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Abstract

Acid mine drainage (AMD) poses significant environmental and health risks due to its
high acidity and elevated metal and sulfate contents. Previous studies have primarily
focused on short-term AMD monitoring, with limited attention paid to long-term, spatially
resolved datasets and predictive modeling. In this 3.5-year study, six wells down-stream of
a mine waste rock pile were monitored, and 132 sets of associated water quality (AWQ),
geological (GEO), and climate history (CH) parameters were compiled to develop predictive
models for Fe, Cu, and Zn concentrations. Random forest (RF), extreme gradient boosting
(XGBoost), and support vector machine (SVM) algorithms were applied using different
combinations of input variables. The combined AWQ-GEO-CH dataset achieved the best
overall performance, with XGBoost yielding the highest R? values for Fe (0.81) and Cu
(0.77), and SVM performing best for Zn (0.94). CH variables, particularly precipitation
and evaporation over 60-day periods, strongly influenced metal concentrations by driving
hydrological and solute redistribution processes. AWQ parameters, especially F~ and S?~,
were key predictors for Fe and Zn and ranked second for Cu, likely due to shared upstream
sources and coupled geochemical processes such as FeF3 dissolution. The most impactful
GEO factor was the installation of a vertical barrier, which reduced metal concentrations by
73-80%. These findings highlight the value of integrating multi-source datasets with ML
for long-term AMD prediction and management.

Keywords: acid mine drainage; spatiotemporal prediction; climate history

1. Introduction

Mineral extraction activities have increased in recent years due to booming industries
related to global manufacturing, electric vehicles, and renewable energy [1,2]. These
activities result in massive deposits of mine waste rocks that are low in ore content, but
highly conducive to acid mine drainage (AMD) upon exposure to moisture and oxygen [3,4].
AMD formation is primarily driven by oxidative reactions involving sulfide minerals, which
produce sulfuric acid and dissolve various metal ions. AMD problems are exacerbated
in open mine waste rock piles that are the major form of mine waste disposal in China,
Australia, and many other countries [5,6]. In China, 52 billion tons of mine waste rocks
have been aggregated and exposed to the air, such that AMD caused by pyrite (FeS;)
oxidation poses a major environmental challenge [7,8]. Pyrite is common in metal mine
waste rock and its exposure to air and water leads to oxidation and the generation of AMD
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that is typically characterized by low pH (2—4) and elevated concentrations of metals and
sulfate (SO4%7) [6,7]. AMD poses significant threats to natural environments and human
health in many countries via water and soil pollution, in addition to contamination of food
chains. Consequently, technologies that mitigate environmental pollution issues related to
mining operations, and particularly AMD, are of interest to mine owners, policymakers,
and other stakeholders.

Vertical barriers that comprise low permeability materials such as cement-based grouts
or bentonite (as in the geosynthetic liner, GCL) are effective in containing underground
AMD from spreading [9-13]. For example, Li et al. [14] used vertical cement curtain grout-
ing to block AMD pathways in a karst coalfield while integrating source isolation with lime
neutralization and wetland treatment. These strategies led to reduction in Fe concentrations
to below 0.03 mg/L and restoration of spring water quality to regulatory standards within
two years. Similarly, Wu et al., [11] developed an integrated AMD control system that
combined grouting-based source isolation with vertical curtain grouting and wetlands
to achieve compliant effluent with a pH of 6.9-7.9 and Fe concentrations < 0.1 mg/L
within half a year. Despite promising effective short-term results, comprehensive long-term
monitoring and prediction remain limited, primarily due to challenges associated with
deploying expensive and labor-intensive borehole sampling analyses over relatively large
areas. An effective method to evaluate the spatial extent of AMD contamination over entire
mine waste rock sites over longer timespans (e.g., years) is therefore urgently needed [7,15].

Machine learning (ML) has been used to predict heavy metal concentrations in AMD
via efficient modeling and forecasting of multiple variables, including nonlinear and het-
erogeneous datasets from multiple sources. For example, Rooki et al. [16] used an artificial
neural network (ANN) that included dataset inputs of pH and sulfate concentrations to
predict heavy metal concentrations (e.g., of Cu, Mn, and Zn) in the Sarcheshmeh copper
mine of Iran, consequently achieving a coefficient of determination (R?) > 0.9. In addition,
Kabuba and Maliehe [17] demonstrated that a three-layer backpropagation (BP) neural
network trained with the Levenberg-Marquardt algorithm yielded exceptional prediction
(R? = 0.99) of Cu, Fe, Mn, and Zn concentrations in a South African mine, while incor-
porating pH, SOi*, and total dissolved solids as inputs. Trifi et al. [18] compared the
effectiveness of random forest (RF), support vector machine (SVM), and ANN models for
predicting Zn, Pb, Mn, Cu, Cd, and Fe concentrations in tailing ponds and surrounding
soils at the Sidi-Driss mining site in Tunisia. Mineral composition, grain size, SOﬁ*, and
sulfur (S) content were incorporated into the models, revealing that the RF model was
most predictive (R? values of 0.575, 0.752, and 0.597 for Fe, Cu, and Zn, respectively).
Nevertheless, the reviewed literature generally lacked a detailed exploration of the inter-
pretability of ML models applied to AMD contamination prediction, particularly regarding
the identification of key influential parameters that could provide insights into source
identification, reaction and transport mechanisms, and guidance for pollution prevention.

The SHapley Additive exPlanations (SHAP) method is grounded in cooperative game
theory and quantifies the contribution of each input feature toward model predictions,
consequently offering an intuitive and interpretable perspective to assess feature impacts.
Li et al. [19] applied SHAP to an XGBoost model to identify variables that most influenced
soil Cu release, including agricultural irrigation volume, organic matter content, and mine
drainage flow, ultimately identifying agricultural irrigation as the dominant factor. In
addition, Ref. [20] identified temperature, total dissolved solids, and iron concentrations as
the most important variables for predicting sulfate concentration levels, wherein strong
iron-sulfate correlations implicated the presence of dissolved pyrite. Zhao et al. [21] used
SHAP to interpret six ML models that predicted heavy metal cation adsorption, including
variants of RF, gradient boosted RF, extra trees, gradient boosting decision tree, extreme
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gradient boosting, LightGBM, and categorical boosting models. The analyses identified
the hydrolysis and solubility product constants as the most influential parameters for
adsorption, while specific surface area, solid concentration, background ionic strength,
adsorption temperature, adsorption time, pH, atmospheric CO,, and background ion
species were less important. Thus, SHAP analysis provides feature interpretation for
mainstream “black-box” ML models that bridge the gap between predictive performance
and mechanistic understanding in environmental applications.

Geological (GEO), climate history (CH), and associated water quality (AWQ) param-
eter sets are the most influential for AMD contamination prediction. Current machine
learning algorithms often only consider partial parameters, due to the time and labor-
intensive field measurements that are prohibitive and which may undermine or even omit
dominant factors. GEO, CH, and AWQ input parameters are also generally the most acces-
sible for gathering data (in the indicated order), although prior studies do not necessarily
follow this sequence. In addition, climate parameters including precipitation, evaporation,
temperature, and humidity are physically and tightly related to AMD generation and trans-
port. Indeed, climatic factors regulate the spatiotemporal evolution of AMD in groundwater
by modulating water fluxes, thermal regimes, and geochemical conditions, thereby influenc-
ing dilution/concentration dynamics and redox-mediated metal precipitation, in addition
to hydrodynamic transport and retention processes [22-24]. Nordstrom [22] reported that
extended drought and evaporation facilitate salt crust and secondary mineral formation in
tailings, consequently concentrating contaminants that are subsequently mobilized during
initial rainfall via a pronounced “first flush” that enhances infiltration into the ground.
Liu et al., [24] confirmed that precipitation significantly facilitates the migration and ac-
cumulation of contaminants from AMD into groundwater by enhancing pyrite oxidation
and heavy metal leaching. However, incorporating climate history into predictive models
remains a significant challenge, particularly for defining appropriate time windows in
water rebalance restoration, solute redistribution, and legacy effects. Consequently, climate
history has not been adequately integrated into most AMD-related groundwater studies.

Despite advances in AMD prediction using machine learning, several critical gaps
remain. First, most studies rely on short-term or site-specific monitoring, which limits
their ability to provide a full understanding of temporal variability and extreme events,
as they fail to capture multi-year trends. Second, while geological, climate, and water
quality factors are known to influence AMD dynamics, they have rarely been evaluated
together within an integrated, comparative framework. Third, the role of climate history,
particularly the optimal time windows for precipitation and evaporation effects, remains
poorly quantified, despite its strong physical link to AMD generation and transport [22,23].
Finally, the connections between machine learning predictions and physical processes are
often overlooked, restricting the ability to identify dominant environmental drivers and
translate findings into practical pollution control strategies.

To bridge these gaps, the aim of this study is to identify key factors that influence
AMD contamination downstream of a full-scale waste rock site through machine learning
algorithms and the SHAP method. Specifically, the objectives are to: (1) conduct a 3.5-year
groundwater quality monitoring study at six wells downstream of an acidic water reservoir,
collect associated water quality (AWQ) data, and integrate geological (GEO) and climate
history (CH) data to train the ML models; (2) develop and compare the performance of
RE, XGBoost, and SVM models in predicting Fe, Cu, and Zn concentrations using different
combinations of AWQ, GEO, and CH input parameters; and (3) apply SHAP analysis to
quantify the relative importance of each parameter set and identify key processes governing
AMD contamination. By connecting predictive performance with geophysical processes,
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this study aims to provide a robust and interpretable framework for AMD risk assessment
and management.

2. Materials and Methods
2.1. Study Area

The acidic water reservoir is located at the Dexing Copper Mine (which is situated
in Shangrao City, Jiangxi Province, China) that covers an area of approximately 4 km?,
and which was constructed in a valley and enclosed by a concrete gravity dam that was
designed for a 20-year precipitation return period. The dam exhibited a crest elevation
of +146.50 m, a width of 5.0 m, and a length of 172.03 m while exhibiting a base width of
35.65 m, a maximum height of 43.5 m, and a normal water level elevation of 144.00 m. The
reservoir area features Quaternary phreatophyte, alluvial-proluvial, and eluvial-diluvial
deposits, as well as Sinian phyllite, with mud interlayers along foliation planes. The re-
spective thicknesses of the layers were 0.20-0.50 m, 1.70-5.60 m, 1.60-7.20 m, 15.3-43.5 m,
and 0.60-0.90 m. The site exhibits a subtropical humid monsoon climate, with an annual
average temperature of 17.4 °C, and an annual precipitation of 1930 mm. Groundwater in
the area is predominantly Quaternary pore water and bedrock fissure water. The former is
recharged by river infiltration, precipitation, and fissure flow, exhibiting pronounced sea-
sonal fluctuations. The latter is topographically controlled, recharged by surface runoff and
precipitation, and typically discharges via springs that feed nearby rivers. Six monitoring
wells (W01 through W06) were installed downstream of the reservoir in a zig-zag pattern to
assess long-term groundwater quality impacts following reservoir construction (Figure 1).
A vertical barrier was installed at the downstream end of the reservoir on 1 January 2021
using low-permeability materials that aimed to reduce possible leakage (Figure 1).
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Figure 1. Groundwater sampling sites in the study area. (a) Jiangxi Province in China. (b) Shangrao
City within Jiangxi Province. (c¢) Dexing City within Shangrao. (d) Monitoring wells downstream of
the reservoir at the mine waste rock site.
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2.2. Data Collection

A total of 132 groundwater samples were collected from six monitoring wells (W01-
W06 in Figure 1), which are arranged approximately linearly at distances of 299, 432, 575,
855, 1219, and 1562 m from the reservoir center. Each well was sampled at two-month
intervals 22 times from 1 February 2019 to 1 August 2022. Sampling procedures were:
Prior to sampling, the wells were purged until temperature, pH, and conductivity readings
stabilized, and the out-flow appeared clear. For volatile organic compounds (VOCs), water
samples were collected in pre-cleaned, airtight containers without headspace at a controlled
flow rate of 0.2-0.5 L /min, whereas other parameters were sampled at a flow rate of less
than 1 L/min. All sampling containers were rinsed with the well water prior to collection
(except for VOCs), and samples for different analytes, including semi-volatile organics,
inorganic ions, trace metals, and microbiological and radiological indicators, were collected
separately to avoid cross-contamination. After collection, the sample containers were
immediately sealed, labeled, and stored at 4 °C until analysis. Samples were processed
using standard protocols and analyzed using ICP-MS spectrometry (standard HJ 766-
2015 [25]) to measure concentrations of Fe, Zn and Cu. The concentrations of six AWQ
parameters, including F~, s2-, pH, SO%-, NHZ, and COD were also measured.

GEO parameters were also evaluated, including distance, permeability (k), barrier
installation, and distribution coefficients (calculated in Text S1) for Fe, Cu, and Zn (Table 1).
In addition, the embankment was fully completed on 1 January 2021; thus, its value is set
to 0 before this date and 1 thereafter.

Table 1. GEO parameter information for the investigated mine waste rock site.

Well ID d (m) Kd,Cu Kd,Fe Kd,Zn k
W01 299 48.4 12.7 7.7 0.091
W02 432 94.1 340.9 134.5 0.091
W03 575 77.6 627.2 15.8 0.091
W04 855 64.7 2914.7 3.0 0.085
W05 1219 53.9 740.5 64.3 0.081
W06 1562 57.6 691.9 126.5 0.084

CH records were obtained from the China Meteorological Data Service Centre. At
each sampling event, climate conditions over the preceding 0, 3, 7, 10, 20, 30 and 60 days
were compiled, including cumulative precipitation and evaporation, in addition to average
humidity and temperature. Evaporation (evap) was also estimated using the Penman
equation as described below in Equation (1).

B A-Ry+7-pa-Cp-

ETy = fa 4 1

0 )\U'(A+7) x 86 ()
C

Ros =k~ (1 155 ) -86400 )

where ETj is evaporation, p, is the air density (kg/m?), es is the saturated vapor pressure
(Pa), e, is the actual vapor pressure (Pa), 7, is the aerodynamic resistance (s/m), A is the
slope of the saturated vapor pressure curve (Pa/K), A, is the latent heat of vaporization
(J/kg), and v is the psychrometric constant (Pa/K), R, is the net shortwave radiation
(W/m?), k = 0.066 and is the extraterrestrial radiation coefficient, C is the daily average
total cloud cover (%), and 86,400 and 86.4 represent time-dimensional conversion factors.
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2.3. Workflow for Heavy Metal Concentration Prediction

The workflow for predicting the concentration of heavy metals is shown in Figure 2, and
it included three steps, i.e., data preparation, model development, and model explanation.

Step 1: Data preparation Step 2: Model development
I

Step 3:Model explanation
|

Muti-source Data

Dataset

b

b
Heavy metal Environmental I | Test data
concentration variables I

l |
l | Algrithom selection
[oeo] [awe | | cu |

Group I Group I
GEO GEO & CH

‘ RF ‘ ‘ SVM ‘ ‘ XGBoost ‘

Group III
GEO & CH & AWQ

I
I
I
______________ I —>  Model training  [«— 10-foldcross-validation
I
I
I

hyperparameter

optimization

¥

‘ Importance analysis

Model evaluation: RZ,
MAE, RMSE
v ' Optimal model Test results

SHAE analysis ‘ |

Figure 2. Workflow chart for predicting heavy metal concentrations.

2.4. Methods
2.4.1. Data Segmentation

The dataset was randomly divided into training and test sets. Following the common
practice in ML research, 80% of the data was assigned to the training set and 20% to
the test set [26,27]. A 10-fold repeated cross-validation strategy was used during model
training [26].

2.4.2. Model Selection

Three popular ML algorithms including RF, XGBoost, and SVM models were used to
predict the three target metal concentrations. RF is an ensemble-based regression model
that constructs multiple decision trees by bootstrapping samples. Final predictions are then
obtained by averaging outputs from individual trees [28-30]. XGBoost is a gradient-boosted
ensemble method that is optimized for computational efficiency and prediction accuracy.
The method generates a series of regression trees, where each tree corrects the residuals
of previous ones [31,32]. SVM for regression (also known as support vector regression,
SVR), estimates a function within a specified error tolerance by fitting a hyperplane in
high-dimensional space. A kernel function is also applied when linear relationships are
insufficient [33,34].

2.4.3. Hyperparameter Optimization

To mitigate overfitting, hyperparameter optimization was conducted using the Optuna
package. For the SVM model, the optimization space included parameters such as the
kernel function type, regularization parameter C, kernel coefficient gamma, insensitive loss
parameter epsilon, and polynomial kernel degree. In the case of the Random Forest and
XGBoost models, the optimization space covered parameters that included the number
of trees, maximum tree depth, and regularization strength. Through iterative processes
of cross-validation and evaluation based on mean squared error (MSE) performance, the
optimal hyperparameters were selected for each model (Table S1).



Water 2025, 17, 2661

7 of 18

2.4.4. SHAP

SHAP is a model interpretation method grounded in cooperative game theory. Its
fundamental principle is to evaluate the marginal contribution of each input feature across
all possible feature subsets and compute a weighted average of these contributions to
quantify the feature’s importance to the model’s predictions (see Text S2 for details).

2.4.5. Model Evaluation

To comprehensively quantify prediction error distributions and assess model fit, model
performance was evaluated using the mean squared error (MSE), root mean squared error
(RMSE), mean absolute error (MAE), the coefficient of determination (R?), and Willmott
Index (WI).

All predictive analyses were performed on a workstation equipped with an Intel
processor comprising 24 physical cores and 32 logical threads, as well as 63.76 GB of RAM.
The computational environment was based on Python 3.11.5 (Anaconda distribution; build:
MSC v.1916, 64-bit; AMD64 architecture).

l n

MSE = -} (yi = §)° (3)
i=1
1¢ 0
RMSE = ﬁZ(yz_yJ (4)
i=1
i (vi— yi)z
RZ -1— 1:nl (5)
'gl (]/1 _y)z
1 n
MAE =~} lyi — i (6)
i=1
Y (i — 9:)°
WI=1-— = )

3. Results and Discussion
3.1. Heavy Metal Concentration

Groundwater samples were classified into two groups based on collection dates
before and after the barrier’s installation on 1 January 2021 (Figure 3), to compare the
concentrations of Fe, Zn, and Cu between the two periods (Figure 3). Before the barrier
was established, 72 samples were collected, with mean concentration of Cu (0.96 mg/L)
being the highest, followed by Zn (0.73 mg/L) and Fe (0.22 mg/L). The number of samples
exceeding the quality standards for classification III groundwater (GB/T 14848-2017 [35])
was 22 for Fe (0.3 mg/L), 28 for Cu (1 mg/L), and 22 for Zn (1 mg/L). After the installation
of the barrier, 61 samples were collected, and the mean heavy metal concentrations declined
substantially: Cu to 0.25 mg/L, Zn to 0.15 mg/L, and Fe to 0.05 mg/L (Figure 3). Only one
Cu sample exceeded the threshold, while Fe and Zn remained below their respective limits
in all cases. This may indicate that, in addition to the upstream reservoir, other unidentified
sources of Cu contamination exist. These findings demonstrate the barrier’s effectiveness
in limiting heavy metal transportation and enhancing groundwater quality.
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Figure 3. Heavy metal concentrations before and after barrier installation, along with statistical
parameters; n: number of samples; Mean: average value of heavy metal concentration; Std: standard
deviation; Skew: skewness; CV: coefficient of variation; Risk value: Class III groundwater quality
thresholds (MNR, 2017).

The coefficient of variation (CV), which serves a statistical measure of dispersion,
exceeded 50% for Fe, Cu, and Zn, indicating pronounced spatial and temporal dispersion
in their concentrations, regardless of the barrier installation status. This fluctuation is
primarily driven by the regional hydrological cycle, which features three distinct periods: a
wet season from March to July, contributing approximately 70% of the annual precipitation;
a moderate-flow season from August to November; and a dry season from December
to February. During the wet season, increased runoff enhances leaching processes and
accelerates pollutant transport [36]. Skewness values increased for all three metals fol-
lowing barrier installation, which may have resulted from transitional effects during the
implementation phase, as well as the use of a single reference date for separation, this, in
turn, could have resulted in classification bias. Cu exhibited the highest skewness (3.86),
suggesting a longer right tail and a higher likelihood of extreme concentrations.

3.2. Overall Prediction Performance

The performances of SVM, RF, and XGBoost model predictions of AMD were investi-
gated using geological parameters (GEO), climate history parameters (CH), and associated
water quality parameters (AWQ) (Table S1). For Fe concentration prediction, the SVM
achieved the highest R? with 0.64 on GEO, RF had the highest R? of 0.73 on GEO & CH,
and XGBoost exhibited the highest R? of 0.805 on GEO & CH & AWQ. This suggests that
SVM, RF and XGBoost have a similar performances on small datasets [37]. Generally,
the SVM, RF, and XGBoost models exhibited greater predictions using input parameters
in the order of GEO & CH & AWQ > GEO & CH > GEO. Thus, more input parameters
yielded better predictions, partially due to the tree-based algorithms (RF and XGBoost)
inherently performing feature selection [38]. During tree-building, the XGBoost algorithm
selects features with the highest information gain to generate splits [39] that then allows the
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model to better handle nonlinear relationships between heavy metal cation concentrations
and environmental covariates, including those parameterized in the GEO, CH, and AWQ
inputs. In addition, the regularization mechanism of XGBoost contributes to lowering
model variability, thereby reducing overfitting risks and strengthening performance with
high-dimensional environmental variables (i.e., with the GEO, CH, and AWQ inputs) [40].
The two exceptions to the performance hierarchy are the flips of the SVM model that used
GEO parameters alone and the SVM model that used GEO and CH parameters to predict
Fe and Cu concentrations (Table S1). The latter likely resulted from SVM models being
affected by collinearity among climate history variables. For example, obvious collinearity
is observed among accumulated precipitation calculated over 0, 3, 7, 10, 20, 30, and 60 days.
SVM algorithms attempt to identify a hyperplane with a maximum margin and are sen-
sitive to redundant features and high-dimensional noise. These redundant features can
distort distance metrics in feature space [41]. However, when the associated water quality
parameters were added to the model, SVM model performance significantly improved,
with R? values increasing from 0.57 to 0.73. AWQ parameters, including pH and COD, in
addition to the concentrations of fluoride and sulfide, are physically influenced by climate
factors. For example, precipitation leads to dilution or enrichment and can thus also interact
with geological parameters such as permeability (Figure S8) [42]. Overall, the intricate
connections among the three sets of input parameters were effectively captured by the SVM
model, resulting in accurate predictions of target metal concentrations.

The XGBoost algorithm incorporating all three sets of input parameters generated the
best prediction for Fe (R? = 0.805) concentrations, while the SVM algorithm and the RF al-
gorithm generated the best prediction for Zn (R? = 0.94) and Cu (R? = 0.896) concentrations,
respectively. Computational cost and time are important considerations when conducting
practical model selection, and especially for engineering applications [43]. Training and
testing times followed the order of SVM (7 min 7 s) < RF (23 min 9 s) < XGBoost (37 min
19 s). Based on prediction performance and time efficiency, the SVM model with three sets
of input parameters was then selected for parametric sensitivity analysis.

3.3. Accuracy of Fe, Cu, and Zn Concentration Predictions

When considering only the GEO parameters, the predicted concentrations of Fe, Zn,
and Cu exhibited R? values of 0.798 (Figure S1), 0.941 (Figure S2), and 0.877 (Figure S3),
respectively, indicating acceptable predictive performance. The addition of CH parameters
led to predicted R? values for Fe, Cu, and Zn concentrations increasing to 0.830, 0.916, and
0.958, respectively. Moreover, although 38 environmental variables selected based on GEO
& CH & AWQ were directly or indirectly associated with the prediction of heavy metal
cations, other environmental variables beyond those included in the models, that might
influence cation exchange, were not accounted for. For example, total dissolved solids (TDS)
and electrical conductivity (EC) have been demonstrated to be a significant contributor
to Fe cations in the river near the Sarcheshmeh copper mine [44]. Without such variables
from the model, which could have curtailed its predictive accuracy for Fe. However, it is
encouraging to note that the predictive accuracy in our study for Fe, Zn, and Cu on GEO
& CH was superior to that reported by Trifi et al., [18], where the R? values for Fe, Cu,
and Zn concentrations in an AMD environment were 0.575, 0.752, and 0.597, respectively.
Trifi et al., [18] used RF modeling with 11 mineralogical composition parameters, in addition
to other input parameters including five physicochemical parameters (S*~, SOif, pH,
electrical conductivity, and cation exchange capacity) and grain size distribution. The
improved performance observed in this study is primarily attributed to the addition of CH
parameters. The addition of AWQ input parameters led to further prediction improvement,
with R? values of 0.866 (Fe), 0.973 (Zn), and 0.904 (Cu) observed. These observations
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underscore the importance of considering aquatic chemical speciation, including both
chemically non-reactive ions (e.g., F~) and reactive ions (e.g., §%7), as further discussed in
later sections.

While the models exhibited improved performance with the inclusion of additional pre-
dictors, as reflected in the higher R? and lower RMSE values for the training datasets, there
was a potential risk of overfitting, particularly for the Fe and Cu models (Figures S1 and S2).
As the number of predictors increased, we found that the training R? values rose more
sharply than the test R? values, indicating that the models may have been capturing noise
in the training data. This suggests that the models, particularly for Fe and Cu, may have
been overly tailored to the training set, reducing their generalizability to new data. Such
behavior is a common indication of over-fitting, wherein which the model becomes too
complex and fits the peculiarities of the training data instead of capturing the underlying
trend. In contrast, the Zn models demonstrated a more balanced performance, with less
discrepancy between the training and test R? values, suggesting that these models are less
prone to overfitting (Figure S3). These observations warrant further consideration, as they
highlight the need for careful model validation when using multiple predictors. Future
work should explore methods such as regularization or feature selection to mitigate the
risk of overfitting while maintaining or improving predictive accuracy.

3.4. Parametric Analysis of Fe Concentration Predictions

An analysis of the relative importance of model parameters based on the SHAP method
was conducted (Figure 4). AWQ parameters, and particularly F~ and S~ concentrations,
dominantly contributed to Fe concentration predictions, with accumulated contribution
weights (ACW) of 55.8% (Figure 4a). F~ from CaF, is commonly found in mine waste
piles [19], while sulfide in forms such as Cu,S, CusFeSs, and CuFeS,; is also commonly
observed in mine waste rocks [24,45]. Fluoride and sulfide are transported downstream
with iron cations to the six observation wells, with all three elements subject to the same
dilution or concentration processes induced by precipitation or evaporation. Furthermore,
the coexistence of Fe3* and F~ is conducive to the formation of ferric fluoride (FeF3), whose
high solubility (0.033 g/L at 25 °C; [46] facilitates hydrolysis reactions, thereby promoting
the release and retention of both Fe** and F~. Consequently, Fe*>* and F~ concentrations
were positively correlated (ACW of 22.4%) due to the shared reservoir source, downstream
transportation pathway, and hydrolysis reactions. S>~ is not as stable as F~ in mines
and experiences oxidation and surface complexation. Consequently, S>~ also showed a
positive contribution (ACW of 19.8%) to Fe prediction, likely due to their shared source
and transport pathway, although this contribution was weaker than that between F~ and
Fe3*, primarily due to greater reactivity of S?~. The contribution of pH to Fe cations was
limited (ACW of 2.7%), owing to the weak acidic to neutral pH environment (4.38-7.38).

CH parameters contributed the second most to Fe cation concentration predictions,
with an overall ACW of 32.7% (Figure 4a), wherein cumulative precipitation (from 3 to
60 days) and evaporation were two most important contributors, with ACWs of 7.0% and
8.7%, respectively (Figure 4a). These results suggest that precipitation-leached iron cations
from waste rock piles and the reservoir, as well as recent local evaporation, are major
processes that influence AMD prevalence. The analytical solution to a one-dimensional
solute transport equilibrium yielded a time of 8 days for an iron cation (Fe** or Fe?*) to
travel from the barrier (where possible reservoir leakage occurred before barrier installa-
tion) to the farthest monitoring well (W06). This estimate falls within the time frame of
key cumulative precipitation times that were evaluated (3, 60, and 30 days; in the order
of importance). However, numerical simulations indicated that infiltration from surface
rainfall or snowfall (up to 109.2 mm/day during the monitoring period) to the groundwater
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table takes at least 3 days, during which Fe®* dilution occurs. Cumulative precipitation
over 10, 30, and 60 days was negatively correlated with iron concentrations (Figure 5a),
suggesting that dilution is a major process that influences Fe cation concentrations. Cu-
mulative evaporation over 60 days was the most influential single climate factor (ACW
of 2.9%), suggesting that evaporation-induced water loss in soils eventually concentrates
iron cations. Nevertheless, cumulative evaporation over 60 days was negatively correlated
with iron concentrations (Figure 5a). Detailed analysis of the time history of cumulative
evaporation and Fe concentrations from observation wells (Figure S5) revealed that peak
evaporation timing was often in October and precedes peak iron concentration timing
by 0-2 months. Concomitantly, cumulative evaporation minima usually occurred from
February to April and preceded local Fe concentration minima by 0-2 months. The delay in
Fe concentration changes is likely due to water rebalancing and solute redistribution in both
the vadose and saturated zones. Cumulative evaporation created Fe concentration cycles
with peaks and lows that mirrored evaporation patterns but lagged by up to two months,
i.e., roughly one quarter of the annual evaporation cycle. Consequently, the annual cycle of
iron concentration dynamics is approximately two-thirds (i.e., 120 degrees) out of phase
with the annual evaporation cycle, leading to the observed negative contribution. Humidity
and temperature were the two other important CH parameters and were highly correlated
with precipitation and evaporation (Figure S8), following the same trends discussed above.
Their individual contributions are consequently not further elaborated upon.

Geological parameters were the third most important contributors to iron concen-
tration, with importance following the order of distance (d), K4 re, permeability (k), and
barrier installation. In other words, iron cation concentrations from the upstream reservoir
conformed to the solute transport formula (Appendix A), whereas the contributions to mass
transportation followed the order of diffusion (d), adsorption (K4 ), and advection (k).
The assumed order of diffusion > adsorption > advection is not always applicable in real
solute transport processes. The relatively low feature importance of K4 g, and permeability
may result from their limited variation (Table 1), thereby limiting their contributions to over-
all predictions. In addition, the construction of the low-permeability barrier significantly
reduced the spread of heavy metal cations (Figures S5 and 4a).

3.5. Parametric Analysis of Cu Concentration Predictions

Climate history parameters were as the most important contributors to Cu predic-
tion, with an ACW of 86.9% (Figure 4b). The contributions of cumulative evaporation
to the predicted Cu concentration were most important in the order of 10, 7, 30, and
3 days (Figure 4b). Specifically, cumulative evaporation over 10 and 30 days was posi-
tively correlated with Cu concentration (Figure 5b), suggesting that evaporation plays an
important role in concentrating Cu?* in subsurface waters over a timeframe suitable for
water rebalance and Cu?* redistribution (discussed above in Section 3.3). Decreasing Cu®*
concentration with increasing distance, along with a notable reduction following the instal-
lation of the barrier, suggests that the primary source of Cu?" is the upstream reservoir. The
cumulative precipitation over the preceding 20 days (Precip_20d) was positively correlated
with Cu concentration, with an observed ACW of 5.1% (Figure 5b). Conversely, dilution, as
represented by the cumulative precipitation of the preceding 30 days (precip_30d) exhibited
an ACW of 4.4%, consequently representing a secondary influence that was negatively
correlated with Cu concentrations (Figure 5b). The lack of a consistent temporal trend
in cumulative precipitation indicates that both upstream leakage and local dilution con-
currently occurred. A closer look at Cu concentrations and precip_30d trends shows that
high precip_30d values (usually in June and August) match Cu concentration lows. In
contrast, low precip_30d values (e.g., June and December 2019; February and October 2021)
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align with Cu concentration peaks, including December 2020 (Figure S6). These temporal
associations provide clear evidence of a negative relationship between rainfall (or snowfall)

and Cu?* concentrations, thereby supporting the dilution hypothesis.
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F~ and Cu?* form CuF,, whose high solubility (46.71 g/L) [47] dictates the co--release
or fixation of both F~ and Cu?*. Consequently, F~ and Cu?* concentrations were highly
correlated (ACW of 59.1% for the AWQ parameters; Figure 4b), which may also be due to
their shared source and transport pathway. In contrast, the solubility of CuS is extremely
low (8.55 x 10717 g /L) [48]. Consequently, S>*~ concentrations are not necessarily related
to Cu®* (Figure S4b). The association between §2~ and Cu®* concentrations (ACW of 18.4%
in AWQ, Figure 4b) is however attributed to shared sources and transport pathways.

After barrier installation, average Cu concentration values from six wells decreased
from 0.96 mg/L to 0.25 mg/L, representing a 73.96% reduction. The reduction contributes
to the 73.8% ACW that can be attributed to geological parameters (i.e., 3.5% out of the total
4.7% contribution of geological factors; Figure 4b). Considering the geological parameters,
permeability, distance, and Ky ¢, contributed 12.1%, 9.7%, and 4.3%, respectively—values
consistent with the 73.8% relative importance attributed to geological parameters altogether.

3.6. Parametric Analysis of Zn Concentration Predictions

The primary contributors to predicted Zn concentrations were AWQ parameters (ACW
of 45.0%), followed by CH (ACW of 35.7%) and GEO (ACW of 19.3%) parameters (Figure 4c).
Zn** and F~ originate from ZnF, that exhibits high solubility in water (16.33 g/L at
25 °C [49] The solubility promotes simultaneous release or fixation of both ions, resulting
in a strong positive connection between Zn?* and F~ (ACW of 18.8%, Figure 5c). In
contrast, S*~ and Zn?* are not directly related via dissolution of ZnS, due to a low solubility
of 3.1 x 101 g/L [50] Yet, Zn?>* and S?~ concentrations were still positively correlated
(Figure 5¢), exhibiting an ACW of 11.8%, that is again attributed to their shared origin and
transport pathways.

Decreased Zn?* concentrations with increasing distance from the reservoir, along with
a marked reduction in concentrations following barrier installation (Figure S7), suggests
that the upstream reservoir is the principal source of Zn?*. Further supporting this assertion,
the cumulative precipitation over 3 days was positively correlated with Zn concentrations,
exhibiting an ACW of 4.8% (Figure 5c). In addition, cumulative evaporation over 3, 7,
and 10 days was positively correlated with Zn concentrations, with a total ACW of 3.1%
(Figure 5c). This suggests that evaporation concentrates Zn?* in subsurface waters via
water loss, thereby facilitating solute redistribution over these time windows.

After barrier installation, average Zn concentrations across the six wells decreased
from 0.728 to 0.155 mg/L, representing a 78.7% decrease. This reduction corresponds
to a 38.8% ACW that could be attributed to geological parameters (i.e., 7.5% out of the
total 19.3% GEO contribution; Figure 4c), followed by distance (37.1%), K4 z, (17.5%), and
permeability (6.6%).

4. Conclusions

To enable more robust AMD predictions for a mine waste rock site, a comprehen-
sive experimental analysis was conducted in this study over 3.5 years, with generation of
132 spatiotemporal datasets to enable AMD predictions. The datasets comprised concentra-
tions for nine chemical species, including F~, 52—, pH, SO%-, NHZ, and COD, alongside
compilation of geological and historical climate datasets. Three ML algorithms (SVM, RF,
and XGBoost models) were then used to predict the concentrations of metal contaminants
(Fe, Cu, Zn) using three sets of input variables, GEO, CH, AWQ (in order of accessibility).
The following key results were observed:

(1) Groundwater monitoring before and after the barrier installation revealed a significant

reduction in Fe, Zn, and Cu concentrations, demonstrating the barrier’s effectiveness
in limiting heavy metal transport. However, the high CV (>50%) and increased
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skewness of the heavy metal concentration, concentrations indicated substantial
spatial-temporal variability and potential extreme values. These fluctuations are
largely influenced by the regional hydrological cycle, especially during the wet season,
which enhances leaching and pollutant mobility.

(2) The combined use of all three input parameter sets (GEO, CH and AWQ) generally
yielded the best predictions. The XGBoost predictions exhibited the highest R? values
for Fe (0.805) and Cu (0.773) concentrations, while SVM predictions provided the
best predictive performance for Zn concentrations (R? of 0.94). The use of two sets
of input parameters (GEO and CH) generally yielded better prediction than the use
of geological parameters alone. Given the general availability and affordability of
climate history data, as well as the physical relationships between climate history and
downstream contaminant concentrations, the combined use of these two sets of input
parameters are recommended.

(3) Associated water quality parameters, and especially F~ and S?>~ concentrations, are
the most relevant for predicting both Fe and Zn concentrations, also ranking second
most important for Cu concentration predictions. The shared upstream reservoir origin
and downstream transportation pathways are the likely reasons these AWQs are good
predictors for Fe and Zn concentrations, wherein the high solubility of FeF; promotes
the release or fixation of both Fe** and F~, emphasizing their physical linkage.

(4) Climate history was the most important factor for Cu concentration prediction and the
second most important factor for Fe and Zn concentration predictions. Accumulated
precipitation and evaporation up to 60 days are related to metal concentrations via
dynamic water rebalance and solute redistribution mechanisms.

(5) Installation of a vertical contaminant-containing barrier was the most effective ge-
ological parameter, followed by distance and the partition coefficient. All three
metal contaminant concentrations were drastically reduced (73-80%) following
barrier installation.

(6) This study’s scope is confined to observations from a singular AMD reservoir site,
potentially restricting the generalizability of the results to other settings. Enhancing
the analysis by incorporating data from multiple copper mine AMD reservoir sites
could bolster the reliability and wider relevance of the conclusions. Additionally, the
utilization of remote sensing data offers valuable prospects for capturing spatial and
temporal fluctuations in environmental factors. Subsequent research endeavors could
investigate the integration of such data into the modeling framework to potentially
elevate predictive precision and utility [22].

The results of this study provide a comprehensive evaluation of the factors governing
AMD contamination monitoring and prediction. In particular, these results underscore the
critical, but often underestimated role of climate history in shaping contaminant dynamics.
This highlights the need to integrate climate history data into predictive frameworks,
thereby promoting more robust, cost-effective, and physically informed strategies for
environmental risk assessment and sustainable mine waste management.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/w17182661/s1, Text S1: Calculation of the distribution coefficient; Text S2:
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Results; Figure S1: Predicted versus measured concentrations for Fe (a, b, c) with prediction models
exhibiting the highest R? values. Red points indicate training datasets, green points indicate test
datasets, the black line is the 1:1 prediction line, light green shading shows the 95% prediction
confidence interval, and dark green shading shows the 95% prediction confidence interval; Figure S2:
Predicted versus measured concentrations for Zn (a, b, ¢) with prediction models exhibiting the
highest R? values; Figure S3: Predicted versus measured concentrations for Cu (a, b, c) with prediction
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where c(x, t) is the solute concentration at position x and time t. M is the total mass released
per unit cross-sectional area, D, is the effective dispersion coefficient, u, is the effective
solute velocity, t; and t; are specific times, and R is the retardation factor.
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