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• The AI model was trained using 572 
experimental datasets.

• The AI model show high level of pre
diciton accuracy (R2=0.81).

• Silica concentration is the most critical 
factor in REEs leaching.

• REEs classification and pH possess lower 
impact on REEs recovery efficiency.
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A B S T R A C T

The increasing global demand for rare earth elements (REEs) presents significant mining and extraction chal
lenges. Extraction of REEs from secondary resources such as mine tailings, electronic waste, and industrial by- 
products becomes an alternative solution. This study introduces an explainable artificial intelligence (AI) sys
tem designed to (i) predict the leaching efficiency rates and (ii) provide real-time explanations of the key 
extraction factors during the leaching process, while also recommending condition adjustments to optimize the 
leaching efficiency of REEs from secondary resources. Trained on 572 experimental datasets sourced from the 
Web of Science database, the system enhances leaching performance by offering explainable recovery rates and 
identifying influential process parameters. The results showed that silica concentration is the most critical factor, 
followed by REEs classification (light vs. heavy). In contrast, acid strength (pH), aluminum content, and tem
perature exhibited moderate but comparatively lower contributions to the overall leaching performance. By 
identifying suboptimal parameters and suggesting adjustments that lead to improvements in the predicted re
covery (R2=0.81), the approach exemplifies how explainable AI can bridge the gap between empirical data and 
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process innovation. This methodology offers a broadly applicable framework for enhancing decision-making and 
process efficiency in the complex extraction systems, with the potential to extend beyond REEs into other 
resource- and energy-intensive industries.

1. Introduction

Rare earth elements (REEs) are 17 elements with similar chemical 
and physical properties. REEs are essential in advanced manufacturing 
due to their unique magnetic, luminescent, and highly reactive prop
erties. REEs are critical in various advanced applications such as elec
tronics, renewable energy technologies, and defence systems [10]. The 
demand for REEs has grown significantly in the last couple of years, 
expecting up to $USD 10.9 billion by 2029 [20]. This indicates the ne
cessity for a sustainable REEs supply to fulfill the market demand.

Hydrometallurgy techniques, including biohydrometallurgy, have 
been studied widely for REEs extraction from ores and tailings [13,34]. 
Hydrometallurgy extraction offers several benefits, such as significant 
efficiency and selective recovery from low-grade resources. Although 
hydrometallurgy provides substantial benefits, optimising leaching 
conditions such as pH, pulp ratio, stirring speed, and temperature vary 
on a case-by-case basis. An online platform to predict the REEs leaching 
efficiency and advise the optimum leaching conditions is critically 
needed to save resources and reduce labor.

Machine learning, a subfield of artificial intelligence (AI), performs 
statistical analysis of a large dataset and unveils the correlation between 
the leaching input, such as mineral types, operating conditions, and the 
output, specifically to the leaching efficiency [21]. However, the 
application of machine learning prediction in extended environments 
such as different acid tanks, varying outdoor temperature conditions, 
and specialized types of equipment is scarce. Several current applica
tions favor simpler, more interpretable models (e.g., Bayesian regression 
models) at the expense of accuracy [19]. This is due to the lack of 
interpretability in the complex practical conditions of the current ma
chine learning approach. To understand the main driving factors for the 
optimization of the leaching process, an ensemble model of machine 
learning methods is employed to predict the leaching efficiency and 
describe the particular conditions contributing to that risk.

Gradient Boosting Machines (GBM) leverage the principles of 
boosting and gradient descent in function space to iteratively refine 
predictive performance [4,8,9]. Boosting is an ensemble learning tech
nique that sequentially trains weak learners, typically regression trees, 
where each new model corrects the residual errors of its predecessors by 
assigning higher weights to mispredicted instances. Unlike traditional 
gradient descent, which optimizes model parameters, GBM employs 
gradient descent in function space, adjusting the predictions of the 
model by iteratively minimizing the gradient of a specified loss function. 
This approach enables GBM to effectively reduce both bias and variance, 
leading to enhanced predictive accuracy across a wide range of appli
cations. In this study, we employed Extreme Gradient Boosting, which is 
an advanced subclass of Gradient Boosting Machines [31].

Significant data regarding the hydrometallurgical extraction of REEs 
from ores and mine tailings has been published in the literature [1,24]. 
However, the data remains heterogeneous and under-exploited by data 
scientists to support the hydrometallurgical extraction of REEs. Given 
the tremendous potential of the available database, the objective of this 
study is to develop an explainable AI module, based on the GBM, to 
predict the leaching efficiency of REEs from the secondary materials 
such as mine tailings, industrial by-products, and electronic waste in 
complex conditions. Unlike traditional approaches that enhance inter
pretability by simplifying models, this method maintains high trans
parency while leveraging the predictive power and decision-support of 
advanced, non-parametric ensemble techniques.

2. Materials and methods

2.1. Data collection, preprocessing, and model development

The dataset in this study was extracted from articles indexed in the 
Web of Science database (appendix). The dataset integrated both 
chemical composition and experimental parameters. The chemical 
composition includes the type of REEs, materials, leaching solution; and 
the experimental parameters are the recovery rate (%), leaching time 
(min), hydrogen ion concentration (pH), solid-liquid ratio (g/mL), stir
ring speed (rpm), pretreatment, silica concentration (Si (%)), aluminum 
(Al (%)), iron (Fe (%)), and temperature (◦C). The input variables of the 
module include categorical and numerical variables. The output vari
able is the recovery rate (%), which measures the leaching efficiency of 
experiments.

The categorical variables include Materials (material types for 
leaching), Solution (physical chemical properties of the leachate), and 
REEs (type of REEs). Categorical variables were preprocessed via one- 
hot encoding, given that each unique category was transformed into a 
distinct binary feature. The Materials variable consisted of seven sources 
(coal gangue, used magnet, iron residue, deep sea mud, zircon tailings, 
coal refuse clay, coal ash). The Solution variable comprises six leaching 
agents (HCl, HNO₃, H₂SO₄, H₃PO₄, Methanesulphonic acid (MSA), p- 
toluenesulphonic acid (PTSA)). The REEs variables were classified as 
Light REEs (LREEs), including La, Ce, Pr, Nd, Pm, Sm, and Eu, Heavy 
REEs (HREEs), including Gd, Tb, Dy, Ho, Er, Tm, Yb, Lu, and Mixed REEs 
including both LREEs and HREEs (Y and Sc excluded from the dataset). 
To clearly distinguish the temperature for leaching (<180 ◦C) and for 
thermal pre-treatment (180 ◦C – 900 ◦C), we introduced an additional 
binary categorical variable named ‘Pretreatment’, which encodes 
whether the temperature recorded in the dataset corresponds to a 
thermal pre-treatment (code 1) or to the actual leaching process (code 
0).

Numerical variables consist of Si (%), Al (%), Fe (%), temperature 
(◦C), pH, solid-liquid ratio (g/mL), stirring speed (rpm), and leaching 
time (min). After encoding, each categorical level was represented as a 
distinct feature, resulting in a total feature space of 26 dimensions for 
model development.

The Gradient Boosting Machines (GBM) is selected as a non- 
parametric method in this study to accurately capture a range of com
plex, non-linear interactions of all the features extracted from the 
database. Given a training dataset D = {xiyi}

N
1 , the goal of gradient 

boosting is to approximate the target function F(x) which maps input 
instances x to their corresponding output values y by minimizing the 
expected value of a specified loss function L(y,F(x)). Gradient boosting 
constructs an additive approximation of F∗(x) by iteratively building a 
weighted sum of simpler functions. The model is expressed mathemat
ically as below [4]: 

Fm(x) = Fm− 1(x)+ ρmhm(x) (1) 

The approximation of F∗(x) is constructed iteratively. Initially, a 
constant approximation of F∗(x) is obtained as: 

F0(x) = arg min
∑N

i=1
L(yi,α) (2) 

Each successive model is expected to minimize the remaining errors 
from the previous models, progressively refining the overall prediction 
accuracy: 
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(pm, hm(x)) = argmin
p,h

∑N

i=1
L(yi, Fm− 1(xi)+ ph(xi) ) (3) 

Instead of solving the optimization problem directly, each hm rep
resents a greedy step in a gradient descent process for optimizing F∗. In 
this approach, each model hm is trained on a modified dataset D =

{xirmi}
N
m=1 where pseudo-residuals rmi are computed by: 

rmi =

[
∂L(yi, F(x))

∂F(x)

]

F(x)=Fm− 1(x)
(4) 

Whereas: 

pm: the weight of the mth function,
hm(x) : individual models within the ensemble (e.g., decision trees).
Fm(x): step m of function F∗

rmi: pseudo-residuals

The value of pm is then determined by solving a line search optimi
zation problem. Approximately 80 % of the dataset was used for per
formance evaluation (training). The model was validated via three 
approaches: (i) internal validation using the other 20 % of the whole 
dataset, (ii) k-fold cross-validation to assess model robustness and 
minimize over-fitting, (iii) external validation using an independent 
dataset to evaluate the generalizability of the model. To prevent any 
potential bias toward the test set, the tested data remained compressed 
and inaccessible until the completion of method development.

To compare the performance of the GBM, two other models were 
developed, including the Support Vector Machine (SVM) autoregressive 
model [30], and the Bayesian Gaussian Process Regression (BGPR) 
model [5]. Both models were previously used to predict chemical 
leaching and chemical reaction, and synthesis [11,33].

2.2. Feature explanations

The GBM produces results that are difficult to interpret in depth. To 
address the issue, the model-agnostic approach was adopted to assess 
the impact of the features in the prediction via the Shapley values 
(SHAP) (Eq. 5) [18]. The Shapley values are unique in their ability to 
assign the feature importance while upholding two key properties: local 
accuracy and consistency. The estimation methods developed using the 
GBM and SHAP can be computed in real time and provide interpretable 
insights into each prediction.

For this study, f represents a GBM, and x is the completed set of input 
features at a given time point. The SHAP, ϕi(f , x), assigned to each 
feature in the input vector x (e.g., temperature, solution, leaching time), 
represent the allocation of credit for each feature’s contribution to the 
prediction F(x). Here, ϕi(f , x) is a numerical value indicating the specific 
impact of a feature i on the model’s prediction given the input x.

In these properties, fx(S) = E[f(x)|xS] represents the expected model 
output with only features from subset S present. For an individual pre
diction, F(x), SHAP can be computed as below to provide a compre
hensive measure of each feature’s contribution: 

ϕi(f ,x) =
∑

S⊆Sall/{i}

|S|!(M − |S| − 1)!
M!

[fx(S ∪ {i} − fx(S)] (5) 

=
∑

S⊆Sall/{i}

1
(Mchoose|S|)(M − |S|)

[fx(S ∪ {i}) − fx(S)] (6) 

In addition, to compute the SHAP for each prediction, missing values 
in input features (those not included in the set S) are estimated using the 
k-nearest neighbors’ algorithm (k-NN). This method estimates missing 
values by identifying similar instances based on available features, 
effectively preserving the data’s natural patterns and relationships.

3. Results and discussion

3.1. Models validation and comparison

The results of the model comparison (GBM, SVM, and BGPR) are 
shown in Table S1 and Fig. 1. It shows that the GBM has substantial 
improvement in the prediction accuracy over the other two models. It 
demonstrates the lower mean absolute error (MAE) and mean squared 
error (MSE). The reason is attributable to its design and functioning, 
such as decision trees, which are good at capturing the complex and non- 
linear relationships in the data, handling large data sets effectively, and 
adapting to noisy data [35]. The iterative boosting process also con
tributes to minimizing the residual errors from the previous iterations, 
resulting in a better performance on the predicting values. The robust
ness of all models is also validated with k-fold cross validation, and the 
results indicate the consistent superior performance of GBM over the 
two models (Appendix). Additionally, GBM offered a favorable balance 
between accuracy and computational efficiency for rapid training and 
tuning within the resource constraints. Overall, these factors provide a 
compelling justification for selecting GBM over other advanced models 
in this study.

The predicted vs. actual plots illustrate the performance of three 
models - GBM, SVM, and BGPR - by comparing their predicted values to 
the true target values. The GBM achieves the highest R2 score of 0.81, 
demonstrating strong predictive capability and a close fit to the actual 
values. In contrast, the BGPR model attains an R2 of 0.62, indicating 
moderate performance, while the SVM model yields the lowest R2 of 
0.31, suggesting weaker predictive accuracy. These results highlight the 
superiority of the GBM in capturing the variance within the dataset, 
whereas the other models exhibit varying degrees of underperformance.

The GBM was further evaluated through external validation using an 
independent dataset [32]. As expected, the model exhibited a noticeable 
decline in performance, with a Mean Absolute Error (MAE) of 19.39 and 
a Root Mean Squared Error (RMSE) of 23.90 (Fig. S1). This performance 
drop is understandable, likely due to domain shift and the model’s 
limited exposure to experimental conditions not represented in the 
original training data (Fig. S5).

3.2. Global SHAP values

The relative importance of each feature in predicting REE bio
leaching efficiency is illustrated in Fig. 2, based on global SHAP values, 
which represent the mean absolute contribution of each variable to 
model outputs across all samples. Higher SHAP values indicate greater 
influence on the model’s predictions and provide insight into the key 
physicochemical parameters governing leaching outcomes.

The global SHAP value analysis provides insights into the key factors 
influencing the predicted recovery rate in the leaching of REEs collected 
from the literature. Among the 26 features analyzed, Si (%) exhibits the 
highest impact on model predictions, with a SHAP value of 11.64. High 
silica gel was known to hinder REE recovery due to the formation of 
amorphous silica gel SiO2•xH2O under acidic condition. This gel can 
physically trap REEs, obstruct the pore network in mineral matrices, and 
increase slurry viscosity, therefore reducing the mobility and diffusivity 
of the leaching agents [16,29]. The polycondensation of dissolved silicic 
acid can happen at low pH, resulting in the gelation that impairs the 
mass transfer. The Si present in the mineral can also compete with REEs 
via complexation with the leaching acid, or interact with REEs to form 
less-soluble REEs silicate [15]. HREE content is the second most influ
ential factor (8.59), reinforcing its well-established role in bioleaching 
due to their larger ionic size, stronger bond formation in minerals, and 
lower solubility in typical leaching solutions [3,6].

The pH is the third most influential feature with the SHAP value is 
6.16, reflecting its critical role in leaching efficiency of REEs. The lower 
the pH of the leachate, the higher the extraction efficiency, which is 
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attributable to excessive ion H+ participating in the exchange reaction 
with REEs (Fig. 2) [23]. In addition, the high concentration of H+ ions 
promotes the dissolution of REEs-bearing phases, such as monazite, 
basnasite, and apatite, via surface protonation and cleavage of 
metal-oxygen bonds [26,27]. The acidic environment also provide a 
favorable condition for acidophile species in bioleaching, contributing 

to maintaining the acid production and mineral breakdown [14]. The 
presence of Al (%) (2.40) also contributes notably, likely due to its 
involvement in redox reactions that facilitate bioleaching processes 
[36]. Temperature, stirring speed, and leaching time with SHAP values 
of 2.12, 1.97 and 1.49, respectively, further emphasize the importance 
of operating conditions in optimizing metal recovery and reaction 

Fig. 1. Comparison of the prediction accuracy amongst three models. Scatter plots show predicted versus actual values for the Gradient-boosting Machines model 
(panel A), Support Vector Machine model (panel B), and Bayesian Gaussian Process Regression model (panel C). The x-axis represents actual values (ytest), and the y- 
axis represents predicted values. The red dashed line indicates the ideal prediction line (yprediction=yactual). Points closer to this line indicate better model perfor
mance. The R2 values demonstrate predictive accuracy: GBM (R2 =0.81) shows the best fit, followed by BGPR (R2 =0.62), while SVM (R2 =0.31) exhibits 
weaker predictive capability.

Fig. 2. Global SHAP values of extraction factors. SHAP (SHapley Additive exPlanations) values are used to distribute feature contributions, ensuring interpretability 
in model predictions.
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duration [25,28]. For example, increased temperatures improve the 
leaching kinetics by enhancing the rate constants of surface reactions 
and the diffusion of reactants and products across the solid-liquid 
interface [37]. Particularly in the bioleaching system, temperature 
poses a significant effect on the microbial growth and acid production 
[22].

The remaining 19 features (such as type of solutions and materials) 
contribute 4.25 SHAP value to the overall predictive model. This high
lights the presence of additional but less influential variables in the 
bioleaching process.

The correlation of Si (%), pH, REE HREE, and temperature with 
SHAP values is shown in Fig. 3. The SHAP dependence plot for Si (%) 
demonstrates a threshold behavior in its impact on REE recovery. When 
silica content is below approximately 20 %, its contribution to the pre
dicted recovery rate is largely positive, with SHAP values ranging from 
+ 5 to + 15. This suggests that moderate levels of silica may facilitate 
leaching, possibly through enhanced acid-mineral interactions or by not 
impeding reagent penetration. However, as Si (%) increases beyond 
around 25 %, the SHAP values drop sharply, indicating a strong negative 
effect on the leaching efficiency. In addition, SHAP value decreases with 
the increase of solution pH and HREE presence, indicating that lower pH 
and non-HREE content are favorable for leaching. On the other hand, an 
increase in temperature enhances the leaching efficiency.

The correlation of SHAP values and stirring speed appears non- 
monotonic (Fig. S2). At low stirring speeds (~50–100 rpm), SHAP 
values are generally positive, suggesting that gentle stirring enhances 
the predicted leaching efficiency. However, as stirring speed increases 
towards 300 rpm, the SHAP values decrease, with many values 
becoming slightly negative, implying a neutral or mildly detrimental 
impact on the leaching efficiency at moderate speeds. Further increases 
in stirring speed, particularly around 400–500 rpm, lead to a rise in 
SHAP values, indicating that higher agitation rates positively affect 
leaching efficiency once again. Beyond 500 rpm up to 600 rpm, the 

SHAP values cluster around zero, suggesting a diminishing influence at 
high stirring speeds. This trend suggests that an optimal range of stirring 
speed exists: both very low and moderately high stirring speeds favor 
improved leaching efficiency, whereas intermediate speeds (~300 rpm) 
may be less effective. Regarding leaching time, it exhibits a positive 
correlation with REEs recovery rate, indicating that prolonged contact 
time enhances extraction efficiency under the studied conditions 
(Fig. S1B). In contrast, the solid–liquid ratio (g/mL) shows a negative 
SHAP trend (Fig. S2), it suggests that higher solid concentrations (or 
lower dilution) reduce REE recovery efficiency in the model. This aligns 
with hydrometallurgical principles: higher pulp density can hinder mass 
transfer, acid penetration, or microbial activity in bioleaching [12].

3.3. Individual prediction and interpretation

To illustrate the predictive capacity and interpretability of the 
model, an individual sample was randomly selected and analyzed using 
SHAP values (Fig. 4). For this specific sample, the predicted bioleaching 
recovery rate was 79.017 %, indicating a substantial increase 
(14.469 %) over the baseline recovery (64.548 %). This baseline rep
resents the model’s predicted output when all feature contributions are 
absent, hence enabling the attribution of incremental gains to individual 
experimental parameters.

Among the input features, Si (%) emerged as the most influential 
positive contributor, with a SHAP value of + 7.88. The silica concen
tration of 2.91 % appears to enhance leaching performance, likely due to 
the association of REEs with silicate phases that promote the mobiliza
tion under acidic conditions. This aligns with prior studies reporting the 
structural role of silica in REE-hosting minerals. The presence of light 
REEs (LREEs) as opposed to heavy REEs (HREEs) yielded a significant 
positive impact (+6.85), suggesting favorable interactions between 
LREEs and the leaching environment, possibly due to their distinct 
geochemical behavior and mineral associations [3]. Stirring speed at 

Fig. 3. The correlation of the %Si (Panel A), pH (Panel B), temperature (Panel C), and REE HREE (Panel D) and their corresponding SHAP values to predict leaching 
efficiency rates.
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60 rpm also contributed positively (+2.94), reinforcing the role of me
chanical agitation in enhancing mass transfer and solid-liquid contact 
during bioleaching.

In contrast, pH (0.66) was associated with negative contributions, at 
− 3.70. These values imply that, under the experimental conditions 
studied, the acidity was suboptimal for maximizing REE recovery. This 
insight prompted a hypothesis: further tuning of this parameter
—specifically, lowering the pH—could yield substantial performance 
gains. To test this, a guided optimization was performed by modifying 
pH alone-decreasing it from 0.66 to − 0.25, while all other parameters 
remained constant. The updated model prediction yielded 84.429 %, 
reflecting an increase of 5.412 % over the initial prediction. The guid
ance of optimization can be incorporated with the overall trend of the 
impact of individual factors on the recovery rate (Fig. 3). By identifying 
and quantifying the influence of individual features, the SHAP analysis 
together improves model transparency and enables rational experi
mental design (Fig. S4, Fig. S5). These results strengthen the importance 
of integrating explainable AI into the experimental workflows.

3.4. Implications and future work

The application of AI in REEs extraction is still scarce. In the previous 
study, Bashiri et al. [2] used AI to predict the recovery efficiency of REEs 
from the sorbent. It was concluded that the molecular weight of the first 
functional group is the most impactful factor in the recovery efficiency, 
while pH is less critical in this context. Similarly, the cation exchange 
capacity of a sorbent is the most important feature of heavy metals re
covery [38]. It suggests that the chemical bonding of REEs in the mining 
materials is more important than the engineering factors, such as stirring 
speed, and leaching time. Those factors should be considered for future 
studies of REEs leaching and recovery.

The insights drawn from both individual and global SHAP values of 
this study can inform process optimization strategies in the bioleaching 
industry. The consistently high importance of Si (%) across both indi
vidual predictions and the global analysis suggests that optimizing sili
con levels with the bioleaching agents may significantly enhance 
recovery rates. Similarly, the positive impact of leaching time further 
supports the need for extended leaching periods to maximize extraction 
efficiency.

On the other hand, the negative contributions of pH indicate that 
adjustments to the parameter may be necessary to mitigate their 
inhibitory effects, given that lower pH values support the leaching 
process [17,7]. The global and local SHAP values, focusing on this key 
parameter, along with controlling other variables, could lead to more 
efficient and cost-effective bioleaching processes. Importantly, guided 
adjustments based on these insights resulted in improved predicted 
outcomes, demonstrating the model’s capacity to inform actionable 
decision-making. This capability shifts the role of machine learning from 
passive prediction to active decision support, enabling the rational 
design of extraction processes grounded in both empirical evidence and 
scientific reasoning.

While the model demonstrated strong predictive performance during 
internal cross-validation, a noticeable drop was observed during 
external validation. This is likely attributable to domain shift, wherein 
the external data differ in mineral composition, pretreatment history, 
experimental protocols, or measurement precision, which were not fully 
captured in the training set. Such shifts are common in bioleaching 
datasets compiled from heterogeneous literature sources and highlight 
the need for more standardized and comprehensive datasets to improve 
model generalizability. Even though the performance of the model is 
dropped in external validation, the predicted recovery trends on the 
independent samples still captured the change direction, indicating that 
the model encodes meaningful mechanistic insights into the bioleaching 
process. As such, this work lays the foundation for scalable AI-driven 
approaches in sustainable rare earth extraction.

Moreover, although SHAP analysis greatly enhances interpretability 
by assigning feature-wise contributions, it is important to recognize its 
limitations. SHAP assumes feature additivity and conditional indepen
dence, which may not hold in systems with strong nonlinear feature 
interactions. Additionally, its attributions can be influenced by imbal
anced training data or hidden biases, especially when key experimental 
conditions are underrepresented. As such, SHAP insights should be 
interpreted in conjunction with chemical knowledge and experimental 
context. Future work will aim to incorporate interaction-aware inter
pretation methods and expand the dataset to better capture the diversity 
of REE leaching systems.

Future work will also need to consider experimental validation of the 
predicted optimal conditions, focusing on verifying the impact of key 

Fig. 4. Workflow of the proposed GBM illustrated with a random example. The SHAP value analysis reveals the most influential features that drive this prediction, 
highlighting both positive and negative contributions. Red features indicate increased value associated with an increased leaching rate on the final prediction, 
whereas blue features indicate a decreased leaching rate.
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variables such as silica concentration, REE type, and pH on the leaching 
efficiency. These experiments will confirm the reliability of the model 
and provide new data to further improve its performance, strengthening 
its potential integration into real-world REE recovery applications.

4. Conclusion

The AI model identifies silica concentration, REE classification, and 
pH as the most influential factors governing the recovery of REEs from 
secondary resources. The developed AI model also provides a high level 
of accuracy in the prediction of REEs recovery (R2=0.81). More broadly, 
this AI model provides a transferable template for optimizing complex 
secondary resources where performance, resource efficiency, and envi
ronmental impact must be simultaneously balanced. As global supply 
chains of REEs face increasing pressure, data-driven and transparent 
tools such as this will be essential for guiding low-impact, high-yield 
resource strategies.

Environmental implications

This research facilitates the recovery of hazardous pollutants from 
waste streams such as mine tailings, electronic waste, and industrial by- 
products. By enabling the recycling of toxic metals for use in advanced 
manufacturing, it simultaneously prevents their uncontrolled leaching 
into the environment—serving as both a recovery and preventive 
pollution control strategy.
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