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Abstract
Effective environmental management and contamination remediation require accurate spatial variation and prediction of potentially toxic elements (PTEs)
in the soil. However, no single method has been developed to predict soil PTEs accurately. This study evaluated the ability of the advanced geostatistical
method of empirical Bayesian kriging regression prediction (EBKRP), machine learning algorithms of random forest (RF), and the combination of RF and
EBKRP to predict and map soil PTE content. The root mean square error (RMSE), mean absolute percentage error (MAPE), and coe�cient of determination
(R2) were used to assess model prediction performance. As identi�ed by RF, soil organic carbon, soil organic matter, total (nitrogen, phosphorus, and
potassium), slope, and elevation were ranked as signi�cant covariates to improve the prediction accuracy of PTEs in greenspace soil. Results showed that
the RF method improved the prediction accuracy over the EBKRP method, and the improvement was from 24-40% for RMSE, 41-210% for R2, and 18-35% for
MAPE. However, hybrid methods (RF-EBKRP) increased accuracy by comparing the individually predicted models with 345% and 33% in EBKRP and RF,
based on R2, respectively. Moreover, the RF-EBKRP method decreased MAPE by 5.33-18.69% and 0.48-12.33% on average than EBKRP and RF, respectively.
In conclusion, in addition to incorporating covariates into the models, combining kriging residuals with the machine learning method (RF-EBKRP) resulted in
a promising approach for improving the distribution accuracy and mapping of PTEs in the soil.

1. Introduction
Urban soil contamination with potentially toxic elements (PTEs) has elicited signi�cant global concern because of its potential environmental and human
health threats (Praveena et al. 2015; Amari et al. 2017). The threat of PTEs to the environment and human health is due to their toxicity, persistence,
bioaccumulation (Amari et al. 2017), easy enrichment, and poor mobility in soil (Sundaramanickam et al. 2016). In addition, urban soils are enriched with a
substantial level of PTFs relative to the natural reference values (Liu et al. 2006; Miao et al. 2008; Adedeji et al. 2019). High levels and variations in PTEs in
urban soils are mainly due to anthropogenic activities, such as city expansion and urbanization (Rodríguez-Seijo et al. 2015), the density of vehicles and the
types of fuels (Minguillón et al. 2014), and emissions from factories, industries, and transportation (Dao et al. 2014). Therefore, understanding the e�cient
and accurate spatial variation of PTEs in the soil is crucial for effective management and contamination remediation (Song et al. 2019).

Numerous methods have been reported to generate and predict the concentrations and distributions of soil PTEs. For example, ordinary kriging (OK), simple
kriging, universal kriging, co-kriging (CK), regression kriging (RK), and empirical Bayesian kriging (EBK) are widely used geostatistical methods in soil and
environmental sciences (Webster and Oliver 2007; Jiang et al. 2017; Gribov and Krivoruchko 2020). However, each geostatistical approach considers many
assumptions and excludes various explanatory variables that in�uence the accuracy of the spatial prediction and distributions of PTEs in soils. For
example, OK considers spatial autocorrelation and data stationarity assumptions (Webster and Oliver 2007) and excludes explanatory variables. Similarly,
the relationship between the response variables and the spatial covariates (Shi et al. 2009; Sun et al. 2012) and the number of covariates (Wackernagel
1994; Giraldo and Herrera 2020) are further limitations in obtaining acceptable predictions of soil PTEs using RK and CK techniques. If any of these
premises do not meet, the outcome values of OK, RK, and CK might be suboptimal, and predicting values at non-sampled locations lacks reasonable
accuracy (Pilz and Spöck 2008).

EBK regression prediction (EBKRP) is an advanced geostatistical prediction technique that integrates kriging with regression methods to make predictions
more precise than either regression or kriging can achieve independently (Krivoruchko and Gribov 2019; Gribov and Krivoruchko 2020). The EBKRP is also
estimated regionally and accounts for regional effects (Gribov and Krivoruchko 2020). For example, the associations between the explanatory and
dependent variables may change in different areas; however, the EBKRP can precisely model these local changes. However, despite the many advantages of
EBKRP, it has several shortcomings. For example, the EBKRP does not identify the independent variables that are strongly associated with the response
variables and the signi�cance of the explanatory variables that in�uence the predicting variables. Therefore, Random forest (RF) is a capable machine
learning technique for the spatial prediction that solves the limitations associated with the EBKRP method.

The RF model is more promising than other machine learning approaches for the accurate estimation and prediction of soil PTEs because of its insensitivity
to noise features, resistance to over�tting, and unbiased measurement of the error rate (Breiman 2001). RF can also identify the in�uences and associations
of explanatory variables. However, RF algorithms did not clearly describe how the predictions were made, and some studies have considered RF a “black
box” algorithm (Taghizadeh-mehrjardi et al. 2016; Hengl et al. 2018; Minasny et al. 2018). In addition, the RF algorithm only accounts for the relationships
between the predictors and auxiliary variables by ignoring the in�uence of neighboring observed data (spatial autocorrelation)(Guo et al. 2015). Hence, no
single method has shown better performance than the others for soil PTE studies (Xiang et al. 2020); thus, a combination of different techniques can
neutralize their weaknesses.

A combination of different techniques, hereafter called hybrid methods, refers to combining two conceptually different approaches to model the spatial
variation of soil properties (Mirzaee et al. 2016). Previously, hybrid methods were introduced by combining other geostatistical techniques and additional
information, such as kriging with external drift and CK with auxiliary variables(Tziachris et al. 2019). Recently, hybrid methods have been increasingly used
to model geostatistics trends using machine learning models to enhance the prediction accuracy of interpolation methods (Matinfar et al. 2021).

Several studies have reported that hybrid models improve prediction accuracy (Dai et al. 2014; Mirzaee et al. 2016; Tziachris et al. 2019; Matinfar et al.
2021). However, few studies have been conducted on the performance of EBKRP over machine-learning approaches (Requia et al. 2019; Mallik et al. 2020).
Speci�cally, no well-documented studies have reported the prediction performance of EBKRP, RF, and the hybrid methods of RF-EBKRP for the spatial
prediction of PTEs in the soil. Furthermore, studies on the relationship with covariates using geostatistical techniques and machine learning models have
not been conducted entirely worked out (Hengl et al. 2018). It is also critical to identify the key auxiliary variables that directly correlate with their target PTEs
to explain the spatial variability of soil PTEs in the prediction process. For example, soil fertility indicators for managing urban green space areas, such as
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the application of fertilizer, irrigation, herbicides, and pesticides, in�uence the spatial predictions of PTEs in urban green space soils. Furthermore,
topographic factors for designing and improving greenspace landscapes, such as slopes and elevations, play a role in predicting PTEs in greenspace soil.
Therefore, the objective of this study was to identify the roles of auxiliary variables for predictive model performance and to compare the prediction
capabilities of the EBKRP, RF, and hybrid RF-EBKRP models for estimating the �ve soil PTEs (Pb, Cu, Zn, Cr, and Pb).

2. Material And Methods

2.1 Study area descriptions
Shanghai is a densely populated metropolitan city in eastern China, located at 31.14° N and 121.29° E (Fig. 1). It is a coastal city that covers 6340.5 km2, of
which 6218.65 km2 is the land (Shi et al. 2008); the municipality covers 0.06% of China’s total territory. The city has a subtropical monsoon climate with
annual average rainfall and temperatures of 1122 mm and 15.8° C. The main soil types were paddy and coastal saline.

Shanghai plays several vital roles in the country's main economic, �nancial, trade, and shipping centers. It is also one of the largest industrial centers in
China, with more than 10,000 factories and industrial enterprises (Wang et al. 2009). The urban area is divided into three zones: the city center, the inner
suburbs, and the outer suburbs. The present study focused on the city center (Fig. 1). Many green spaces types and densities including, parkland, protective
green space, square green space, subsidiary green space, etc., are mainly concentrated in the city center rather than other parts of the city area (Shanghai
Municipal Government (SMG) 2018). In addition, this area has experienced rapid industrialization and urbanization, resulting in the accumulation of soil
PTEs, which is a signi�cant concern.

2.2 Soil sampling and analysis
Two hundred surface soil samples (0-20 cm) were collected randomly from the green space areas in 2018. The geographical locations of these data points
are shown as black dots in Fig. 1. Five sub-samples were collected around each sampling location using a soil corer (2.5 cm diameter) and subsequently
mixed thoroughly to obtain a representative composite sample at each location. Next, the composite samples were air-dried; and visible plant roots and
residues were removed. Once the air-dried soils were screened, they were ground to pass through a 0.15 mm nylon mesh sieve to ensure the complete
digestion of soil samples.

For each composite soil sample, 0.5 g soil was digested with HNO3, HF, and HClO4 as stated in the EPA 3052 method (EPA 1996). Then, the PTEs, such as
Cu, Zn, Cd, Cr, and Pb, were measured using standard inductively coupled plasma mass spectrometry (ICP-MS, NexION 300X, USA). A sequence of soil
quality assurance, quality control, and geochemical reference materials, supplied by the National Research Center for Certi�ed Reference Materials of China,
was also checked. The detailed procedures and veri�cations are described in a previously published work (Zhang et al., 2021).

Similarly, signi�cant soil properties used as covariates, including electrical conductivity (EC), pH, total nitrogen (TN), total phosphorus (TP), total potassium
(TK), and soil organic carbon (SOC), were analyzed using standard measurement methods. For example, pH was determined using a pH meter (soil: water =
1:5), and EC was measured using a conductivity meter standardized with a salt solution (Smith and Doran 1996). TN and TP were determined using the
Kjeldahl (Bremner 1960) and Olsen methods (Olsen et al. 1954). Finally, the SOC content was estimated by loss on ignition at 550◦C (Bremner and
Jenkinson 1960), and TK was determined using a �ame atomic absorption spectrophotometer.

2.3 Covariates selections and preparations
Explanatory variables play an essential role in predicting PTEs in the soil by indirectly affecting the distribution of elements (Maas et al. 2010; Kheir et al.
2014). The covariates used in this study could be categorized into soil fertility indicators (EC, pH, TN, TK, TP, SOC, OM, and C/N) and topographic features.
The aforementioned soil fertility indicators were selected as auxiliary variables owing to the in�uence of PTEs by anthropogenic activities, such as fertilizers,
irrigation, and herbicides, for managing greening areas (Chen et al. 2009). Among numerous terrain or topography parameters, digital elevation models
(DEMs) and slopes are the most in�uential factors of PTEs in the soil (Qiao et al. 2017; Ballabio et al. 2018). A 30 m resolution DEM was downloaded from
the Resources and Environmental Scienti�c Data Center, Chinese Academy of Sciences (http://www.resdc.cn). Slope data were generated based on the DEM
data. Once the soil attributes and terrain features have been developed, the next step is to prepare and organize the covariates based on the requirements of
the model, as explained in Section 2.4.1, as shown in Fig. 2.

2.4 Spatial modeling and prediction
The spatial prediction and distribution of soil PTE content were performed using three different approaches. The �rst type is based on advanced
geostatistical methods, including EBKRP. The second type uses RF, which is a familiar machine-learning model for accurately estimating and predicting soil
PTEs. The third approach combines RF with EBKRP methods. Detailed descriptions of each technique are provided below.

2.4.1 EBKRP interpolation method
The EBKRP is an advanced geostatistical interpolation method that combines EBK with regression analysis (Krivoruchko and Gribov 2019; Gribov and
Krivoruchko 2020). Gribov and Krivoruchko (2020) provide a detailed mathematical description of the EBKRP model that can be found elsewhere (Gribov
and Krivoruchko 2020). The EBKRP models automatically solve the most challenging features of the kriging model. Other kriging methods require manual
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adjustment of parameters to obtain accurate results; however, EBKRP automatically adjusts the parameters needed through the subsetting and simulation
processes (Krivoruchko and Gribov 2019).

The EBKRP in this study followed the following procedures. First, soil fertility indicator data were transformed to a raster using the OK or any interpolation
methods because of the input covariates in EBKRP tools used in the form of a raster. However, EBKRP assumes that the variables are measured rather than
interpolated values. Then, the raster’s form of soil fertility and topographic indicators were changed into their principal components to reduce
multicollinearity problems (explanatory variables associated with each other)(Gribov and Krivoruchko 2020). The �nal converted covariates in the form of
principal components were used in the regression model (Fig. 2). Once the input covariates were organized and prepared based on the model requirements,
the �nal step was to select an appropriate semivariogram model and perform data transformation (if required) of the predictive variables (soil PTEs). The
features of the EBKRP account for the error introduced by the semivariogram. However, other kriging methods assume that the actual values of the
semivariogram are calculated from known data locations (Krivoruchko and Gribov 2019).

2.4.2 Random Forest (RF)
RF is a classi�cation and regression method based on the aggregation of many decision trees, �rst described by (Breiman 2001) and recently available in
the literature (Prasad et al. 2006; Biau and Scornet 2016). In addition, several studies have proven that it is one of the best machine learning techniques
currently available, and its detailed mathematical formulation has been reported elsewhere in (Breiman 2001; Prasad et al. 2006; Boulesteix et al. 2012;
Vaysse and Lagacherie 2015; Olson et al. 2017; Nussbaum et al. 2018).

In this study, RF was used to address two main issues with the help of ArcGIS Pro 2.7 software for forest-based classi�cation and regression spatial
statistics tools. 1) to construct a prediction and distribution map of PTEs using a supervised machine learning approach, and 2) to assess and rank
explanatory variables for their ability to predict the response variables (PTEs). The latter are called variable importance measures, which are directly
computed for each predictor within the RF algorithm. As a result, predictors can predict the response associated with only one or several other predictors
(Fig. 2), and their rank levels were expressed as the relative importance in percentage.

RF is used for prediction by aggregating many decision trees. First, each decision tree is built using randomly generated portions of the original (training)
data. Twenty-�ve percent of the training data were excluded from training for validation purposes. Once the data are categorized as tested and training data,
the second step is to train the model by adjusting the forest parameters, such as the number of trees (Ntree), the number of variables tried (Mtry), and the
minimum leaf size (Nodesize). The default value for Ntree is 100. Increasing Ntree will result in a more accurate prediction; however, it will take a long time
to calculate. Mtry refers to the number of explanatory variables selected randomly at each split tree, and is usually determined by the square root of the total
variables. Finally, Nodesize is the minimum amount of training data required to continue the tree growth process. After many trials and errors, Ntree, Mtry,
and Nodesize are de�ned as 500, 5, and 5, respectively. The best-trained models were selected based on out-of-bag (OOB) errors, variable importance, root
mean square error (RMSE), and R2.

2.4.3 Hybrid model
Hybrid models have been developed to examine the spatial variations in residuals to improve the predictions of unsampled locations (Matinfar et al. 2021).
The hybrid RF-EBKRP method used in this study combines a non-spatial approach (RF) and spatial interpolation techniques (EBKRP) to improve the
accuracy and reliability of soil PTE prediction. The implementation procedure followed three main stages, and the overall methodological approaches are
shown in Fig. 3. First, the trained RF model was obtained, and the prediction was performed as explained in Section 2.4.2. Subsequently, a residual by RF
was generated as follows (equation 1):

rRF (xi) =Z(xi) − yRF(xi) (1)

where rRF (xi) is the residual generated by the RF model at location xi, Z (xi) is the measured PTE value, and yRF (xi) is the value predicted by RF. In the second
stage, the residuals or error terms generated by RF (rRF (xi)) were imported to ArcGIS Pro 2.7 software and prediction was carried out using the EBKRP
method. Finally, the �nal estimated soil PTEs contents ŷ(xi) by hybrid RF-EBKRP methods was obtained as shown in equation 2.

ŷ (xi) = yRF (xi) + rEBKRP (xi) (2)

where yRF (xi) is the PTE value estimated by RF at location xi, and rEBKRP(xi) is the RF residual value estimated by the EBKRP method.

2.5 Model validation and performance
For each prediction model, the data were randomly divided into 75% training data and 25% testing data for validation purposes. The training dataset was
used to train the spatial prediction model and predict soil PTEs. Testing datasets were used to validate the capabilities of the predictive models. Then,
predictions for the test dataset were compared with the observed data for each model and soil PTE (Fig. 6). Finally, model performance and good estimators
were performed using different performance metrics (PMs) or accuracy statistics. The model performance is frequently measured using the root mean
squared error (RMSE), mean absolute percentage error (MAPE), and R2. However, each PM has a shortcoming in evaluating the model performance. For
example, the MAPE and R2 are more sensitive to extreme values (Chai et al. 2014; Bhagat et al. 2019).

Similarly, the RMSE is more prone to outliers (Chai et al. 2014). Consequently, multiple PMs are used to bridge the gaps in each metric (Tofallis 2015; Morley
et al. 2016). Table 1 presents the mathematical de�nitions and descriptions of each metric.
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Table 1
Model performance evaluations metrics and descriptions

Metrics De�nitions Descriptions

RMSE 1
n ∑ n

i=1 xi − yi

2

xi and yi denotes the measured and predicted value at location i, respectively, n stands for the number of
observations

MAPE

100
1
n ∑n

i=1

yi−xi

xi

R2

1 −
∑n

i=1 ( xi−yi ) 2

∑n
i=1 ( xi−μx ) 2

µa is the mean value of the x values

2.6 Statistical software used
R statistical software was used for descriptive statistics and Spearman rank correlation analysis. The Spearman correlation rank analysis results had
signi�cant P-values ≤ 0.05 and p≤ 0.01. ArcGIS Pro 2.7 software was used to predict soil PTEs using RF, EBKRP, and RF-EBKRP.

3. Results

3.1 Descriptive statistics of predictive elements and covariates
Table 2 shows the summary statistics and mean values for the �ve PTEs and other covariates in the urban greenspace soils. Pb, Cu, Zn, Cr, and Cd
concentration ranges were 17-175.75, 15-225.44, 59-798.87, 50.5-104.02, and 0.06-3.68 mg/kg, respectively. Table 2 also shows the PTE values compared to
the soil background values in Shanghai (Wang and Luo 1992). As a result, soil samples' Pb, Cu, Zn, and Cd concentrations exceeded background values by
41.34%, 27.67%, 43.61%, and 48%, respectively. However, the sampled Cr value was 5.75% lower than the reference value (Table 2). Similarly, the coe�cients
of variation (CV) showed that Cr (13.61%) had lower values and Cd had higher values (116%).

The soil fertility status of urban green spaces was assessed using TN, TP, TK, OM, C/N, and SOC, which averaged 1.39, 0.84, 18.31, 43, 26.44, and 24.92
g/kg, respectively (Table 2). Soil alkalinity and salinity levels were comparatively higher, with EC and pH values averaging 0.26 mS/cm and 8.11,
respectively. Except for Cr, all PTEs had higher kurtosis and skewness values, indicating that the data were not normally distributed. Similarly, EC and C/N
kurtosis values were higher. PTEs with high SD values also showed non-normal distributions. As a result, the non-normally distributed PTEs and soil nutrient
elements were log-transformed prior to the modeling and prediction analysis.

√ ( )

| |



Page 6/13

Table 2
Summary statistics of the �ve PTEs and covariates

Variables Mean Median Max. Min. SD CV (%) Skewness Kurtosis Mean RFV*

Pb (mg/kg) 43.42 36.20 175.75 17.73 24.05 55.38 2.71 9.84 25.47

Cu (mg/kg) 39.53 32.14 225.44 15.22 26.51 67.06 3.67 17.67 28.59

Zn (mg/kg) 148.39 126.80 798.87 59.00 99.01 66.72 4.28 21.73 83.68

Cr (mg/kg) 70.92 70.32 104.02 50.5 9.65 13.61 0.38 0.19 75.00

Cd (mg/kg) 0.25 0.19 3.68 0.06 0.29 116.00 8.97 106.02 0.13

TN (g/kg 1.39 1.01 8.38 0.08 1.59 114.38 3.68 12.9 NA

TP (g/kg) 0.84 0.75 3.94 0.36 0.36 42.86 4.18 28.422

TK( g/kg) 18.31 18.38 22.21 15.13 1.26 6.88 0.23 0.22

pH 8.11 8.15 8.74 6.56 0.36 4.44 -0.64 0.58

EC(mS/cm) 0.26 0.12 4.26 0.05 0.49 188.46 5.36 34.9

OM (g/kg) 43.00 40.10 101.36 11.90 16.93 39.37 0.81 0.93

SOC (g/kg) 24.94 23.26 58.80 6.90 9.82 39.37 0.81 0.94

C/N 26.44 24.27 231.79 1.00 19.81 74.92 6.72 63.66

Elevation(m) 8.42 7.99 38.26 3.01 2.43 28.85 2.64 14.41

Slope (%) 0.23 0.23 10.65 0.00 0.37 160.87 4.87 31.77

TN: total nitrogen; TP: total phosphorus; TK: total potassium; EC: electrical conductivity; OM: organic matter; SOC: soil organic carbon; C/N: carbon to
nitrogen ratio; Max.: maximum; Min.: minimum; CV.: coe�cient of variation; SD: standard deviation; RFV= reference values, *(Wang and Luo 1992); NA:
not applicable.

3.2 Spearman’s rank correlation analysis
Due to the non-normal distribution of the original data, Spearman correlation rank analysis was used to determine the relationship between PTEs and other
explanatory variables. Statistically signi�cant correlations (p≤ 0.01) were observed between the PTEs. Furthermore, a statistically signi�cant correlation was
found between PTEs and most of the soil fertility covariates. For example, SOC, TN, TP, and OM were positively correlated with all the PTEs. In contrast, soil
pH was negatively associated with all other PTEs, except Pb and Cr. Except for Cr and Cd, the topographic elevation features were signi�cantly correlated
with different soil PTEs.
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Table 3
Spearman correlation coe�cient results within and between PTEs and covariates

Variables pH EC SOC TN TP TK OM C/N Cr Cu Zn Cd Pb Slope Elevation

pH 1                            

EC -0.34** 1                          

SOC -0.25** -0.05 1                        

TN -0.38** 0.02 0.5** 1                      

TP -0.33** 0.09 0.45** 0.44** 1                    

TK 0.25** -0.08 0.00 0.08 0.04 1                  

OM -0.25** -0.05 0.99** 0.50** 0.45** 0.00 1                

C/N 0.17* 0.02 0.33** -0.58** −0.09 -0.12 0.33** 1              

Cr -0.08 -0.09 0.34** 0.47** 0.40** 0.51** 0.34** -0.19* 1            

Cu -0.19** -0.02 0.51** 0.37** 0.40** 0.19* 0.51** 0.05 0.50** 1          

Zn -0.14* 0.00 0.50** 0.44** 0.41** 0.15 0.50** 0.00 0.52** 0.84** 1        

Cd -0.24** -0.12 0.53** 0.43** 0.41** -0.05 0.53** 0.00 0.39** 0.59** 0.66** 1      

Pb 0.12 -0.04 0.41** 0.36** 0.32** 0.04 0.41** 0.01 0.39** 0.81** 0.83** 0.61** 1    

Slope 0.08 -0.08 -0.04 0.06 -0.01 -0.13 -0.04 -0.03 -0.15* -0.03 0.06 -0.03 -0.00 1  

Elevation 0.14* 0.23* 0.01 0.09 0.07 0.12 0.01 -0.07 0.01 0.32** 0.34** 0.16 0.36** 0.22** 1

TN: total nitrogen; TP: total phosphorus; TK: total potassium; EC: electrical conductivity; OM: organic matter; SOC: soil organic carbon; C/N: carbon to
nitrogen ratio;  signi�cant at 0.05;  signi�cant at 0.01 level

3.3. Key factor for PTEs predictions improvement
RF determined the key factors for improving the prediction and in�uencing the spatial distribution of PTEs in soil. The relative importance (percentage) for
each covariate of soil PTEs is shown (Fig. 3). Except for Cr, soil fertility indicators, such as OM and SOC concentrations, were the most effective predictors
for explaining the spatial variation of all PTEs. Total N and K were ranked �rst and second, respectively, in their in�uence on soil Cr. Other soil fertility
indicators, such as EC, total P, C/N, and pH, were classi�ed as having moderate to weak in�uences on the spatial distribution and prediction of PTEs in green
space soil. Except for Cr and Cd, topographical covariates (elevation and slope) also contributed to the prediction improvement of all PTEs in urban green
space soils. Elevation and slope had only a minor impact on the distribution and dynamics of Cr and Cd in greenspace soils.

3.4 Spatial prediction and distribution of soil PTEs
The spatial distribution maps of the �ve soil PTEs determined by the three methods are shown in Fig. 5. The maps generated by EBKRP showed a smooth
surface, whereas the maps produced using RF and RF-EBKRP showed distinct geographical distributions. The discrete geographical distributions of PTEs in
RF-EBKRP and RF may have resulted from the better performance of the models (Table 4, Fig. 6). Overall, the three interpolation methods predicted lower Pb,
Cu, Zn, and Cd concentrations in the northwestern parts of the area and higher Pb, Cu, and Zn concentrations in the eastern sides of the study area. Similarly,
except for RF-EBKRP, the two models generated high and low Cr concentrations in the northern and central regions, respectively.

3.5 Model performance in predicting soil PTEs
The difference between observed soil PTEs and prediction data in testing data sets (25% of sampled data) was used to evaluate the prediction accuracy and
validation of the various models (Table 4, Fig. 6). Three metrics were independently calculated to assess the accuracy of each model: RMSE, MAPE, and R2.
Generally, the hybrid RF-EBKRP model was the best prediction method, followed by the RF model. The RF method decreased RMSE by 0.1-20.29 mg/kg and
MAPE by 2.3-9.76% on average compared to the EBKRP interpolation method (Table 4). The RF-EBKRP model was reduced RMSE by 0.19-53.75 mg/kg and
0.09-33.75 mg/kg to predict soil PTEs by EBKRP and RF. Similarly, the RF-EBKRP method decreased MAPE by 5.33-18.69% and 0.48-12.33% on average
compared to the EBKRP and RF methods.
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Table 4
Predictability performance for predicting the �ve soil PTEs

PTEs EBKRP RF RF-EBKRP  

RMSE

(mg/kg)

MAPE

(%)

RMSE

(mg/kg)

MAPE

(%)

RMSE

(mg/kg)

MAPE

(%)

Pb 19.98 28.75 11.48 19.25 10.78 16.40

Cu 22.36 28.14 12.29 18.38 11.82 17.90

Zn 83.14 25.23 62.85 18.48 29.39 11.58

Cr 6.53 6.80 4.16 4.50 1.35 1.47

Cd 0.25 35.19 0.15 28.83 0.06 16.50

To further evaluate the validity and accuracy of the interpolation methods, the values of the soil PTEs estimated by the models were plotted against the
measured values, and R2 was calculated (Fig. 6). According to the R2 values, the RF-EBKRP (R2 =0.89-0.98) outperformed EBKRP (R2 =0.20-0.65) by 50-345%
and RF (R2 =0.67-0.92) by 6.5-33%. On the other hand, RF improved prediction of soil PTEs compared to EBKRP by 41-210%.

4. Discussion

4.1 Important factors improving soil PTEs predictions
The accumulation and distribution of PTEs in urban green space soil is in�uenced by various factors, including agrochemicals, wastewater irrigation, tra�c
and industrial sources, and complex soil adsorption mechanisms by soils (Weng et al. 2002; Luo et al. 2012; Zhang et al. 2021b). However, the accurate
identi�cation of the association between soil PTEs and their potential in�uencing factors is complex. RF is a machine learning algorithm used to discover
the relative importance of possible factors affecting the dynamics of PTEs in the soil (Breiman 2001). The soil fertility covariates identi�ed by the RF and
Spearman correlation coe�cients con�rmed that soil fertility covariates were strongly associated with soil PTEs. The higher variations in CV for the studied
PTEs also imply that the elements were mainly in�uenced by anthropogenic activities, such as fertilizers, irrigation, and herbicides, for managing greening
areas (Chen et al. 2009).

Moreover, the considerably higher Pb, Cu, Zn, and Cd values in greenspace soils than those of the reference values suggested that a considerable amount of
PTEs were sourced from practical practices to improve the poor conditions of greenspace soils. For example, studies described by (Huang et al. 2007)
showed that Cd accumulation in agricultural soils is associated with agrochemicals and organic manure for soil fertility improvement. Similarly, other
studies on Cd indicated that soil type signi�cantly affected the distribution and content of Cd in the soil (Cao et al. 2017). Other agrochemicals, such as
pesticides and herbicides, to manage trees and grasses in the gardens also contributed to the availability of PTEs in urban green space soils, such as Cd, Zn,
and Cu (Mico et al. 2006; Zhang et al. 2021b). SOC can also in�uence the distribution of PTEs by retaining the formation of the organic-metal complex (Shi
et al. 2013; Hong et al. 2019).

Topographic covariates also play an essential role in improving the prediction of soil PTEs because they indirectly affect their distribution of PTEs (Kheir et
al. 2014). For example, elevation and slope are the most in�uential topographic factors for the distribution and content of PTEs in the soil (Qiao et al. 2017;
Ballabio et al. 2018). The results derived by RF indicated that elevation and slope were the essential factors contributing to the prediction accuracy
improvement in Pb, Cu, and Zn (Fig. 3) and lower prediction errors in the models. They largely determine the concentration, mobility, and availability of PTEs
in the soil by affecting runoff, drainage, and soil erosion (Liu et al. 2020). Furthermore, it could involve the distribution characteristics of PTEs from
atmospheric deposition, thereby affecting their migration in the soil(Qiao et al. 2017).

4.2 Evaluating models predictive capabilities
Soil PTEs are di�cult to precisely predict because of their multiple sources and high spatial variability (Ha et al. 2014). Consequently, different prediction
models produced different accuracy levels. The RF machine learning method and RF-EBKRP hybrid method outperformed the EBKRP model in this study.
Numerous comparisons of RF with other geostatistical methods have demonstrated the ability of the RF model to predict the dynamics of soil properties
(Vaysse and Lagacherie 2015; Hengl et al. 2018; Huang et al. 2019; Zhang et al. 2021b). For instance, Hengl et al. (2018) found that RF can result in
accurate and unbiased predictions in different versions of kriging. Studies on predicting soil organic matter also reported that the machine learning method
(RF) improved the prediction accuracy (250% increase in R2 ) over the OK geostatistical interpolation techniques (Tziachris et al. 2019). The better
performance of RF could be less dependent on sample size and capable of nonlinear modeling relationships in the dataset (Khaledian and Miller 2020).
Furthermore, the RF method overlooks the stationarity and variogram assumptions of geostatistical methods (Hengl et al. 2018). RF also provides variable
importance measures for each predictor, simplifying the model interpretation (Behrens et al. 2010; Ließ et al. 2012; Khaledian and Miller 2020).

However, the RF algorithms did not show functional relationships between the target and predictor variables nor did they explain how the predictions were
made. Because of these drawbacks, some studies have used RF as a "black-box algorithm (Taghizadeh-mehrjardi et al. 2016; Hengl et al. 2018; Minasny et
al. 2018). As a result, by combining the RF machine learning method and the EBKRP geostatistical method for their residuals, the limitations associated with
the RF and EBKRP methods can be overcome. This study demonstrated that the RF-EBKRP hybrid method outperformed individual models for predicting soil
PTEs. The hybrid techniques exceeded EBKRP (the R2 improved by 50-345%) than the RF method. Several studies in digital soil mapping have con�rmed
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that combining geostatistical methods with machine learning methods results in better prediction performance than individual models (Dai et al. 2014; Guo
et al. 2015; Mirzaee et al. 2016; Song et al. 2017; Tziachris et al. 2019; Matinfar et al. 2021). For example, Matinfar et al. (2021) reported that the
performance of combined RF and OK provided a more accurate prediction of SOC than the separated methods. Similarly, other studies reported that a hybrid
arti�cial neural network (ANN) with OK better predicted SOC than the individual ANN and OK prediction methods (Mallik et al. 2020). However, the same
studies on SOC indicated that the advanced geostatistical-based EBKRP method outperformed the individual ANN, OK, or hybrid ANN-OK methods (Mallik et
al. 2020).

Generally, the proposed hybrid RF-EBKRP methods have the bene�ts of linking the predicting variables to various covariates and complex nonlinear
relationships, unlike the individual models. Another advantage of these methods is that they consider more signi�cant spatial and non-spatial relationships
between multiple variables than individual machine learning and geostatistical models (Matinfar et al. 2021). Moreover, the implementation procedures of
the combined RF-EBKRP methods were computationally straightforward, extending only one more step of the individual models. The preprocessing stages,
such as training predictive models, descriptive analysis of original data, and organizing and preparing the input covariates, are unnecessary for the RF-
EBKRP approaches. All the required model requirements are completed during the individual model calibration stages.

5. Conclusions
Quantifying the effect of auxiliary information and evaluating the e�ciency of interpolation methods are crucial for increasing the accuracy of soil PTE
estimation. As a result, among the soil fertility covariates identi�ed by RF, SOC, OM, TN, TP, and TK were essential factors that improved soil PTE distribution
and prediction maps by RF and EBKRP methods. Similarly, topographic indicators, including elevation and slope, were ranked as crucial factors contributing
to improving the prediction accuracy of Pb, Cu, and Zn in green space soil. Furthermore, machine learning methods (RF) improve the prediction accuracy of
advanced geostatistical methods (EBKRP). The improvement was 24-40% for RMSE, 41-210% for R2, and 18-35% for MAPE. However, hybrid methods (RF-
EBKRP) increased accuracy by comparing the individually predicted models with 345% and 33% in EBKRP and RF, based on R2, respectively. Finally, the
current research only examined the covariates associated with managing green spaces and topographic features. However, proximity to industries, factors,
roads, residential areas, urban development, etc., could help improve PTE distribution and prediction in urban green space soil. Hence, future research should
incorporate these factors into models.
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Figures

Figure 1

Location of the study area and pilot sampling point's distributions

Figure 2

Covariates after processing: A) soil fertility indicators; B) Topographic features 

Figure 3

Graphical procedures of the hybrid model development: Eq.= equation 
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Figure 4

Variable importance for predictions improvement of soil PTEs derived by RF model

Figure 5

Maps of soil PTEs distributions generated by three different predicting methods

Figure 6

Measured vs estimated values of soil PTEs by predictive models


