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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Adsorbents capable of simultaneously 
removing organic pollutants and heavy 
metals.

• Simultaneous removal mainly includes 
inhibition, promotion and no significant 
effect.

• CatBoost model shows its better predic
tive performance and model 
interpretability.

• WGAN method assists the stability and 
classification ability of CatBoost model.

A R T I C L E  I N F O

Keywords:
Combined contamination
Ensemble learning model
Shapley additive explanation
Feature importance
Generative adversarial network

A B S T R A C T

This study constructed a dataset containing commonly used adsorbents for the simultaneous removal of organic 
pollutants (OPs) and heavy metals (HMs) from aqueous phases, and evaluated machine learning models to 
predict the interactions between OPs and HMs on the adsorbents. Data synthesis using Wasserstein generative 
adversarial networks (WGAN) and feature importance interpretation via Shapley additive methods were 
analyzed. The results revealed that categorical boosting (CatBoost) emerged as the best machine learning model 
due to its excellent adsorption prediction performance and model interpretability. The interactive effects were 
classified into “inhibition”, “no significant effect” and “promotion” categories. The original dataset was 
computationally augmented with 1500 reliable synthetic data by WGAN, improving the precision for “promo
tion” category of CatBoost from 0.79 to 0.93. Adsorbent surface area and solution pH were the primary factors 
causing the “promotion” of adsorptive behavior. Bridging and electrostatic interaction mechanisms may play 
important roles in promoting simultaneous adsorption. The strategy of combining interpretable machine learning 
and data synthesis with the WGAN method, not only provides new insights into the prediction of the composite 
adsorption behavior of OPs and HMs by adsorbents in the aqueous phase, but also addresses the problem of 
insufficient experimental data to improve the prediction performance.

1. Introduction

The combined pollution of organic pollutants (OPs) and heavy 
metals (HMs) is routinely found in medical, livestock, industrial and 
municipal wastewater (Zhai et al., 2023). The complexes formed by OPs 
and HMs are generally more stable and more difficult to remove by 
sewage treatment plants and the natural environment. These OP-HM 
mixtures may pose greater risks than individual effects in water sys
tems, the so-called “cocktail” effect. Thus, the development of effective 
removal technologies is essential to minimize the hazards induced by 
OP-HM combinations. Adsorption technology can concentrate and 
separate pollutants through attractive forces between adsorbents and 
adsorbates. It offers the advantages of high efficiency and economy, easy 
operation and no secondary pollution, as well as the adsorbents can be 
recovered and recycled, which makes it a promising means of simulta
neously removing OPs and HMs from water (Zhai et al., 2024). 
Adsorption behavior is generally evaluated by batch equilibrium ex
periments under various operating conditions (Al-Ghouti and Da’ana, 
2020). However, this evaluation process is time-consuming and costly 
(Taoufik et al., 2022).

With the rapid development of artificial intelligence, machine 
learning techniques provide new tools for improving the efficiency of 
processing large datasets (Lin and Zhang, 2025; Wei et al., 2025; Xu 
et al., 2024). Earlier studies have confirmed the effectiveness of machine 
learning in predicting the adsorption performance of OPs or HMs on 

different adsorbents (Palansooriya et al., 2022; Zhu et al., 2022). A 
gradient boosting decision tree model based on machine learning 
showed satisfactory performance (R2 > 0.90) in predicting the adsorp
tion of tetracycline antibiotics by biomass charcoal (Zhou et al., 2023). 
Leng et al. constructed a hybrid machine learning model for biomass 
production applications that yielded an R2 as high as 0.996 for the 
prediction of adsorption of HMs by biochar (Leng et al., 2025). Never
theless, most machine learning studies still focus on a single system, and 
there is a lack of systematic studies on the prediction of adsorption be
haviors of adsorbent materials for pollutant mixtures of OPs and HMs. 
Moreover, if experimental data are scarce, the predictive ability of the 
machine learning model can hardly be guaranteed.

Several approaches have been developed, such as synthetic data 
strategy, transfer learning, active learning and label propagation, to 
solve the problem of data scarcity (Koç et al., 2025). Among those, 
generative adversarial networks (GANs) have become a research hotspot 
because of their outstanding performance in generating synthetic data. 
GANs were first proposed in 2014, and they can learn from a set of 
training data and generate synthetic data that strongly resemble to 
original data (Chakraborty et al., 2024). The performance of machine 
learning models can be improved by supplementing the training dataset 
with synthetic data generated by GANs. Currently, GAN-related research 
has been applied in many fields, such as biomedicine, computer vision, 
financial markets, information security, image processing, audio 
recognition and generation (Lv et al., 2024), but there is a lack of 
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attention in the environmental protection field, especially in the context 
of material-based wastewater treatment.

The performance of machine learning models was evaluated in the 
present work, to determine the best model for removal prediction. A 
Wasserstein-based GAN (WGAN) approach was employed to augment 
the original dataset involving the removal of OPs and HMs from aqueous 
phases by typical adsorbents, thereby further optimizing the model. In 
addition, feature importance calculations and Shapley additive expla
nation (SHAP) analysis were performed to reveal the main conditions 
and related mechanisms affecting the adsorption behavior. This study 
provides new insights for the treatment of wastewater contaminated 
with both OPs and HMs, as well as for the rational selection and design 
of environmentally functional adsorbent materials.

2. Materials and methods

2.1. Dataset construction

A total of 63 papers on related topics, including 1787 data points 
were collected from the Web of Science to construct a dataset. The 
related adsorbent materials included biochars (BC), activated carbons 
(AC), resins (RES), metal‒organic frameworks (MOF), cyclodextrins 
(CD), and cellulose (CEL). The HMs considered were Cu2+, Cd2+, Pd2+, 
and Cr6+. There were 24 different OPs, including antibiotics, non- 
steroidal anti-inflammatory drugs, pesticides, chemical by-products 
and environmental hormones. The missing data patterns in the dataset 
are summarized in Table S1, and detailed descriptions of data pre- 
processing are provided in Text S1.

Three types of features were considered as input parameters: 
adsorbent characteristics (specific surface area (SSA), elemental 
composition (C%, H%, O%, N%), pHpzc, total pore volume and pore 
diameter), environmental characteristics (initial pH, temperature, 

Fig. 1. Box plot of the collected data (E: molar refractivity, S: polarizability, A: hydrogen bond acidity, B: hydrogen bond basicity, V: molar volume).
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revolutions per minute (RPM), adsorbent mass, reaction time, initial 
concentration of OPs and HMs), and pollutant characteristics (OPs and 
HMs)). The characteristics of OPs were molecular weight (MW-OPs), 
hydrogen bond acidity (A), hydrogen bond basicity (B), polarizability 
(S), molar refractivity (E), molar volume (V) and dissociation constant 
(pKa). The characteristics of HMs consisted in the molecular weight 
(MW-HMs), electronegativity (X), ionic radius (r), and valence. The 
adsorption capacity for OPs (QOPs), the adsorption capacity for HMs 
(QHMs), the influence of HMs on OP adsorption (IOPs), and the influ
ence of OPs on HM adsorption (IHMs) were set as output parameters. 
The characteristic distributions of input and output parameters are 
described in Text S2 and in Fig. 1 and S1.

The adsorption capacity (Q) and removal efficiency (U) were calcu
lated via equations (1) and (2), respectively: 

Q =
(C0 − Ce)V

m
(1) 

U =
(C0 − Ce)

C0
(2) 

where C0 is the initial pollutant concentration, Ce is the equilibrium 
concentration, V is the reaction volume, and m is the mass of the 
adsorbent.

To quantify the interactive effects of OPs and HMs, two percentage 
indices of IOPs and IHMs were employed and obtained via equations (3) 
and (4), respectively: 

IOPs =
(

QOPs,B or UOPs,B

QOPs,S or UOPs,S
− 1

)

*100% (3) 

IHMs =
(

QHMs,B or UHMs,B

QHMs,S or UHMs,S
− 1

)

*100% (4) 

where QOPs,B and QOPs,S represent the adsorption capacities of OPs in 
binary and single systems, respectively, whereas QHMs,B and QHMs,S 
embody the adsorption capacities of HMs in binary and single systems, 
respectively; IOPs indicate the effect of HMs on OP adsorption in a bi
nary system, whereas the IHMs show the effect of OPs on HM adsorp
tion. Positive values of IOPs or IHMs indicate that the adsorption of OPs 
or HMs onto the adsorbent is promoted by the other pollutant. In 
contrast, negative values indicate adsorption inhibition by the other 
pollutant. Nil values of IOPs or IHMs indicate no effect.

2.2. Development and evaluation of machine learning models

In this study, models that have been well performed for adsorption 
prediction in recent years were selected, including multiple linear 
regression (MLR),five ensemble learning models, including extreme 
gradient boosting (XGBoost), light gradient boosting machine (LGBM), 
categorical boosting (CatBoost), stacking and random forest (RF), as 
well as two deep learning (DL) models, including back propagation 
neural network (BPNN) and one dimensional convolutional neural 
network (1D-CNN)(Abbasi et al., 2022). A brief description of these 
models can be found in Text S3. To avoid biases caused by scale effects, 
all the input parameters were standardized using Z score normalization. 
The dataset was randomly assigned into two parts: 80 % of it was ar
ranged as a training set for the purpose of model development, and the 
remaining 20 % was used as a validation set to evaluate the model.

Bayesian optimization (Fig. S19 and S20) and five-fold cross-vali
dation were employed to tune the hyperparameters of the models 
(Tables S17 and S18). Regarding the regression tasks for predicting the 
adsorption capacity, the coefficient of determination (R2) and root mean 
square error (RMSE) were used to measure the predictive performance. 
For the classification tasks predicting interactive effects, model perfor
mance was evaluated in terms of accuracy, precision, recall, and F1 
score. The calculation processes of the above evaluation indicators are 

shown in Text S4.

2.3. Interpretability analysis of machine learning models

Recursive feature elimination (RFE) was employed to select the best 
features for the machine learning models. Based on the calculated 
importance of features in the tree, RFE with cross-validation removes 
the least important features each time, and can automatically find the 
number of features that make the model perform optimally. SHAP values 
of the features were used to analyze the specific impact of features on the 
output parameters. To further explore feature relationships, a partial 
dependency plot (PDP) was applied to reveal the nature of dependence 
between the inputs and outputs. Detailed information on the SHAP and 
PDP methods has been described in previous studies (Greenwell, 2017; 
Vimbi et al., 2024; Zhang et al., 2025a, 2025b).

2.4. WGAN method for data synthesis

WGAN is an unsupervised learning model that trains two neural 
networks, including a generator and a discriminator in an adversarial 
manner to generate synthetic data. The Wasserstein distance can be 
regarded as the minimum “cost” required to transfer one “item” to 
another between two distributions, based on the following formula 
(Jiang et al., 2024): 

W
(

pg, pr

)
= inf

γ∈Π(pg ,pr)

E(x,y)∼γ [‖ x − y ‖] (5) 

where pg is the generated distribution, pr is the real distribution, and Π 
(pg, pr) is the set of all possible joint distributions γ (x, y). The goal of the 
WGAN is to minimize the Wasserstein distance between the generated 
distribution and the true distribution. The original and generated data 
were mapped into a two-dimensional space using t-distributed sto
chastic neighbor embedding (t-SNE) to explore the similarity of the data 
distributions (Van der Maaten and Hinton, 2008).

3. Results and discussion

3.1. Performance comparison of machine learning models

The predictive performances of eight machine learning models for 
adsorption capacity of QOPs and QHMs are shown in Fig. 2 and 
Tables S2 and S3. MLR model performed the worst in terms of the pre
diction of QOPs and QHMs, with testing set R2 values of 0.60 and 0.63, 
respectively. Fig. S2 and S3 reveal a significant deviation between the 
actual and predicted values via MLR model, with errors increasing as the 

Fig. 2. Predictive performance of eight machine learning models for adsorption 
capacity of QOPs and QHMs. R2 and RMSE are the average results from five-fold 
cross-validation of the models.
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prediction values increased. This finding indicates that MLR model 
struggled to capture the nonlinear relationships within the data. BPNN 
and 1D-CNN models also did not achieve satisfactory predictive per
formance. The R2 values of the DL models for the test sets of QOPs and 
QHMs were less than 0.85 and 0.75, respectively. Similar to those of 
MLR model, the errors of ANN and 1D-CNN models increased signifi
cantly with increasing prediction values. This may be due to the inability 
of small sample data to meet the requirements of DL models for 
capturing complex data structures.

In contrast, the ensemble learning models exhibited better perfor
mance in predicting QHMs and QOPs, with average R2 values from five- 
fold cross-validation for both the training and test sets exceeding 0.85, 
with a smaller error between the actual and predicted values (Fig. S4 
and S5). The predictive performance of the models for QOPs was 
generally better than that for QHMs. Regarding the QOP prediction, 
XGBoost and CatBoost achieved the highest R2 values (0.96 for both), 
even though XGBoost had a slightly lower RMSE. For the prediction of 
QHMs, CatBoost significantly outperformed the other models. As illus
trated in Fig. 3, the predicted values of CatBoost model for QOPs and 
QHMs closely matched the actual values, with residuals distributed near 
the zero line, indicating a strong predictive ability. This superior per
formance of CatBoost may be related to the dataset size and its efficient 
categorical feature handling method. One-hot encoding for many OP 
categories can easily lead to a dimensional explosion of features. Cat
Boost employs an integrated categorical feature handling method that 
can automatically and efficiently process categorical features. This 
method effectively prevents feature dimensionality explosion in a small 
dataset while retaining the intrinsic information of categorical features, 
thereby yielding superior results on the smaller QHM dataset (530) 
compared to the QOP dataset (1,015) (Hancock and Khoshgoftaar, 
2020).

3.2. Feature analysis of adsorbent removal ability

Owing to the increased complexity caused by the inclusion of 
numerous variables, the key features influencing the prediction of QOPs 
and QHMs were selected using feature importance and the RFE. The 
feature importance of the two ensemble learning models (XGBoost and 
CatBoost) that have demonstrated better predictive performance was 
examined. Fig. S6 shows the top ten feature importance rankings of 
XGBoost for QOPs and QHMs. XGBoost model heavily relied on the 
activated carbon feature in adsorbent category, which accounted for 93 
% of the overall feature importance for QOPs. In addition, it mainly 

relied on the atomic mass of HMs (76 %), leading to the neglect of other 
features in QHMs. This over-reliance on certain features may be due to 
the coverage-based selection criterion of XGBoost, which tends to select 
features with high frequency in nodes, thereby overestimating their 
importance (Nguyen et al., 2021).

In contrast, the CatBoost model had a more balanced distribution of 
feature importance, as shown in Fig. 4. Except for the adsorbent feature 
contributing 44 % of the total feature importance, the environmental 
features, including initial OP concentration and adsorbent mass also 
contributed 48 % for QOPs. Although the proportion of environmental 
features of QHMs (40 %) was close to that of QOPs, the former exhibited 
a stronger pollutant feature dependence of 43 %, with electronegativity 
(x) being the most important feature accounting for 37 %. The visuali
zation of RFE process for CatBoost model is illustrated in Fig. S7. The 
prediction performance of QOPs and QHMs was found to be degraded 
after the removal of eight and three features, respectively. Therefore, the 
feature importance of the model was calculated after removing these 
features.

Feature significance provides insight into the relationships between 
features and output variables, but is still insufficient to reveal their 
specific effects. To address this, SHAP and PDP analyses were employed 
to explore the deeper impact on features of QOPs and QHMs based on 
CatBoost model, and the results are shown in Fig. S8 and 9. The initial 
pollutant concentrations of OPs and HMs exhibited similar trends in 
their impacts on QOPs and QHMs. Both the SHAP values and the pre
dicted QOPs and QHMs increased markedly with increasing initial 
pollutant concentrations. An increase in initial concentration led to the 
occupation of otherwise unsaturated sites at the surface of the adsor
bent, thereby leading to an increase in adsorption capacity. However, as 
the concentration continued to rise, the sorption sites on the adsorbent 
surface became gradually saturated, causing the capacity to reach an 
asymptote value (Aziz et al., 2022). A similar trend was observed for the 
concentrations of coexisting pollutants. The predicted values of QOPs 
increased with increasing initial HM concentration in the range of 
0–120 mg/L, but leveled off above 120 mg/L. For the QHMs, the 
adsorption no longer increased after the initial OP concentration 
exceeded 110 mg/L. In general, appropriate initial concentrations of 
OPs and HMs may promote mutual adsorption through a bridging effect. 
Once the initial concentration continues to increase, especially beyond 
the saturation point of the adsorbent, the adsorption sites may become 
clogged, allowing the competitive effect to outweigh the bridging effect, 
resulting in a weakening of the “promotion” in the adsorption process 
(Zhai et al., 2023).

Fig. 3. Actual and predicted values of CatBoost model for QOPs (a) and QHMs (b).
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The SSA of adsorbent had a positive effect on the adsorption ca
pacity. The larger the SSA of adsorbent is, the greater the number of 
sorption sites per unit mass of adsorbent, and the greater the adsorption 
capacity for QOPs. However, the adsorbent mass had a significant 
negative effect on both QOPs and QHMs, causing the adsorption ca
pacity to decrease with increasing adsorbent mass. Although a higher 
adsorbent mass improves the pollutant removal efficiency, it leads to a 
decrease in pollutant adsorption per unit mass of adsorbent. The effects 
of pH on QOPs showed multiplicity: both the SHAP and the predicted 
values of QOPs increased rapidly with pH in the range of pH 2.5–6.5, but 
decreased gradually when pH exceeded 6.5. On the contrary, pH had a 
significant positive effect on QHMs, which increased with increasing pH. 
The OPs considered in this study are dissociable and exist in various 
ionic forms depending on the pH of the aqueous solution, which makes 
the effect of pH on OP adsorption very complicated. 90 % of the HMs are 
cations, and thus most of the electrostatic attraction between adsor
bents, OPs and HMs increases with pH. Higher electronegativity 
demonstrated a positive effect on the adsorption process as it not only 
reflected the electron affinity of HMs, but also enhanced the electrostatic 
interactions with OPs and adsorbent surfaces, which facilitated 
adsorption. The RPM also gained relatively high importance for QHMs, 
but the trend of its effect on the PDP and SHAP values was not regular. 
The effect of adsorption time on QOPs was also not regular. In addition, 
the effects of E and A on QOPs and QHMs were weak.

3.3. Transformation of prediction task for interactive effect

To reveal the interactive effects between OPs and HMs within binary 
systems, IOPs and IHMs were quantified. Given the outstanding per
formance in both adsorption prediction and feature analysis, CatBoost 
model was chosen to predict the performance of adsorbent materials for 
IOPs and IHMs. The five-fold cross-validation results of CatBoost model 
on the training and test sets are shown in Table S4. The predictive ability 
of IOPs and IHMs was significantly weaker than that of QOPs and QHMs, 
especially on the test set, where the performance was poor with an 
average R2 of less than 0.5. Compared with the adsorption capacity of a 
single system, the interactive effects in a binary system are usually more 
complex, and it is difficult for machine learning models to capture and 
predict the intrinsic relationship, resulting in very poor predictive 

stability of IOPs and IHMs.
To address the poor stability of predictions, the numerical prediction 

task was transformed into a classification task by assigning a certain 
range and a clear meaning to IOPs and IHMs. When IOPs or IHMs were 
greater than 5%, OPs/HMs were significantly promoted in a binary 
system, and the “Promotion” category was used; between − 5% and 5%, 
it indicated that they were not significantly affected, so they were 
assigned to the “no significant effect” category; and for IOPs or IHMs 
lower than − 5%, the combined adsorption was significantly inhibited, 
so they were assigned to the “inhibition” category. The adsorption effect 
classification of HMs on OPs is designated as ICOP in a binary system, 
and ICHM denotes the adsorption effect of OPs on HMs.

The results of CatBoost model on the classification task are shown in 
Table S5, and a threshold-sensitivity study as shown in Tables S15 and 
S16. The predictive stability of CatBoost model for both ICOPs and 
ICHMs was significantly improved, with an average evaluation metric of 
more than 0.7 on the test set. The predictive performance for ICOPs was 
slightly better than that for ICHMs. The accuracy, precision recall and F1 
score of the model for ICOPs are 0.83, 0.83, 0.82 and 0.82, respectively, 
compared with values of 0.75, 0.75, 0.74 and 0.74 for ICHMs.

The prediction performance of CatBoost for three categories of 
interactive effects is shown in Table 1. For ICOPs, the prediction ability 
of “no significant effect” (e.g., F1 score = 0.76) was weaker than that of 
the other two categories (F1 scores of 0.85 for both “inhibition” and 
“promotion”). The predictions of “no significant effect” (F1 score =
0.75) and “promotion” (F1 score = 0.72) in ICHMs were weaker than 
that of “inhibition” (F1 score = 0.82). In particular, the recall rate of the 

Fig. 4. Feature importances of CatBoost and SHAP scatter plots for QOPs (a, c) and QHMs (b, d).

Table 1 
Five-fold cross-validation average results for classification task of CatBoost 
model.

Model Metrics (testing 
set)

Inhibition No significant 
effect

Promotion

ICOPs Precision 0.88 ± 0.012 0.77 ± 0.013 0.83 ± 0.011
Recall 0.83 ± 0.014 0.75 ± 0.015 0.88 ± 0.012
F1 Score 0.85 ± 0.011 0.76 ± 0.013 0.85 ± 0.011

ICHMs Precision 0.81 ± 0.012 0.75 ± 0.013 0.79 ± 0.012
Recall 0.84 ± 0.011 0.75 ± 0.014 0.68 ± 0.015
F1 Score 0.82 ± 0.012 0.75 ± 0.012 0.72 ± 0.013
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test set for “promotion” category of ICHMs was 0.68, which was 
significantly lower than the precision of 0.79. This suggests that the 
model is overly conservative in predicting the “promotion” category and 
missed many samples that belong to the “promotion” category. The 
difference in the prediction performance of various categories may be 
caused by the imbalance and limited size of the dataset.

3.4. WGAN-based dataset expansion strategy

The comparison of traditional GAN and WGAN on the prediction 
performance is shown in Table S6. The accuracy of the GAN-generated 
data in the range of 500–1500 data fluctuated between 0.39 and 0.58, 
which is significantly lower than that of the WGAN (0.75–0.90). 
Traditional GAN often faces gradient vanishing and pattern collapse 
problems during training, and the difference between generated and real 
data measured by Jensen-Shannon divergence is not sensitive enough in 
high-dimensional spaces, leading to unstable training and lower quality 
of generated data (Park et al., 2022). In contrast, WGAN provides 
smoother and more meaningful gradients due to the better mathematical 
properties of the incorporated Wasserstein distance, thus significantly 
improving the stability of model training, mitigating the phenomenon of 

pattern collapse, and improving the diversity and quality of the gener
ated data (Gao et al., 2020).

To further optimize the generation performance of WGAN, the 
variation of Wasserstein distance with the number of training rounds in 
ICOPs and ICHMs was evaluated. Fig. 5 illustrates the changes in the 
Wasserstein distance during the WGAN training process. In the initial 
phase (0–2000 iterations), the discriminator was able to easily distin
guish between the virtual and original data because of their significant 
differences, resulting in a large Wasserstein loss. As the training pro
gressed (approximately 2000–4000 iterations), the generator gradually 
learned to produce more realistic data, making it difficult for the 
discriminator to distinguish between real and generated data, and 
leading to a decreasing trend in Wasserstein loss. When it reached the 
range of 4000–7000 iterations, the Wasserstein loss increased again to a 
high value and then gradually decreased, indicating that the adversarial 
training between the generator and discriminator was ongoing. After 
approximately 8000 iterations, the Wasserstein loss gradually stabilized 
at a lower level, suggesting that the generator had learned to generate 
relatively realistic data, and that the discriminator had difficulty in 
distinguishing between real and generated data. At this point, a 
balanced state between the generator and discriminator was achieved 

Fig. 5. Model performance radar chart for real original and virtual data for ICOPs (a) and ICHMs (b); variation of Wasserstein distance with the number of WGAN 
training rounds for ICOPs (c) and ICHMs (d); t-SNE distributions of generated and original data for ICOPs (e) and ICHMs (f).
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(Xiong et al., 2020).
After completing the iterative training, the properties of the data 

generated by WGAN were verified with those of the original data to 
ensure the quality of the synthetic data. The t-SNE visualization reveals 

that the generated data (red points) effectively covered the blue points 
represented as original data in the space, indicating that the WGAN is 
capable of generating data with a distribution similar to the original 
data. Additionally, the generated data filled the areas where the original 

Fig. 6. Average absolute values and scatter plots of SHAPs on “inhibition”, “no significant effect” and “promotion” categories for ICOPs (a) and ICHMs (b).
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data were not distributed, demonstrating that the WGAN can generate 
new data distributions based on the original data distribution, thereby 
increasing the diversity of the data (Liu et al., 2024; Zhai et al., 2025). 
Additionally, we conducted quantitative checks including descriptive 
statistics and Kolmogorov-Smirnov tests as shown in Table S11‒14, 
Fig. S17 and S18. For ICHM, feature descriptive statistics and 
two-sample KS tests showed no differences at the 5 % level, with only 
minor changes in means and variances. For ICOP, several features 
differed from the original, including initial concentrations of OP and 
HM, RPM, time, adsorbent mass, specific surface area, predicted Q-HM 
and Q-OP, and some differences were notably reduced, such as adsor
bent mass by approximately 83 % and Q-OP by approximately 36 %. 
Overall, the augmented data covered the main regions of the original 
samples but modified some marginal distributions.

The synthetic data randomly generated by WGAN were combined 
with the original data to construct an expanded dataset. The effect of 
dataset containing different numbers of synthetic data on the perfor
mance of the optimal machine learning model (CatBoost) was explored. 
As shown in Tables S7 and S8, the incorporation of synthetic data from 
500 to 1500 resulted in an improvement of the average F1 scores of 
CatBoost for ICOPs and ICHMs from 0.80 to 0.75 to 0.90 and 0.84, 
respectively. This indicates that the incorporation of sufficient WGAN- 
generated data as the training set boosted the performance of the ma
chine learning model. In contrast, the CatBoost model performance 
showed a decreasing trend when adding between 1500 and 2500 syn
thetic data. This may be because the distribution of synthetic data 
generated by weighted clipping has difficulty matching the real data, 
resulting in training bias caused by excessive and diverse synthetic data, 
thereby reducing the accuracy of the machine learning model (Lee et al., 
2021). Therefore, 1500 was selected as the most suitable number of 
synthetic data supplements for expanding the dataset, as it helped Cat
Boost to perform better in all the metrics.

Tables S9 and 10 demonstrate the CatBoost model performance 
before and after dataset expansion. The predictive ability of the model in 
each category (“inhibition”, “no significant effect”, “promotion”) in the 
ICOPs was improved, especially the precision, recall and F1 score for the 
“no significant effect” were improved from 0.77, 0.75 and 0.76, 
respectively, to 0.88, 0.84 and 0.86 after adding the 1500 synthetic data 
generated by WGAN. Regarding the ICHMs, although the “inhibition” 
and “no significant effect” categories did not result in a significant 
improvement for model performance after expanding the dataset, the 
precision, recall, and F1 score in the “promotion” category significantly 
improved from 0.79, 0.68, and 0.72 to 0.93, 0.96, and 0.94, respectively. 
This shows that the data synthesis based on WGAN can serve to solve the 
class imbalance problem in the dataset and further enhance the stability 
and classification ability of CatBoost model (Liu et al., 2019).

3.5. Feature analysis for interactive effects of OPs and HMs onto 
adsorbents

Fig. S10 illustrates the RFE process based on 5-fold cross-validation 
for ICOPs and ICHMs of CatBoost model. The model performance 
decreased after 14 and 12 features were removed from ICOPs and 
ICHMs, respectively. The number of features removed by RFE was 
greater than that of the single system. The feature importance of three 
categories of interactive effects was quantified using mean absolute 
SHAP value and is shown in Fig. 6, S11 and S12. The “promotion” and 
“inhibition” categories had similar proportions of feature importance for 
ICOPs and ICHMs, whereas the proportion of “no significant effect” 
features was smaller than those of the other two categories. With the 
exception of the “no significant effect” category in ICOPs, the feature 
with largest proportion in the three categories of ICOPs and ICHMs was 
SSA. Compared to the single system, SSA was more important for pre
dicting the interactive effect of the binary system, and was at the top of 
the list of feature importance for ICOPs and ICHMs. As SSA increased, 
the SHAP values of ICHMs decreased in the “inhibitory” category, but 

increased in the “promotional” category. ICOPs showed a similar trend 
overall, but with both positive and negative SHAP values at lower SSA. 
The value of SSA is proportional to the number of adsorption sites. Fewer 
adsorption sites indicated that OPs and HMs competed fiercely for 
adsorption onto the adsorbent, thus inhibiting adsorption. With the in
crease of SSA, more OPs or HMs can be adsorbed at more adsorption 
sites, which further promotes adsorption through bridging effect (Zhai 
et al., 2023). As shown in Fig. 7a, the surface of AC is governed by an 
electron polarizable cloud that may interact favorably with pollutants 
via non- or low-polar groups, dispersive and van der Waals forces.

Compared with the single system, pH was also more important in the 
binary system and ranked third and fourth in the feature importance of 
ICOPs and ICHMs, respectively. In particular, pH was the feature with 
highest percentage in “no significant effect” category of ICOPs. The 
SHAP values of “no significant effect” and “promotion” categories for 
ICOPs showed decreasing and increasing performance with increasing 
pH, respectively. This suggests that HMs have a weak effect on OP 
adsorption under acidic conditions, and promote adsorption in alkaline 
environments. pH is closely correlated with electrostatic interactions 
during the adsorption process. For example, under the influence of pH, 
protons are exchanged between AC and aqueous media, generating 
positively and negatively charged AC derivatives (Fig. 7b), which pro
vide electrostatic interaction sites for pollutants. OPs were deprotonated 
with increasing pH, causing them to exist as more negatively charged 
anions in solution. This leads to enhanced electrostatic attraction be
tween anionic OPs and cationic HMs (e.g., Cu2+, Pb2+, and Cd2+), which 
increases the potential for complexation between OPs and HMs. More
over, cationic HMs generally show stronger adsorption under neutral or 
slightly alkaline conditions, allowing more HMs to be immobilized onto 
the adsorbent surface, and providing more adsorption sites for OPs (Zhai 
et al., 2024). This could be further confirmed by the influence of pKa on 
OP adsorption. When pKa was increased, the SHAP values of ICOPs 
increased in the “inhibition” category but decreased in the “promotion” 
category, indicating that pKa negatively affects the adsorption capacity 
of adsorbent material.

The two-dimensional PDP for the initial concentrations of ICOPs and 
ICHMs are shown in Fig. S13 and S14. The initial pollutant concentra
tion was less important in the binary system compared to the single 
system, and slightly more important in HMs than in OPs. The maximum 
predicted probability of “no significant effect” category in ICOPs and 
ICHMs occurred at high OP and low HM concentrations. This is 
consistent with the conventional understanding that the adsorption 
process of a pollutant at a high concentration is less affected by the 
presence of another pollutant at a low concentration. Since the initial 
concentration of HMs was more important than other factors, the trend 
of impacts in the two-dimensional PDP was found to depended mostly 
on this concentration. As the initial concentration of HMs increased, the 
predicted probability of “inhibition” category in ICOPs increased, 
whereas the probability of “promotion” category showed a tendency of 
increasing and then decreasing. Similarly, the predicted probability of 
“promotion” category for ICHMs increased and then decreased with 
increasing HM concentration. This may be related to the difference in 
chemical properties between HMs and OPs. The adsorption of HMs onto 
adsorbent materials may be stronger than OPs, so that the initial HM 
concentration dominates the interactive effect in binary systems.

Fig. S15 and S16 show the SHAP value distributions for the features 
of adsorbents, OPs and HMs. There was no significant difference in the 
ranking of the importance for adsorbent features between single and 
binary systems. Compared with that of ICOPs, the range of SHAP values 
for the six adsorbents of ICHMs was smaller and not significantly 
different. Especially in the “promotion” category, AC had the lowest 
mean SHAP value, and the other adsorbents had similar mean values less 
than 0.8. RES, MOF, and AC had greater mean SHAP values than BC, CD, 
and CEL in the “promotion” category of ICOPs, whereas only BC and CEL 
had values greater than zero in the “inhibition” category. This indicates 
RES, MOF and AC have positive effects on OP adsorption in the presence 
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of HMs, which may be related to the SSA of the adsorbent. MOF and AC 
tend to have larger SSA, which is consistent with the SHAP analysis. In 
the “no significant effect” category of adsorbents, MOF and CD had 
greater mean values, indicating that their positive effects were not sig
nificant compared with those of the other adsorbents. This may be 
related to the difference in the adsorption mechanism of OPs and HMs 
on CD and MOF. For example, the cavity structure inside the CD makes it 
very suitable for adsorbing OPs through hydrophobic or π-π interactions, 
whereas the functional groups on its surface can adsorb HMs by elec
trostatic or coordination interactions. This difference in adsorption 
mechanism leads to a decrease in competition and bridging between OPs 
and HMs, resulting in the “no significant effect” (Usman et al., 2021; 
Zhao et al., 2015). The ordering of HMs in ICOPs and ICHMs was similar, 
both exhibiting as Cd2+ > Cr6+ > Cu2+ > Pb2+. The distribution dif
ferences in ICHMs were greater than those in ICOPs in terms of OPs. In 
addition, atrazine and bisphenol A had SHAP values less than 0 for 
“inhibition” category but greater than 0 for “promotion” category, 
suggesting that they facilitated the adsorption of adsorbent materials.

4. Conclusion

The coexistence of OPs and HMs in aquatic environments poses 
significant risks, threatening these ecosystems and public health. 
Although adsorption processes have demonstrated effectiveness in 
controlling this combined contamination, several challenges remain, 
including time-consuming development of adsorbent materials, subop
timal adsorption efficiency, and incomplete understanding of adsorption 
mechanisms for combined OP-HM pollution in the aqueous phase.

In this study, a dataset containing common adsorbent materials for 
the removal of OPs and HMs from water was constructed. Machine 
learning models were applied to predict the adsorption capacity of ad
sorbents and the interactive effects of OPs and HMs in the binary system. 
CatBoost was determined to be the best prediction model due to its 
excellent adsorption capacity prediction performance and good model 
interpretability. Moreover, the model performance of CatBoost was 
further significantly improved by predicting task transformation 

combined with dataset expansion based on the WGAN method. The 
“inhibition”, “no significant effect” and “promotion” were defined as the 
main interactive effect categories of OPs and HMs onto adsorbents. SSA 
and solution pH were found to be important parameters influencing the 
“promotion” of combined adsorption. Mechanisms such as bridging and 
electrostatic interactions may dominate the process by which adsorption 
is promoted.

This work provides new insights for the investigation of adsorption 
behavior in complex pollution environments in the aqueous phase. It can 
predict the adsorption capacity and interaction effects in a multi- 
component adsorption system by minimizing the number of experi
ments, and can also predict the promotion and inhibition behavior in the 
interaction effects through model feature feedback. Furthermore, the 
strategy based on the combination of interpretable machine learning 
and data synthesis with WGAN method, not only reduces the cost and 
time of experimental process, but also addresses the issue of insufficient 
data. Its application in the field of material-based treatment of water and 
wastewater can help to rapidly optimize the design of environmentally 
functional adsorbent materials, and select appropriate working condi
tions, thereby improving the combined removal efficiency of OPs and 
HMs from contaminated wastewater.
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