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A B S T R A C T

Despite the growing application of machine learning (ML) in water quality assessment and pollution source 
identification, its potential for predicting environmental risk indices in urban stormwater sediments remains 
largely unexplored. Conventional models struggle to capture complex interactions among hydrological variables, 
sediments and pollution parameters. This study uses ML techniques to enhance sediment quality assessment to 
address this gap. The case study focuses on sediments from the Molinos River in Bogotá, Colombia, characterized 
by particle size distribution (PSD), heavy metal (HM) concentrations, and environmental risk indices. Cohen’s 
Kappa coefficient was used to evaluate the relationship between the enrichment factor (EF) of Ni and Pb, PSD, 
and hydrological variables as rainfall data. A support vector machine model using an ANOVA kernel, validated 
through multiple calibration and validation datasets, demonstrated the feasibility of predicting sediment-related 
risks in urban drainage systems. The best model successfully predicted Pb EF levels for 7 of 8 samples, achieving 
a Cohen’s Kappa coefficient of 0.71 (p = 0.037), indicating substantial agreement. These findings highlight the 
potential of ML models to predict sediment EF using rainfall data, providing a practical tool for environmental 
risk assessment. By enabling predictions of contamination levels, this methodology enhances decision-making 
and promotes more sustainable urban water management strategies.

1. Introduction

Urbanization often disrupts the natural flow of rivers, transforming 
them into conduits for water from diverse sources, thereby degrading 
water quality compared to pristine environments (Guimarães et al., 
2021). A major contributor to this decline is stormwater runoff, which 
transports particles and pollutants that deteriorate river ecosystems 
(Rietveld et al., 2022). Since stormwater is a valuable natural resource, 
its conservation in urban environments is critical for mitigating pollu
tion (Rentachintala et al., 2022). Continuous monitoring and prediction 
of sediment quality in urban stormwater drainage systems are essential 
for assessing pollution trends in waterways, improving environmental 
risk assessment, and informing management strategies (Nawrot et al., 
2021; Pimiento et al., 2023).

Assessing pollutant concentrations in urban stormwater sediments is 
crucial for understanding their toxicity and potential impact on water 
quality. Several factors influence sediment quality such as pH, organic 
matter content, and particle size, which regulate pollutant adsorption 

and precipitation (Rumuri et al., 2023; Skorbiłowicz et al., 2024; Wang 
et al., 2024). Land use also plays a critical role, as urbanization increases 
impervious areas, population density, traffic loads, domestic waste 
generation, and construction and industrial activities, all of which 
contribute to pollution (Skorbiłowicz et al., 2024; Yang et al., 2022). 
Additionally, hydrological parameters such as precipitation, dry 
weather duration, runoff, and flow discharge significantly influence the 
transport, erosion, and leaching processes of contaminated sediments, 
shaping their distribution in receiving water bodies (Fatmi et al., 2024; 
Nie et al., 2024; Pimiento et al., 2018; Sanabria-Morales et al., 2021). 
Heavy metals (HMs) in sediments originate from both natural and 
anthropogenic sources. Natural contributors include geological weath
ering, lithology, and climatic conditions that enhance erosion 
(Skorbiłowicz et al., 2024), while anthropogenic sources stem from ac
tivities such as agriculture, traffic, industrial processes, and urban waste 
(Fatmi et al., 2024; Nie et al., 2024; Wang et al., 2024). Consequently, 
various pollution indices have been developed to assess the HM 
contamination, emphasizing the need for regular sediment monitoring 
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to evaluate potential environment and human health risks (Ahmed et al., 
2024; Fatmi et al., 2024; Pimiento et al., 2023).

Machine learning (ML) and statistical models have become essential 
tools for predicting environmental variables using readily available 
data. These methods effectively handle complex, nonlinear relation
ships, making them valuable for applications such as flood risk assess
ment, HM contamination prediction, and agricultural risk forecasting 
(Ma et al., 2022; Yin et al., 2022; Zhao et al., 2023). Compared to 
traditional statistical approaches, ML models enhance predictive accu
racy, and reliability, and can integrate large datasets, providing deeper 
insights into environmental processes. When combined with multivar
iate statistical techniques, ML enables a more comprehensive analysis of 
pollution sources and key influencing factors (Fatmi et al., 2024; Bi 
et al., 2024).

Beyond environmental monitoring, ML is increasingly applied in 
urban water management to improve decision-making and system effi
ciency. These models assist in predicting flooding events, optimizing 
drainage networks, and enhancing maintenance strategies while 
reducing reliance on expensive simulations and software 
(Boughandjioua et al., 2023). A key advantage of ML is its ability to 
continuously learn from new data, enabling adaptive and real-time so
lutions. By automating complex analyses, ML supports proactive urban 
infrastructure management, offering scalable and cost-effective strate
gies for long-term sustainability (Kwon and Kim, 2021).

To the best of the authors’ knowledge, ML has not been implemented 
to predict environmental pollution risk indices in urban river sediments. 
While previous studies have utilized ML for water quality assessment 
and pollutant source identification, none have specially addressed its 
potential for evaluating heavy metal contamination risk in stormwater 
sediments. Given the limitations of conventional models in capturing 
complex interactions among hydrological, granulometric, and contam
ination parameters, ML presents a promising alternative for improving 
sediment quality assessment. Developing such models could signifi
cantly enhance our ability to monitor contamination patterns, facilitate 
decision-making in sediment management, and improve urban drainage 

infrastructure strategies.
This study aims to develop a methodology for predicting heavy metal 

environmental risk indices in urban river sediments influenced by 
stormwater runoff using ML. To achieve this, the research will identify 
relationships among hydrological, granulometric, and environmental 
risk index variables in sediments retained in stormwater drainage sys
tems. An ML model will then be developed to predict heavy metal risk 
levels, followed by validation using continuously measured variables, 
such as hydrological parameters, to assess the model’s effectiveness for 
urban stormwater management. Ultimately, this approach seeks to 
provide a decision-support tool for optimizing sediment management in 
urban drainage systems, contributing to more efficient and sustainable 
urban water management.

2. Materials and methods

2.1. Study site

The study site (Fig. 1) was the Molinos River (MR), a canalized river 
within urban stormwater system of Bogotá, Colombia, characterized by 
pluvial contributions and the accumulation of runoff sediments. The 
channelized system consists of an open concrete channel. To determine 
the hydrological and geomorphological characteristics of the MR urban 
catchment, a Copernicus DEM with a 30 m resolution was used. The 
basin spans an area of 927.76 ha, with a main channel slope of 11.98 % 
and a length of 4.22 km. The land use is predominantly residential, 
meaning that the sediment source are likely a combination of natural 
materials and urban runoff from impermeable surfaces.

Sediment grab samples were collected at the river sampling point 
using handmade sediment traps, which were installed on the riverbed 
and retrieved approximately every fifteen days. This approach ensured 
replicability and sufficient particle accumulation. The sampling cam
paigns were conducted between February 2020 and November 2021, 
resulting in a total of 24 samples.

Fig. 1. Study site location: Colombia, Bogotá and the Molinos River Basin (highlighted in red). Locations of the pluviometric station Gustavo Morales and sam
pling point.
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2.2. Rainfall characterization

Rainfall data were obtained from the early warning system by the 
District Risk Management Institute of Bogotá (IDIGER, for its name in 
Spanish). The Gustavo Morales pluviometric station, located at latitude 
4.716619, and longitude − 74.064401 (Fig. 1) provided the data used in 
this study. The following daily rainfall variables were analyzed: total 
precipitation height (H_mm), average rainfall intensity (Iave_mm/h), 
number of consecutive dry days (dw_days), number of days with 
measurable rainfall (rw_days), and antecedent dry weather period 
(ADP_days). Fig. 2 shows an example of rainfall variable distribution 
over time and the sampling period, highlighting the installation and 
removal of the sediment traps.

2.3. Sediments characterization

The collected sediments samples were transported to the Water 
Quality Laboratory at Pontificia Universidad Javeriana. A wet portion of 
each sample was used for PSD analysis, while the remaining portion was 
stored in a refrigerator for HM total concentration analysis.

PSD analysis was performed using laser diffraction Mastersizer 
3000E Particle Size Analyzer within a measurement range of 0.1 µm to 
1000 µm (Ltd, 2024). The PSD was determined based on the scattering 
pattern produced when a laser beam passed through the sample. To 
ensure accuracy, each sediment sample was homogenizing, and two 
samples were taken and analyzed in the Coulter device. The analysis was 
repeated five times, and from the mean PSD, the following characteristic 
diameters of the sample were determined: D10, D20, D30, D40, D50, 
D60, D70, D80, D90, and D100.

Based on the literature review, the most common HMs in urban en
vironments were selected for analysis: Cadmium (Cd), Lead (Pb), Cooper 
(Cu), Zinc (Zn), Chromium (Cr), and Nikel (Ni). From the remaining 
sediment portion, 0.5 g of material was weighed and digested following 
EPA Method 3051A method (EPA., 2007). The digestion process 
involved adding 10.0 ± 0.1 mL of concentrated nitric acid (HNO3) and 
3.0 ± 0.1 mL of concentrated hydrochloric acid (HCl). Total HM were 
measured using a Shimadzu ICP-E 9800 spectrometer, which enables the 
simultaneous analysis of multiple elements using a multiparametric 
standard of 19 elements. The instrument was calibrated using 12 stan
dard concentrations ranging from 0.001 mg/L to 10 mg/L. To ensure 

measurement reliability, all analyses were performed in triplicate.
Several risk indices have been used in the literature to evaluate the 

impact of HMs in sediments. In Pimiento et al. (2023), various indices 
were analyzed, including the geo-accumulation index, pollution index, 
modified pollution index, potential ecological risk index, modified po
tential ecological risk, pollution load, and enrichment factor were 
determined for the MR catchment. Since some of these indices require a 
background concentration (Bn), which has not been reported for the 
study site, soil Bn concentrations from Rauch & Pacyna (2009) were used 
as reference. The enrichment factor (EF) was selected for this study 
because it exhibited the greatest variability across risk classes (Table 1). 
The EF is commonly used to determine whether contaminants adhered 
to sediments originate from natural or anthropogenic sources (Gopal 
et al., 2023; Rumuri et al., 2023).

2.4. Statistical analysis

Statistical analyses were performed to identify relationships between 
PSD, rainfall variables, and EF. The statistical test were conducted using 
RStudio open-source software (Team, 2023). The variables were clas
sified into two groups: dependent variables (Y), which included risk 
indices, and independent variables (X), which included PSD character
istic diameters and rainfall variables defined in Section 2.2.

As EF is a categorical variable, Cohen’s kappa coefficient was 
employed to assess agreements between two categorical variables 
(Cohen, 1960). The kappa.test fucntion from the fmsb library 
(Nakazawa, 2021). was used to perform the test. Additionally, Pearson 
and Spearman correlation tests were conducted to numerically validate 
relationships between parametric and non-parametric variables. These 
tests were executed using the chart.correlation function from the Per
formanceAnalytics package (Peterson and Carl, 2020). Additionally, 

Fig. 2. Example of rainfall variables distribution over time. H: daily precipitation height in mm. Green arrows indicate the installation and removal of the sediment 
traps (Pimiento, 2023).

Table 1 
Enrichment factor (EF) classification (adapted from Choi et al., 2020).

Def deficiency to minimal enrichment EF ≤ 1

Mod moderate enrichment 1 < EF ≤ 5
Sig significant enrichment 5 < EF ≤ 20
High very high enrichment 20 < EF ≤ 40
Ext extreme enrichment EF > 40
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support vector machine (SVM) was used as a predictive tool 
(Galarza-Molina, 2017). The ksmv command from the kernlab library 
was used (Karatzoglou et al., 2004), which includes the most popular 
kernel functions for data training and prediction.

2.5. Modelling methodology

Fig. 3 illustrates the proposed methodology for modelling EF risk 
indices, based on statistical tests that evaluate the relationships between 
variables. To predict each risk index (Variable Y), it was necessary to 
identify the corresponding related variables (X variables). The Cohen’s 
Kappa coefficient was used to establish relationships between risk index 
categories with the PSD and rainfall, which were converted into cate
gories. Variable pairs with a p-value < 0.05 were selected. Since risk 
index classification is based on a specific threshold, a correlation test 
was performed to numerically validate the relationships between vari
ables pairs.

A Monte Carlo method was applied to ensure model robustness by 
randomly selecting thousand calibration and validation datasets. Two- 
thirds of the observations were randomly selected as calibration data, 
while the remaining one-third was used for validation. Thus, the model 
will be evaluated for each validation and calibration data combination, 
generating a thousand prediction models.

To evaluate model predictability, Cohen’s Kappa coefficient was 
used to compare the categories predicted by the models with the actual 
measured categories for the validation dataset. All available kernels in 
the ksvm function were tested to assess their impact on model perfor
mance. To select the most effective kernel, models were evaluated based 
on Cohen’s Kappa test results, and those with a p-value <0.05 during the 
calibration phase were chosen.

Model validation was performed using the designated third of the 
dataset, incorporating corresponding rainfall variables, which are easily 

obtainable without direct sampling. Assuming that only rainfall data is 
available for validation, the characteristic diameters from the PSD data 
of the first calibration observation were used to supplement all valida
tion observations. This approach ensures method replicability without 
requiring additional sediment field data collection, thereby reducing 
analysis costs and improving decision-making in sediment management. 
The final risk prediction model was selected by assessing the agreement 
between predicted and observed classes using Cohen’s Kappa coefficient 
and identifying the model with the lowest p-value (<0.05). The model 
with the highest agreement was then considered the most effective.

3. Results and discussion

3.1. Sediment and rainfall characterization

The PSD of sediments from the MR catchment sediments indicates a 
median diameter (D50) of 117 µm, with a range of 15 – 307 µm. 
Approximately 40 % of these sediments are finer than 63 µm, while the 
remaining 60 % fall within 63 – 1000 µm range. According to the United 
States Department of Agriculture (USDA) soil classification 
(García-Gaines and Frankenstein, 2015), these sediments are primarily 
classified as sand. These findings align with research conducted on 
urban stormwater in Calgary, which showed that over 75 % of particles 
are finer than 250 µm, and 43 % are finer than 63 µm, highlighting the 
prevalence of fine particles (Yan et al., 2024). Similarly, road runoff in 
Ohio demonstrated a mean PSD comprising 48.7 % sand, 47.4 % silt, and 
3.9 % clay, with median D50 values ranging from 24 µm to 72 µm 
(Winston et al., 2023). These studies collectively suggest that fine par
ticles are a common feature of urban stormwater runoff, indicating high 
potential for contaminant accumulation due to their large specific sur
face area.

Analysis of HM in MR sediments revealed undetectable 

Fig. 3. Modeling methodology. Variable Xi: D1 to D100, precipitation height, rain intensity, antecedent dry weather period, number of dray days. Variable Y: 
risk indices.
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concentrations for Cd and Cr. The median concentrations of Pb, Ni, Zn, 
and Cu were found to be 8.98, 17.4, 100, and 570.47 mg/kg, respec
tively. In comparison, the Saïda urban catchment area reported Cd levels 
ranging from 0.63 to 2.48 mg/kg, Cu levels from 68.2 to 192.95 mg/kg, 
Cr levels from 65.05 to 167.15 mg/kg, Ni levels from 37.95 to 83.85 mg/ 
kg, Pb levels from 145.75 to 248.25 mg/kg, and Zn levels averaged 
178.08 mg/kg (Fatmi et al., 2024). In contrast, Bug River sediments 
exhibited lower concentrations of Ni, Pb, Cu, and Cr, with average 
values of 5.31, 5.04, 2.25, and 1.54 mg/kg, respectively (Skorbiłowicz 
et al., 2024). These findings highlight significant disparities in HM 
concentrations across various catchment areas, emphasizing the need 
for localized sediment management strategies to address specific 
contamination levels, sources, and risk assessment.

As presented in Pimiento et al. (2023), the enrichment factor for each 
HM was calculated with the measured concentrations, resulting in var
ied EF classes. Cu and Zn predominantly exhibit extreme enrichment, Ni 
demonstrates very high enrichment, while Pb indicates significant 
enrichment. Table 2 illustrates that the EF levels for the Molinos River 
are considerably higher than those observed in sediments from other 
urban environments, demonstrating the anthropogenic origins of these 
HMs. Consequently, the EF is a valuable input for developing models to 
predict the risk level and inform sediment management alternatives.

Rainfall data were analyzed to derive precipitation variables for each 
sampling period, as shown in Table 3. No extreme precipitation events 
or predominant periods of rain or drought were identified at the study 
area, likely due to its geographic characteristics and the influence of La 
Niña events during the study period. Consequently, an analysis under 
distinct hydrometeorological conditions (i.e., dry and wet seasons) was 
not feasible. However, climatic conditions do not adversely affect the 
model’s performance, as the proposed methodology is adaptable for 
separating dry and rainy seasons based on the local conditions of the 
study site.

3.2. Statistical analysis

The analysis of HM in MR sediments revealed significant relation
ships for the enrichment factors of niquel (Ni_EF) and lead (Pb_EF), as 
indicated by Kappa agreements (Table 4). No agreements were found for 
the other metals analyzed. These EFs are associated with specific PSD 
and hydrological variables. While Ni_EF exhibited a positive correlation 
with the antecedent dry weather period (ADP) using the Pearson 
method, this correlation was not statistically significant (p-value >
0.05). In contrast, Pb_EF demonstrates significant correlations with D20 
to D70 (p-value < 0.05) as determined by the Spearman method (Fig. 4). 
This positions Pb_EF as a crucial target variable for predictive models, 
with D20 to D80, H, ADP, and Iave serving as the independent variables.

In their study, Fatmi et al. (2024) utilized principal component 
analysis and cluster analysis to demonstrate the significant impact of 
hydrological parameters, such as precipitation, rainfall intensity, and 
the duration of dry weather preceding rainfall events, significantly 
impact on the dynamics and distribution of heavy metals. During dry 
periods, contaminated sediments tend to accumulate and function as 
reservoirs for contaminants, which are then mobilized during rainfall 
events. Similarly, Nie et al. (2024) empoyed random forest models to 
identify key factors influencing HM concentrations, including popula
tion density, annual average precipitation, and elevation for Cr; annual 
average precipitation, soil humidity, and soil organic matter for Cd; 
annual average precipitation for Pb; and population density, annual 
average precipitation, and slope for Ni.

In comparison, other studies, such as those by Fatmi et al. (2024) and 
Nie et al. (2024), have demonstrated the crucial role that hydrological 
parameters play in influencing HM dynamics. These findings reinforce 
the necessity for localized sediment management strategies. By inte
grating these insights, future research and environmental management 
practices can more effectively confront the risks associated with HM 
contamination. This approach will contribute to enhanced mitigation 
efforts and improved protection of aquatic ecosystems.

Table 2 
Enrichment Factor in urban sediments. RDS: road deposited sediments, Mod: 
moderate enrichment, Sig: significant enrichment, High: very high enrichment, 
Ext: extreme enrichment.

Cu Zn Ni Pb Sample location Source

Ext Ext High Sig Molinos River Pimiento et al. (2023)
Mod Mod - Mod RDS Wang et al. (2019); 

Zhang et al. (2020)
High High Mod Sig Stormdrain Choi et al. (2020)
Sig Sig Sig Sig Stormwater 

sedimentation tank
Sałata and Dąbek 
(2017)

Table 3 
Rainfall variables. ADP: antecedent dry weather period in days, H: precipitation 
height (mm), Iave: average intensity (mm/h).

Sample ADP H 
(mm)

Iave 

(mm/h)
Sample ADP H 

(mm)
Iave 

(mm/h)

1 6 19.3 0.47 13 0 117.2 0.33
2 3 84.3 0.23 14 4 17.7 0.05
3 3 11.8 0.03 15 2 27.5 0.08
4 4 30.7 0.09 16 1 158.4 0.44
5 2 46.5 0.13 17 1 6.8 0.02
6 5 24.9 0.07 18 12 16.4 0.04
7 5 75.1 0.21 19 0 14.4 0.05
8 0 2.2 0.01 20 8 59.8 0.17
9 4 3.5 0.01 21 0 77 0.21
10 0 155.93 0.43 22 0 29.9 0.08
11 0 127.65 0.35 23 3 51.5 0.14
12 9 13.4 0.04 24 3 108.4 0.30

Table 4 
Molinos river pairwise variables (Var1, Var2) with some degree of agreement 
determined by Cohen’s Kappa coefficient. Pb_EF: enrichmdent factor by Pb, 
Ni_EF: enrichmdent factor by Ni, ADP: antecedent dry weather period, H: pre
cipitation height (mm), Iave: average intensity (mm/h).

Var1 Var2 p- 
value

Kappa Var1 Var2 p- 
value

Kappa

H D10 0.014 Moderate 
(0.44)

D40 Pb_EF 0.015 Fair 
(0.25)

Iave D10 0.014 Moderate 
(0.44)

D50 Pb_EF 0.015 Fair 
(0.25)

H D20 0.014 Moderate 
(0.44)

D60 Pb_EF 0.004 Fair 
(0.31)

Iave D20 0.014 Moderate 
(0.44)

D60 Pb_EF 0.004 Fair 
(0.31)

H D30 0.014 Moderate 
(0.44)

D20 Pb_EF 0.043 Slight 
(0.20)

Iave D30 0.014 Moderate 
(0.44)

D30 Pb_EF 0.043 Sligh 
(0.20)

H D40 0.014 Moderate 
(0.44)

D70 Pb_EF 0.043 Slight 
(0.20)

Iave D40 0.014 Moderate 
(0.44)

D80 Pb_EF 0.043 Slight 
(0.20)

H D90 0.014 Moderate 
(0.44)

D20 Ni_EF 0.023 Slight 
(0.20)

Iave D90 0.014 Moderate 
(0.44)

D30 Ni_EF 0.023 Slight 
(0.20)

Iave D90 0.014 Moderate 
(0.44)

D40 Ni_EF 0.023 Slight 
(0.20)

ADP D10 0.039 Fair (0.35)
ADP D20 0.039 Fair (0.35)
ADP D30 0.039 Fair (0.35)
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3.3. Risk index prediction

During the calibration-validation process of the SVM model, all 
available kernels were evaluated using the Monte Carlo method. The 
ANOVA kernel emerged as the optimal choice for calibrating the 

classification SVM for Pb_EF modelling, incorporating all related vari
ables (PSD and rainfall). This kernel yield a p-value of <0.05 across a 
thousand calibration iterations. Fig. 5 illustrates the percentage of pre
dicted classes for each observation in the validation models. Among the 
fourteen observations classified as having significant enrichment, eleven 

Fig. 4. Spearman correlation matrix. • p-value ≤0.1, * p-value ≤0.05, **p-value ≤0.01, ***p-value ≤0.001. Pb_EF: enrichment factor by Pb, ADP: antecedent dry 
weather period, H: precipitation height, Iave: average intensity.

Fig. 5. Comparison of Support Vector Machine (SVM) model predictions with measured outcomes for Pb enrichment factors using validation data. Categories include 
Def (Deficiency to minimal enrichment), Mod (Moderate enrichment), and Sig (Significant enrichment).

M.A. Pimiento et al.                                                                                                                                                                                                                            Journal of Hazardous Materials Advances 18 (2025) 100708 

6 



were correctly predicted by >60 % of the models. For samples classified 
with moderate enrichment, fewer than 10 % of the models predicted the 
correct level. In the case of deficiency enrichment, one observation 
achieved up to 38 % prediction accuracy. This variability is largely 
attributed to the number of analyzed samples and their pronounced 
distribution of significant enrichment.

Model validation resulted in Cohen’s Kappa coefficient of 0.71 and a 
p-value of 0.037, indicating substantial agreement. Fig. 6 compares the 
predicted and observed classification for eight validation samples. The 
model accurately predicted risk levels for seven out of eight observations 
but exhibited a significant error in the final one. Since all validation 
observations share the same PSD, corresponding to a calibration 
observation classified with significant enrichment, variations in risk 
indices are more likely associated with the rainfall data. Specifically, 
sample 24 exhibited high precipitation height and average intensity, 
along with a mean ADP value, compared to all observations. Although 
the prediction risk level for sample 24 was one degree higher than 
measured, the results still support effective sediment management de
cisions, as the risk was not underestimated.

The EF is instrumental in identifying the sources of HMs adhered to 
sediments. Modeling results assist in defining appropriate disposal 
strategies to mitigate concentration magnification and secondary envi
ronmental effects, particularly when moderate or higher levels of 
enrichment are detected. Nonetheless, the analyzed sediments could be 
reused as raw construction materials, provided they comply with local 
guidelines.

Given the lack of reported research on predicting environmental risk 
indices in sediments, our findings can be compared to studies that pre
dict HM concentrations in soils using various machine learning tech
niques. For example, Bi et al. (2024) found that ensemble models based 
on decision trees, such as Random Forest and Bagging, demonstrated 
superior predictive accuracy by aggregating multiple trees, thereby 
reducing model variance and overfitting. Similarly, Yin et al. (2022)
employed a genetic algorithm and neural network model to predict the 
concentrations of eleven soil HMs, achieving high correlation co
efficients and emphasizing the value of integrating environmental var
iables and advanced modeling techniques.

Unlike these approaches, our study focuses on predicting risk levels 
rather than concentration. Direct risk levels estimation immediate in
sights into environmental hazard without requiring post-processing and 
relies on continuously measured data. The SVM model used in this study, 
which incorporates PSD and rainfall data, highlights the critical role of 
environmental factors in predicting HM enrichment.

During the development and evaluation of the proposed methodol
ogy, it became evident that models cannot be universally applied across 
different basins due to the unique characteristics of each basin’s sedi
ments. Consequently, an initial characterization is recommended, 
involving the collection of sufficient samples to ensure proper model 
calibration. Determining the optimal kernel and the most relevant var
iables is crucial for accurately identifying risk indices. Key contributing 
factors to this limitation include site-specific PSD distributions, varia
tions in rainfall patterns, and differences in heavy metal sources.

4. Conclusions

This research proposes a methodology to predict the environmental 
risk index using statistical tools to facilitate sediment management. A 
case study demonstrated its ability to predict classification levels for risk 
indices. However, due to variability in climatic conditions and land use, 
applying this model to other catchments requires prior sediment char
acterization and model calibration.

Sediment characterization revealed that particles are predominantly 
sand-sized, indicating a small particle size and a larger specific surface 
area, which enhances contaminant adsorption. High concentrations of 
Cu, Pb, Ni, and Zn were detected in sediments, and the enrichment factor 
was calculated to determine pollutants origins. Results showed varying 

risk levels among samples, emphasizing the need for sediment man
agement strategies.

Statistical tools, including correlation test and Cohen’s Kappa, 
identified relationships between the enrichment factor by Pb and spe
cific characteristic diameters. Additionally, correlations between PSD 
and rainfall variables were observed. These relationships were used to 
calibrate and validate a SVM model, demonstrating the potential to 
predict enrichment factor based on rainfall data. However, validating 
these relationships with a larger dataset is recommended to improve 
reliability and robustness in future predictions.

The study contributes to knowledge by demonstrating that envi
ronmental risk levels associated with runoff sediments can be predicted 
using rainfall variables. This predictive tool provides decision-makers 
with a valuable resource for sediment management. To enhance accu
racy, periodic model recalibration is necessary, particularly in response 
to anthropogenic and climate change influences.
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