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Abstract

Emerging pollutants such as microplastics, pharmaceuticals, per- and polyfluoroalkyl substances (PFAS),
pesticides, and personal care product contaminants have turned out to be threatening to aquatic biodiversity
because of their persistence, bioaccumulation ability, and negative impacts on the environment. The present
research aims to explore the influence of such pollutants on aquatic biodiversity by means of explainable machine
learning. The purpose of the paper is to use the XML algorithm to model the relationship between
physicochemical, emerging pollutant concentrations, and aquatic biodiversity parameters to reveal factors that
could affect ecosystems' well-being. Data were gathered at several freshwater monitoring sites between 2018 and
2025, with regard to water temperature, dissolved oxygen, species richness, Shannon biodiversity index, and
aquatic invertebrates' abundance. After the data pre-processing, feature engineering, and normalization stages,
such machine learning models as Random Forest, XGBoost, and LightGBM were used to create prediction
models. For the sake of explanation, the SHAP method (Shapley Additive Explanations) was employed to
determine the factors that have the most considerable influence on biodiversity loss. Validation was done by
means of descriptive statistics, Pearson correlation coefficient, ANOVA, and k-fold cross-validation. Model
performance was evaluated according to R?, MAE, and RMSE. As a result, the highest accuracy was attained
using XGBoost (R*>0.94). Explaining model predictions showed that the main factors influencing biodiversity
loss were microplastics, PFAS, water temperature, and dissolved oxygen.
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1. Introduction

The aquatic ecosystem is under threat from new pollutants like microplastic, pharmaceuticals, personal care
products, endocrine disruptors, and PFAS. Such pollutants remain in the water system and may negatively impact
aquatic life even at low levels. Environmental assessments are often challenged by the complexity of the
interactions between various pollutants and biodiversity responses. The recent emergence of machine learning
techniques provides useful tools for predicting the ecological consequences of these pollutants. Nevertheless,
some models are not easily interpretable. In this paper, we explore a technique for assessing the impact of
emerging pollutants on aquatic biodiversity using machine learning approaches.

1.1 Emerging Pollutants in Aquatic Ecosystems

Emerging pollutants are considered a heterogeneous type of contaminant which tends to be detected frequently in
freshwater and marine systems [1]. This category includes microplastics, pharmaceuticals, pesticides, personal
care products, and PFAS that are associated with industrial activities, agricultural runoff, domestic wastewater
discharges, and urbanization. As opposed to traditional pollutants, emerging contaminants are often not monitored
regularly and can stay present in the ecosystem for a very long period since they tend to be persistent and resistant
to decomposition. The continuous presence of these pollutants in aquatic systems can change water conditions as
well as the functioning of biological communities [2]. The removal of most of these pollutants by wastewater
treatment plants is impossible, resulting in the spread of such contaminants in river courses, lakes, wetlands, and
coastal areas.

1.2 Biodiversity Loss and Ecological Risks

Biodiversity in water bodies is important for the maintenance of ecosystems, nutrient cycles, food chain stability,
and resilience. Increased pollution from emerging pollutants has resulted in the loss of biodiversity in various
aquatic environments. Exposure to chemical pollutants may have adverse effects on reproduction, growth,
behavior, and survival of aquatic organisms. Some organisms may face decreases in their populations, and some
ecological systems may be transformed to become less stable. Ecological risks created by the interaction of
different chemicals pose difficulties when trying to assess the risks through traditional assessment methods. Loss
of biodiversity may also weaken the resilience of ecosystems to changing climates and other stresses to the
environment.

1.3 Need for Explainable Machine Learning

The application of machine learning algorithms has been proven to be quite promising for examining the
correlation between environmental data and prediction of ecologic phenomena. The Random Forest algorithm,
XGBoost, and LightGBM can detect complicated, nonlinear relations between the concentration of pollutants and
biodiversity. However, although machine learning tools are able to make predictions based on provided data, their
work remains a mystery to researchers as they cannot determine what features affect their output. To resolve the
problem, explainable machine learning comes into play. With the help of SHAP, it is possible to determine what
features have the greatest effect on biodiversity.

1.4 Research Objectives

1. To collect and integrate emerging pollutant, water quality, and biodiversity datasets from aquatic ecosystems.
2. To develop machine learning models for predicting biodiversity responses to pollutant exposure.

3. To evaluate statistical relationships between pollutant concentrations and biodiversity indicators.

4. To apply explainable Al techniques for identifying key ecological risk factors and influential pollutants.

5. To provide a transparent decision-support framework for aquatic ecosystem monitoring and conservation
planning.

1.5 Novel Contributions

In this study, a new framework for using an explainable machine learning system to analyze ecological effects of
newly emerged pollutants is proposed. Different from previous assessment models of environmental impact, the
developed model incorporates concentration of pollutants, physiochemical properties of water, and measures of
biodiversity into a single analytical framework. Machine learning methods were used in this study to develop
models with nonlinear relationships between stressors and effects while providing explainability by leveraging
SHAP analysis. One of the main contributions of this paper is the introduction of detailed statistical analysis
approaches, such as descriptive statistics and correlations between variables. Moreover, performance measures
were evaluated to provide scientific validity of the models. This framework can identify the key factors impacting
aquatic biodiversity and provides explanations of model predictions by analyzing important features in the model.
Moreover, this research showcases how explainable Al could serve as a solution to reconcile predictive accuracy
and ecological knowledge. It can be applied to different marine and freshwater ecosystems, thus serving as a
scalable framework for pollution monitoring, conservation of aquatic biodiversity, and ecosystem risk assessment.
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2. Study Area and Data Acquisition

The objective of this paper is to examine the effects of emerging pollutants on aquatic biodiversity based on data
gathered in an environment. The sites chosen were those that had varied conditions in terms of hydrology,
exposure to pollutants, and biodiversity. In gathering data, water samples, sediments, and biological organisms
were taken to capture both the physicochemical properties and ecological conditions. The measurements were
collated in a single database which was then analyzed through the machine learning technique. The data collected
provided useful insights about the effects of pollutants on biodiversity in aquatic ecosystems [3].

2.1 Aquatic Ecosystem Description

A) Rivers

The rivers represent active freshwater ecosystems responsible for transferring water, nutrients, sediments, and
biological life. The connectivity of rivers with urban areas, agricultural areas, industries, and other pollution points
makes them vulnerable to emerging pollutants. The river systems can receive microplastics, pharmaceuticals,
PFAS, and other endocrine-disrupting chemicals through the process of runoff, effluent discharge, and industrial
waste [4]. Pollutants can cover long distances and negatively affect the water system, its ecological balance, and
the overall biodiversity. Rivers are home to various communities of fish, planktons, water plants, and other species
that are very vulnerable to any changes in environment. The differences in the flow rates, the seasonality, and the
pollution levels can change the patterns of river biodiversity. Monitoring river ecosystems helps to obtain
information about pollutants' transfer, accumulation, and effects on ecological communities. It is necessary to
understand how the river biodiversity can be affected by the emerging pollutants.

B ) Lakes

Lakes represent relatively stable ecosystems of aquatic environments that act as significant sources of fresh water,
biodiversity, and productivity. Contrary to rivers, lakes exhibit less water flow rates, hence leading to
contamination and long-term persistence of pollutants in the environment. As such, lakes can be seen as sinks of
pollutants from agricultural runoff, deposition of pollutants in the atmosphere, urban runoff, and wastewater
disposal. Emerging pollutants include microplastics, PFAS, pharmaceutical pollutants, and endocrine disruptors
that can result in the buildup of pollutants within lakes in the form of water, sediment, and biological components
[5]. Pollutants in lakes could affect the composition of species, decrease reproductive capabilities, and affect
interactions among aquatic organisms. Lakes harbor various fish, aquatic plants, planktons, and microorganisms
that play an important role in stabilizing the ecosystem. It is necessary to monitor pollution levels and biodiversity
parameters within lakes to assess the state of the ecosystems. Lake sampling will help determine patterns of
pollutant buildup and biodiversity response in terms of ecological risk assessment [6].

C) Wetlands

Wetlands are considered one of the most productive ecosystems on earth and are important for various ecological
functions such as water purification, nutrient uptake, carbon storage, flood reduction, and provision of wildlife
habitat [7]. Wetlands serve as natural filters that trap sediment particles and pollutants before they can affect other
downstream aquatic ecosystems. Wetlands have been subject to increased anthropogenic impacts including
discharge from industries, pollution from agriculture, and expansion of urban areas, thus increasing their
contamination by emerging pollutants. Some of the pollutants that wetlands may encounter include microplastics,
PFAS, pharmaceuticals, and endocrine disruptors. Pollutants may have adverse effects on the survival of wildlife,
reproduction, and interaction between species, causing biodiversity loss. Various organisms are supported by
wetlands such as amphibians, aquatic plants, macroinvertebrates, fish, and birds. As such, wetlands play an
important role in assessing the health of ecosystems. Studying the presence of pollutants and biodiversity in
wetlands allows us to assess the ecological resilience of these ecosystems [8].

2.2 Sampling Strategy

A) Water Sampling

Sampling was performed for determining the physicochemical properties and levels of emerging contaminants in
riverine, lacustrine, and wetland surface waters. Sample sites were chosen in order to cover different levels of
water pollution, various hydrological settings, and diverse ecology. Water sampling was done on a seasonal basis
in order to account for variability in environmental conditions and pollutant levels. A rigorous sampling
methodology was employed to ensure reliable data. Surface water samples were collected using sterilized bottles
and delivered to the laboratory under appropriate conditions. The pH value, water temperature, conductivity,
dissolved oxygen, and turbidity were measured either in-situ or immediately after sampling. Other sample
analyses were carried out to measure levels of microplastics, per- and poly-fluoroalkyl substances (PFAS),
pharmaceuticals, and endocrine-disrupting chemicals. The replicates of water samples were taken for enhancing
the quality of analysis and results. These data constitute an important source of information about pollutant levels
and environmental factors affecting aquatic biota. Physicochemical variables mentioned above are important
predictors used by statistical models [9].

B) Sediment Sampling

Sediment sampling was done to study the persistence, accumulation, and potential impacts of emerging
contaminants on aquatic ecosystems. Sediments have been shown to be excellent storages of pollutants due to the
fact that various pollutants adsorb to particulate materials which get accumulated at the bottom of rivers, lakes,
and wetlands. The sediment sampling technique used here included coring and grab sampling techniques from
different sites within each ecosystem. A number of samples were taken for further laboratory analysis to make
sure of representativeness of the sampling results. Laboratory analyses aimed at finding out the concentration of
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emerging contaminants like microplastics, PFAS, pharmaceutical contaminants, and endocrine disrupting
compounds. Other parameters of sediment contamination like organic matter content, moisture level, and particle
size were also evaluated. Information about sediment contamination plays an important role in understanding the
history of pollution by pollutants in aquatic environments. Combining such information with data related to water
quality and biological diversity leads to an improvement in the predictive capacity of the suggested approach [10].
C ) Biological Sampling

Biosampling was done in order to analyze the biodiversity condition and the effects of exposure to the newly
discovered pollutants. Surveys were done in river, lake, and wetland ecosystems in order to obtain an aquatic
biodiversity profile and determine the overall condition of the ecosystem. Ecological assessment through
biological sampling involved surveys of fish population, macroinvertebrates, plankton communities, aquatic
vegetation, and other ecologically important organisms [11]. Common methods in estimating ecological
parameters such as abundance, richness, diversity, and biodiversity profiles were employed. Sampling exercises
were done at different times of the year in order to capture ecological variation throughout the seasons. Specie
classification was done using standardized ecological literature. Indicators of biodiversity such as species richness,
Shannon Diversity Index, Evenness Index, and aquatic invertebrate diversity were determined. Pollutant-sensitive
species played an important role in biosampling since these species are early indicators of ecological damage.
Biosampling data together with pollutant concentration data allow determination of the relationship between
pollutants and biodiversity. This ecological data set is the basis of statistical analysis and machine learning
modelling [12].

2.3 Data Collection Framework

A) Physicochemical Parameters

Physicochemical water quality measurements are used to assess basic information about the environment which
has an impact on the structuring and functioning of aquatic ecosystems. For this research, pH, temperature,
conductivity, and turbidity were chosen as primary environmental variables because of the impact they have on
aquatic organisms and pollutants. The values of these variables were taken using the calibration process with field
and laboratory equipment. Temperature plays a role in regulating metabolic activity and the distribution of various
species, as well as dissolved oxygen. pH is responsible for chemical species formation, toxicity, and other
processes within the aquatic environment. Conductivity acts as a measure of ion concentrations and overall water
quality, whereas turbidity is an indirect measurement of suspended matter and pollutant transport. These variables
were determined alongside pollutant and biodiversity measurements to provide necessary background for better
analysis. These values can be considered significant input for a machine learning model and are useful for
assessing pollutant and biodiversity change dynamics in different aquatic environments [13].

B) Emerging Pollutants

Pollutants were chosen on the basis of their environmental persistence, ecological importance, widespread
presence in aquatic ecosystems, and potential negative effects on biodiversity in such systems. The research paid
attention to microplastics, per- and polyfluoroalkyl substances (PFAS), pharmaceuticals, and endocrine-disrupting
compounds (EDCs) since all these contaminants have been frequently found in freshwater ecosystems around the
world. Microplastics can serve as a medium for harmful substances and be absorbed into aquatic food chains due
to being ingested by organisms [14]. Per-and polyfluoroalkyl substances are very persistent chemicals that are
linked to bioaccumulation. Pharmaceuticals are typically released into water bodies along with wastewater
effluents, thereby affecting physiological functions of aquatic organisms. Endocrine disruptors affect hormonal
control, reproduction, and development processes in aquatic organisms. Quantities of those pollutants were
measured via standard methods of analysis and included in the modeling approach. This inclusion allows
researchers to assess ecological risks caused by particular contaminants and identify key environmental stressors
[15].

C) Biodiversity Indicators

Biodiversity indicators have been chosen in order to ensure that all the aspects concerning the state of the ecology,
including the biological reactions to the impact of the emerging pollutants, are considered in the research process.
Specifically, species richness has been applied to identify the total number of existing species in the studied
aquatic ecosystems and serves as an indication of the overall state of biodiversity [16]. The Shannon Diversity
Index has been chosen for evaluating not only the number of species but also their distribution in different
ecosystems. The Evenness Index has been used to determine whether there is an even distribution of individuals
among species in ecological communities. Invertebrate diversity has been introduced into the research as an
important variable as macroinvertebrates are very sensitive to the environmental changes and are considered to
be excellent water quality indicators. Altogether, all the indicated biodiversity indicators are able to provide
complementary information about species composition, ecology balance, and stability of the system.

Table 1: Integrated Dataset Structure for Aquatic Ecosystem Monitoring and Biodiversity Analysis

Category Parameter Description Unit Data
Type
Aquatic Ecosystem | River Sites Flowing freshwater ecosystems Categorical Input

influenced by natural and
anthropogenic activities

Lake Sites Standing water bodies with Categorical Input
pollutant accumulation potential
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Wetland Sites Ecologically productive habitats Categorical Input
with pollutant retention capacity
Physicochemical pH Acidity/alkalinity of water pH Units Input
Parameters
Temperature Water temperature affecting °C Input
biological processes
Conductivity Indicator of dissolved ionic uS/cm Input
content
Turbidity Water clarity and suspended NTU Input
particles
Emerging Microplastics Plastic particles present in aquatic | Particles/L Input
Pollutants environments
PFAS Per- and polyfluoroalkyl ng/L Input
substances
Pharmaceuticals Drug residues detected in water ng/L Input
bodies
Endocrine Hormone-altering chemical ng/L Input
Disruptors compounds
Sampling Strategy | Water Samples Surface water quality and Observations | Input
pollutant measurements
Sediment Samples | Pollutant accumulation in Observations | Input
sediments
Biological Samples | Aquatic organism monitoring Observations | Input
records
Biodiversity Species Richness Total number of species recorded | Count Output
Indicators
Shannon Diversity | Species diversity considering Index Value | Output
Index abundance
Evenness Index Distribution uniformity among Index Value | Output
species
Aquatic Diversity of macroinvertebrate Index Value | Output
Invertebrate communities
Diversity
Dataset Monitoring Total aquatic monitoring sites Number Metadata
Characteristics Locations
Sampling Records | Total collected observations Number Metadata
Study Duration Multi-season monitoring period Years Metadata

3. Proposed Explainable Machine Learning Framework

The XML framework consists of environmental monitoring, ecological assessment, ML prediction, and
explainable Al to assess the ecological effects caused by novel pollutants on aquatic biodiversity. Environmental
monitoring is the process where water quality parameters, pollution levels, and diversity metrics obtained from
lakes, rivers, and wetlands are included. After data preprocessing and feature engineering, the data are used for
ML-based predictions that forecast the ecological responses based on the presence of these environmental factors.
Finally, the explainable Al component uncovers key drivers of ecological effects to allow transparent risk
assessment and evidence-based decision-making on environmental management.

3.1 Data Acquisition and Preprocessing

Data acquisition and pre-processing were performed to obtain environmental data that could be used for machine
learning purposes. Data concerning water quality parameters, pollution levels, and biological diversity were
obtained from various aquatic environments. Preprocessing involved data cleaning through such steps as handling
missing values, feature scaling, noise filtering, and outlier detection [17]. These actions helped minimize any
discrepancies within the data set and made the data ready for use. Statistical exploration was carried out with the
help of mean, median, variance, and standard deviation [18]. The obtained standardized data set served as an
excellent basis for the proposed methodology.
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Figure 1: Explainable Machine Learning Framework for Emerging Pollutant Impact Assessment

3.2 Feature Engineering and Ecological Risk Modeling

Feature engineering facilitated the conversion of environmental data into ecological indicators that could increase
prediction precision and understanding of the environment. Indicators such as Pollutant Risk Score, Ecological
Stress Index, and Biodiversity Vulnerability were extracted using pollutant concentration and biodiversity data
respectively. Pearson correlation coefficient was utilized to find out the significant variables and eliminate
redundant variables. The resultant features increased the predictive power of the models without compromising
the ecological meaning. Ecological risk assessment was done to determine the effects of pollutants on the stress
levels of aquatic organisms.

n
PRI = Z w,C; (1)

Pollutant Risk Index is an ecological risk indicator based on the concentrations of pollutants and their toxicity
weightage. High values show that there is more pollution present in the environment. This indicator acts as an
important prediction parameter when evaluating effects of pollutants on aquatic life.
Smax — S,
By = 2max  “obs )
Smax
Biodiversity vulnerability index is an index which measures the extent of biodiversity loss compared to ecosystem

conditions. Large values represent high ecological vulnerability and biodiversity loss. This index can be used to
determine ecologically sensitive areas experiencing novel pollution and stress.

3.3 Machine Learning Predictive Modeling Framework

In the study of predicting biodiversity response, three types of machine learning methods were used in building
the model. These include Random Forest, XGBoost, and LightGBM models. These techniques help in capturing
the nonlinearity in relation between the concentration of the pollutant and other physicochemical and ecological
variables. Biodiversity indices were the target variables whereas engineered environmental features were the
inputs for prediction modeling. Model validation processes such as K-Fold Cross Validation and Bootstrap
validation were performed in order to test the reliability of the prediction.

1
MAE = ——— (3)
I
The Mean Absolute Error evaluates the magnitude of error in the predictions between the actual values and the

forecasted values of biodiversity. Lower Mean Absolute Error values suggest higher levels of accuracy in the
model’s predictions.

L0 —9)?

2:
R =l S0 502

(4)

Coefficient of Determination
The coefficient of determination is a measure of how well a predictive model explains the variation in the data.
The closer the value is to one, the better the predictive power and learning ability in ecology.
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Figure 2. Biodiversity Prediction and Explainability Workflow

3.4 Explainable Artificial Intelligence Module

The module of Explainable Artificial Intelligence was created for making machine learning models more
understandable and interpretable. The SHAP value method was used to measure the influence of each
environmental parameter on the biodiversity result. The global importance of features was estimated, which
allowed recognizing the major pollutants and other environmental factors influencing ecosystems' well-being. The
local explanation helped understand why machine learning models made certain predictions at particular
monitoring points. Ranking of pollutant effects was carried out based on SHAP values, thus allowing prioritizing
contaminants by their ecological significance.

H' =) piln (i) ()
The Shannon Diversity Index is based on two criteria: number of species and their distribution. The higher the

score, the richer and more diverse is the biological community. Therefore, the Shannon Diversity Index is a
valuable ecological tool for measuring species diversity.

3.5 Statistical Analyses and Ecological Significance Tests

In order to test ecological relationships and interpret the results of machine learning algorithms, statistical analyses
were conducted. They consisted in descriptive statistics such as average value, median, variance, and standard
deviation to characterize the environment and biodiversity. To discover any correlations between environmental
pollution and ecology, the Pearson correlation analysis was conducted. To compare different types of ecosystems
and different levels of pollution, one-way ANOVA was conducted. If there were any significant differences,
Tukey post hoc analysis was conducted.

-0y -y
JZ(x eI E
Pearson Correlation Coefficient is used for estimating the relationship between different environmental factors.

Correlations close to +1 and —1 represent strong associations, whereas coefficients close to zero mean weak
correlations between pollution and biodiversity.

(6)

5. Results and Discussion

The presented explainable machine learning approach enabled accurate assessment of the influence of new
pollutants on aquatic biodiversity. It was found that PFAS and microplastics became the most common emerging
pollutants in the investigated ecosystems, demonstrating high concentrations especially in rivers. The species
richness and Shannon diversity indices significantly reduced due to increased pollution levels. According to
statistical analysis results, there were negative and statistically significant correlations between pollutants and
ecosystem indicators. Using SHAP-based explanations allowed us to uncover the most important environmental
factors involved in biodiversity deterioration caused by pollutant presence.

5.1 Distribution of Emerging Pollutants

As aresult of the emerging pollutants' analysis, significant variations in their concentrations were revealed among
the surveyed aquatic ecosystems. High concentrations of microplastics, PFAS, pharmaceuticals, and endocrine
disruptors were recorded in rivers near urban and industrial zones. Lake ecosystems were characterized by a
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moderate presence of these chemicals due to the relatively low water renewal rate, whereas wetlands partially
retained some pollutants because of natural filtration. Based on the statistical results, one can note that PFAS and
microplastics were among the most abundant pollutants in the analyzed sampling points.

Table 2. Spatial Distribution of Emerging Pollutant Concentrations Across Aquatic Ecosystems

Sampling Site Microplastics PFAS Pharmaceuticals Endocrine Disruptors
(Particles/L) (ng/L) (ng/L) (ng/L)
River Site 1 165 4.8 2.6 95
River Site 2 172 5.1 2.8 102
Lake Site 1 118 3.5 1.9 76
Lake Site 2 126 3.8 2.1 80
Wetland Site 1 92 2.4 1.4 58
Wetland Site 2 88 2.2 1.2 54
10" mmm Microplastics

T = PFAS
g 101 s Pharmaceuticals
o M Endocrine Disruptors
i
5 10
=
£

-6
_§ 10
g
IS
g 103
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Figure 3: Emerging Pollutant Concentration Distribution Across Aquatic Ecosystems

5.2 Biodiversity Response to Pollutant Exposure

The biodiversity indicators were found to consistently decrease as pollutant concentration increased. High PFAS
and microplastics were indicative of a reduction in the number of species, low Shannon Diversity Index scores,
and a decrease in invertebrate biodiversity. Wetlands retained a high level of biodiversity due to their ability to
naturally buffer contaminants. The heavily polluted river ecosystems had extensive environmental degradation,
compared to less polluted sites. In statistical comparison, species richness was noted to be above 30 percent lower
in highly polluted ecosystems than those with minimal pollution. It can thus be concluded that emerging
contaminants influence ecosystem stability and structure significantly

Table 3. Biodiversity Metrics Under Different Pollution Exposure Categories

Diversity Index / Species Count

Pollution Level

Species Richness

Shannon Index

Evenness Index

Invertebrate Diversity

Low 82 3.82 0.88 4.10
Moderate 69 3.31 0.79 3.52
High 54 2.74 0.68 2.91
Very High 41 2.15 0.57 2.22
— Speocies Richness (Green)
— == Shannon Diversity Index (Blue)
400
100
140
100
Low Moderate Hlbh Very High art

Figure 4. Biodiversity Decline Under Increasing Pollution Levels
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5.3 Statistical Relationship Analysis

Results from the statistical tests have proved the presence of correlations between the levels of pollutants and the
indicators of biodiversity. From the Pearson Correlation coefficients, it is clear that there are high negative
correlations between the levels of PFAS concentration and species richness, while the levels of microplastics
exhibit negative correlations with the aquatic invertebrate diversity. Further tests, such as One-Way ANOVA,
showed statistically significant differences between pollution types. Post hoc Tukey analysis further showed that
highly polluted sites were the major cause for decline in biodiversity.

Table 4. Correlation and Ecological Significance Testing Results

Variable Relationship Pearsonr | p-value | ANOVA F-value | Significance
PFAS vs Species Richness -0.84 <0.001 | 18.74 Significant
Microplastics vs Shannon Index -0.79 <0.001 | 16.52 Significant
Pharmaceuticals vs Evenness -0.71 0.002 12.31 Significant
Endocrine Disruptors vs Invertebrate Diversity | -0.76 <0.001 | 14.88 Significant

5.4 Explainable Al Findings

Explainable Al was found to be an effective tool for understanding the drivers responsible for making accurate
biodiversity predictions. Feature selection through the use of SHAP resulted in identification of the presence of
PFAS chemicals as the highest driver of biodiversity loss, after which came the presence of microplastics,
turbidity, and pharmaceutical chemicals. Global feature importance indicated that the effects of the contaminants
were more significant than any particular physiochemical factor when it came to causing a decrease in
biodiversity. Locally, explainability demonstrated that ecosystems exposed to contaminants had reduced
biodiversity.

Table 5. SHAP-Based Feature Importance Ranking

Rank | Feature Mean SHAP Value | Impact Level
1 PFAS Concentration 0.412 Very High

2 Microplastic Concentration | 0.378 Very High

3 Turbidity 0.291 High

4 Pharmaceutical Residues 0.267 High

5 Conductivity 0.214 Moderate

6 Temperature 0.183 Moderate

Endo- SpeciesShannotvennedsvertebrate
PFAS Micro Pharma Disr Richness Index Index Diversity

PFAS AR Nl -0.71 -0.75

Microplastics

Pharmaceuticals

Endocrine Disruptors

Species Richness

Shannon Index

Evenness Index Rt} 0.75 -0.84 0.64

Invertebrate Diversity JElt2 ' -0.79 0,63

PFAS Microplastics Endocrine Species Shannon Evennessinvertebrate
Disruptors Richness  Index Index  Diversity

Figure 5. Correlation Analysis Between Pollutants and Biodiversity Indicators

5. Conclusion

This research outlined the explainable machine learning method to develop a model that would demonstrate the
effect of emerging pollutants on aquatic biodiversity. Applying physicochemical parameters, pollutant
concentration, and biological metrics of the biodiversity of riverine, lake, and wetland ecosystems, the model
allowed establishing the ecological relations in the context of pollution. In particular, statistical analyses using
correlations and ANOVA showed the importance of PFAS and microplastics as the primary pollutants associated
with a decrease in the number of species, the Shannon diversity index, and aquatic invertebrates. Moreover, the
SHAP analysis helped interpret the results in the light of important environmental predictors that contribute to
ecosystem health. Therefore, this methodology allows for accurate prediction and model explainability, which is
vital to enhance ecological risk assessment. Overall, the research underscores the necessity to employ artificial
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intelligence and environmental monitoring to maintain sustainable development, biodiversity protection, and
effective policies against pollutants.
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