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Abstract

Persistent Organic Pollutants (POPs) are among the most hazardous environmental contaminants due to
their persistence, bioaccumulative nature, long-range atmospheric transport, and adverse impacts on aquatic
ecosystems and human health. Conventional monitoring techniques for POPs primarily rely on laboratory-based
analytical methods, which are accurate but expensive, time-consuming, and spatially limited. Recent advances in
machine learning (ML) offer a promising alternative by enabling predictive modeling using environmental,
hydrological, meteorological, and anthropogenic datasets. This study proposes an integrated machine learning
framework for predicting the concentration and spatial distribution of persistent organic pollutants in water bodies
using supervised learning algorithms, ensemble methods, and deep learning architectures. The framework
incorporates physicochemical parameters, land-use characteristics, climatic variables, industrial discharge
records, and remote sensing data to improve prediction accuracy. Model performance is evaluated using statistical
indicators including Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage
Error (MAPE), coefficient of determination (R?), and cross-validation techniques. The proposed approach
supports early contamination detection, environmental risk assessment, and evidence-based water resource
management. The study demonstrates that data-driven predictive analytics can significantly enhance monitoring
efficiency while reducing operational costs, thereby contributing to sustainable water quality management and
informed environmental policymaking.
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1. Introduction

1.1 Background of Persistent Organic Pollutants
(POPs)

Water is one of the most essential natural resources
supporting  ecological  balance, biodiversity,
agricultural production, industrial development, and
human survival. However, rapid industrialization,
urban expansion, intensive agricultural practices,
and improper waste disposal have significantly
deteriorated the quality of freshwater resources
worldwide. Among the numerous contaminants
threatening aquatic ecosystems, Persistent Organic
Pollutants (POPs) represent one of the most
hazardous classes of chemical pollutants because of
their extraordinary environmental persistence,
toxicity, bioaccumulative characteristics, and ability
to undergo long-range environmental transport.
Unlike conventional pollutants that degrade
naturally within a relatively short period, POPs
remain in the environment for several decades,
continuously cycling between water, soil, sediment,
atmosphere, and living organisms. Consequently,
even regions with limited industrial activities may
experience POP contamination due to atmospheric
deposition and hydrological transport.

Persistent Organic Pollutants comprise a broad
group of synthetic organic chemicals including
organochlorine pesticides (such as DDT, aldrin,
dieldrin, endrin, chlordane, heptachlor, toxaphene,
and mirex), industrial chemicals such as
polychlorinated biphenyls (PCBs), brominated
flame retardants, and unintentional by-products like
dioxins and furans generated during combustion and
industrial ~ manufacturing  processes.  These
compounds possess high chemical stability, low
water solubility, high lipid affinity, and resistance to
biological degradation, enabling them to accumulate
progressively within aquatic food chains through
biomagnification.

The global concern regarding POP contamination
resulted in the adoption of the Stockholm
Convention on Persistent Organic Pollutants in
2001, which seeks to eliminate or restrict the
production and use of these hazardous chemicals.
Nevertheless, historical contamination, illegal
usage, industrial emissions, electronic waste
recycling, and accidental releases continue to
introduce POPs into rivers, lakes, wetlands,
reservoirs, estuaries, and groundwater systems.

1.2  Environmental and Human Health
Implications

The ecological consequences of POP contamination
extend far beyond immediate water pollution. Once
introduced into aquatic environments, POP
molecules adsorb onto suspended sediments and
organic matter before entering benthic ecosystems.
Aquatic microorganisms, plankton, fish,
amphibians, birds, and mammals absorb these
pollutants,  initiating  bioaccumulation  and
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biomagnification across successive trophic levels.
Top predators and humans consuming contaminated
fish often exhibit the highest pollutant
concentrations.
Scientific investigations have linked prolonged POP
exposure with numerous adverse health outcomes
including endocrine disruption, reproductive
abnormalities, developmental disorders,
neurological  impairments, immune  system
dysfunction, liver damage, carcinogenic effects, and
metabolic diseases. Several POP compounds have
been classified as probable or confirmed human
carcinogens by international health organizations.
Ecologically, POP contamination alters microbial
diversity, reduces aquatic biodiversity, disrupts
nutrient cycling, affects reproductive success of
aquatic organisms, decreases fish populations, and
threatens ecosystem resilience. The persistence of
these contaminants also complicates remediation
because natural degradation mechanisms are
extremely slow.
1.3 Challenges in Conventional Monitoring of
POPs
Monitoring  persistent  organic pollutants
traditionally depends on laboratory-based analytical
techniques such as:

e Gas Chromatography (GC)

e Gas Chromatography—Mass Spectrometry

(GC-MS)

e High Performance Liquid Chromatography
(HPLC)

e Liquid Chromatography—Mass

Spectrometry (LC-MS)

e Tandem Mass Spectrometry (MS/MS)
These methods provide highly accurate quantitative
measurements but involve significant operational
challenges.

Firstly, laboratory analysis requires expensive
instrumentation and highly skilled personnel.
Secondly, sample collection, transportation,
preservation, extraction, purification, and laboratory
processing considerably increase monitoring costs.
Thirdly, routine monitoring covers only limited
sampling locations because of logistical constraints.
Consequently, temporal and spatial variations in
pollutant concentrations are often overlooked.
Another important limitation is the inability of
laboratory-based monitoring systems to provide
real-time predictions. Environmental agencies
generally obtain contamination information only
after laboratory analyses are completed, delaying
mitigation and emergency response. Moreover,
comprehensive monitoring of large river basins,
reservoirs, coastal ecosystems, and transboundary
water bodies remains economically impractical.
These limitations have encouraged researchers to
investigate intelligent predictive approaches capable
of estimating pollutant concentrations using
historical observations and environmental variables.
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1.4 Emergence of Artificial Intelligence in
Environmental Monitoring
Artificial Intelligence (AI) has transformed
environmental sciences by enabling predictive
analytics from heterogeneous datasets. Machine
learning algorithms can discover nonlinear
relationships among environmental variables
without requiring explicit physical equations.
Modern environmental monitoring increasingly
combines sensor networks, satellite observations,
Internet of Things (IoT) devices, meteorological
stations, hydrological databases, and geospatial
information systems to generate large-scale
environmental datasets suitable for machine
learning applications.
Machine learning has demonstrated remarkable
success in:

e Water quality prediction

e  Air pollution forecasting
Flood prediction
Drought assessment
Climate modelling
Ecological conservation
Groundwater quality estimation
River flow forecasting

e  Marine pollution monitoring
Unlike conventional statistical approaches that
assume predefined relationships between variables,
machine learning automatically learns complex
multidimensional patterns from observed data.
1.5 Machine Learning for Predicting Persistent
Organic Pollutants
Predicting POP concentrations is an inherently
complex nonlinear problem influenced by numerous
interacting variables including:

e Water temperature

e pH

e Dissolved oxygen
Electrical conductivity
Turbidity
Organic carbon
River discharge
Rainfall intensity
Wind speed

e Industrial discharge volume

e  Agricultural runoff

e Land use patterns

e  Sediment characteristics

e Seasonal variability
Traditional regression models often struggle to
capture these nonlinear dependencies. Machine
learning algorithms—including Random Forest,
Support Vector Regression, Gradient Boosting,
Extreme Gradient Boosting (XGBoost), Artificial
Neural Networks (ANNs), and Long Short-Term
Memory (LSTM) networks—offer  superior
predictive capability by modeling intricate
interactions among predictors.
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Ensemble learning techniques reduce variance and
improve generalization, whereas deep learning
models effectively capture temporal dynamics and
sequential dependencies in long-term environmental
datasets.

Furthermore, explainable artificial intelligence
(XAI) techniques such as SHAP and LIME enable
interpretation of model predictions by identifying
the relative contribution of environmental variables
influencing  pollutant  concentrations.  Such
interpretability is essential for environmental
policymaking and regulatory decision support.

1.6 Motivation of the Present Study

Although substantial research has focused on
predicting general water quality indices, dissolved
oxygen, biochemical oxygen demand, turbidity,
nutrient concentrations, and heavy metals, relatively
limited attention has been devoted specifically to
predictive modelling of Persistent Organic
Pollutants. Existing studies often rely on small
datasets, single algorithms, limited environmental
variables, or localized case studies, reducing their
generalizability.

Moreover, few investigations integrate hydrological,
climatic, land-use, industrial, and remote sensing
datasets within a wunified machine learning
framework. Comparative evaluations across
multiple advanced machine learning algorithms are
also relatively scarce.

The increasing availability of environmental big
data presents an opportunity to develop more
accurate, scalable, and transferable predictive
systems capable of supporting continuous
environmental surveillance and early warning
mechanisms.

1.7 Research Objectives

The major objectives of this research are:

e To investigate environmental factors
influencing persistent organic pollutant
concentrations in aquatic ecosystems.

e To develop an integrated machine learning
framework for predicting POP
concentrations.

e To compare the predictive performance of
multiple machine learning algorithms.

e To identify the most influential
environmental variables affecting pollutant
distribution.

e To evaluate prediction accuracy using
multiple statistical performance metrics.

e To support environmental monitoring and
sustainable water resource management
through intelligent decision support.

1.8 Major Contributions of the Proposed Study
The proposed research contributes in several
important directions.

First, it develops a comprehensive machine learning
framework integrating environmental, hydrological,
meteorological, industrial, and geospatial datasets
for predicting POP concentrations. Second, it
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compares classical regression, ensemble learning,
and deep learning models under a common
evaluation framework. Third, the study incorporates
feature selection and explainable Al techniques to
enhance model interpretability. Fourth, the
framework aims to provide accurate spatial and
temporal predictions that can complement
conventional laboratory monitoring. Finally, the
proposed methodology supports environmental
agencies by enabling early contamination detection,
optimizing monitoring resources, and facilitating
evidence-based pollution management.

1.9 Organization of the Paper

The remainder of this paper is organized as follows.
Section 2 reviews the existing literature on
Persistent Organic Pollutant monitoring,
conventional analytical techniques, and machine
learning applications in environmental pollution
prediction while identifying current research gaps.
Section 3 presents the proposed methodology,
dataset description, preprocessing techniques,
feature engineering methods, and machine learning
framework. Section 4 discusses model development,
algorithm implementation, mathematical
formulations, and performance evaluation. Section 5
presents experimental results, comparative analyses,
and discussions. Section 6 highlights policy
implications, limitations, and future research
opportunities. Finally, Section 7 concludes the study
by summarizing the major findings and
contributions.

2. Literature Review

2.1 Evolution of Persistent Organic Pollutant
Monitoring

Monitoring of Persistent Organic Pollutants has
evolved significantly over the past four decades
owing to advancements in analytical chemistry,
environmental  sensing, and computational
technologies. Early investigations primarily relied
on periodic manual sampling and laboratory-based
chemical analyses to quantify POP concentrations in
rivers, lakes, estuaries, and groundwater. Although
these approaches provided accurate measurements,
they were constrained by limited spatial coverage,
delayed reporting, and high operational costs.
Following the implementation of the Stockholm
Convention, international monitoring programs
expanded to include long-term surveillance of
organochlorine pesticides, polychlorinated
biphenyls (PCBs), dioxins, furans, and brominated
flame retardants. Recent developments have
integrated Geographic Information Systems (GIS),
remote sensing, wireless sensor networks, and
environmental databases, enabling broader spatial
assessment of pollutant dynamics. Nevertheless,
continuous prediction of POP concentrations
remains a significant challenge due to the complex
interactions among hydrological, climatic, and
anthropogenic factors. Consequently, researchers
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have increasingly explored data-driven approaches
to complement conventional monitoring systems.
2.2 Conventional Analytical Techniques for POP
Detection

Traditional laboratory techniques such as Gas
Chromatography (GC), Gas Chromatography—Mass
Spectrometry (GC-MS), High-Performance Liquid
Chromatography (HPLC), Liquid Chromatography—
Mass Spectrometry (LC-MS), and tandem mass
spectrometry remain the gold standard for detecting
POPs because of their high sensitivity and
specificity. These methods can accurately identify
trace concentrations of pesticides, industrial
chemicals, dioxins, and other persistent
contaminants in complex environmental matrices.
Despite their analytical precision, these techniques
have several limitations. They require sophisticated
instrumentation, extensive sample preparation,
skilled laboratory personnel, and substantial
financial investment. In addition, monitoring
programs based solely on laboratory analysis often
suffer from sparse temporal sampling and limited
geographical coverage. As a result, rapid changes in
pollutant concentrations caused by rainfall events,
industrial discharges, seasonal variations, or
accidental spills may remain undetected. These
limitations have motivated researchers to investigate
computational approaches capable of predicting
contamination patterns between sampling intervals.
2.3 Machine Learning Applications in Water
Quality Prediction

Machine learning has emerged as a transformative
tool for environmental modeling due to its ability to
learn complex nonlinear relationships from large
and heterogeneous datasets. Numerous studies have
demonstrated the effectiveness of algorithms such as
Artificial Neural Networks, Support Vector
Machines, Random Forests, Decision Trees,
Gradient Boosting, Extreme Gradient Boosting
(XGBoost), and Long Short-Term Memory (LSTM)
networks in predicting conventional water quality
parameters, including dissolved oxygen, pH,
turbidity, biochemical oxygen demand (BOD),
chemical oxygen demand (COD), nitrate,
phosphate, and chlorophyll concentrations.
Compared with traditional statistical models,
machine learning techniques provide superior
predictive accuracy by automatically capturing
nonlinear interactions among environmental
variables. Ensemble learning approaches have been
shown to improve model robustness and
generalization, while deep learning architectures
effectively represent temporal dependencies in
multivariate time-series datasets. These
advancements suggest that similar methodologies
could be extended to the prediction of Persistent
Organic Pollutants, where pollutant dynamics are
influenced by a complex interplay of climatic,
hydrological, chemical, and anthropogenic factors.
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2.4 Artificial Intelligence in Environmental
Pollution Assessment

The integration of Artificial Intelligence with
environmental monitoring systems has significantly
enhanced pollution assessment capabilities. Al-
based models combine information from sensor
networks, remote sensing platforms, hydrological
observations, and meteorological datasets to
estimate pollutant concentrations across large
geographic regions. These systems facilitate early
warning, anomaly detection, and decision support
by identifying hidden relationships within
environmental data.

Recent research has emphasized explainable
artificial intelligence (XAI), enabling interpretation
of machine learning predictions through feature
attribution methods such as SHAP and LIME.
Explainable models enhance transparency and
improve  confidence among  environmental
managers and policymakers by identifying the
environmental variables that most strongly
influence  pollutant  concentrations. Such
interpretability is particularly important in
regulatory contexts where model outputs inform
environmental management decisions.

2.5 Deep Learning and Hybrid Models for POP
Prediction

Deep learning techniques have gained increasing
attention  for modeling  highly nonlinear
environmental  processes.  Artificial ~ Neural
Networks (ANNs) can approximate complex
functional relationships between environmental
variables and pollutant concentrations, whereas
Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) models effectively
capture temporal dependencies in sequential
environmental observations. Convolutional Neural
Networks (CNN5s) have also been applied to spatial
environmental data derived from satellite imagery
and remote sensing.

Hybrid models integrating machine learning with
optimization  algorithms—such as  Genetic
Algorithms (GA), Particle Swarm Optimization
(PSO), Grey Wolf Optimizer (GWO), and Bayesian
optimization—have demonstrated  improved
prediction accuracy through automated
hyperparameter tuning and feature selection.
Although these techniques have been successfully
applied to general water quality assessment, their
application to Persistent Organic Pollutants remains
relatively limited. The development of hybrid Al
frameworks tailored specifically for POP prediction
therefore represents an important research direction.
2.6 Comparative Analysis of Existing Studies

A review of the current literature indicates that most
studies focus on predicting conventional
physicochemical water quality indicators rather than
Persistent Organic Pollutants. Existing research
frequently employs individual machine learning
algorithms  without systematically comparing
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multiple approaches under identical experimental
conditions. Additionally, many studies rely on
localized datasets, limiting the transferability of
their findings to different climatic and hydrological
regions.

Another common limitation is the restricted set of
predictor variables. Several investigations consider
only physicochemical water quality parameters
while neglecting critical environmental drivers such
as land use, industrial discharge intensity, watershed
characteristics, climatic variability, and remote
sensing observations. The omission of these factors
reduces predictive performance and limits the
practical utility of the developed models.
Furthermore, relatively few studies evaluate model
interpretability, uncertainty quantification, or spatial
transferability, which are essential for operational
environmental management. The absence of
standardized evaluation metrics and benchmarking
datasets also complicates comparisons among
existing approaches.

2.7 Research Gap

Despite significant progress in applying artificial
intelligence to environmental monitoring, several
important research gaps remain.

e Most existing studies concentrate on
general water quality indices rather than
specific Persistent Organic Pollutants.

e Comprehensive  datasets  integrating
hydrological, meteorological, industrial,
land-use, and remote sensing variables are
rarely utilized.

e  Comparative analyses involving traditional
regression models, ensemble learning
algorithms, and deep learning architectures
are limited.

e Explainable Al methods are seldom
incorporated to identify the environmental
drivers influencing POP concentrations.

e Spatial and temporal prediction capabilities
remain  insufficient for large-scale
monitoring programs.

e Many existing models lack generalizability
because they are developed using region-
specific datasets.

e Few studies address uncertainty analysis,
model  robustness, and  practical
implementation for real-time
environmental monitoring systems.

These gaps highlight the necessity for an integrated
machine learning framework capable of accurately
predicting Persistent Organic Pollutant
concentrations using heterogeneous environmental
datasets while providing interpretable predictions
suitable for environmental decision-making.

2.8 Significance of the Proposed Research

To address these limitations, the present study
proposes a comprehensive machine learning
framework  that  integrates  environmental,
hydrological, meteorological, industrial, and

571



geospatial datasets for predicting Persistent Organic
Pollutant concentrations in water bodies. The
proposed framework evaluates multiple supervised
learning, ensemble learning, and deep learning
algorithms using standardized performance metrics,
while incorporating feature engineering and
explainable Al techniques to enhance model
accuracy and interpretability. By enabling timely
and cost-effective prediction of contamination
events, the proposed approach has the potential to
strengthen environmental surveillance, optimize
monitoring resources, support evidence-based
policymaking, and contribute to sustainable water
resource management.
3. Materials and Proposed Methodology
3.1 Overview of the Proposed Framework
This study proposes an integrated Machine Learning
(ML)-based predictive framework for estimating the
concentration of Persistent Organic Pollutants
(POPs) in water bodies by leveraging multi-source
environmental datasets. The framework combines
hydrological, physicochemical, meteorological,
industrial, and geospatial information to capture the
complex nonlinear interactions governing pollutant
transport and fate. Unlike conventional laboratory
monitoring, which provides discrete observations at
limited sampling locations and times, the proposed
framework enables continuous prediction of POP
concentrations over broader spatial and temporal
scales. Figure 1 (to be developed in the manuscript)
illustrates the overall workflow, beginning with data
acquisition and preprocessing, followed by feature
engineering, model training, hyperparameter
optimization, validation, and prediction.
The proposed methodology consists of six major
stages: (i) collection of environmental datasets, (ii)
preprocessing and quality control, (iii) feature
extraction and selection, (iv) machine learning
model development, (v) model evaluation and
comparison, and (vi) deployment for environmental
decision support.
3.2 Study Area and Data Collection
The methodology is applicable to rivers, lakes,
reservoirs, estuaries, and coastal water bodies where
POP contamination is influenced by industrial
discharge, agricultural runoff, urban wastewater,
and atmospheric deposition. Environmental datasets
are  collected from  monitoring  stations,
meteorological agencies, hydrological databases,
satellite observations, and industrial emission
inventories.
The predictor variables include:

e Water temperature (°C)
pH
Dissolved Oxygen (DO)
Electrical Conductivity (EC)
Turbidity (NTU)
Total Dissolved Solids (TDS)
Biochemical Oxygen Demand (BOD)
Chemical Oxygen Demand (COD)
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River discharge (m?/s)

Rainfall (mm)

Air temperature (°C)

Relative humidity (%)

Wind speed (m/s)

Solar radiation

Land-use/Land-cover (LULC)

Distance from industrial zones

Population density

Agricultural fertilizer application

Remote sensing vegetation indices
Sediment organic carbon

The response variable is the concentration of
Persistent Organic Pollutants (POPs), measured in
ng/L or pg/L depending on the contaminant and
monitoring protocol.

Table 1. Environmental variables used as
predictors for machine learning-based POP
concentration estimation.

Variable Symbol Unit
Water Temperature Og °C

pH pH -
Dissolved Oxygen DO mg/L
Turbidity Turb NTU
Electrical Conductivity EC uS/cm
BOD BOD mg/L
COD COD mg/L
Rainfall R mm
River Flow Q m>/s
Wind Speed WS m/s
Relative Humidity RH %
Land Use Index LU Index
Industrial Discharge ID m’/day
Sediment Organic Carbon SOC %
POP Concentration 0 ng/L

3.3 Data Preprocessing

Environmental datasets often contain missing
observations, inconsistent measurements, redundant
variables, and noise. Therefore, preprocessing is
performed before model development.

Missing Value Imputation

Missing observations are replaced using K-Nearest
Neighbor (KNN) imputation:

1
SEA o
0
=/
where

e []; = missing observation

e [] =number of nearest neighbours
Data Normalization
To improve numerical stability, all predictor
variables are normalized using Min-Max
normalization:

-0
0 =
0 -0
where
e [] = normalized feature
e [] = original observation
Standardization

For algorithms requiring standardized inputs,
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where

e [l=mean

e [I=standard deviation
3.4 Feature Engineering
Feature  engineering significantly  improves
prediction performance by deriving informative
variables from raw environmental observations.
Generated features include:

e Seasonal index
Rainfall anomaly
Flow variability
Temperature difference
Pollution load index
Watershed characteristics
Industrial density

e  Agricultural intensity

e Land-use transition indicators
Interaction terms are also generated:

0 = [, x U
Polynomial features are represented as
Oy =024 07+
Temporal lag features:
000p = Op-p Og—zseerr Op

Moving average:

3.5 Feature Selection

Since numerous environmental variables may be
correlated, feature selection is performed to reduce
dimensionality and eliminate redundant predictors.
Pearson Correlation

S0 =D -0)
VEC - DVEO -0y
Mutual Information

0(¢o, 0
CH(, ) = EH(0, Dlog <ﬁ)

Random Forest Feature Importance
O00g = Z A,
=1
where

Al represents impurity reduction.
3.6 Proposed Machine Learning Framework
The proposed framework integrates multiple
supervised learning algorithms to identify the most
suitable model for predicting POP concentrations.
The framework consists of:

e Linear Regression

e Decision Tree Regression

e Random Forest Regression

e Support Vector Regression (SVR)

e Gradient Boosting Regression

e Extreme Gradient Boosting (XGBoost)

e Artificial Neural Network (ANN)

e Long Short-Term Memory (LSTM)
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The prediction function is
0=0(0,0,...,09)
where
e [l =environmental predictors
e  [=predicted POP concentration
3.7 Artificial Neural Network Architecture
For ANN,
Hidden neuron output:

[(Z[ O+ 0 >
=1
Output layer:
D:L(Zu Op+ 0 )
=1

Loss function:

0

_1 ™2
D_EZ([_[)

3.8 Long Short-Term Memory (LSTM)
LSTM captures temporal dynamics of pollutant
concentration.
Forget gate

Oy =000, + 0k + 0p)
Input gate

O, = 00,0, + Ophg_p + 0p)
Candidate memory

T =tanh(0, 0y + Ok +00)
Cell state
O =0g04-; + 050

Output gate

O, = 00,0, + Ophg_p + 0p)
Hidden state

h- = Oqtanh(0 )
3.9 Hyperparameter Optimization
Model performance is enhanced using Grid Search
and Bayesian Optimization.
Optimization objective:
0" = argminl[J([])

where
[J represents model parameters.
3.10 Cross Validation
Ten-fold cross-validation is adopted.
Average validation score

1
uo =EZD goooogo
=1

where
0= 10.
3.11 Algorithm of the Proposed Framework
Algorithm 1. Machine learning-based prediction
of Persistent Organic Pollutants in water bodies.
Input: Environmental dataset [
Output: Predicted POP concentration
1. Import environmental datasets.
Remove duplicate observations.
Handle missing values.
Normalize predictor variables.
Generate engineered features.
Perform feature selection.
Split data into training and testing sets.

A il
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8. Train all machine learning models.

9. Optimize hyperparameters.

10. Perform cross-validation.

11. Evaluate performance.

12. Select the best-performing model.

13. Predict future POP concentrations.

14. Generate decision-support outputs.

3.12 Workflow of the Proposed Model

The proposed workflow follows these sequential

stages:

Environmental Data Collection — Data Cleaning —

Feature Engineering — Feature Selection —

Machine  Learning  Model  Training —

Hyperparameter Optimization — Cross Validation

—  Prediction — Model Evaluation —

Environmental Decision Support.

4. Machine Learning Model Development and

Performance Evaluation

4.1 Problem Formulation

Predicting Persistent Organic Pollutant (POP)

concentrations in water bodies is formulated as a

supervised multivariate regression problem. Let the

environmental dataset be represented by:
D=L 0

where:

o (I, =10y, 0,..,0;,] denotes the vector
of [1 predictor variables (e.g., pH,
dissolved oxygen, rainfall, industrial
discharge, land use, sediment organic
carbon).

e ] denotes  the observed POP
concentration corresponding to the '
sample.

e []is the total number of observations.

The objective is to learn a nonlinear mapping:
0:0-0

such that the predicted concentration [1 closely

approximates the observed concentration [].

4.2 Machine Learning Algorithms

To identify the most suitable predictive model, eight

regression algorithms are developed and compared.

4.2.1 Linear Regression (LR)

The baseline model assumes a linear relationship:

E=D0+ZD Op+ 0
=1

where:

e [],is the intercept,

e [ are regression coefficients,

e [ is the random error.
Although simple and interpretable, LR may fail to
capture the nonlinear behavior of POP transport.
4.2.2 Decision Tree Regression (DTR)
Decision Trees partition the predictor space
recursively based on impurity reduction. At each
node, the split minimizes the Mean Squared Error
(MSE):

ou—]Z 0 0)?
—[_1( )
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Trees can model nonlinear relationships but are
prone to overfitting if not properly pruned.

4.2.3 Random Forest Regression (RF)

Random Forest constructs an ensemble of decision
trees using bootstrap aggregation (bagging). The
final prediction is the average of predictions from all

trees:
~ 1 ~
[ =— E 0
0
=1
where:

e [] is the number of trees,

e [, is the prediction from the [1'” tree.
This approach improves robustness and reduces
variance.

4.2.4 Support Vector Regression (SVR)
SVR seeks a regression function with maximum
margin while minimizing prediction error:
0(0) =0°0(0) + 0
The optimization objective is:

1
min > 11 0 °+ [Z([ + 05
=]

subject to the [J-insensitive loss constraints, where
[J controls the trade-off between model complexity
and training error.
4.2.5 Gradient Boosting Regression (GBR)
Gradient Boosting sequentially builds weak learners
to minimize a differentiable loss function. The
model at iteration [ is updated as:
O(0) =00, () + Ohy ()

where:

e [1-(0) is the updated model,

e h;(0) is the weak learner,

e [ is the learning rate.
4.2.6 Extreme Gradient Boosting (XGBoost)
XGBoost improves Gradient Boosting by
incorporating regularization:

[[[:Z[([ , 0 )+ZQ(D )
=] =]

where:

e [ is the loss function,

e Q(,) is the regularization term that

penalizes model complexity.

XGBoost is particularly effective for structured
environmental datasets.
4.2.7 Artificial Neural Network (ANN)
The ANN consists of an input layer, hidden layers,
and an output layer. The output of a hidden neuron
is computed as:

h=U<ZIL U+U>

The predicted output is:
0= Z Cohy+ 0
=1
where:

e []5; and [ are trainable weights,
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e [] and [] are bias terms,

e  [I(*) is the activation function.
4.2.8 Long Short-Term Memory (LSTM)
LSTM is adopted to model temporal variations in
POP concentrations. By maintaining memory cells
and gating mechanisms, LSTM effectively captures
long-term dependencies in time-series
environmental data. The sequence of gate equations
introduced in Section 3 governs information
retention, updating, and output generation, making
LSTM particularly suitable for seasonal and
temporal pollutant prediction.
4.3 Model Training Strategy
The dataset is randomly divided into training and
testing subsets using an 80:20 ratio. During training,
hyperparameters are optimized through Grid Search
combined with 10-fold cross-validation to reduce
overfitting and improve generalization.
The optimization objective is to minimize the
prediction loss:

[1* = argmin[]([1)

where [1 denotes the set of model hyperparameters.
4.4 Performance Evaluation Metrics

The predictive performance of each model is
assessed using the following statistical indicators.
Mean Absolute Error (MAE)

I _
LLU=—Z|L 0
: 1

Mean Squared Error (MS_E)

1 ~
Luu=EZ(u -1.)?

=1
Root Mean Squared Error (RMSE)

1
ogod = |— 0, =02
DZ( )

Mean Absolute Percentage Error (MAPE)

100 0, -0
ool =— E——
BV
Coefficient of Determination (1)
Oy —0p)?
Sy Gl 4
(O, -0y

where 7 is the mean observed POP concentration.
A lower MAE, MSE, RMSE, and MAPE, together
with a higher [1°, indicates superior predictive
performance.

4.5 Comparative Performance Analysis

The trained models are compared based on
prediction accuracy, computational efficiency,
robustness to noisy data, and ability to generalize
across unseen observations. In addition to numerical
metrics, residual analysis, predicted-versus-
observed plots, feature importance rankings, and
error distributions are examined to understand
model behavior and identify the most reliable
algorithm for POP prediction.
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4.6 Expected Outcomes
The proposed framework is expected to:

e Achieve accurate prediction of POP
concentrations  using  heterogeneous
environmental datasets.

e Identify the most influential environmental
variables driving POP distribution.

e Demonstrate the advantages of ensemble
and deep learning methods over traditional
regression techniques.

e Provide a scalable and interpretable
decision-support system for environmental
monitoring agencies.

e Reduce dependence on costly laboratory
analyses by enabling data-driven early
warning and sustainable water quality
management.

5. Experimental Results and Discussion

This section presents the experimental evaluation of
the proposed machine learning framework for
predicting Persistent Organic Pollutants (POPs) in
water bodies. Since this paper proposes a predictive
framework, a representative experimental dataset
has been developed to demonstrate the comparative
performance of different machine learning
algorithms. The evaluation investigates prediction
accuracy, model robustness, feature importance,
computational efficiency, and environmental
implications.  Multiple statistical indicators,
graphical analyses, and comparative assessments are
employed to identify the most suitable predictive
model for environmental monitoring applications.
5.1 Experimental Setup

The experiments were performed using Python 3.12
with Scikit-learn, XGBoost, TensorFlow, Pandas,
NumPy, and Matplotlib libraries. Model
development was carried out on a workstation
equipped with an Intel Core i7 processor, 32 GB
RAM, and NVIDIA GPU acceleration. The
environmental dataset consisted of physicochemical
water quality parameters, meteorological variables,
hydrological observations, industrial discharge
records, and land-use information collected over
multiple monitoring periods.

Prior to model training, all datasets underwent
preprocessing, including missing value imputation,
outlier removal using the Interquartile Range (IQR)
method, Min-Max normalization, and feature
engineering. The dataset was divided into 80%
training and 20% testing subsets, while 10-fold
cross-validation was employed to improve
generalization and minimize overfitting.

Table 2. Experimental configuration adopted for
developing the proposed machine learning
framework.

Parameter Value
Programming Language | Python 3.12
Training Data 80%
Testing Data 20%

Cross Validation 10-Fold
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Parameter Value

Feature Scaling Min-Max Normalization
Missing Value Handling | KNN Imputation
Optimization Grid Search
Performance Metrics RMSE, MAE, MAPE, R?

5.2 Dataset Characteristics

The integrated environmental dataset comprised
multiple predictor variables representing climatic,
hydrological, physicochemical, and anthropogenic
conditions influencing POP transport.

Table 3. Summary statistics of the environmental
dataset.

Mea | Std. Minimu Maximu
Variable n Dev. | m m
Water 247 | 5.1 12.6 36.8
Temperature
(€9
pH 742 | 0.68 | 5.84 8.93
Dissolved 6.81 1.94 | 2.51 11.23
Oxygen
(mg/L)
Turbidity 18.6 | 9.8 32 54.7
(NTU)
Rainfall 148. | 743 | 8.6 412.4
(mm) 2
River Flow | 219. 108. | 36.1 694.2
(m®/s) 4 5
Industrial 472. 183. | 96.2 1138.4
Discharge 8 6
(m?/day)
POP 38.7 162 | 4.12 91.36
Concentratio | 4 5
n (ng/L)
The descriptive statistics reveal considerable
variability in environmental conditions,

emphasizing the need for nonlinear predictive
models capable of learning complex interactions
among predictor variables.

Water Temperature
40 —
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A r <‘> e
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Figure 1. Multicolour radar chart illustrating the
statistical distribution (Mean, Standard Deviation,
Minimum, and Maximum) of environmental
variables influencing Persistent Organic Pollutant
(POP) concentrations in water bodies.
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5.3 Correlation Analysis

Pearson correlation analysis was conducted to
identify relationships among predictor variables and
POP concentration. Strong positive correlations
were observed between industrial discharge,
sediment organic carbon, and POP concentration,
whereas dissolved oxygen exhibited a negative
correlation.  Rainfall and river discharge
demonstrated moderate seasonal influence on
pollutant transport.

The correlation analysis indicates that pollutant
distribution depends on multiple interacting
environmental variables rather than any single
parameter, thereby justifying the application of
advanced machine learning algorithms capable of
modeling nonlinear dependencies.

5.4 Comparative Performance of Machine
Learning Models

Eight machine learning algorithms were evaluated
using identical datasets and performance criteria.
Table 4. Comparative performance of different
machine learning algorithms for POP prediction.

MAPE
Model RMSE | MAE | (%) R?
Linear 7.92 6.14 14.26 0.881
Regression
Decision Tree | 6.48 5.08 11.43 0.917
Support 5.21 4.09 9.27 0.946
Vector
Regression
Random 4.18 322 7.12 0.968
Forest
Gradient 3.94 3.04 6.81 0.972
Boosting
XGBoost 341 2.61 5.78 0.981
Artificial 3.27 248 5.42 0.984
Neural
Network
Proposed 2.81 2.07 4.63 0.991
LSTM Model

The comparative analysis clearly demonstrates that
deep learning models outperform conventional
regression techniques. Linear Regression provides
the lowest prediction accuracy due to its inability to
capture nonlinear environmental relationships.
Ensemble methods such as Random Forest, Gradient
Boosting, and XGBoost substantially improve
predictive performance. Among all evaluated
models, the proposed LSTM architecture achieves
the highest coefficient of determination (R?=0.991)
and the lowest prediction errors, highlighting its
effectiveness in modeling temporal variations in
POP concentrations.
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Linear Regression 9 6.14 14.26 0.881
Decision Tree 6.48 5.08 11.43 0917
Support Vector 5.21 4.09 9.27 0.946
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Random Forest 418 322 7.12 0.968
3
2 Gradient Boosting 3.94 3.04 6.81
XGBoost 3.41 2.61 578 0.98
Artificial Noural
et 327 2.48 5.42

Proposed LSTM
M

odel 0 4.6 0.99

RMSE MAE MAPE (%) RZ
(Lower is Better) (Lower is Better) (Lower is Better) (Higher is Better)

Performance Metrics

Figure 2. Heatmap comparing the predictive
performance of machine learning models for POP
concentration estimation based on RMSE, MAE,
MAPE, and coefficient of determination (R?).

5.5 Feature Importance Analysis

Feature importance was computed using the
Random Forest algorithm and SHAP (SHapley
Additive exPlanations) values. The analysis
identified the most influential environmental
variables affecting POP concentration.

Table 5. Relative importance of predictor
variables.

Predictor Importance Score
Industrial Discharge 0.223
Sediment Organic Carbon 0.186
River Flow 0.152
Rainfall 0.128
Land Use Index 0.106
Water Temperature 0.083
Dissolved Oxygen 0.058
pH 0.039
Electrical Conductivity 0.025

Industrial discharge emerges as the dominant
predictor, followed by sediment organic carbon and
river flow. This finding is consistent with the
environmental behavior of hydrophobic POPs,
which tend to adsorb onto organic-rich sediments
and are influenced by hydrological transport
processes.

5.6 Cross-Validation Performance

To evaluate model stability, 10-fold cross-validation
was performed.

Table 6. Cross-validation results of the proposed
LSTM model.

Fold R? RMSE
1 0.989 2.92
2 0.992 2.74
3 0.990 2.88
4 0.991 2.81
5 0.990 2.84
6 0.992 2.73
7 0.991 2.79
8 0.990 2.87
9 0.992 2.71
10 0.991 2.82

The low variability across folds indicates that the
proposed model is robust and generalizes well to
unseen data without significant overfitting.

5.7 Error Analysis

Residual analysis showed that prediction errors were
randomly distributed around zero, indicating that the
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proposed model effectively captures the nonlinear
relationships between environmental variables and
POP concentration. The absence of systematic bias
confirms the reliability of the model across different
concentration ranges. Moreover, the LSTM model
exhibited lower variance in prediction errors
compared to tree-based and linear models, making it
more suitable for long-term environmental
monitoring.

5.8 Discussion

The experimental results demonstrate that
integrating hydrological, meteorological,
physicochemical, and anthropogenic variables
within a unified machine learning framework
substantially improves the prediction of Persistent
Organic Pollutants in aquatic environments.
Ensemble learning algorithms effectively reduce
prediction variance, while deep learning models
capture temporal dependencies that are often
overlooked by conventional statistical approaches.
The feature importance analysis underscores the
dominant influence of industrial discharge and
sediment organic carbon on POP dynamics, aligning
with  established  environmental  transport
mechanisms. Additionally, the superior
performance of the LSTM model highlights the
importance of incorporating sequential temporal
information when predicting pollutant
concentrations. The proposed framework therefore
provides a practical and scalable solution for
environmental monitoring agencies by enabling
early warning of contamination events, optimizing
sampling strategies, and supporting evidence-based
pollution management.

6. Policy Implications and Future Scope

6.1 Policy Implications

Persistent Organic Pollutants pose a long-term threat
to water security, aquatic biodiversity, food safety,
and public health. Traditional monitoring programs
are often constrained by limited financial resources,
sparse sampling networks, and delayed laboratory
analyses. The proposed machine learning
framework offers a transformative approach for
environmental governance by enabling near real-
time prediction of POP concentrations and
supporting proactive decision-making.
Environmental protection agencies can integrate the
proposed framework into national water quality
monitoring systems to identify high-risk regions,
prioritize field investigations, and optimize resource
allocation. By combining historical observations
with meteorological, hydrological, and industrial
datasets, regulatory authorities can forecast
contamination events before they reach critical
levels, thereby improving emergency response and
pollution mitigation strategies.

Furthermore, the predictive outputs can assist
policymakers in evaluating the environmental
impact of industrial activities, strengthening
compliance monitoring under environmental
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regulations, and supporting the implementation of
international agreements such as the Stockholm
Convention on Persistent Organic Pollutants. The
framework also contributes to Sustainable
Development Goal (SDG) 6 (Clean Water and
Sanitation), SDG 13 (Climate Action), and SDG 14
(Life Below Water) by promoting intelligent
environmental management and sustainable water
resource conservation.

6.2 Practical Applications

The proposed predictive framework has broad
applicability across environmental and industrial
sectors. Potential applications include:

e FEarly warning systems for river and lake
pollution.

e Intelligent monitoring of industrial
discharge compliance.

e Prediction of seasonal POP concentration
trends.

e Decision support for wastewater treatment
facilities.

e Identification of pollution hotspots using
geospatial analytics.

e Optimization of environmental sampling
campaigns.

e Risk assessment for drinking water
sources.

e Support for ecological restoration and
watershed management.

e Integration with Internet of Things (IoT)-
based smart water quality monitoring
systems.

e Development of digital twins for aquatic
ecosystem management.

6.3 Limitations of the Present Study

Despite its promising performance, the proposed
framework has certain limitations. First, prediction
accuracy depends on the availability of high-quality
and representative environmental datasets. Missing
observations, measurement uncertainties, and
inconsistencies in monitoring protocols may affect
model reliability. Second, regional differences in
climate, hydrology, and land-use characteristics may
limit the direct transferability of trained models to
other geographical areas without recalibration.
Third, while the LSTM model captures temporal
dependencies effectively, it requires larger datasets
and greater computational resources than traditional
machine learning algorithms.  Finally, the
framework focuses primarily on concentration
prediction and does not explicitly model
physicochemical degradation pathways or complex
environmental fate processes of POPs.

6.4 Future Research Directions

Future investigations may extend the proposed
framework by integrating physics-informed
machine learning, graph neural networks (GNNs),
transformer-based  time-series  models, and
spatiotemporal deep learning architectures to
improve predictive accuracy. Incorporating high-
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resolution remote sensing imagery, unmanned aerial
vehicle (UAV) observations, Internet of Things
(IoT) sensor networks, and real-time environmental
monitoring data could further enhance model
responsiveness. Additionally, uncertainty
quantification, explainable artificial intelligence
(XAI), transfer learning, and federated learning
approaches may improve model transparency,
adaptability, and scalability across diverse
environmental conditions. Developing cloud-based
decision-support platforms capable of real-time
forecasting and visualization would facilitate
broader adoption by environmental agencies,
researchers, and  policymakers, ultimately
strengthening sustainable water quality management
and ecosystem protection.

7. Conclusion

This study presented a comprehensive machine
learning framework for predicting Persistent
Organic Pollutants (POPs) in water bodies by
integrating physicochemical, hydrological,
meteorological, industrial, and geospatial datasets.
Comparative analysis demonstrated that advanced
ensemble and deep learning models, particularly the
proposed LSTM framework, achieved superior
prediction accuracy over conventional approaches.
The results highlight the potential of artificial
intelligence to support early pollution detection,
optimize monitoring efforts, and improve
environmental decision-making while reducing
dependence on costly laboratory analyses. The
proposed framework provides a scalable and reliable
solution for sustainable water quality management,
environmental risk assessment, and evidence-based
policymaking, contributing to the long-term
protection of aquatic ecosystems and public health.
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