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Abstract
In northern Tunisia, Sidi Driss sulfide ore valorization had produced a large waste amount. The long tailings exposure period 
and in situ minerals interactions produced an acid mine drainage (AMD) which contributed to a strong increase in the mobil-
ity and migration of huge heavy metal (HM) quantities to the surrounding soils. In this work, the soil mineral proportions, 
grain sizes, physicochemical properties, SO4

2− and S contents, and Machine Learning (ML) algorithms such as the Random 
Forest (RF), Support Vector Machine (SVM), and Artificial Neural Network (ANN) models were used to predict the soil HM 
quantities transferred from Sidi-Driss mine drainage to surrounding soils. The results showed that the HM concentrations 
had significantly increased with the increase of decomposition and oxidation of galena, marcasite, pyrite, and sphalerite-
marcasite and Fe-oxide-hydroxides quantities and the sulfate dissolution (marked with SO4

2− ions increase) that produced 
the decreased soil pH. Compared to SVM, and ANN models outputs, the RF model that revealed higher R2

val, RPD, RPIQ, 
and lower error indices had satisfactorily predicted the soil HM accumulation coming from the AMD environment.

Keywords  Machine Learning (ML) · Acid mine drainage (AMD) · Heavy metals (HMs) · Mine tailings · Mineralogical 
compositions

Introduction

Tailings that are widely distributed around the globe (Carmo 
et al. 2020) are considered as a reservoir and a vector of 
HM mobility and transport and which caused the biocenosis 
(fauna, flora, and human health), lithosphere (agricultural 
soils), hydrosphere (surface, and groundwater), and atmos-
phere (atmospheric dust) degradation (Jambor et al. 2003; 
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Highlights   
• Soil heavy metals were predicted using RF, SVM, and ANN.
• Soil Zn, Pb, Mn, Cu, and Cd are closely correlated with 
mineralogical compositions, dissolution sulfates (marked with 
increasing SO4

2− ions, and decreasing soil pH values).
• Soil Fe and Mn concentrations are closely related to the iron 
minerals.
• RF outperforms SVM and ANN to predict soil HMs.
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Fengxia and Wenbao  2010; Frau and Marescotti  2011; 
Khalil et al. 2014; Tan et al. 2014; Ayari et al. 2016; Pourret 
et al. 2016; Dold 2006; Zhang et al. 2020). The total assess-
ment of HM mobility (Kemper and Sommer 2002; Trifi 
et al. 2019), and their environmental fate require physico-
chemical, mineralogical, and chemical analyses of a large 
number of tailings and soils samples (various locations and 
depths) (Kemper and Sommer 2003; Trifi et al. 2018 and 
2019). This approach is time-consuming and expensive 
(Chang et al. 2001; Tan et al. 2014; Yaseen 2021).

However, the soil HM content prediction could be 
established by remote sensing (Malley and Williams 
1997), spectroscopy (Choe et al. 2008), and algorithms 
such as multiple linear regression, generalized linear 
models, partial least squares regression, weighted geo-
graphic regression, and linear and kriging mixed models 
(Thompson et al. 2006; Kumar et al. 2012). The inconven-
ience is the limited prediction performance (Lark 1999; 
Wu et al. 2005; Tajik et al. 2012; Wang et al. 2014; Guo 
et al. 2015; Zhang et al. 2017).

Compared to other prediction models, Machine Learn-
ing ML methods provide increasingly accurate analysis 
of nonlinear and hierarchical relationships, insensitivity 
to noise characteristics, and resistance to overfitting, with 
reliable error measurement (Breiman, 2001; Zeraatpisheh 
et al. 2020; El Amri et al. 2022). Mojid et al. (2019) showed 
that ML algorithms facilitate the understanding of the non-
linear data of HM removal in comparison to the isotherm, 
statistical, mathematical, physical, and empirical models. 
Alvarez-Guerra et al. 2010; Tepanosyan et al. 2020 have 
considered the use of the ML models more than the classi-
cal statistical methods owing to solving the nonlinearity and 
non-stationarity phenomena. The ML algorithms were used 
for soil quantification such as soil organic matter, texture, 
and other properties (Gomez et al. 2019; Gasmi et al. 2014, 
2022). Also, Guyon and Elisseeff (2003) and Wu et al. 
(2008) reported that predictive models for HMs based on 
the number of data sets, type data, catchment characteristics, 
optimization prior to model building, weight minimization, 
and the choice of the specific algorithm. Yaseen et al. (2018) 
applied ML for soil, water, and bodies HM simulation with-
out the pre-knowledge for the data statistical distribution.

For example, based on pH, SO4, HCO3, TDS, EC, Mg, 
and Ca input variables, the Ni and Fe concentrations 
were predicted by Gholami et al. (2011) using a sup-
port vector machine (SVM) and back-propagation neural 
network (BPNN) algorithms. To predict the soil Cd con-
centrations, auxiliary land use information, soil organic 
matter, pH, and topographic data were inputted by Qiu 
et al. (2016) using the stepwise linear regression (SLR), 
classification, and regression tree (CART), and random 
forest (RF) models. Cd and Pb were estimated by adap-
tive neurofuzzy inference systems (ANFIS), artificial 

neural network (ANN), and multiple linear regression 
(MLR) models based on organic carbon, phosphorus, 
total Nitrogen, pH, and clay Bazoobandi et al. (2019). 
Omondi and Boitt (2020) applied RF to predict the spa-
tial distribution of soil Cd, Pb, and Zn contents. Zhang 
et al. (2020) used the urban expansion, areas of different 
land-use types in a specific grid, urbanization history, 
soil properties, and ML models to predict the spatial 
distribution of soil HMs of the studied site. Lu et al. 
(2022) applied (RF) model to predict the removal effi-
ciency of HMs using flocculant properties, flocculation 
conditions, and HM properties.

As we know, the input data to ML algorithms in HM 
predictions were, until now, the soil properties, topography, 
changing environmental conditions, and urban expansion. 
However, previous studies revealed that there were strong 
correlations between the HMs of polluted soils with min-
eralogical compositions that corresponded to soluble min-
erals or prone to oxidation of tailings (Jambor et al. 2000; 
Hammarstrom et al. 2005; Dold 2006; Carbone et al. 2013; 
Bouzahzah et  al.  2014; Murray et  al.  2014; Balci and 
Demirel 2018; Trifi et al. 2018 and 2019). Therefore, it is 
for the first time, this study has applied ML methods to link-
ing soil HMs to mineralogical compositions of an AMD 
environment.

The objectives of this study were to (1) predict the HM 
accumulation in AMD environment using the mineral pro-
portions, physico-chemical properties and grain size and 
the advanced ML approaches, (2) determine the important 
attributes for predicting soil HMs based on the predictor 
importance result, and (3) evaluate and compare the perfor-
mance of the RF, SVM, and ANN models used to predict 
the soil HM concentrations.

Materials and methods

Site description

The Sidi-Driss mine is located in the northwest region 
of Tunisia, 150 km of Tunis, at 9°06′55″ E latitude and 
37°03′14 ″ N longitude (Fig. 1a, b). The ore is in the Neo-
gene filling of the Sidi-Driss-Tamra basin. It is limited in 
the southeast by a complex magmatic-saline structure of the 
“Oued Belif,” in the east-southeast by Damous river, and in 
the west by the Mn-Fe Tamra mine (Fig. 1c) (Trifi et al. 2018 
and 2019). The ore area is approximately 2 km2, and its aver-
age elevation is around 150 m above sea level, with predomi-
nant rough topography. Sidi-Driss is in humid to subhumid 
Mediterranean region where temperatures range from − 1 to 
47 °C. The maximum evapotranspiration level is 320 mm. 
The annual precipitation average is 1000 mm·year−1, and the 
mean wind speed is 2.7 m·s−1.
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The host rocks are siliciclastic continental sediments with 
oxides-hydroxides (hematite and goethite), and abundant sili-
cates (quartz, K-feldspar, plagioclase, mica, kaolinite, illite, and 
smectite), coming from fragments of (i) Numidian sandstone 
Unit, (ii) “Yellow Balls,” and clayey limestones (alumino-silicate 
cement) of ed Diss Unit (Rouvier, 1977), (iii) the ferruginous 
breccia of “Oued Belif,” (iv) rhyodacite, (v) pyroclasts, and (vi) 
gneiss from the magmato-salt complex (Dermech 1990; Dermech 
et al. 2022; Trifi et al. 2018 and 2019). The major ore minerals are 
sulfides (marcasite, galena, sphalerite, and pyrite), sulfates (bar-
ite, celestite, and gypsum) (Dermech 1990; Dermech et al. 2022), 
and the minor are low quantities of carbonates (6% calcite and 
siderite) (Trifi et al. 2018 and 2019). Many rare minerals such 
as arsenopyrite, phosphates, vanadates, arsenates, Bi-sulfosalts, 
anglesite (PbSO4), cerusite (PbCO3), jarosite and plumboja-
rosite (PbFe6 (SO4)4 (OH)12), wulfenite (PbMoO4), coronadite 
(PbMn8O16), calamine (Zn4 [Si2O7] (OH)2, H2O) and smithsonite 
(ZnCO3), chalcophanite ((Zn, Fe, Mn) Mn3O73(H2O)), hetero-
lite (ZnMn2O4), and stilpnosiderite (Fe2O3 (2H2O)) were also 
reported by Stefanov and Ouchev (1972), and Negra (1987).

Two mineralization types are distinguished at Sidi-Driss 
namely stratiform and vein (hydrothermal) ores of Late Mio-
cene to Pliocene–Pleistocene age. The dominant sulfides are 
pyrite, sphalerite, marcasite, and galena (Dermech 1990). 
This ore is characterized by strong oxidation of galena 
(35%), and sphalerite (25%) because the most mineralized 
layer is above 60 m of the Damous river (Trifi et al. 2018).

Pb and Zn were mined at Sidi-Driss in an open-pit mine, 
(Fig. 2a) during three periods (1902–1925, 1925–1950, 
and 1969 until today). The mine wastes were deposited in 
the edge dump that is only 3 m far from the Damous river 
(Fig. 1c). One depression area immersed with meteoric 
water and the peripheral dry zone was observed at the sur-
face of the dump (Fig. 1c, b). Its upper perimeter is 492 m, 
the upper surface is 1.61 ha (hectare), the basal perimeter 
is 610 m and the basal surface is 2.46 ha (Trifi et al. 2019).

Owing to the long-term waste exposition, this tailings dump 
became an ideal experimental site to identify the effects of min-
erals dissolution on the HM mobility because of (i) the ore 
and the tailings dump are close to the Damous river, (ii) the 
advanced degree of galena and sphalerite oxidation, and (iii) 
the moisture content of the remaining flotation water, (iv) and 
the highest sphalerite-marcasite amounts in the tailings. HM 
mobility is also controlled by the dilution and evaporation pro-
cesses, the acid mine solution in the submerged area, runoff-
percolation, and infiltration of water flowing into the dump and 
its drainage by the dump drains to Damous river.

Soil sampling and analytic methods

A total of 72 topsoils (0–20 cm) were sampled. Wet and 
ochreous sediments and yellow, ochreous, and rusty deposits 

were collected from the dump surface and its sides, respec-
tively. All samples were homogenized, passed through 
a 2-mm stainless steel sieve, lyophilized (freeze-dried), 
ground, and kept in a cooler room for further mineralogical 
and geochemical analyses.

The pH and electrical conductivity (EC) were measured 
using soil: distilled water ratios of 1:2.5, and 1:5, respec-
tively after stirring for 2 h (Montoroi 1997; Rayment and 
Higginson 1992). The pH and EC were determined using 
a pH meter (LPH 230 T-type) and a conductivity meter 
ORION 150, respectively.

Mineralogical composition was determined using powder 
X-ray diffractometry (PXRD) with CuKα radiation (current 
40 mA, voltage 40 kV). Each sample was scanned between 
3 and 80° 2θ at a scan rate of 1°/min. Minerals were identi-
fied based on the sets of their peak positions using a standard 
database.

About 0.5 g of each sample was digested by 5 ml of a 
mixture of HF (40%), 1.5 ml HClO4 (70%), 3.75 ml, HCl 
(37%), and 1.25 ml HNO3 (65%) in a sand bath at 250 °C. 
Afterward, 100 ml of ultrapure water was added and the 
resulting solution was acidified to pH≈1.5 with ultrapure 
HNO3 (Hageman and Briggs 2000). The Fe, Zn, Pb, Cd, Cu, 
Mn, and S concentrations were carried out at Georessources 
laboratory, (Water Research and Technology Center, Techn-
opole of Borj Cedria, Tunisia) using atomic absorption spec-
trometry (AAS)-Perkin Elmer type and ion chromatography 
on a non-acidified solution. In the whole analysis, reagents 
and standard solutions were prepared with millipore deion-
ized water. To check the accuracy of HM analysis, NIST 
2709a was used in the digestion and analysis of the samples 
as part of the quality assurance/quality control (QA/QC) pro-
tocol. For trace element concentrations, 20% (chosen at ran-
dom) of samples were replicated. Also, the samples which 
had either highest or lowest concentrations were replicated 
three times. To check the precision of measurement, blank 
samples were run after every five samples. The value below 
the detection limit and within 2% of the certified one was 
only accepted.

Statistical analysis

Statistical analysis was implemented using SPSS software 
(SPSS Inc., USA). Descriptive statistics like standard devi-
ation (SD), mean, minimum, maximum, and quartile of 
input parameters including the mineralogical compositions, 
physicochemical properties, grain size, and HMs were used. 
For input variables, the sample size was taken as n = 72. 
Pearson correlation coefficients and principal component 
analysis (PCA). PCA is a descriptive method that reduces 
and transforms the dimensions of normalized variables into 
new principal components (PC) by varimax rotation was 
used in the current study. This technique produces multiple 
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groups of results after removing minor contributing vari-
ables. The suitability of data reduction through PCA analysis 
is indicated by Bartlett’s sphericity test, Kaiser-Meyer-Olken 
(KMO) test, eigenvalues, percent variance, and component 
matrix (before and after rotation).

ANOVA was used to access the variance between means 
of analyzed parameters and where a significant Fisher (F) 
value was determined.

Prediction models

The RF, ANN, and SVM models were established to pre-
dict toxic Zn, Pb, Fe, Mn, Cu, and Cd concentrations in the 
mine wastes and soil. The total datasets sample was subdi-
vided into 75% training and 25% validation datasets. The 
response variables such as HM concentrations were sorted 

in ascending order. First, the three samples having the 
lowest element concentrations were successively placed 
in the training set and the next sample in the validation 
set. Then the procedure was pursued by alternately putting 
the following three samples in the training set and the next 
sample in the validation set. This subdivision ensured a 
similar distribution of HM concentrations in both training 
and validation sets (Gasmi et al. 2019, 2021). The training 
dataset was used to model the relationship between the 
toxic HM concentrations and the predictors that are the 
mineralogical compositions, physico-chemical properties, 
such as pH, EC, CEC, sediment grain sizes, SO4

2−, and S 
contents, and the dataset validation to evaluate the perfor-
mances of the predictive models.

We note that the RF, SVM, and ANN models are imple-
mented using WEKA software (version 3.9.5, University 

Fig. 1   a, b Geographic location of the study area in northwestern Tunisia (red), and c the soil sampling sites (blue dots). (I) Pb–Zn Sidi-Driss 
mineralization, (II) Fe Tamra mineralization, (1, 2, 3) the three dumps of Sidi-Driss mine wastes, and (4) the laundries
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of Waikato, Hamilton, NZ), with trees of RF (Brei-
man 2001), SMOreg (Shevade et al. 1999), and multiple 
layer perceptron (MLP) (Werbos 1975) packages, respec-
tively. The hyper-parameters of each classifier are opti-
mized using multi-search-weka-package and the RegSMO 
improved package for the SVM regression, which is the 
default RegOptimizer.

Random forest

Random forest (RF) regression (Breiman 2001) is a ML 
model that makes output predictions by combining outcomes 
from a sequence of regression decision trees sequence. Each 
tree is constructed independently and depends on a random 
vector sampled from the input data, with all the trees in the 
forest having the same distribution (Williams et al. 2020). It 
includes three parameters named ntree, mtry, and nodesize. 
Ntree refers to the number of decision trees in the model, 
mtry the number of variables selected from a decision split 
for the next split, and nodesize the minimal number of sam-
ples allowed in a node (Breiman 2001).

The relative attribute/predictor importance in RF regres-
sion models was calculated via mean decrease impurity 
(MDI, or Gini importance) (Breiman 2002). Each split at 
a node should increase the homogeneity (purity) of the two 

descendant nodes resulting in a reduction of the MDI. The 
average decrease in the impurity for each variable over all 
the trees gives an accurate picture of the relative importance 
of the variables in the model. However, one should keep 
in mind that true attribute importance can be obscured by 
complex variable interactions (Breiman 2001).

It is widely used for predicting soil attributes and extract-
ing the important predictors relative to linear regression 
(Zhang et al. 2017; Lagacherie et al. 2019). It can handle 
either categorical or continuous targets or environmen-
tal variables (Zhang et al. 2020). An RF model ultimately 
produces one single prediction, and the bias and variance 
values generated are usually low. The model is resistant to 
overfitting because each tree is trained on a unique bootstrap 
subsample of the original dataset (Zhang et al. 2020).

Support vector machine

Support vector machine (SVM) regression (Smola and 
Schölkopf 1998) is a kernel-based learning approach that 
projects data into a new hyperspace in which complex non-
linear relationships can be represented. This approach con-
siders the predictor interactions (Besalatpour et al. 2012). 
The use of the kernel functions is possible to derive a hyper-
plane as a decision function for non-linear problems, and 
then to apply a back-transformation in the non-linear space 

Fig. 2   a A panoramic view of 
the open pit mining activities 
of Pb–Zn-Sidi-Driss deposits, 
Northern Tunisia, b tail-
ings dump with deep chronic 
ponds from rainfall in the 
surface dump, pH = 3.77, 
T° = 24.8 °C, EC = 1516 µS 
cm−1, Eh = 182.3 mV drain-
ing the Damous river through 
three drains, c shallow transient 
ponds from rainfall in the side 
dump (pH = 2.25, T° = 20.6 °C, 
EC = 28,700 µS cm−1, 
Eh = 278.5 mV) with precipita-
tion of rozenite, d acid water 
in the side dump (pH = 1.8), 
e yellow-ochre-rust deposits 
from the side dump showed the 
presence of jarosite, gypsum 
(pH = 3, EC = 2271 µS.cm−.1, 
Eh = 230 mV)
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(Boser et al. 1992). The regression hyperplane is determined 
by optimizing the distances from the nearby data points 
known as support vectors. There are four SVM kernels are 
linear, polynomial, radial basis function (RBF), and sig-
moid (Gasmi et al. 2015).

The RBF is the most popular of kernel types used in SVM 
methods for classification, and regression problems (Gasmi 
et al. 2016, 2017). In this study, the RBF-kernel was chosen 
for the SVM regression process, as it provides a reasonable 
trade-off between the number of kernel parameters to be 
optimized and the adaptability and flexibility of non-linear 
data (Zhang et al. 2020). The SVM RBF-kernel has two 
hyperparameters associated with the regularization param-
eter C, and kernel width γ.

Artificial neural networks

Artificial neural networks (ANN) is a computational model 
(Werbos 1975) that was inspired by networks of biological 
neurons (Puri et al. 2016). It includes input and output layers 
that are interconnected. After that, each data was consid-
ered as a neuron working that transformed the input data 
into output values (Were et al. 2015; Zolfaghari et al. 2015). 
In the input layer, the number of neurons and the predictor 
number is equal, while the neurons in the hidden layer are 
determined by the training, and prediction errors calculation. 
The output layer included a single neuron representing the 
soil heavy metal concentrations (Zhang et al. 2020). The 
ANN model calculates the gradient of the case-wise error 
function concerning the network and minimizes the overall 
network error (Werbos 1975; Zhang et al. 2020).

Models performance analysis

The prediction performance of the ML models is evaluated 
using (i) for the training set: the determination coefficient 
(R2

train), the root means square error (RMSEtrain), the mean 
absolute error (MAEtrain), and (ii) for the validation set: the 
determination coefficient (R2

val), the root mean square error 
(RMSEval), the mean absolute error (MAEval), the ratio per-
formance deviation (RPD), the ratio of the standard devia-
tion RMSEP (Chang et al. 2001), and the ratio performance 
to interquartile (RPIQ). This last coefficient is the interquar-
tile ratio of the RMSEP (Bellon-Maurel et al. 2010).

Results and discussion

Mineralogical, physiochemical, and geochemical 
characterizations of mine tailings, and soils

The semi-quantitative evaluation was based on the PXRD 
peak intensities (Fig. 3a, b). The major and minor minerals 

are galena (0–2%), marcasite (0–8%), hematite (0–2%), 
quartz (10–89%), barite (0–26%), phyllosilicates (4–49%), 
jarosite (0–16%), bassanite (0–49%), anglesite (0–13%), 
gypsum (0–62%), and goethite (0–46%) (Table 1). The 
pH, EC, and CEC ranges of mine wastes were 1.8–6.9, 
180–17,500 µS·cm−1, and 4–33 meq 100 g−1, respectively. 
The mean sand, silt, and clay percentages were 57%, 23%, 
and 20%, respectively (Table 1).

The total field samples dataset showed that the mean Zn, 
Pb, Fe, Mn, Cu, and Cd concentrations were 103.5 g·kg−1, 
5.2 g·kg−1, 103.5 g·kg−1, 11.7 g·kg−1, 0.058 g·kg−1, and 
0.008 g·kg−1, respectively (Table 2). The CV variation of 
soil HM contents that ranged from 41.3 to 95.5% was con-
sidered moderate. However, the CV of Cd concentration was 
high, (around 101.2%).

The effect of the AMD environment on soil HM 
dynamics

The (i) long exposure period of mine wastes (1922–2021), 
(ii) humid to subhumid climate, (iii) position of the 
Damous river to the ore (60 m) and the edge of the tailings 
dump (≈ 3 m), (iv) advanced oxidation degree of sulfide 
minerals such as galena (35%) and sphalerite (25%) (Ste-
fanov and Ouchev 1972), (v) wet wastes rich in sphalerite 
and -marcasite, and (vi) low neutralization power (6% of 
carbonates) are the origin of the destabilization conditions 
that degraded over time the sulfides (Dermech 1990; Trifi 
et al. 2018). They also favored partial or the total altera-
tion and dissolution of initial material, such as the host 
rock “Yellow Balls” (YB), pyrite and sphalerite-marcasite 
mixture, the iron oxides precipitation (mostly goethite), and 
the neoformation of basanite (Fig. 4), jarosite, gypsum, and 
anglesite (Fig. 3a, b). These formed minerals, as a conse-
quence of AMD witnesses (Trifi et al. 2018) controlled the 
HM mobility or retention (HM leaching).

Indeed, sulfides were oxidized and decomposed and Fe 
oxides were solubilized. These processes liberated SO4

2−, 
Fe2+, Fe3+, and H3O+. The acidic environment increase 
promoted the precipitation of the secondary iron oxide-
hydroxide (goethite) (Figs. 2e and 4) (Aubertin et al. 2002; 
Dold 2014; Trifi et al. 2018 and 2019). The strong increase 
of the sulfated ion quantities (saturated environment) initi-
ated the gypsum, bassanite, and jarosite precipitation. These 
typical minerals of AMD (Dold and Fontbote 2001; Hud-
son-Edwards and Wright 2011; Carbone et al. 2013; Murray 
et al. 2014) were detected only by PXRD (Eq. 1 and Fig. 3a, 
b). By precipitating, these last neo-formed minerals had 
trapped the available Pb, Zn, Fe, Cd, Cu, and SO4

2− in these 
tailings in dry periods and released them by dissolution in 
surrounding areas in rainy periods (Jambor et al. 2000; Gieré 
et al. 2003; Hammarstrom et al. 2005; Carbone et al. 2013; 
Murray et al. 2014; Trifi et al. 2018 and 2019).
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where M are monovalent or divalent cations (Na, K, Ag, Tl, 
NH4, H3O, Pb) and RO4 are tetrahedral anions (SO4), (PO4), or 
(AsO4) (Dutrizac and Jambor 2000; Murray et al. 2014).

Statistic results

In this statistical study, the Pearson correlation test, PCA, 
and ANOVA were adopted.

Independent variables and HMs in pairs

By statistical correlation coefficients, the relationship among 
mineralogical compositions, physico-chemical properties, S 

(1)
3Fe3+ +M +2

(

RO4

)2−
+ 12H2O → MFe3

(

RO4

)

2
(OH)6(jarosite) + 6H3O

+ and SO4
2− contents, and grain size as independent variables 

(Table 3) and between HMs in pairs was assessed (Table 4).
Hight correlation coefficients were found between barite/

jarosite (0.70), barite/marcasite (0.75), S/marcasite (0.76), 
S/galena (0.67), S/barite (0.76), SO4

2−/gypsum (0.80), 
SO4

2−/jarosite (0.60), and SO4
2−/quartz (− 0.76). However, 

the gypsum/goethite, jarosite/marcasite, jarosite/galena, 
SO4

2−/goethite, SO4
2−/bassanite, and S/jarosite had moderate 

correlation coefficients values (between 0.43 and 0.59) 
(Table 3).

The positive correlation coefficients among Zn/Mn, Zn/
Fe, Mn/Cu, and Zn/Cu were 0.72, 0.67, 0.64, and 0.61, 
respectively, were also high. However, the Fe/Mn and Fe/Cu 
(r = 0.60) correlations were positives and moderates (Table 4).

Fig. 3   XRD results of representative a mine wastes and b soil sample examples
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HMs and independent variables

By combining all Pearson correlation analysis results, we 
deduced that the (Table 5):

–	 Zinc was significantly (p < 0.05) correlated with gypsum, 
barite, galena, marcasite, goethite, S, and clay texture 
(correlation coefficients range 0.25–0.59 and p < 0.05). 
These good relationships were mainly due to the total 
dissolution of mixed sphalerite-marcasite and sphalerite 
concentrates (Trifi et al. 2018),

–	 Lead concentration was significantly (p < 0.05) correlated 
with the jarosite, galena, marcasite, S, SO4

2−, EC, quartz, 

barite, and anglesite. The R ranges between 0.35 and 0.64 
showed that mineral dissolution favors the Pb mobility. 
The moderate correlation between pH/Pb indicated that the 
acidic pH also enhanced the Pb mobility. The low galena 
and marcasite concentrations in the tailings evidenced the 
advanced alteration of the initial materials (Fig. 3a, b),

–	 Iron was significantly (p < 0.05) correlated with quartz, 
galena, marcasite, goethite, S, EC, CEC, silt, and clay. 
These correlations confirmed the decomposition and 
oxidation of the sulfides and the precipitation of sec-
ondary goethite,

–	 Manganese was significantly (p < 0.05) correlated with 
gypsum, marcasite, goethite, S, SO4

2−, pH, CEC, silt, 

Table 1   Summary statistics of mineralogical compositions, physico-chemical, chemical, and grain size properties of field samples

Gy gypsum, Phy phyllosilicates, Q quartz, B barite, J jarosite, Ga galena, M marcasite, Go goethite, Bas bassanite, Ag anglesite, H hematite (in 
%), S sulfur and SO4

2− sulfate ions (in g kg−1), pH hydrogen potential, EC electric conductivity (in µS cm−1), CEC cation exchange capacity (in 
meq 100 g−1), Sa sand, Si silt, C clay (in %)

Min Q1 Mean Q3 Max SD IQ CV Sk K

Gy 0.000 0.000 8.634 9.343 61.860 16.111 9.343 186.587 2.087 3.384
Phy 4.000 9.000 15.871 20.250 49.000 9.673 11.250 60.949 1.492 2.283
Q 9.540 31.730 41.176 50.928 88.530 17.689 19.198 42.959 .449 0.528
B 0.000 0.593 4.531 6.525 25.640 4.981 5.933 109.916 1.862 4.915
J 0.000 0.703 2.877 4.140 15.800 2.911 3.438 101.186 1.843 5.282
Ga 0.000 0.000 0.447 0.835 2.350 0.668 0.835 149.523 1.372 0.680
M 0.000 0.000 1.592 2.653 8.450 1.742 2.653 109.422 1.450 3.178
Go 0.000 8.308 22.897 32.965 45.820 13.983 24.658 61.071  − .624  − 1.048
Bas 0.000 0.000 0.913 0.000 49.080 5.923 0.000 648.562 7.850 64.004
Ag 0.000 0.000 0.754 0.000 13.090 2.507 0.000 332.459 3.549 12.518
H 0.000 0.000 0.024 0.000 1.760 0.207 0.000 848.528 8.485 72.000
S 0.000 0.000 2.039 3.113 9.570 2.123 3.113 104.121 1.163 1.591
SO4

2− 0.000 2.743 9.946 11.555 41.630 11.122 8.813 111.828 1.559 1.497
pH 1.800 3.295 4.017 4.585 6.900 1.183 1.290 29.440 .799 0.241
CE 180.000 811.000 1953.979 2372.500 17,500.000 2369.151 1561.500 121.248 4.573 26.996
CEC 4.000 12.000 17.199 21.330 33.330 6.541 9.330 38.030 .297  − 0.315
Sa 2.090 27.000 43.190 57.000 91.000 21.544 30.000 49.882 .029  − 0.394
Si 1.000 29.000 40.919 56.000 86.000 20.600 27.000 50.343 .067  − 0.588
C 0.000 9.000 15.887 20.248 49.000 9.824 11.248 61.839 1.334 2.045

Table 2   Summary statistics of 
HM contents in field samples

Q1 first quartile, Q3 third quartile, SD standard deviation, IQ interquartile, CV coefficient of variation (%), 
Sk skewness, Zn, Pb, Fe, Mn, Cu, and Cd HM contents (in g.kg−1)

Min Q1 Mean Q3 Max SD IQ CV SK K

Zn 0.380 2.905 11.722 19.200 33.950 9.508 16.295 81.114 0.501  − 0.928
Pb 1.750 4.545 13.943 22.275 59.200 11.862 17.730 85.075 1.360 2.109
Fe 2.600 39.500 103.469 158.000 226.000 61.478 118.500 59.417 0.015  − 1.308
Mn 0.074 1.105 5.189 8.263 20.040 4.953 7.158 95.454 1.204 0.997
Cu 0.011 0.035 0.058 0.075 0.102 0.024 0.041 41.267  − 0.196  − 1.065
Cd 0.000 0.004 0.008 0.009 0.051 0.008 0.005 101.219 2.768 9.875

87497Environmental Science and Pollution Research  (2022) 29:87490–87508

1 3



and clay. These correlation levels confirmed the previ-
ous results where found that Mn was a minor element in 
siderite, calcite, and marcasite and had higher concentra-
tions in the Tamra mine breccias (Trifi et al. 2018),

–	 Copper was significantly (p < 0.05) correlated with the 
marcasite, goethite, bassanite, calcite, S, EC, CEC, sand, 
and silt,

–	 Cadmium was significantly (p < 0.05) correlated with the 
bassanite, and EC. In the initial materials, the Cd was 
often present in the sphalerite-marcasite mixed concen-
trate (Stefanov and Ouchev 1972), and in sphalerite and 
galena (Dermech 1990; Trifi et al. 2018) that were not 
detected in the friable fraction of actual tailings (Fig. 3a, 
b), suggesting its mobility.

Previous studies revealed significant correlations, among 
the minerals and their majors (e.g., Zn, Pb, Fe) and trace 
(e.g., Mn, Cu, Cd, As) elements (Stefanov and Ouchev 
1972; Dermech 1990, Trifi et al. 2018), the EC, CEC, pH 
and sediment texture of mine wastes that confirmed once 
again that mineralogical composition, dissolution, and 
oxidation processes induced an essential variation of their 
physicochemical characteristics and closely controlled 
the Pb, Zn, Mn, Fe, Cu, and Cd mobility levels (Jambor 
et al. 2000; Hammarstrom et al. 2005; Dold 2006; Carbone 
et al. 2013; Bouzahzah et al. 2014; Murray et al. 2014; Balci 
and Demirel 2018; Trifi et al. 2018 and 2019). Therefore, 
Salonen and Korkka-Niemi (2007) and Hu and Cheng 

(2013) also reported that soil Cr and Ni are majorly sourced 
from parent materials. Moreover, Garcıa-Sanchez et  al. 
(1999) reported that Fe-rich soils containing high levels of 
clay minerals can adsorb considerable amounts of As. Zhang 
et al. (2020) showed a strong correlation between As, Ni, 
and Cr were significantly (p < 0.05) correlated with the Fe-
Al-oxides and quartz. Gholami et al. (2011) showed a strong 
relationships among pH, SO4, HCO3, TDS, EC, Mg, Ca, Ni, 
and Fe concentrations. Also, Rooki et al. (2011) revealed 
high values of the correlation coefficients between heavy 
metals and pH, SO4, and Mg2+ concentrations.

To reduce and transform the dimensions of normalized 
variables into new principal components (PC) (Fig. 5), the 
PCA with varimax rotation was applied. Therefore, data 
reduction through PCA analysis was achieved after remov-
ing minor contributing variables (such as sand, silt, and 
quartz) and items that have representation qualities lower 
than 0.5. In this study, the suitability of the PCA is indi-
cated by Bartlett’s sphericity test (0.000), Kaiser-Meyer-
Olken (KMO = 0.763) test, eigenvalues, percent variance, 
and component matrix (after rotation).

In this study, the reason is to understand the interrelationship 
among mineralogical compositions, grain size, and HM predic-
tors in the soil, and the source identification of the pollutants. 
Three correlated components were extracted by PCA witch a 
total explained variance was 75% (Table 6). Factor 1 seems to 
be an ax of mineralogy and, sulfur and sulfates contents that 
revealed strong relationships among jarosite, galena, S, and SO4 
contents. Factor 2 showed a close correlation among pollutants 

Fig. 4   Polarized cross light 
photomicrographs showing in a, 
b the alteration forms of initial 
materials such as yellow balls 
(YB), calcite II (Ca-II), and 
sulfides (S), and precipitation of 
neoformed bassanite sulfate in 
microfractures, c, d the oxida-
tion of sulfides (S) and precipi-
tation of iron oxide-hydroxide 
(Fe), and bassanite (Bas) in 
microfractures and cleavages
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as Zn, Mn, Fe, and Cu. Factor 3 correspond to clay fraction. 
This PCA method was widely tested in previous studies (e.g., 
Bhuiyan et al. 2011; Ogwueleka 2014; Rahman et al. 2014; 
Chowdhury and Maiti 2016).

ANOVA was used to access the variance between means 
of analyzed pollutants and here significant Fisher (F) value 
was observed. ANOVA revealed that Zn, Mn, Fe, Pb, and 
Cu and associated group of mineralogical compositions, S 
and SO4 contents, and clay fraction showed a significant 
difference in mean (p < 0.001) except Cu (p < 0.05), and 
Cd (p > 0.05) (Table 7). This is showed that mineralogical 
composition plays an important role in defining metal pol-
lution in soil. This ANOVA test was popularly applied in 

previous studies (e.g., Chowdhury and Maiti 2016; Chowd-
hury et al. 2021; Zarei et al. 2014).

Therefore, the founded strong correlations among the 
minerals, physico-chemical properties, and soil grain sizes 
and each soil toxic HMs were used as important predictors 
and inputs for the ML-predicted models.

Performance of HM prediction models based on all 
and important variables

To evaluate the prediction model performance first only the 
highly correlated variables (on important independent varia-
bles) and second, all independent variables were considered.

Table 4   Pearson correlation 
coefficients between different 
HM contents of field samples

n = 72
* Significant at 5% probability
** Significant at 1% probability

Zn Pb Fe Mn Cu Cd

Zn 1
Pb 0.479** 1
Fe 0.673** 0.257* 1
Mn 0.726** 0.204 0.609** 1
Cu 0.617** 0.144 0.606** 0.641** 1
Cd 0.151 0.224 0.029 0.295* 0.095 1

Table 5   Pearson correlation 
coefficients between different 
independent variables 
(mineralogical compositions, 
physico-chemical properties, 
and soil grain size) and soil 
HMs

Gy gypsum, Phy phyllosilicates, Q quartz, B barite, J jarosite, Ga galena, M marcasite, Go goethite, Bas 
bassanite, Ag anglesite, H hematite (in %), S sulfur and SO4

2− sulfate ions (in g kg−1), pH hydrogen poten-
tial, CE electric conductivity (in µS cm−1), CEC cation exchange capacity (in meq 100 g−1). Sand, silt, and 
clay (in %). Zn, Pb, Fe, Mn, Cu, Cd heavy metal contents (in g. kg−1), n = 72
* Significant at 5% probability
** Significant at 1% probability

Zn Pb Fe Mn Cu Cd

Gy  − 0.263  − 0.070  − 0.16  − 0.316  − 0.162 0.024
Phy  − 0.252  − 0.166  − 0.22  − 0.277  − 0.001  − 0.043
Q  − 0.202  − .473**  − 0.308  − 0.076  − 0.221  − 0.165
B 0.344** 0.779** 0.403** 0.150 0.096 0.085
J 0.154 0.644** 0.198  − 0.066 0.014 0.127
Ga 0.325** 0.489** 0.308** 0.156 0.114 0.173
M 0.442** 0.609** 0.473** 0.286* 0.277* 0.142
Go 0.588** 0.158 0.558** 0.619** 0.523** 0.003
Bas  − 0.179 0.189  − 0.201  − 0.132  − 0.242 0.269*
Ag 0.073 0.354** 0.074 0.104  − 0.034 0.083
H  − 0.052  − 0.089  − 0.071  − 0.121  − 0.172  − 0.020
S 0.465** 0.654** 0.485** 0.284* 0.263* 0.171
SO4  − 0.153 0.348**  − 0.055  − 0.263  − 0.195 0.164
pH 0.067  − 0.410  − 0.124 0.242* 0.055 0.033
CE  − 0.218 0.355**  − 0.235  − 0.223  − 0.305 0.269*
CEC 0.203  − 0.043 0.269* 0.304** 0.373** 0.125
Sa  − 0.065  − 0.001  − 0.211  − 0.140  − 0.434  − 0.082
Si 0.196 0.100 0.342** 0.266* 0.444** 0.098
C  − 0.269  − 0.205  − 0.254  − 0.252 0.019  − 0.027
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Based on important independent variables (imp) in pre-
dicted soil HMs, the RFimp, SVMimp, and ANNimp were 
considerably different (Table 8). The important independent 
variables were extracted from the Pearson correlation analy-
sis (Table 5) where (i) eight to estimate the Zn contents, 
(ii) nine to estimate the Pb, Fe, and Cu contents, and (iii) 
ten to estimate the Mn and Cd concentrations. The obtained 
R2

val of the different toxic HMs using ANNimp, and SVMimp 
models were less or equal to 0.38. Hence, the ANNimp and 
SVMimp models generated poorer accuracies in predicting 
the toxic HM content compared with RFimp models as they 
yielded lower R2

val, RPD, and RPIQ and higher error indices 
(MAEval and RMSEval).

For the soil Pb, Cu, Mn, and Fe the R2
val of RF ranged 

between 0.67 (Pb) and 0.53 (Fe) (Table 8). Thus, the RFimp 
models achieved acceptable success, indicating the ability 
of RF in predicting the HM dynamics. For the other soil 
HM contents, the RF less well predicted the toxic metal 
dynamism as the R2

val of Zn, and Cd were 0.44 and − 0.15, 
respectively.

Owing to the complexity of the field settings, it is nec-
essary to consider all variables (all) used to test soil HM 
content in the AMD environment.

The ANNall and SVMall models showed poorer accuracies 
in predicting the toxic HM contents, compared with RFall 
models (Table 9). Thus, based on all or important independ-
ent predictors, RF outperforms SVM and ANN and has the 
ability to satisfactory predict the Zn, Pb, Fe, Mn, Cu, and Cd 
contents of this AMD environment. This outcome is similar 
to previous studies which showed that RF algorithm per-
forms well for the HM prediction (e.g., Schwarz et al. 2013; 
Qiu et al. 2016; Zhang et al. 2020). Added to that, Schwarz 
et al. (2013) estimated the soil Pb contamination in Balti-
more (Maryland, USA), and obtained an overall accuracy 
of 72% for the RF model. Qiu et al. (2016) showed that Cd 
concentration in Fuyang soil (eastern China) deduced by 
predictive models and exhibited acceptable overall accura-
cies 72.2% for stepwise linear regression (SLR), 70.4% for 
classification and regression tree (CART), and 75.9% for 
random forest (RF). The results performed by RF model 
were closest to the observed values within the SLR and 
CART models. The good performance of the RF model was 
attributable to its ability to handle the non-linear and hierar-
chical relationships between Cd and environmental variables 
(Qiu et al. 2016). In the same case, Hong et al. (2019) esti-
mated Pb and Zn concentrations in peri-urban agricultural 
soils through reflectance spectroscopy and concluded that 
the accuracy of RF was generally better than that of PLSR. 
According to Tan et al. (2019), the RF can make full use of 

Fig. 5   Principal component analysis (PCA) with varimax rotation of 
all variables. J, jarosite; Ga, galena; M, marcasite, S, sulfur; SO4

2− 
sulfate ions, and C, clay

Table 6   Total variance explained and extracted components of PCA. Extraction method: principal component analysis

Total variance explained

Component Initial eigen value Extraction sums of squared loadings Rotation sums of squared loading

Total % of variance Cumulative % Total % of variance Cumulative % Total % de la variance Cumulative %

1 3569 39,657 39,657 3569 39,657 39,657 3172 35,246 35,246
2 2214 24,603 64,260 2214 24,603 64,260 2455 27,280 62,526
3 1031 11,456 75,716 1031 11,456 75,716 1187 13,189 75,716
4 ,719 7984 83,700
5 ,387 4296 87,996
6 ,339 3770 91,766
7 ,296 3288 95,053
8 ,240 2667 97,720
9 ,205 2280 100
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the input spectral data from a hyperspectral sensor in the 
estimation of four kinds of HMs, such as Zn (R2 = 0.90), 
Cr (R2 = 0.91), As (R2 = 0.99), and Pb (R2 = 0.97). How-
ever, Zhang et al. (2020) suggest that SVM and RF perform 
much better than ANN in explaining HM spatial variations 
in urban soil. Wang et al. (2020) explored the application of 
RF models in predicting the soil concentration and HM spa-
tial distribution (Pb, Cd, Cr, As, Hg, and Zn) compared with 
land use regression (LUR) models and demonstrates that the 
RF models performed better and could be captured effec-
tively the complex non-linear relationships. Four mathemati-
cal models, namely partial least squares regression (PLSR), 
adaptive neural fuzzy inference system (ANFIS), RF, and 
generalized regression neural network (GRNN), were used 
by Xu et al. (2021) to estimate the concentration of Hg, Cr, 
and Cu in agricultural soils based on spectroscopy data, and 
obtain an acceptable accuracy. The RF models could accu-
rately predict the HM removal efficiency via chitosan-based 
flocculants (R2 = 0.93) according to flocculant properties, 

flocculation conditions, and HM properties (Lu et al. 2022). 
The difference in the predictive accuracy between these pre-
vious studies may be linked to the extent of the study area, 
sampling density, different target variables, or the quality 
and quantity of the auxiliary data.

For Zn, Fe, and Cu, the applied RFall models even per-
form better than RFimp as they produced higher R2

val, RPD, 
and RPIQ, and lower MAEval and RMSEval (Tables 8 and 
9). On one hand, the RFall and RFimp models yielded similar 
results for soil Mn prediction with an R2

val, RPD, and RPIQ 
of 0.64, 1.72, and 2.15, respectively. On the other hand, the 
RFimp outperforms RFall in the prediction of soil Pb as it pro-
duced higher R2

val, RPD, and RPIQ and lower error indices 
(MAE, RMSEval) (Tables 8 and 9). Similarly, Zhang et al. 
(2020) also showed that the RF models based on important 
independent variables yielded satisfactory results in the HM 
prediction, although the R2 and Nash–Sutcliffe model effi-
ciency (NSE) of several HMs were lower than those of RF 
models based on all independent variables. For As and Cr, 

Table 7   Analysis of variance (ANOVA) between HM concentrations, mineralogical compositions, S and SO4 contents, and clay fraction in soils

Zn Pb Fe Mn Cu Cd

F value 5.570 15.490 4.928 3.640 2.394 0.786
p value 0.000 0.000 0.001 0.006 0.047 0.563

Table 8   Performance indices 
of the RF, SVM, and ANN 
models-predicted HM soils and 
mine wastes based on important 
predictors

RF random forest, ANN artificial neural networks, SVM support vector machines, R2
train coefficient of 

determination of training set, RMSEtrain root mean square error of training set (in g kg−1), MAEtrain mean 
absolute error of training set, R2

val coefficient of determination of validation set, RMSEval root mean square 
error of validation set (in g. kg−1), MAEval mean absolute error of validation set, RPD the ratio of the per-
formance to the deviation on validation set, RPIQ the ratio of performance to interquartile on validation 
set, Zn, Pb, Fe, Mn, Cu, Cd heavy metal contents (in g kg−1)

Model R2
train RMSEtrain MAEtrain R2

val RMSEval MAEval RPD RPIQ

Zn RF 0.940 2.291 1.701 0.444 7.264 5.556 1.380 2.104
SVM 0.254 8.056 6.538 0.187 8.785 6.837 1.141 1.740
ANN  − 0.669 12.054 9.066  − 0.397 11.520 9.142 0.871 1.327

Pb RF 0.928 2.897 2.017 0.671 8.103 3.642 1.794 2.285
SVM 0.279 9.195 6.640 0.286 11.939 7.057 1.218 1.551
ANN  − 0.861 14.777 10.283  − 0.741 18.647 12.269 0.780 0.993

Fe RF 0.942 14.485 10.477 0.534 42.757 29.375 1.507 2.581
SVM 0.394 47.037 40.045 0.312 51.945 43.969 1.241 2.124
ANN  − 0.059 62.145 54.913  − 0.124 66.393 57.353 0.971 1.662

Mn RF 0.926 1.310 1.026 0.642 3.108 2.793 1.721 2.158
SVM 0.177 4.370 3.023 0.099 4.933 3.399 1.084 1.360
ANN  − 0.685 6.252 4.299  − 0.734 6.844 4.697 0.781 0.980

Cu RF 0.927 0.006 0.004 0.658 0.013 0.010 1.761 2.765
SVM 0.281 0.020 0.016 0.386 0.018 0.016 1.313 2.062
ANN  − 0.081 0.024 0.021  − 0.158 0.025 0.022 0.956 1.502

Cd RF 0.839 0.002 0.001  − 0.157 0.026 0.010 0.957 0.182
SVM  − 0.050 0.006 0.004  − 0.092 0.026 0.009 0.985 0.188
ANN − 0.008 0.006 0.004 -0.059 0.025 0.009 1.000 0.190
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the RF models based on important independent variables 
models, even perform better than RF models based on all 
independent variables as their R2 values were high and error 
indices were low (Zhang et al., 2020).

Implication of the soil HM prediction

First, PCA and Pearson correlation analyses were used to 
extract the independent parameters. Despite the high cor-
relation coefficients and significances (Fig. 5 and Table 3) 
among the considered parameters, the impact of the interac-
tions within the tailings material remained very complex. 
The obtained results could be improved, and the predictions 
strengthened if all the auxiliary mineralogical compositions, 
physico-chemical parameters, texture, and HM concentra-
tions are introduced in the models.

The RFall models produced robust predictions of HMs. 
The R2 values of the RFall model based on all variables 
were generally higher than those of the RFimp, ANNimp, and 
SVMimp models based on important independent variables. 
In addition, the RFall model performance of soil Zn, Pb, Fe, 
Mn, Cd, and Cu was improved by increasing the number 
of cross-correlated predictors, despite the RF model hav-
ing greater power in predicting pollutant concentrations, 
compared with other models. Within this RF model, it is 
necessary to identify the parameters that strengthened this 

predictive power. Based on the mean decrease variance of 
the different parameters, the calculated attribute/predictor 
showed the importance of each soil HM predictor (Fig. 6).

The soil Zn, Fe, and Cu concentrations and mineralogi-
cal compositions (goethite, barite, and S) were identified 
with the highest importance as a factor group. In addition, 
the marcasite was an important factor for Zn. Jarosite was 
an important factor for Fe and Cu. The impacts of other 
factors on Zn, Fe, and Cu concentrations were moderate 
or weak. The Pb and S were ranked as the most important 
variables, followed by marcasite, bassanite, and anglesite. 
The importance of other variables was moderate or negli-
gible. The most important factor of Mn was goethite and 
the moderately important factors including the pH, S, CEC, 
and silt. The bassanite, anglesite, pH, and goethite were the 
top-ranked factors of Cd.

The adopted classical analytical methods for the HM 
quantification by using harsh chemical use train re-precipi-
tation of metals and destroys the physico-chemical proper-
ties of soils. However, spectroscopy, remote sensing, X-ray 
fluorescence (XRF), and X-ray diffraction (XRD) were used 
as a non-destructive analytical methods. Hence, in this study, 
coupling of ML models and mineralogical data as an output 
of on non-destructive method (XRD) solves problems of 
mentioned quantification analytical techniques and HM pre-
diction with low costs and time consumption. In this study, 

Table 9   Performance indices of 
the RF, SVM and ANN models-
predicted HMs in soils and mine 
wastes based on all predictors

RF random forest, ANN artificial neural networks, SVM support vector machines, R2
train coefficient of 

determination of training set, RMSEtrain root mean square error of training set (in g. kg−1), MAEtrain mean 
absolute error of training set, R2

val coefficient of determination of validation set, RMSEval root mean square 
error of validation set (in g. kg−1), MAEval mean absolute error of validation set, RPD the ratio of the per-
formance to the deviation on validation set, RPIQ the ratio of performance to interquartile on validation 
set, Zn, Pb, Fe, Mn, Cu, Cd heavy metal contents (in g. kg−1)

Model R2
train RMSEtrain MAEtrain R2

val RMSEval MAEval RPD RPIQ

Zn RF 0.946 2.177 1.714 0.597 6.185 5.110 1.621 2.471
SVM 0.240 8.136 6.148 0.171 8.874 6.700 1.130 1.722
ANN  − 0.039 9.510 8.076  − 0.072 10.091 8.368 0.994 1.515

Pb RF 0.924 2.989 2.117 0.625 8.652 4.494 1.681 2.140
SVM 0.330 8.863 6.178 0.206 12.591 7.645 1.155 1.470
ANN  − 0.861 14.777 10.283  − 0.741 18.647 12.269 0.780 0.993

Fe RF 0.945 14.193 10.426 0.575 40.810 28.831 1.579 2.704
SVM 0.404 46.639 39.190 0.306 52.178 43.828 1.235 2.115
ANN  − 0.026 61.184 54.187  − 0.001 62.678 54.419 1.028 1.761

Mn RF 0.924 1.325 1.005 0.643 3.106 2.560 1.722 2.159
SVM 0.213 4.274 2.950 0.146 4.804 3.285 1.113 1.396
ANN  − 0.241 5.366 3.803  − 0.297 5.919 4.128 0.904 1.133

Cu RF 0.942 0.005 0.004 0.752 0.011 0.009 2.068 3.247
SVM 0.309 0.019 0.015 0.391 0.018 0.016 1.318 2.071
ANN  − 0.004 0.023 0.020  − 0.002 0.023 0.020 1.028 1.614

Cd RF 0.878 0.002 0.001  − 0.052 0.011 0.006 1.003 0.421
SVM  − 0.003 0.006 0.004  − 0.181 0.012 0.005 0.947 0.397
ANN  − 0.839 0.009 0.006  − 0.519 0.013 0.008 0.835 0.350
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the selection of the HM modeling in Tunisia as the economic 
disadvantage countries, where the lack of facility to moni-
tor the HM quantity with an individual interval of time to 
report the local authorities to bring the appropriate policies 
and minimize AMD impacts loaded with HMs on the agri-
cultural soil and water resources.

There is still room, however, to improve the accuracy 
of this approach with high R2 value in the validation set, 
and low error indexes, the additional data as input in rela-
tion to local rainfall, evapotranspiration, wind data, could 
be a solution. The complete balance must also include (i) 
the evolution of physic-chemical properties and (ii) the dis-
tribution of pollutants of the surface (stagnant and stream 
water) and aquifer water. In addition, remote sensing data 

have great potential to reveal spatial patterns of soil proper-
ties (Mulder et al., 2011). Therefore, in future research pro-
jecting the combination of the night-light data and thermal 
infrared data, soil attributes, and land use data can poten-
tially improve again the HM prediction model.

Conclusions

Based on mineralogical compositions, physico-chemical con-
ditions, soil grain size data, and three ML approaches, the soil 
HM sources and their proportions in an AMD environment 
were predicted. The data confirmed a close relationship among 

Fig. 6   Relative attribute importance ranked by the Random Forest 
(RF) regression models obtained via mean decrease impurity (MDI) 
and number of nodes using that attribute to predict soil heavy metal 
contents a Zn, b Pb, c Fe, d Mn, e Cu, and) Cd. The mean decrease 
in Gini measure was an average of 100 runs of RF. Gy, gypsum; Phy, 

phyllosilicates; Q, quartz; B, barite; J, jarosite; Ga, galena; M, marca-
site; Go, goethite; Bas, bassanite; Ag, anglesite; H, hematite; S, sul-
fur; SO4

2−, sulfate ions; pH, hydrogen potential; EC, electric conduc-
tivity; CEC, cation exchange capacity; Sa, sand; Si, silt; C, clay
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HM contents, mineralogy, and soil pH in the Sidi-Driss tailings. 
The Zn, Pb, Mn, Cu, and Cd contents increased significantly 
with the galena, marcasite, pyrite, and sphalerite-marcasite 
dissolution and oxidation, the sulfate dissolution (marked with 
SO4

2− ions increase) that contributed to the soil pH decline.
Based on independent soil variables that were the min-

eralogical compositions, physico-chemical properties, and 
grain size, the RF could be used as a practical model to 
provide the behavior of mine wastes and soil toxic HM con-
tents. It performed much better than SVM and ANN, as it 
produced higher R2

val and lower error indexes.
Finally, the RF model performance was enhanced by con-

sidering the environmental variables that were closely linked 
to the minerals dissolution and oxidation processes, acid soil 
pH values, EC, and CEC, grain sizes, and HM mobility, and 
retention in mine wastes and surrounding agricultural soils.
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