may reflect
differences in the abundance of hydrogen-containing functional groups. C% was
significantly negatively correlated with H% (0.01<p<0.001), O% (p<0.001), and Mn%
(p<0.001), suggesting that biochars with higher C% values contained lower contents of
hydrogen- and oxygen-containing components and lower Mn contents. The SA was
strongly correlated with most other factors, and these correlations were mainly negative,
indicating that a greater SA value was generally associated with lower adsorption
performance in this dataset. This result should not be interpreted as a direct adverse
effect of the SA itself but may reflect the coupled influence of the preparation
conditions. Previous studies have revealed that biochars with higher SA values do not
necessarily exhibit higher Cd** adsorption capacities because Cd** adsorption by
biochar is often governed by chemical interactions such as ion exchange, surface
complexation, and precipitation rather than the physical surface area alone (Dai et al.,
2021; L. Zhang et al., 2020). This relationship may be related to differences in the

preparation process. For example, high pyrolysis temperatures can increase the SA of



biochar while reducing the number of H- and O-containing components and surface

functional groups, which may reduce the contribution of chemically active sites to Cd**

adsorption.

Overall, the elemental composition of biochar (C%, 0%, Mn%, and SA) and the

initial environmental conditions during adsorption jointly affect Cd** adsorption by

Mn-BC.
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Fig 3. Pearson correlation heatmap with significance levels (the color intensity

indicates the strength of correlation between variables, and * significant ** extremely

significant *** extraordinarily significant).

3.3 Model prediction



The prediction results of Cd** adsorption performance obtained with different ML
models are shown in Fig. 4. As shown in Fig. 4a—f, the prediction accuracy clearly
varied among the models. The ETR model achieved the best performance, with the
highest R? value (0.970) and the lowest RMSE value (12.982). Compared with the RF
and boosting models (GBR and XGB), the ETR model introduces a higher degree of
randomness in feature splitting and sample selection, which effectively reduces model
variance and avoids overfitting. As a result, this model attained greater stability and
generalization for the test set and an improved ability to capture complex nonlinear
relationships.

Among the ETR, ANN, and SVR models, the ANN model can simulate highly
complex input—output relationships and performs better than linear or tree-based
models do (Chellappa et al., 2021). The SVR model was solved globally through the
use of kernel techniques, dual transformation, and the sequential minimal optimization
(SMO) algorithm, which enables it to gradually approximate complex nonlinear
relationships, similar to the GBR model but in a more concise form (Huang et al., 2022).
The prediction performance of the ANN and SVR models was worse than that of the
ETR model. In terms of R?, RMSE, MAE, and MBE, the ETR model outperformed the
other models.

Significance analysis was conducted for the different models (Fig. S2). Although
the difference between the RF and ETR models was not significant, in comparison, the
ETR model performed the best among all the algorithms (R? = 0.970; RMSE = 12.982;

Table 1), suggesting satisfactory prediction performance in resolving high-dimensional



nonlinear relationships and complex feature interactions. Therefore, subsequent

analyses were conducted on the basis of the ETR model, including feature importance

and interpretability analyses, to identify the key variables contributing to model

predictions of the adsorption performance of Mn-BC and to clarify their underlying

mechanisms.
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Fig 4. Prediction plots of the ETR (a), RF (b), GBR (c), ANN (e), and SVR (f) models.

Table 1. R?, RMSE, MAE, and MBE of the ETR, GBR, RF, XGB, ANN, and SVR

models.
R2 RMSE MAE MBE
Train Test Train Test Train Test Train Test
ETR 0.989 0.970 6.965 12.982 0.862  6.498 0.000 0.097
RF 0.983 0.956 8.705 15.638 3.604 8.475 0.227 -1.181



GBR 0.989 0.906 6.901 23.024 0.861 12.200 -0.200 -5.978

XGB 0.978 0.962 10.027 14.629 5296 9.209 -0.003 -0.585
ANN 0.942 0.933 16.146 19399 9.183 12512 -1.823 -2.964
SVR 0.961 0.607 13.255 47.014 2886 0.607 -0.054 -6.179

3.4 Model fitting and feature importance analysis

The learning curves, residual plots, and feature importance results of the ETR
model are shown in Fig. 5, which are used to validate model stability and quantify the
contributions of key features. As shown in Fig. 5a—b, with increasing training set size,
the prediction accuracy increased notably: the test-set R? value first gradually increased
and then stabilized, eventually exceeding ~0.9, whereas the RMSE continuously
decreased and remained low. This trend suggests that with sufficient samples, the ETR
model effectively learned complex feature relationships and achieved suitable
generalizability and robustness.

As shown in Fig. 5c, the residuals were randomly distributed around zero, and the
residual ranges for the training and test sets were similar. No systematic bias was
observed, which indicates that the model yields a good fit (Nandi et al., 2025). These
results confirmed the reliability of the ETR model for predicting Cd** adsorption
performance.

The feature importance results obtained with the different methods, including the
mean absolute SHAP value (MAS), embedded feature importance (EFI), and
permutation feature importance (PFI), are shown in Fig. 5d—f (Neubauer et al., 2024).
The three methods yielded highly consistent results, and all the results indicated that
Co and Mn% were the main predictors contributing to the prediction of the adsorption

capacity. This result was likely due to the relatively high manganese content, which



increased the number of surface active sites and thereby promoted the binding of Cd*,
whereas the notable effect of Co suggested that the initial concentration gradient was
among the key forces driving adsorption. This occurred mainly because a relatively
large difference in concentration could enhance Cd** transport, thereby improving the
adsorption performance of Mn-BC (Fan et al., 2020). The variables of the addition
amount, H%, and O% followed in importance. Although C%, SA, pH, and T also
contributed to the observed increase, their importance was relatively low.

Overall, Co and Mn% were the primary factors governing the adsorption

performance of Mn-BC.
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Fig 5. Learning curves of R? (a) and RMSE (b); Prediction residual plot (¢); PFI (d) and




EFI (e) feature importance analysis; MAS values of feature importance (f).

3.5 Model SHAP analysis and one-way partial dependence analysis

As shown in Figure 6a, there was a significant difference in the distribution of the
SHAP values for the input features. The average absolute SHAP values of Co and Mn%
were the highest, indicating that they contributed the most to the model predictions. The
SHAP values of Co were mainly positive, suggesting that the initial concentration
contributed positively to the adsorption capacity. This greater contribution may be
related to the adsorption mechanism driven by the concentration gradient in the solution.
The positive contribution of the positive SHAP values of Mn% suggested that a higher
Mn% value was associated with higher predicted adsorption capacity of the binding
sites on the surface of biochar, thereby strengthening its complexation ability. The
variables of the addition amount and H% ranked next in importance. The distribution
of SHAP values of the addition amount was mainly negative, indicating that an
excessive dosage, whilc reducing Cd** in water, also decreased the adsorption capacity
per unit mass of bicchar (Kong et al., 2023a). H% yielded a positive effect, mainly
because H% was closely related to surface functional groups; notably, a higher H%
value increased the abundance of hydrogen-containing functional groups on the surface
of biochar, thereby providing more binding sites for Cd** (H. Zhang et al., 2025). 0%,
SA, and t also generated notable effects, indicating that the physicochemical properties
of biochar and the adsorption environment played supportive roles in driving Cd*
adsorption by biochar.

The one-way partial dependence plots of the main features are shown in Fig. 6b to

explain their effects. With increasing adsorbent dosage, the theoretical adsorption



capacity per unit mass of biochar first decreased rapidly but then stabilized. The partial
dependence plots suggested a positive marginal association with the adsorption
performance, which might be attributed to the change in hydrogen-containing
functional groups (H. Zhang et al., 2020); biochar achieved relatively satisfactory
adsorption when the H% value reached approximately 5%. Both O% and Mn% first
increased but then decreased, indicating that moderate contents were most favourable
for Cd** adsorption. Excessive Mn loadings may lead to Mn oxide aggregation and a
reduced utilization efficiency of active Mn sites, thereby limiting further improvement
in the Cd adsorption performance (H. Zhang et al., 2020); the adsorption performance
was better when Mn% and O% reached approximately 10% and 35%, respectively. The
SA first increased but then decreased, possibly because achieving an excessively high
surface area requires a longer carbonization time. For t > 4 h, the adsorption
performance decreased considerably. Therefore, a lower SA could help facilitate the
retention of surface finctional groups and thus enhance adsorption. The pyrolysis time
should be < 4 h. Although the SA value increased, many binding sites might be lost.
The one-way partial dependence plots of the pH, T, and Co indicated that the adsorption
capacity increased gradually as the values of these variables increased (Fig. S1).

Co and Mn% were the most influential in model prediction, while the C, H, and O
ratios and pore-structure parameters also participated in regulating the adsorption
behaviour. The combination of SHAP and partial dependence plot analyses not only
supported the reliability and interpretability of the model but also provided a theoretical

basis for clarifying the key mechanisms underlying Cd** adsorption by biochar.
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Fig 6. SHAP values of feature importance (a); The one-way partial dependence plot
of each input feature in the ETR model (b).
3.6 Two-way partial dependence analysis

To clarify the effect of loading and the role of Mn in biochar, two-way partial
dependence plots were created to analyse how different factors interact with Mn%. The
bivariate interaction effects between the Mn-doping content (Mn%) and other key
features (Co, pH. T, C%, H%, 0%, SA, t, and addition amount) on the Cd** adsorption
performance are shown in Fig. 7. The multiple influences of the predicted adsorption
capacity under different parameter combinations are shown in Fig. 7a—i.

As shown in Fig. 7a, the interaction between Co and Mn% was significant. When
Mn% was low, the adsorption capacity increased notably with increasing Co, whereas
in the high-Mn% region, the positive effect of Co gradually weakened. This result
indicates that under high-doping conditions, the number of Mn-provided surface
reactive sites was close to saturation. Thus, increasing the initial concentration further

yielded a limited promotional effect. As Mn% continuously increased, the adsorption



capacity first decreased but then increased, possibly because a higher Mn% value
promoted metal aggregation on the surface of biochar and thus reduced the number of
available binding sites. The combined effect of the pH and Mn% is shown in Fig. 7b,
indicating that the positive effect of Mn doping was greatest under near-neutral
conditions (pH: 6—7) and that a Mn content of approximately 10% resulted in relatively
satisfactory adsorption performance.

The interactive effects of the temperature (T) and the elemental composition of
biochar (C%, H%, and O%) with Mn% are shown in Fig. 7c—f. With increasing
temperature, the overall adsorption performance improved, and biochar with higher Mn%
values exhibited better Cd** removal at increased temperatures. This result indicates
that the adsorption process is endothermic, which is consistent with the findings of
previous studies (Yin et al., 2023). When C% ranged from 50-75%, positive synergy
with Mn was observed, indicating that a higher degree of carbonization and metal
doping jointly enhanced Cd** complexation. When Mn% reached approximately 10%,
increasing H% improved the adsorption performance of biochar, which is likely related
to the presence of hydrogen-containing functional groups on the surface of biochar. The
changes in 0% indicated that under both low- and high-Mn% conditions, O contents
ranging from 15-40% are beneficial for Cd** adsorption, which might be associated
with different Mn valence states (Liu et al., 2023).

As shown in Fig. 7g—i, the SA, t, and addition amount also exhibited significant
interaction effects with Mn%. When the SA and Mn% were low, the adsorption

capacity increased. Reducing the reaction time also improved the adsorption



performance, which might be attributed to the preservation of surface functional groups.
The adsorption performance was better at a dosage of approximately 1 g/L.

Overall, the Cd** adsorption performance was controlled by Mn doping and
multiparameter synergy. Increasing Mn% significantly amplified the positive effects of
environmental and structural factors (such as the pH, temperature, and SA). However,
an excessively high doping level could cause active-site saturation and aggregation
effects, thereby limiting further improvement. A Mn content of approximately 10%
promoted Cd** adsorption by biochar. These results confirm the key role of Mn doping

in regulating Cd*" adsorption by biochar.
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3.7 Experimental verification
To validate the model performance, rice husk biochar was modified with

potassium permanganate under the guidance of the ETR model (Table S1). Under



different experimental conditions, the error between the actual performance of Mn-BC
and the predicted performance was less than 17% (Table 2). This result indicates that
the ETR model accurately predicted the adsorption performance of Mn-BC and
provided effective guidance for its preparation.

Table 2. The predicted values output by the model and the actual adsorption capacity.

Predicted value Actual adsorption capacity Error

81.366 94.840 16.559
108.243 97.047 -10.343
84.280 95.371 13.160

3.8 SEM-EDS analysis

To validate the model performance, rice husk biochar was modified with
potassium permanganate to obtain BC and Mn-BC. The micromorphology and
elemental distribution of Mn-BC before and after Ca*" adsorption are shown in Fig. 8.
The surface structure of the pristine biochar is shown in Fig. 8a. At 5 pm, the biochar
exhibited a three-dimensional porous network with a relatively uniform pore
distribution and interconnected pore walls, forming a rich pore channel system. This
structure facilitated rapid diffusion and mass transfer of Cd** in solution and provided
sufficient contact interfaces for adsorption (Liu et al., 2022). The structures of Mn-BC
and biochar after Cd adsorption are shown in Fig. 8b—c. Compared with the data in Fig.
8a, obvious precipitated substances were observed, indicating that Mn was successfully
loaded onto the surface of biochar (the elemental maps in Fig. 8h—i and the EDS spectra
also support this finding). These features were clearer at 500 nm. As shown in Fig. 8d—f,
more precipitates occurred in the pore channels, which was likely due to successful Mn

loading and Cd adsorption via surface precipitation. Moreover, the presence of Mn and



Cd in Fig. 8h—i confirmed the successful capture of Mn and Cd on the surface of biochar.
The increased amounts of precipitates suggested an effective Mn content on the surface
of biochar and within the pores, and after Cd*>* adsorption, select particles likely formed
Cd—Mn complexes or precipitates with Cd?*. This finding in turn indicates that Mn-BC
adsorbed Cd** through chemisorption and surface reactions. The EDS spectra
confirmed the presence of C, O, Mn, and Cd in the samples, and the characteristic Cd
peak after adsorption indicated that Cd** was adsorbed on the surface of Mn-BC.

Overall, the combined SEM and EDS results confirmed that Mn was successfully

loaded onto the surface of biochar and enabled efficient capture of Cd**.

Fig 8. 5 um scanning electron microscope images of BC (a), Mn-BC (b), and Cd-Mn-
BC (c); 500 nm scanning electron microscope images of BC (d), Mn-BC (e), and Cd-

Mn-BC (f); EDS mapping:C, O, Mn, Cd elemental distribution of the Cd-Mn-BC (g



h); EDS spectrum of BC-Mn-BC (i).
3.9 Performance and mechanistic analysis

To investigate the Mn-BC adsorption mechanism, the biochar samples before and
after adsorption were characterized. The adsorption capacity and removal efficiency of
Mn-BC at different initial concentrations and dosages are shown in Fig. 9a. At a dosage
of 1 g/L, Mn-BC achieved a high removal efficiency close to 100%, whereas at 2 g/L,
the removal efficiency decreased. This result indicates that at a concentration of 1 g/L,
Mn-BC removed Cd** from water more effectively. When the initial concentration was
100 or 200 mg/L, the adsorption capacity changed only slightly, suggesting that Cd**
adsorption by Mn-BC stabilized. This likely occurred because the adsorption sites on
the surface of Mn-BC approached saturation. Therefore, increasing the initial
concentration did not significantly increase the adsorption capacity. The N2 adsorption—
desorption isotherm of Mn-EC is shown in Fig. 9b. The curve corresponded to a type-
IV isotherm with an H3 hysteresis loop, likely because of the presence of mesopores
and slit-shaped pores. The adsorption amount increased continuously with increasing
relative pressure, indicating that the mesoporous structure provided sufficient pore
space, and the hysteresis loop confirmed the presence of mesopores (Wang et al., 2024).
The mesoporous structure provided Mn-BC with abundant pore channels and a high
SA, thereby offering favourable conditions for Cd** adsorption. The XRD patterns of
Mn-BC before and after Cd** adsorption are shown in Fig. 9c. After potassium
permanganate modification, clear MnsOs peaks (PDF#: 24-0734) were identified,

indicating that Mn was successfully loaded onto the surface of Mn-BC. Cd occurred in



the material mainly in a precipitated form as CdCOs (PDF#: 42—-1342). The formation
of CdCO:; likely resulted from carbonate functional groups remaining after biochar
carbonization or from dissolved CO: in the solution reacting with Cd** to form
precipitates (Y. Zhang et al., 2023).

Before adsorption, the C 1s spectrum of Mn-BC was deconvoluted into three
components, namely, 284.4 eV (C-C/C-H), 285.53 eV (C—C/C-OH), and 288.15 eV
(C-0O/C=0) (C 1s XPS spectra are shown in Fig. 9d). After adsorption, the relative
proportion of C—C/C—H decreased from 62.89% to 49.02%, which was likely caused
by Cd** adsorption.

The O 1s XPS spectra in Fig. 9e reveal that beforc adsorption, the O 1s peaks of
Mn-BC were assigned to 532.53 eV (H20), 530.73 ¢V (M—OH), and 529.62 eV (M—
O). After adsorption, the binding energy of the M—O proportion increased from 38.97%
to 40.97%. The proportion of M-OH increased from 9.75% to 14.98% (a binding
energy shift of ~0.15 eV), whereas the proportion of H-O decreased from 51.28% to
44.05% (a shift of 0.11 eV). These changes could be attributed mainly to coordinated
exchange between surface functional groups and Cd*, which resulted in the
immobilization of Cd*". After Cd*" adsorption, Mn—O-R (R: functional group) or Cd—
O species formed on the surface of Mn-BC (Yin et al., 2020). The Mn 2ps/> peak was
deconvoluted into Mn(IIl) (641.61 eV) and Mn(IV) (642.63 eV), together with a
satellite peak, indicating that Mn-BC was successfully loaded with Mn(III) and Mn(IV)
(Lin et al., 2025). In the Cd XPS spectrum, the characteristic peaks of Cd 3ds/> and Cd

3ds/> were located at 411.57 and 404.82 eV, respectively, corresponding to CdO and



CdCO:s, respectively (Henriquez et al., 2023). As shown in Fig. 9g, the valence state of

Cd(II) remained unchanged after adsorption, indicating that Mn-BC removed Cd(II)

mainly through adsorption rather than oxidation or reduction processes (Yin et al.,

2023). The Mn-BC adsorption mechanism is shown in Fig. 9h.
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Fig 9. The adsorption capacity and removal rate of Mn-BC (a); The N, adsorption-

desorption isotherms of Mn-BC (b); XRD (c); High-resolution XPS spectra of C 1s (d),

O 1s (e), Mn 2p (f), Cd 3d (g); Adsorption mechanism diagram (h).

3.10 Prospects and limitations

In this study, ML models were employed to preliminarily explore how the

preparation conditions and adsorption environment affect the Cd adsorption

performance of Mn-BC, but further research remains needed. The main limitations are

as follows: first, the dataset size remains relatively small. Thus, the dataset should be



expanded to enhance model stability and generalizability. Second, the current data do
not cover additional microscopic material characteristics (such as functional groups and
Mn content forms), which prevents a more in-depth investigation of the adsorption
mechanism and creates a barrier to mechanism elucidation. This study did not focus on
in-depth mechanistic analysis. In future work, advanced theoretical methods such as
molecular dynamics and DFT simulations should be combined with ML methods to
analyse the adsorption process at the molecular and atomic levels, thereby providing
more detailed theoretical support for clarifying the mechanism underlying Cd
adsorption on Mn-BC.
4. Conclusions

In this study, an ML framework for predicting the adsorption behaviour of
cadmium by Mn-BC was developed. The ETR model achieved the best overall
prediction performance and was subsequently employed for further interpretation and
experimental verification. The model interpretation results revealed that an effective
manganese—biochar design should comprehensively balance the manganese loading,
pyrolysis conditions, and the retention of surface functional groups rather than merely
increasing the metal content or SA. The experimental verification results in turn
confirmed the applicability of the model-guided strategy. The increase in the cadmium
adsorption capacity of Mn-BC was attributed mainly to the synergistic effects of surface
complexation, coordination exchange, and surface precipitation. In summary, this study
demonstrated that interpretable ML can be used to not only predict the adsorption

performance but also provide practical guidance for the design of metal-modified



biochar adsorbents.
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