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Introduction

Coastal saltmarshes are ecologically sensitive and vital 
habitats that connect the mainland and the marine environments 
and provide habitat for a large amount of plants and animals, 
embracing many substantial biodiversity resource species [1,2]. 
Saltmarshes enhance the quality of water, maintain the health of 
estuaries, and act as a buffer through filtering sediments, nutrients, 
and other dissolved and particulate constituents in runoff [3,4]. 
With rapid coastal development and population increase for 
more than two decades, extensive tracts of tidal marshes around 
the world have been drained and disturbed due to construction 
activities causing salinity gradient changes [5,6]. Change in 
salinity gradient alters carbon and nitrogen distribution patterns 
in tidal marshes [7]; many salt marshes with salinity1 above 18 
(polyhaline) have lower carbon and nitrogen concentrations than 
freshwater (less than 0.5), oligohaline (0.5-5), and mesohaline (5-
18) tidal marshes [8-10]. 

Tidal marshes are able to absorb heavy metals through 
physical, chemical, and biological sequestration [11]. Heavy 
metal concentration in saltmarshes is a function of input sources, 
soil composition and texture, organic matter content, flooding 
duration or frequency, riverine circulation, and vegetation 
community [12,13]. Soils with high clay and organic matter 
content retain metals due to high cation exchange capacity and 
surface particle charge [14]. The metals arsenic (As), cadmium 
(Cd), chromium (Cr), copper (Cu), lead (Pb) and zinc (Zn) are the 
most critical heavy metals causing environmental issues [15], 
thus their measurement and evaluation are considered to be an 
important endeavor [16,17]. An excess amount of heavy metals 
is an ecological threat for the health of vegetation, animals and 
humans [18]. These heavy metals are potentially capable of 
reducing biomass production through bioaccumulation and 
biomagnification processes [19]. Further, they are capable of 
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polluting waterways [20]. The fate and transport of a heavy metal 
in a hydric soil depends substantially upon the chemical form 
and speciation of the heavy metal [21]. In soil, heavy metals are 
adsorbed through initial rapid reactions (occurring over hours) 
which are followed by gentle adsorption reactions (occurring over 
days). Then, they are redistributed into varying chemical forms 
with different bioavailability, mobility, and toxicity [22].

Multiple linear regression method, generalized linear 
model, partial least squares regression, geographical weighted 
regression and linear mixed model are popular methods for their 
simplicity in both application and interpretation but not novel 
concepts [23,24]. For example, multivariate statistical methods 
were used to describe the pollution dynamics influencing marine 
sediments and distinguish between anthropogenic and natural 
sources of contamination [25]. Despite of this simplicity, these 
models lead to unsatisfactory performances [26,27]. Lack of 
important data linked to response variables and self-limitations 
of these methods as well as complexity of relationships among 
variables are key reasons for their unsatisfactory estimation 
[28]. Recently, machine learning has been used solve chemical 
equilibrium of reactive transport modeling instead of fast-
converging numerical methods [29]. According to [29], machine 
learning had an acceptable performance in solving chemical 
equilibrium models and significantly reduced the analysis time. 
Machine learning methods are considered as a reliable technique 
for soil characterization [30-32], which is able to identify patterns 
in data that determine a significant unpredictable nonlinearity 
[31]. Being a data-driven method, a machine learning algorithm 
only depends upon data quality and model architecture [31]. 
Machine learning is able to detect the important features of the 
pattern at different scales explaining both the linear and nonlinear 
influences [33,34]. Different Machine learning models have been 
frequently utilized to estimate soil attributes such as particle 
size fractions [35,36] and soil erosion rates [36]; however, use of 
machine learning algorithms for estimating soil contamination 
parameters especially in a saltmarsh environment still remains 
limited. Machine learning methods assist to predict contamination 
concentration in complex non-linear contexts [31]. Machine 
leaning models can be applied to the measured data collected in 
the monitoring, and then can be utilized to estimate the pollution 
at the unmonitored areas [37,38]. The ensemble machine learning 
models including boosted regression trees and random forest were 
also used for susceptibility mapping of groundwater hardness 
[39]. According to [39], random forest outperformed boosted 
regression trees and multivariate discriminant analysis models. 
Random Forest was utilized to determine the most important 
explanatory variables influencing nitrate concentration in the 
fontanili of the Adda and Ticino basins, Italy [40]. Two variables 
related to source of nitrogen from agriculture (i.e. the percentage 
of maize cultivated soil and the N from livestock manure) as well as 
the distance from the rivers were identified as the most influential 
variables in nitrate concentration [40]. According to [41], random 
forest had an acceptable performance in modeling heavy metals in 

aquatic system and was especially efficient once dataset is small 
and moving datapoints from the training set to the test dataset is 
undesirable. They also showed that the tolerance of RF models to 
noise which is irrelevant descriptors and errors in target property 
values was acceptable. 

In this current study, two popular modern machine learning 
methods, extreme gradient boosting (XGboost) and random forest 
(RF), were deployed to investigate the most influential binding 
agents among organic matter, clay, Fe, and Mn for corresponding 
heavy metals including As, Cd, Cr, Cu, Pb, Zn.

Materials and Methods 

Study areas and vegetation communities

Sampling occurred in eight tidal marshes (Figure 1) along the 
southeast coast of the US in Georgia. These marshes are typical 
of southeastern salt marshes. At creek banks, low marshes were 
inundated twice daily by tidal action and vegetated with Spartina 
alterniflora (syn. Sporobolus alterniflorus). With a progression 
landward, the marshes were inundated less frequently, and 
typical vegetation of the high marsh included short form S. 
alterniflora and Juncus roemerianus. At the upland border, there 
was a zone of species that was less tolerant of flooding, including 
Borrichia frutescens. Three different representative sampling 
areas (A, B, C) were chosen along these transects based on 
vegetation dominance, and three replicates of samples at each 
location were taken to ensure sufficient representation in the 
dominant vegetation zones. The dominant vegetative species 
were determined based on which species represented more than 
50% total coverage (stem density) in each selected site. For each 
distinct vegetation community, species richness and number of 
individuals were estimated utilizing the cover scale of Braun-
Blanquet [42]. Transects began several meters from the upland 
border inside the marsh so that all samples were representative 
of the marsh itself.

According to a vegetation survey carried out at the study sites 
in June 2018, Spartina alterniflora was the predominant species 
at sites 1.A, 1.B, 1.C, 2.A, 2.B, 2.C, 6.A, 6.B, 6.C, 8.A, 8.B and 8.C 
(Table 1). Sites 3.A, 3.B and 3.C had 90%, 60% and 75% cover of 
J. roemerianus, respectively, often interspersed with S. alterniflora 
(Table 1). B. frutescens was the predominant species at sites 7.B 
and 7.C, and Schoenoplectus tabernaemontani was observed as a 
dominant plant at sites 4.A, 4.B, 4.C, 5.A, 5.B, and 5.C (Table 1).

Field and laboratory tests

During the site visit in June 2018, porewater at the study 
sites was sampled through PushPoint sampler [43], and salinity 
was measured by HI98194 portable meter (Hanna Instruments- 
Woonsocket/ Rhode Island/ United States). A total of 24 soil 
samples were collected from the rooting zone and kept intact in 
sealed waterproof containers to avoid moisture loss. All samples 
were transported to a laboratory within four hours and stored at 
4oC for measurement of moisture content, organic matter content, 
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and particle size distribution. Laboratory analyses included 
particle size distribution, organic matter content, moisture 
content, metal speciation, x-ray diffraction (XRD), and carbon/
nitrogen determination. Particle size distribution using sieve 
(American Society for Testing and Materials (ASTM) D1140-17) 
and hydrometer (ASTM D422) methods were used to determine 
classification following the USDA soil classification system. 

Moisture and organic matter content were also measured based 
on ASTM D2216–10 and ASTM D2974-87, respectively. Inductively 
Coupled Plasma (ICP) metal analysis was also performed in 
accordance with ASTM E1479-99 to measure the elemental 
constituency of soil samples. Total C & N was determined through 
dry combustion on a Flash 2000 (CE Elantech, Lakewood, New 
Jersey (USA)).

Figure 1: Sampling sites along the southeast coast of the United States.

Table 1: Salinity and vegetative species within eight sampling sites along the Georgia coast.

Site ID Latitude (Degree) Longitude (Degree) Vegetation Salinity

1.A 32.02745 -80.9253 S. alterniflora 27.03

1.B 32.02725 -80.9253 S. alterniflora 26.39

1.C 32.02717 -80.9254 S. alterniflora 25

2.A 32.01383 -80.8852 S. alterniflora 22.5

2.B 32.01387 -80.8851 S. alterniflora 31.22

2.C 32.01405 -80.8852 S. alterniflora 26.65

3.A 32.05983 -81.0237 J.roemerianus 20.29

3.B 32.05982 -81.024 J.roemerianus 5.56

3.C 32.0601 -81.0244 J.roemerianus 14.88

4.A 32.16555 -81.1574  S. tabernaemontani 4.04

4.B 32.16565 -81.1574 S. tabernaemontani  4.26

4.C 32.16587 -81.1575  S. tabernaemontani 4.84

5.A 31.36427 -81.439  S. tabernaemontani 3.38

5.B 31.36443 -81.4391 S. tabernaemontani 1.94

5.C 31.36448 -81.4392 S. tabernaemontani 2.46

6.A 31.16308 -81.4545 S. alterniflora 25.79

6.B 31.1623 -81.4547 S. alterniflora 28.76

6.C 31.16222 -81.4546 S. alterniflora 28.95

7.A 31.17008 -81.4226 B. frutescens 52.19

7.B 31.1701 -81.4226 B. frutescens 12.09

7.C 31.16993 -81.4227 B. frutescens 25.93
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8.A 31.0741 -81.466 S. alterniflora 20.57

8.B 31.07413 -81.466 S. alterniflora 23.02

8.C 31.07418 -81.466 S. alterniflora 24.28

Machine learning algorithms

Two tree-based ensemble methods, i.e., Random Forest 
(RF) and Extreme Gradient Boosting (XGboost), were utilized 
to determine the most important binding agents for the 
aforementioned heavy metals (Figure 2). RF was considered as 
an ensemble since many trees were trained from bootstrapped 
samples in parallel and the results were aggregated (e.g., averaged 
for regression or majority vote for classification) for final 
prediction. By amalgamating individual tree models, the ensemble 
model was generally less biased with lower variance [44]. Besides 
the bootstrapping technique, RF adopted a random selection of a 

limited number of feature variables at each node split in order to 
decouple the trees. As such, these generated trees did not have 
collinearity issue with each other [45]. As a result, the prediction 
variance is greatly reduced. On the other hand, XGboost derived 
individual tree models in a sequential fashion and each individual 
tree model learned from the output obtained by the previous 
model [46]. Previous studies suggested that XGboost and RF 
models outperformed other machine learning techniques [47]. 
In this study, RF and XGboost were employed to identify the key 
drivers of heavy metals in hydric soils.

Figure 2: Flowchart illustrating steps for heavy metals modeling by RF and XGboost.

The RF model adopted in this paper included 200 trees on 
the training dataset, and the model assessment was carried out 
by using a separate test dataset that was not considered for the 
model training. The commonly used metric, mean squared error 
(MSE), was considered for model evaluation.

21
-                      (1)
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N
MSE y y

iN
= ∑
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Where, predicted i
y  was the predicted value by a machine learning 

algorithm, Actual i
y  was the observed value, and N was the size of 

test dataset. 

For illustration purposes, an exemplar decision tree is plotted 
in Figure 3, where an internal node represents feature (binding 
agents), the branch represents a decision rule, and each leaf 
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node represents the outcome (heavy metals concentration). Fe 
was the most important element tested for estimating arsenic 
concentration (Figure 3). Each individual tree in RF model was 
fitted to a random sample of the data and the results were then 
averaged for the final prediction. Tuning a machine learning 
model by setting the related hyperparameters was important 
to control the complexity of the model and combat overfitting. 

The hyperparameters for our RF model, including the minimum 
number of samples required for each leaf, the minimum number 
of samples required to split each node, the maximum number of 
levels in each decision tree, and the number of trees in the forest, 
are chosen to be 4, 6, 3, and 200, respectively. The XGboost model 
was tuned with the hyperparameters of 200 trees in the ensemble, 
a maximum tree depth of 3 and a learning rate of 0.5.

Figure 3: Decision tree for Arsenic concentration estimation.

Threshold Effects Levels (TELs) and Probable Effects Levels 
(PELs) were used to assess the ecological risks of heavy metals of 
the study samples [17]. These two levels categorize the negative 
ecological impacts of metal contamination into rarely (< TELs), 
occasionally (between TELs and PELs), and frequently (> PELs) 

occurring [48]. Arsenic concentration in these marshes was lower 
than TEL and PEL values (Table 2) and there was no significant 
difference (Table 2) in mean arsenic concentration in oligohaline-
mesohaline and polyhaline marshes.

Table 2: TELs and TPLs for heavy metals.

  As Cd Cr Cu Pb Zn

TELs (mg/kg) 7.24 0.68 52.3 18.7 30.2 12.4

TPLs (mg/kg) 41.6 4.21 160 108 112 271

Results 

Organic matter as a binding agent for heavy metals 

A strong positive linear association (r (Spearman’s correlation 
coefficient) =0.90, 0.85 and 0.91) was found between the 
concentration of the metals Cr, Cu, and Pb and soil organic matter 
content (Table 3). Soil organic matter retained a high amount 
of heavy metals due to forming metal-organic complexes [49]. 
Organic matter content affects the mobility and bioavailability 
of Cu in soil and water [50]. Because Cu had a high tendency to 
bind to soil organic matter, hydric soils containing organic matter 
likely retained Cu through forming metal-organic complexes, and 
as such, no free Cu was present in the porewater. This suggests 

that organic matter plays a key role in Cu accumulation in soils. 
Although Cu is considered as an important nutrient for flora and 
fauna [51], it is toxic to living organisms at high concentrations 
[52]. Typical concentrations for copper in soil solution range from 
0.025 to 0.140mg/kg [13], and Cu concentrations in the current 
research sampling sites were considerably higher than the typical 
range (Table 3).

Heavy metal analysis

Simple t-tests showed that there is a significant difference 
in mean concentration of organic matter, Cd, Cu, Pb and Zn in 
oligohaline-mesohaline and polyhaline marsh soils (Table 4). The 
mean concentrations of other metals in study marshes did not 
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pass the thresholds (both TELs and TPLs), except Cd which had 
a concentration of 0.94 (mg/kg) and 0.65 (mg/kg) in oligohaline-
mesohaline and polyhaline marshes, respectively. The mean 
concentration of Cd in oligohaline-mesohaline marshes passed 
TELs for Cd (0.94mg/kg > 0.68mg/kg); which could be a threat 
and ecological risk for the aquatic system. The present study 
found a negative and linear association (r=-0.529) between Cd 
and salinity, and as salinity increases, Cd concentration in soil 
decreases. Mobilization and concentration of Cd varied along 
the salinity gradient in flooded marshes because Cd had a great 
tendency for chloride which is abundant in seawater, and high 
concentration of chloride in salt caused Cd mobilization from soil 
to interstitial water [53].

Besides, according to Table 2 & 5, mean concentration of Zn 
and Cd pass the TELs but mean concentration of other heavy 

metals is lower than TELs and PELs in all sampling soils. The 
coefficients of skewness (Table 5) of As, Cd, Cr, Cu, Pb and Zn are 
much higher than zero, which indicates high values in the samples. 
In other words, the positive skewness shows that the tail is long 
on the right side of distribution and heavy metals concentration 
distribution is not perfectly symmetric (Figure 4). Heavy metals 
concentrations distribution can be vividly demonstrated with the 
help of histograms, normal quantile (QQ) plot and boxplots (Figure 
4). Normal quantile plot of heavy metals (Figure 4) show that 
heavy metals concentration distribution does not perfectly follow 
a normal distribution. The outliers, datapoints located outside 
the whiskers of the box plot, are observed on the right side of As, 
Cr, Cu and Pb concentration distribution (Figure 4), representing 
soils samples with very high heavy metals concentration which 
passes the TELs values.

Figure 4: Histograms, boxplots and normal quantile (QQ) plots for heavy metals.

Table 3: Spearman’s correlation coefficients between metals and binding agents in soil system according to the laboratory results.

Spearman’s Correlation Coefficient

  OM % Fe (mg/kg) Mn (mg/kg) Clay %

As (mg/kg) 0.22 0.77 0.33 0.56

Cd (mg/kg) 0.78 0.88 0.67 0.61

Cr (mg/kg) 0.9 0.86 0.79 0.57

Cu (mg/kg) 0.85 0.82 0.74 0.56

Pb (mg/kg) 0.91 0.84 0.83 0.45

Zn (mg/kg) 0.87 0.9 0.83 0.59
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Table 4: Difference in means of soil properties and metal concentration (in mg/kg) in bulk saltmarsh soil samples from oligohaline-mesohaline and 
polyhaline marshes.

  Mean in the Oligohaline-Mesohaline 
Marshes Mean in the Polyhaline Marshes T-test P-value

Bulk density(g/cm^3) 0.70±0.60 0.83±0.46 0.58 0.56

Clay (%) 33.73±19.35 23.77±12.61 1.53 0.13

Fe (mg/kg) 18352±12093.11 14791±8889.21 0.83 0.41

Mn (mg/kg) 134±122.32 122.9±71.92 0.28 0.78

Organic matter (%) 10.99±10.58 4.18±2.93 2.37 0.02*

C:N 13.32±4.48 14.07±3.09 0.48 0.63

P (mg/kg) 508±378.68 423±235.15 0.67 0.5

As (mg/kg) 4.42±2.96 5.40±4.00 0.63 0.53

Cd (mg/kg) 0.94±0.42 0.65±.21 2.3 0.03*

Cr (mg/kg) 29.39±23.03 16.11±10.06 1.96 0.06

Cu (mg/kg) 11.30±8.33 5.06±2.51 2.73 0.01*

Pb (mg/kg) 18.87±16.17 9.40±6.87 2 0.05*

Zn (mg/kg) 36.75±27.07 19.91±11.52 2.13 0.04*

Note: * significant at the 0.05 level.

Table 5: Statistics of heavy metals concentration.

Heavy Metals Mean Standard Deviation Minimum Maximum Skewness

As 5.03 3.61 1.52 16.63 1.68

Cd 0.76 0.32 0.51 1.55 1.11

Cr 21.09 17.01 3.32 66.76 1.25

Cu 7.39 6.12 2.5 22.88 1.47

Pb 12.94 11.91 1.21 44.12 1.29

Zn 26.22 20.13 4.07 70.22 0.97

Machine learning algorithms for heavy metals characterization. 

Figure 5: Heavy metals binding agents prioritized by RF.

The feature importance of the top four binding agents (i.e., 
clay, organic matter, Mn and Fe) for heavy metals are shown in 
Figures 5 & 6. The feature importance analysis was carried out 

based on comparable measures, feature relative importance. In 
this analysis, RF and XGboost were used for determining the most 
important binding agents (i.e., organic matter, clay, Fe and Mn) 
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for heavy metals, which infers the relative contribution of each 
binding agent to heavy metal model predictions. As a result, the 
feature relative importance from the two models shows similar 
patterns.

Both methods selected Fe as the most important binding agent 
for heavy metals such As, Cd, Cr and Zn (Figures 5 & 6). Organic 
matter had the highest sorption capacity for Pb. Mn was the most 

important binding agent for Cu concentration modeling. Fe was 
identified as the first top binding agent for As, Cd, Cr and Zn while 
organic matter had the highest sorption capacity for Pb (Figures 
5 & 6). Overall, the XGboost model performed more accurately 
(lower MSE) than RF for modeling the concentration of As, Cr, Cu, 
Cd, Pb and Zn (Figure 7).

Figure 6: Heavy metals binding agents prioritized by XGboost.

Figure 7: Comparison of RF and XGboost models for heavy metals prediction.

Discussion 

Machine learning algorithms, such as RF and XGboost, can 
identify the key drivers of heavy metals in hydric soils. Iron (Fe) 
was the most important feature for estimating As concentration 
(Figures 5 & 6). A high concentration of Fe in soil and water 
can precipitate As and reduce its bioavailability. However, high 
concentrations of As and Fe can also reduce a plant production 
[54]. The relationship between soil geochemistry and As 
concentrations is not yet fully understood [54], but Fe reduces the 

lability of As and effectively attenuates As in arsenic-polluted soils 
[55]. According to [25], As is not correlated with other elements 
available in marine sediments, but its spatial concentration pattern 
is a function of As concentration of groundwater and subaerial/
submarine geothermal spring. Fe reduces nearly fifty percent 
extractable As in soils [56]. Goethite (consisting of Fe(III) oxide-
hydroxide) is effective to reduce arsenic toxicity in contaminated 
soil [57]. Further, water-soluble iron-hydrous oxides regulate the 
arsenic adsorption–desorption reaction in sludge [58]. Ferrous 
sulfate (FeSO4) [59] and amorphous Fe hydroxide (am-Fe(OH)3) 
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[60] also have a high adsorptive capacity for As. If Fe concentration 
is more than 12358.51 (mg/kg), organic matter is used as the 
second most important feature for predicting As concentration.

The top four binding agents for heavy metals were determined 
to be clay, organic matter, Mn and Fe. Feature relative importance 
from the two models (Figures 5 & 6) showed similar patterns. 
For instance, Fe was the most important binding agent for Cd 
according to both models (Figures 5 & 6). The mean concentration 
of Cd in oligohaline-mesohaline marshes passed TELs, and 
both XGboost and RF suggested that the cycle of Fe should be 
controlled to enhance the health of the aquatic system in such 
areas. One approach to control Fe cycle is to inhibit saltwater 
intrusion into low salinity areas because sulfur abundance in 
seawater plays the key role in pyrite (FeS2) formation which is a 
vital part of Fe cycle in marsh soil system [61]. Pyrite is considered 
as a common compound in saltmarsh hydric soils because of 
saltwater intrusion into saltmarsh environments saltwater [62]. 
In other words, saltwater contains a substantial amount of sulfur 
(reduced to sulfate and then sulfide) which reacts with iron to 
form pyrite [63]. In such environments, this reaction decreases 
the concentration of soil phosphorus (bound with Fe) and yields 
more available phosphorus in porewater and as such, negatively 
impacts the ecosystem [64]. Pyrite burial in marine environments 
is considered as a long-term preservation and plays an important 
role in sustaining the alkalinity of the soil-water system [65].

Both machine learning algorithms (i.e., XGboost and RF) 
selected Fe as the most important binding agent for heavy metals 
such As, Cd, Cr and Zn (Figures 5 & 6). Fe compounds considerably 
influence the behavior of some heavy metals in a soil substrate 
[66]. The level to which soil Fe is responsible for heavy metal 
solubility and availability is greatly determined by some soil 
factors. On the other hand, heavy metals are also known to affect 
the bioavailability of Fe [67]. Fe has a high sorption capacity, 
especially for heavy metals [67]. The mechanisms of sorption 
involve the isomorphic substitution of divalent or trivalent cations 
for Fe ions, the cation exchange reactions, and the oxidation effects 
at the surface of the oxide precipitates [67].

Organic matter was selected as the most important binding 
agent for Pb by XGboost and RF because organic matter forms 
complexes with Pb and plays a key role in Pb cycling [68]. Mn was 
selected as the most important binding agent for Cu concentration 
modeling by XGboost and RF because Cu has tendency to form 
strong ionic bond with Mn [69]. Based on the MSE values of both 
methods (Figure 7), XGboost lead to a better accuracy than RF 
to predict Pb concentration in saltmarsh soils because XGboost 
repetitively leveraged the patterns in residuals and strengthened 
the model with predictions made through sequential analysis.

Soils physical remediation mainly includes soil replacement 
procedure which is based on the use of clean soil to replace the 
polluted soil with the aim of diluting the pollutant concentration 

and increasing the soil environmental capacity for the remediation 
[70]. Soil replacement procedure including soil replacement, soil 
spading and new soil importing is recommended for treatment 
of small-scale contamination. However, this technology is costly 
and time-consuming for soil in large area, especially a saltmarsh 
ecosystem. Among various chemical remediation procedures used 
for polluted soils, in situ immobilization of heavy metals using a 
chemical amendment can be considered as a cost-effective and 
environmentally sustainable remediation approach by reducing 
the mobility and availability of metals. Therefore, the results from 
this study lead to the most effective procedure for remediating 
polluted soils. According to our results, identifying heavy metals 
available in a soil substrate as well as having knowledge about 
their binding agents could improve remediation effort of polluted 
soils.

Heavy metals concentration in hydric soil system is influenced 
by wide range of factors, and it is very difficult to include all 
potential factors into a model. Limited by economic and labor 
costs, factors such as meteorological and climate considerations 
as well as soil and water properties were not included in our 
models. This might lead to the poor performance of our model 
for certain elements like Pb and As. Although the machine-
learning models yielded reasonable predictions for a wide range 
of soil heavy metals, their accuracies are expected to be enhanced 
though introducing environmental variables that are closely 
related to dynamics of soil heavy metals. Therefore, further 
research is needed to take more related factors into consideration 
and improve model performance in order to determine the most 
possible important parameters in heavy metals cycling. Moreover, 
potential effects of interactions between different heavy metals 
on their bioaccumulation in soil-plant ecosystems were not taken 
into consideration in this study. This may also lead to bias in our 
results. Finally, the applicability of our model to other regions 
should also be investigated.

By comparing RF to XGboost, we found that both methods 
produced comparable results for our variables of interest, 
heavy metals concentration. XGboost outperformed RF for 
variables of interest with relatively low MSE. The model’s error 
was typically observed as the mismatch between the observed 
and the estimated heavy metal concentrations. In the context of 
heavy metals modeling, these two machines learning models are 
unavoidable owing to the inherent uncertainties in the process. 
There are various sources of uncertainty; it can be related to 
predictors, model parameters, and model structure, etc. [71]. Since 
the contribution of different sources of errors is not completely 
known and separating their roles is difficult especially in studying 
heavy metals in aquatic environments, an overall assessment of 
uncertainty is more preferable than determining an exact source 
of uncertainty. Understanding the total model uncertainty rather 
than the uncertainty resulting from individual sources is more 
important for decision-makers, particularly those in natural 
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resources management [71]. These two machines learning models 
lead to more accurate (less uncertain) results which can be an 
acceptable representation of reality if such complex sophisticated 
algorithms with many hyperparameters are tuned and validated 
properly.

Conclusion 

Alteration in salinity gradients exerts an influence on 
vegetation and soil. An increase in salinity results in a decrease in 
soil organic matter budget, total C, total N, total P and aboveground 
biomass production as well as an increase in soil bulk density. 
Salinity increases also alter the concentration of the metal-binding 
agents like organic matter in tidal marsh soils. It is observed that 
oligohaline-mesohaline marsh soils have a greater mean in Cd, Cu, 
Pb and Zn concentrations than in polyhaline marshes. According 
to both RF and XGboost, Fe is the most important binding agent for 
As, Cd, Cr and Zn. An alteration in Fe cycling in hydric soil systems 
causes As, Cd, Cr and Zn release into the aquatic environments. 
The knowledge of sorption and desorption of the heavy metals by 
individual soil components enhances the understanding of soils 
behavior once polluted by heavy metals. This knowledge guides 
ecologists to select the best amendments for removing or fixing 
heavy metals in hydric soil substrates. Besides the consistent 
results from two different ensemble methods for modeling heavy 
metals, XGboost outperforms RF in terms of MSE. Further, Mn and 
organic matter are determined as the most important binding 
agent for Cu and Pb, respectively, through the feature selection 
analysis.
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