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ABSTRACT 

Full Name                     : Abdulhayat Muhammad Jibrin 

Thesis Title                    : Insights into Groundwater Quality Assessment in Saudi Arabian Coastal 

Aquifers: Applications of Geospatial Mapping and Machine Learning 

Major Field                    : Civil Engineering 

Date of Degree               : May 2025 

Groundwater quality (GWQ) assessment is critical in arid regions where water resources are scarce 

and vulnerable to degradation due to seawater intrusion and anthropogenic activities. This research 

presents an integrated approach to assess GWQ in Al-Qatif using Kernel Principal Component 

Analysis (Kernel PCA) and Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN). Kernel PCA reduced dimensionality and improved cluster separation, with the 

polynomial kernel showing the best performance. DBSCAN identified spatial clusters and 

anomalies, using optimal parameters of eps = 0.05 and minPts = 3, revealing high salinity levels 

due to seawater intrusion and over-extraction. The spatial distribution provided insights into GWQ 

hotspots. A new Water Quality Index (WQI) based on Kernel PCA was developed to classify water 

quality into categories such as ‘Very Bad,’ ‘Bad,’ and ‘Medium’. Key findings included WQI 

scores of 25.51 for ‘Very Bad’, 46.7 for ‘Bad’, and 56.75 for ‘Medium’, highlighting the impacts 

of anthropogenic activities. The WQI was validated using a reference study in Wadi El-Natrun, 

Egypt, achieving strong performance metrics: R² = 0.8938, MSE = 27.1193, and RMSE = 5.2076. 

These results confirm the generalization and scalability of the WQI across diverse hydrogeological 

conditions. Furthermore, synthetic data was generated using Gaussian Mixture Models (GMMs), 

producing 700 samples validated by Jensen-Shannon Divergence (0.23). Among four machine 
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learning (ML) models, Gradient Boosting Machine (GBM) performed best with the lowest rRMSE 

(1.5133%) and sMAPE (1.9163%). SHAP analysis identified chloride (Cl⁻) and electrical 

conductivity (EC) as the most influential parameters. The findings and approaches offer scalable 

solutions to support sustainable groundwater management strategies. 
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الرسالة ملخص  

 عبدالحيات محمد جبريل :الاسم الكامل  

المملكة العربية السعودية: تطبيقات الخرائط الجغرافية  رؤى في تقييم جودة المياه الجوفية في الخزانات الساحلية في  :عنوان الأطروحة  

 وتقنيات التعلم الآلي

 الهندسة المدنية  :التخصص الرئيسي 

 2025مايو   :تاريخ الحصول على الدرجة 

جم عن  تعُدّ عملية تقييم جودة المياه الجوفية ضرورية في المناطق القاحلة التي تعاني من ندرة الموارد المائية وتتعرض لمخاطر التدهور النا

كونات  تسرب مياه البحر والأنشطة البشرية. يقدم هذا البحث نهجًا متكاملاً لتقييم جودة المياه الجوفية في منطقة القطيف باستخدام تحليل الم

للنواة ) الكشف عن الضوضاء )Kernel PCAالرئيسية  الكثافة مع  القائم على  المكاني  التجميع  المكونات  DBSCAN( و  تحليل  قلّل   .)

 الرئيسية بالنواة من الأبعاد وحسّن الفصل بين المجموعات، وأظهرت النواة متعددة الحدود الأداء الأفضل. حددّت طريقة التجميع المكاني

 eps = 0.05( المجموعات المكانية والبيانات الشاذة باستخدام المعايير المثلى )DBSCANلى الكثافة مع الكشف عن الضوضاء )القائم ع

(، وكشفت عن مستويات ملوحة مرتفعة ناتجة عن تسرب مياه البحر والاستخراج المفرط. قدمّ التوزيع المكاني رؤى واضحة  minPts = 3و

 Kernel( مبني على تحليل المكونات الرئيسية بالنواة )WQIحول المناطق الساخنة لجودة المياه الجوفية. تم تطوير مؤشر جديد لجودة المياه )

PCA( لتصنيف جودة المياه إلى فئات مثل »سيئة جداً« و»سيئة« و»متوسطة«. شملت النتائج الرئيسية درجات مؤشر جودة المياه )WQI  )

لفئة »متوسطة«، مما يبرز تأثير الأنشطة البشرية على جودة المياه   56.75لفئة »سيئة«، و   46.7و  لفئة »سيئة جداً«،  25.51حيث بلغت  

( باستخدام دراسة مرجعية في وادي النطرون بمصر، حيث حقق المؤشر نتائج أداء  WQIالجوفية. تم التحقق من صحة مؤشر جودة المياه )

التحديد   التربيع  R² = 0.8938قوية تمثلت في معامل   = RMSE، وجذر متوسط مربع الأخطاء  MSE = 27.1193، وخطأ متوسط 

( على التعميم وقابليته للتطبيق في ظروف هيدروجيولوجية متنوعة. بالإضافة  WQI. تؤكد هذه النتائج قدرة مؤشر جودة المياه )5.2076

عينة تم التحقق من صحتها باستخدام    700م إنتاج (، حيث ت GMMsإلى ذلك، تم توليد بيانات اصطناعية باستخدام نماذج الخليط الغاوسي ) 

جنسن ) - تباعد  بلغت  Jensen-Shannon Divergenceشانون  بقيمة   )0.23( الآلي  للتعلم  نماذج  أربعة  بين  من   .ML  نموذج أظهر   ،)

( بلغت  rRMSE( أفضل أداء، حيث حقق أقل قيمة للخطأ النسبي الجذري )Gradient Boosting Machine - GBMالتعزيز المتدرج )

أن أكثر العوامل تأثيراً على  SHAP%. وأوضح تحليل  1.9163( بلغت sMAPE%، وأقل قيمة للخطأ النسبي المطلق المتماثل )1.5133

(. توفر هذه النتائج والمنهجيات حلولاً قابلة للتوسع لدعم استراتيجيات  EC⁻( والتوصيلية الكهربائية )Clجودة المياه هما تركيز الكلوريد )

  الإدارة المستدامة للمياه الجوفية. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Study background 

Water is essential, but its availability and distribution vary significantly worldwide. The minimum 

daily water requirement to sustain human life is approximately 3 liters, and people survive on 

hardly more than this amount in some bankrupt regions (Giordano, 2009). Groundwater is water 

stored beneath the Earth's surface in porous rock formation. Originating from precipitation 

infiltrating through the soil, it constitutes nearly 99% of the world’s available freshwater, with 

snow and ice reserves exclusive (Herschy and Fairbridge, 1998). This resource is of specific 

significance in arid and semi-arid regions where annual rainfall is limited and drought conditions 

are common (Aryafar et al., 2019). Managing groundwater quality (GWQ) and availability is 

necessary in water-stressed regions due to critical dependence on the resources to sustain life. 

However, groundwater resources are increasingly threatened by various elements, including global 

climate change and anthropogenic activities such as excessive abstraction (Ashraf et al., 2017). 

Rising global temperatures influence groundwater recharge patterns that ultimately reduce 

recharge rates. Groundwater also serves as a freshwater source by constituting over 75% of 

drinking water supplies in some areas (Lerner and Harris, 2009). 

Coastal regions, representing some of the most densely populated and economically 

significant areas worldwide, are particularly vulnerable to GWQ degradation (Lin and Pussella, 

2017). Approximately 40% of the world’s population resides within 100 km of a coastline  

(SEDAC, 2008). Groundwater serves as a primary water supply in these areas and sustains 

domestic and industrial consumption needs since surface water is scarce (Small and Nicholls, 
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2003). However, groundwater in coastal aquifers faces many challenges: agricultural runoff 

contamination, urban wastewater, and seawater encroachment due to over-extraction (Robins et 

al., 2016; Treidel et al., 2011). Despite the importance of GWQ in arid coastal zones for 

maintaining ecosystem balance and socio-economic activities, research in these regions is 

moderately limited. Rapid population growth, industrialization, and expanding agricultural 

activities have significantly deteriorated GWQ over the past decades in those regions (Maja and 

Ayano, 2021).  

Agriculture remains the major consumer of freshwater resources (Mekonnen and Gerbens-

Leenes, 2020) and constitutes about 70% of freshwater use across the globe (Abobatta, 2018). In 

order to meet the food demands of an estimated global population of 9 billion by 2050, agricultural 

production is projected to increase by 50% (Wang, 2022). This could drive a corresponding 15% 

increase in water withdrawals. The escalating water demand necessitates the urgent need for 

sustainable groundwater management strategies. Aquifers extending across property lines and 

political boundaries intensify the complexity of groundwater, raising critical questions about 

extraction limits and well placement. 

1.2 Problem statement and motivation 

Saudi Arabia has a low availability of groundwater and high groundwater dependability. Over the 

past three decades, the abstraction of groundwater rose to about 17 billion m³/year with increased 

demand from agricultural, industrial, and domestic sectors (Al-Omran et al., 2016). They have 

extreme temperatures, low and variable rainfall, and high evapotranspiration and, therefore, face 

high stress levels. All these have a high impact on water quantity and quality. To counter its high 

demand, Saudi Arabia has achieved desalination and reuse of treated sewage. However, such 

interventions cannot contribute to long-term sustainability. Long-term groundwater sustainability 
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in such areas can be achieved with a data-intensive practice involving hydrogeochemical appraisal 

and machine learning (ML) tools for enhanced observation and forecasting capabilities. 

This study uses the coastal aquifers of Al-Qatif in the Eastern Province of Saudi Arabia. 

Water in the region is significant for agricultural, industrial, and residential use but is increasingly 

threatened through urban development, reclamation, and industry expansion (Ministry of 

Municipal & Rural Affairs, 2019). Overexploitation and lowered recharging have seen shallow 

aquifers increasingly salinized, a demand for groundwater, and a transition to deeper aquifers (Al-

Shaibani, 2013)The coastal aquifers are characterized by fault systems and high transmissivity in 

unconsolidated sediments, which worsens the mobilization of contaminating factors in Al-Qatif’s 

case. Despite its critical role in the region's water supply, there remains a significant gap in using 

advanced analysis to assess groundwater sustainability and monitoring. 

1.3 Study gaps and objectives 

In the field of GWQ assessment, developing WQI using traditional methods often faces challenges 

due to high-dimensional and non-linear data, which can obscure important physicochemical 

patterns. While Principal Component Analysis (PCA) has been widely used to reduce data 

dimensionality, its linear nature limits its ability to capture the complex, non-linear relationships 

in physicochemical datasets. Despite the increasing adoption of PCA in groundwater research, the 

application of Kernel PCA—a non-linear extension of PCA—has not been extensively studied, 

and there is a lack of comprehensive research comparing different kernel functions for GWQ 

assessment. This research aims to bridge this gap by integrating Kernel PCA with various kernel 

functions, including linear, polynomial, radial basis function (RBF), sigmoid, cosine, and 

Laplacian. This approach effectively reduces data dimensionality while preserving essential 

variability for developing WQI. 
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Geospatial mapping is a crucial tool in groundwater studies as it allows for the visualization 

and analysis of spatial variations in both quality and quantity (Shadrin et al., 2021; Tziritis et al., 

2024). It helps researchers understand how these factors differ across different locations. Density-

Based Spatial Clustering of Applications with Noise (DBSCAN) is an unsupervised ML algorithm 

that excels in identifying clusters of arbitrary shapes and detecting anomalies used for spatial 

mapping. This is conducted without requiring a predefined number of clusters. Its application in 

groundwater analysis is limited, particularly in arid and semi-arid regions. This study addresses 

such loopholes by applying DBSCAN to cluster groundwater samples based on physicochemical 

factors, discovering outliers in GWQ, and realizing that DBSCAN performance is sensitive to the 

selection of its parameters, namely, epsilon (ε) and minimum points (minPts). This study 

systematically considers a range of parameters to obtain the best performance and tuning. 

Optimum parameters are then determined through performance analysis. The current study 

proposes a new and efficient GWQ analysis in arid regions by integrating Kernel PCA and 

DBSCAN. 

While numerous GWQ studies have been conducted in coastal aquifers, existing methods 

cannot be accurate and scalable, particularly in data-poor regions. Limited data sets have plagued 

traditional hydrochemical investigations, restricting model generalizability and predictive power. 

In addition, most groundwater research has overlooked the synergy of state-of-the-art ML and 

Explainable Artificial Intelligence (XAI). This study bridges these gaps through synthetic data 

generation, ML-based salinity prediction, and interpretability techniques. ML models require well-

structured and contextually relevant datasets to be reliable (Shao and Wang, 2022). Small datasets 

lead to high variability during model training and quality estimation (Vanpoucke et al., 2020). To 

address this drawback, this study employs Gaussian Mixture Models (GMMs) to generate 
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synthetic data from the distribution of real datasets. This novel approach enhances data availability, 

enabling ML applications even in regions where data collection is costly or scarce. 

The specific objectives of this study are: 

i. To map and cluster the distribution of groundwater parameters within the study area.  

ii. To develop the Water Quality Index (WQI) to evaluate GWQ based on Kernel Principal 

Component Analysis (PCA). 

iii. To test and generalize the proposed WQI by validating its robustness and scalability across 

a region with diverse hydrogeological and environmental conditions. 

iv. To conduct feature importance analysis using Explainable AI by employing SHAP: 

SHapley Additive exPlanations in combination with ML models to identify and rank the 

importance of water quality parameters. 

1.4 Organization of the study 

This thesis comprises five structured chapters that collectively explore GWQ assessment in the 

coastal aquifers of Al-Qatif, Saudi Arabia. The first chapter introduces the study by outlining the 

background, problem statement, motivation, and research objectives. Chapter 2 reviews existing 

literature on GWQ assessment methods, such as geospatial mapping, WQIs, remote sensing (RS), 

etc. The methodology is detailed in Chapter 3, which describes the study design, data sources, and 

analytical techniques used for investigating groundwater conditions and modeling salinity. Chapter 

4 presents the results and discussion, interpreting the findings based on analysis and modeling of 

physicochemical parameters. Lastly, Chapter 5 concludes the thesis with a summary of key 

findings, implications, and recommendations for future research on sustainable groundwater 

management in arid regions. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

Groundwater is the largest freshwater resource on Earth, accounting for more than 97% of all 

freshwater, excluding glaciers and ice caps, as shown in Fig. 2.1. It plays a crucial role in 

maintaining life by providing essential water supplies for drinking, agriculture, and industry 

(Quevauviller, 2007). In coastal areas, groundwater is even more significant due to the high 

population density and the concentration of economic activities that depend on this vital resource 

(Kazakis et al., 2018). However, the overexploitation of groundwater and various development 

activities have significantly disturbed the hydrological balance between groundwater, surface 

water, and seawater. This imbalance has led to a decline in GWQ and poses severe risks to the 

ecosystems and communities that rely on these resources (Foster et al., 2013).  

Coastal aquifers, which serve as primary sources of freshwater for over a billion people 

worldwide, face additional challenges, such as seawater intrusion, contamination from agricultural 

and industrial activities, and the impacts of climate change (Gaaloul, 2012). Understanding these 

challenges is essential for sustainable groundwater management, especially in arid and semi-arid 

coastal regions where water scarcity is a persistent issue. Effective management of groundwater 

resources is crucial for achieving Sustainable Development Goals (SDGs), particularly those 

related to clean water and sanitation (Han & Currell, 2022; Lapworth et al., 2022). Moreover, 

addressing GWQ challenges in coastal areas is vital for maintaining these regions' socio-economic 

development and ecological balance. Geospatial technologies, including Geographic Information 

Systems (GIS) and RS, have become powerful tools for assessing and managing GWQ. These 
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technologies enable the visualization and analysis of spatial variations in GWQ parameters, 

facilitating more effective decision-making (Ahmed II and Mansor, 2018). Advancements in 

hydrogeological knowledge, coupled with the development of ML models, offer promising 

approaches for predicting GWQ and identifying contamination risks. 

This chapter aims to review the existing literature on GWQ assessment methodologies with 

a focus on coastal aquifers. It explores the traditional and modern approaches used for GWQ 

analysis, including the application of geospatial mapping, WQI, and ML models. The chapter also 

highlights the challenges and limitations associated with GWQ assessment and identify potential 

gaps in the existing research that need to be addressed. By synthesizing the current body of 

knowledge, this chapter seeks to provide a comprehensive understanding of the methodologies 

available for GWQ assessment and their applicability to coastal aquifers. 

 

Fig. 2.1. Groundwater as a vital resource for sustainable development (World Bank, 2022). 
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2.2 Groundwater quality (GWQ) assessment: global and regional perspectives 

The quality assessment of groundwater involves taking a deeper exploration at the 

physicochemical and biological parameters to determine suitability for various purposes. These 

uses may include domestic, agricultural, and industrial purposes, where the quality of this 

groundwater is crucial for their sustainable uses in urban, agriculture, and industries. Poor 

management of heavy metals causes significant threats to human health, agricultural productivity, 

and ecosystem equilibrium (Alizamir et al., 2023; Jibrin et al., 2024). Approaches for the 

evaluation of GWQ throughout the world generally include a combination of field sampling 

(Rezaei and Hassani, 2018), laboratory analysis (Venkatesh et al., 2024), statistical modeling 

(Thirumoorthy et al., 2024), ML modeling (Abba et al., 2022), and advanced geospatial techniques 

(Tanushree and Kumari, 2021). Field methods involve the collection of water samples from wells, 

springs, or aquifers for measurement parameters such as pH, electrical conductivity (EC), and total 

dissolved solids (TDS). Major ions, trace metals, and microbial contaminants are also being 

analyzed through laboratory analysis, including ion chromatography, atomic absorption 

spectrophotometry, and molecular methods for biological testing. While multivariate analysis, 

WQI frameworks, and a suite of ML models are common in current methodologies for synthesizing 

data and performing trend evaluations (Ali et al., 2024), the introduction of GIS and RS is a 

quantum leap in the assessment of groundwater by mapping the spatial distribution of quality 

parameters along with the determination of vulnerable zones (Aretouyap et al., 2020; Tanushree 

& Kumari, 2021). New technologies involve hydrogeochemical modeling and real-time sensors 

that are becoming dynamic tools in monitoring and managing this resource on every continent. 

These methods address the challenges in quality assessment, including parameter variability and 
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contamination from anthropogenic and natural sources, toward sustainable groundwater use 

(Buvaneshwari et al., 2020).  

Numerous studies have used various techniques to assess GWQ in Saudi Arabia and other 

arid or semi-arid regions. For instance, (Jibrin et al., 2024) investigated GWQ in the Eastern 

Province of Saudi Arabia. They employed advanced ML models, including the Adaptive Neuro-

Fuzzy Inference System (ANFIS), Gaussian Process Regression (GPR), and Decision Tree (DT) 

algorithms, to predict WQIs. Their findings emphasize how these hybrid models effectively predict 

pollution and groundwater scarcity in the region by providing accurate predictions of water quality 

even in unmonitored sites. In a study by (Kahal, 2024) in the Hail region, Northwest Saudi Arabia, 

the assessment was based on the use of physicochemical parameters such as pH, EC, and TDS, 

together with the concentration of major ions like sulfate, chloride, and nitrate. More than 70% of 

the samples in this analysis were found to meet international drinking water standards and were 

suitable for domestic and irrigation purposes. This further explains the usefulness of GIS while 

mapping and making decisions regarding the management of groundwater resources. (El-Rawy et 

al., 2024) investigated the GWQ of the Assuit Governorate, Egypt, using a combination of PCA, 

GIS, and ML algorithms to assess water quality classes across 217 wells. Most groundwater 

samples were of good quality; however, samples collected in industrially and densely populated 

areas had many contaminants, such as Na+, K+, and Mg2+. Further, the importance of advanced 

techniques is emphasized because those can be useful in the identification and management of 

sources of pollution. (Fang et al., 2024) conducted research in the United Arab Emirates (UAE) 

that adopted a large-scale and stable isotopic analysis coupled with ML techniques to delineate 

such decision boundaries and determine principal groundwater recharge mechanisms. Outcomes 
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from this approach indicate a predominance of four large dissimilar groundwater zones under the 

significant control of prevailing climatic and topography rather than aquifer boundary conditions.  

Some of the major issues in groundwater monitoring and management include limitations 

in the accessibility of field sites, high costs for large-scale data gathering, and inconsistencies in 

resolution both spatially and temporally (Fang et al., 2024). In arid regions, this gets further 

complicated because of complications in finding mechanisms of recharge and management within 

a climate change, over-extraction, and pollution context. Other challenges identified by (Chaudhari 

et al., 2024) In the review of the status of GWQ, it was found that overexploitation, contamination 

due to the excessive agricultural use of fertilizers, and the intrusion of salinity into coastal areas 

were the factors. Their findings indicated that these issues needed to be investigated using 

hydrochemical studies integrated with statistical and graphical methods to attain sustainable 

groundwater management in arid and semi-arid regions. According to (ullah et al., 2024), more 

problems may affect groundwater management, such as rapid land use and land cover (LULC) 

changes, nitrate contamination by municipal sewage and agricultural runoff, and high spatial 

variability in the pollution level. 

2.3 Groundwater challenges in Saudi Arabia 

The problem of groundwater salinity is particularly critical in arid regions like Saudi Arabia, where 

the shortage of freshwater supplies increases the issue's urgency. High salinity levels, often 

measured by increased TDS, render groundwater unsuitable for drinking and agricultural purposes, 

resulting in health concerns such as hypertension and kidney dysfunction (Amwele et al., 2021; 

Nahian et al., 2018). Excessive withdrawal of groundwater accelerates the process of salinity in 

the coastal regions due to seawater intrusion, while the geological interactions with evaporation 

enhance the chemical deterioration of water (Jibrin et al., 2024; Lin et al., 2023). Such over-
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extraction disrupts the natural hydrostatic pressure, thereby increasing saltwater intrusion into 

aquifers in coastal areas of the Red Sea and Arabian Gulf regions (Alshehri et al., 2021). This 

situation develops an urgent requirement for sustainable usage of groundwater in most of its parts, 

essentially depending on the aquifer supply. 

Salinization is a process whose challenges are greatly heightened by anthropogenic 

pressures. Agricultural runoff, poor irrigation practices, and industrial waste increase the 

concentration of pollutants like nitrates, fluoride, and other contaminants that deteriorate GWQ 

(Yang et al., 2020; Zhang and Shen, 2022). For instance, the geological faults in the Jazan coastal 

aquifer, in conjunction with the over-extraction of groundwater, have formed conduits that have 

developed saltwater intrusion, increasing electrical conductivity up to a value as high as 13,000 

µS/cm in the coastal areas (Abdalla, 2016). Similarly, in the Al Lusub basin, lengthy application 

of saline water for irrigation resulted in nitrate build-up and increased salinity in the groundwater 

(Rajmohan et al., 2021). Climate change further aggravates the issues related to groundwater in 

Saudi Arabia. Inland aquifers naturally develop salinity due to limited precipitation and high 

evaporation rates, while sea-level rise and storm surges contribute to seawater intrusion in coastal 

areas (McKee et al., 2016). These climatic changes disturb the hydrological balance, making the 

aquifers more vulnerable to salinization and reducing their potential for supplying the growing 

water demands from the urban, industrial, and agricultural sectors (Chowdhury and Al-Zahrani, 

2013; Ouda, 2014). This underlines the need to devise adaptive strategies for managing 

groundwater resources by incorporating climate projections to ensure water resource sustainability 

over a long period. Among such challenges, some innovative answers are represented by 

desalination plants run on renewable energy and using treated wastewater for irrigation (Benaafi 

et al., 2024b). Using treated wastewater for irrigation in eastern Saudi Arabia has reduced 
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dependence on non-renewable aquifers and increased groundwater levels by 2.3 meters. This 

approach, in turn, faces its problems of localized salinity and contamination and requires further 

balancing (Benaafi et al., 2024). The effects of salinity can be further reduced by promoting 

sustainable use of groundwater through integrated water resource management (IWRM), deficit 

irrigation, and cultivation of salt-tolerant crops. 

Effective groundwater management in Saudi Arabia requires an integrated approach 

concerning technological innovation, policy interventions, and community involvement. Control 

pumping, together with hydraulic barriers and advanced monitoring using RS and ML algorithms, 

are certainly some of the potentially effective strategies for salinity reduction enhancement and 

resilience improvement in Saudi Arabian groundwater resources (Abd-Elaty and Zelenakova, 

2022; Yu et al., 2024). In this regard, the public needs to be made sufficiently aware, stakeholder 

participation facilitated, and regulations guiding the use of groundwater followed if this precious 

resource is to be used sustainably into the future amidst ever-increasing environmental and 

anthropogenic pressures. 

2.4 Overview of groundwater quality (GWQ) assessment 

The quality of the groundwater is crucial in arid and semi-arid coastal zones for human use, and 

agricultural use, in general, depends on having clean water sources that are available reliably for 

irrigation purposes. Besides that, aquifers provide essential ecological functions: wetlands and 

estuaries along the coast, relying on a balanced interaction between freshwater and saltwater. 

Therefore, protection of the quality of groundwater is essential for sustaining both natural 

ecosystems and livelihoods in these areas (Erostate et al., 2020). In the face of increasing pressures 

from climate change, population growth, and industrialization, robust management frameworks 

for GWQ are necessary to ensure the future resilience of arid coastal regions. Therefore, these 
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aspects can be analyzed under three indicators concerning GWQ: physicochemical parameters, 

chemical contaminants, and biological indicators. Physicochemical parameters are crucial in 

offering an overview of the state of the water. Chemical contaminants present a long-term threat 

to groundwater usability. At the same time, biological indicators will be paramount in analyzing 

the risk of contamination that could impact human health. 

2.4.1 Physical indicators 

Specific physical parameters, such as temperature, turbidity, taste, color, and odor, provide a 

preliminary idea about the acceptability of water for use and the detection of its pollution. 

Temperature remains one of the most important factors in the ecological health assessment of 

groundwater since it influences the solubility of gases and, thus, the metabolic activities of aquatic 

organisms. Turbidity is thus indicative of suspensions that may thereby indicate pollution 

originating from surface runoff or industrial sectors. Similarly, color and odor may indicate organic 

matter, dissolved minerals, or chemical pollutants such as iron and manganese. In contrast, unusual 

tastes usually come from high dissolved salts or metals. Although these physical characteristics 

are relatively simple to measure, they serve merely as initial indicators that further detailed 

chemical analysis is necessary to assess GWQ properly (Rao et al., 2021). 

Salinity, the concentration of dissolved salts, is another important factor. It is 

conventionally determined by analyzing total dissolved solids, electrical conductivity, and chloride 

concentrations, expressed conventionally in units such as mg/L or µS/cm. Groundwater is 

considered saline when TDS levels exceed 1,000 mg/L, significantly restricting its usability, 

especially in arid and semi-arid regions where freshwater is scarce  (Allan Freeze and Cherry, 

1979). High salinity harms agriculture by inhibiting plant growth, reducing crop yields, and 

decreasing soil fertility, eventually reducing irrigation's profitability (Gurmessa et al., 2022). 
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Consumption of highly saline water is unpleasant and unhealthy, threatening the achievement of 

SDGs globally (Flörke et al., 2019; Herschy, 2012).  

In coastal areas, salinity problems are exacerbated by seawater intrusion, which is a 

problem enhanced by rising sea levels, over-extraction of groundwater, and limited natural 

recharge. Unconfined aquifers without protective barriers are highly susceptible to saline intrusion. 

Further, irrigation with brackish water increases the problem by causing salt accumulation in soils 

and aquifers. Salinity reduces water availability and causes osmotic stress in plants, reducing their 

productivity due to the inability to take up water. 

 Laghrib et al., (2024) determined temperature, TDS, and EC as significant physical 

parameters for assessing GWQ within the Infracenomanian aquifers of the Errachidia basin, 

Morocco. High evaporation and interaction between water and rocks indicate significant 

mineralization processes; high TDS and electrical conductivity values indicate poor quality. 

Similarly, Qureshi et al., (2021) assessed some of the samples from the groundwater collected in 

Sindh, Pakistan, which are TDS, EC, turbidity, and TH, mostly beyond WHO and 

National Environmental Quality Standards (NEQS) requirements. These signify contaminated 

minerals with a high degree of salinity, which has disqualified such water from a particular series 

of usages. 

2.4.2 Chemical parameters 

Chemical indicators provide more information about groundwater composition, highlighting 

potential dangers to human health and ecosystems. Key parameters in this respect include pH, 

TDS, EC, and the concentration of ions like nitrates, sulfates, chlorides, and heavy metals, which 

are all important for determining water quality. The pH level influences the solubility and 



 
 

15 
 

corrosiveness of metals, affecting both infrastructural setup and biological systems. Groundwater 

with a pH outside the neutral range can dissolve harmful metals like lead or cadmium from pipes, 

contaminating the water and making it unsuitable for drinking or irrigation (Jurgens et al., 2019; 

Sandvig, 2008). TDS and EC result in poor crop yields and contribute to soil degradation by 

affecting palatability limits in human uses. 

Nitrate contamination is one of the serious problems in agricultural areas due to the 

immense use of nitrogen-based fertilizers. In the arid southeastern Nile Delta, Egypt, 23.6% of the 

samples had concentrations that exceeded the limit set by the WHO for nitrate of 50 mg/L (Kasem 

et al., 2024). Potential sources of such contamination may include soil organic nitrogen, chemical 

fertilizers, and untreated wastewater. This observation has been reiterated in Ain Ouassera, Algeria, 

where 40% of the samples exceeded the permissible limits of nitrate from agricultural runoff and 

untreated urban wastewater (Houari et al., 2024). 

In many coastal arid zones, groundwaters are further deteriorated with fluoride, chloride, 

and heavy metals by natural geochemical processes and human activities. Fluoride, while it helps 

maintain good oral health in trace quantity, poses a severe health threat at high concentrations due 

to the potential to develop dental and skeletal fluorosis and disorders in neurological functions and 

reproductive health (Ahmad et al., 2022; Garcia et al., 2024). This is especially confirmed in the 

Namaqualand and Waterberg regions of South Africa, where the fluoride levels have been found 

to exceed the maximum recommended by the WHO (Abiye et al., 2018). 

The other primary concern involves heavy metal contamination. Some metals, such as 

arsenic, chromium, nickel, lead, and cadmium, are capable of causing severe damage to health: 

neurological damage, cancer, and cardiovascular complications being the most well-known 

(Shravanraj et al., 2021; Wen et al., 2019). Besides this, chloride contamination, often related to 
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seawater intrusion, further deteriorates GWQ to a state unfit even for drinking or irrigation 

purposes (Zakharikhina et al., 2025). High levels of nitrates, sulfates, chlorides, and bicarbonates 

point to contamination by fertilizers, natural mineral dissolution, and human activities in the 

Doukkala region of Morocco  (Ouhakki et al., 2025). Similarly, the study conducted in the Eastern 

Province of Saudi Arabia showed high levels of fluoride and nitrates due to natural and 

anthropogenic reasons, thus threatening health conditions (Abba et al., 2023b). 

2.4.3 Biological indicators 

Biological indicators are critical in determining the health and quality of coastal groundwater 

aquifers because they provide insight into the interaction of groundwater with surface water 

systems. One of the most important indicators involves microbial communities within the 

hyporheic zone, beneath and alongside streambeds where groundwater and surface water are 

mixed (Storey et al., 1999). These microbial populations are susceptible to changes in water 

quality, and their shifts often indicate contamination from sources such as agricultural runoff, 

industrial waste, or wastewater discharge. High levels of coliform bacteria, such as Escherichia 

coli, are reliable markers of fecal contamination, posing significant health risks to humans and 

aquatic ecosystems (Devane et al., 2020). Besides, such microbial communities' diversity and 

metabolic activity can reflect nutrient overloading or organic pollution, the most valuable and 

important indicator concerning groundwater monitoring. 

Microbial contamination of water supplies, usually due to the introduction of human and 

animal waste through pathways, including wastewater, landfills, or poorly managed sewage 

systems, is a significant public health and environmental problem (Al-Khatib and Arafat, 2009). 

Contaminated groundwater may lead to infections due to pathogens like E. coli and diseases like 

diarrhea, cholera, typhoid fever, hepatitis A, and polio (WHO, 2019). Unsafe water and poor 
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sanitation throughout the world annually lead to approximately one million deaths, or 395,000 

deaths, in children alone under five years of age. Microbial contamination gets worse during the 

seasons. For example, during the rainy period, it was noted that microbial pollution, primarily 

through E. coli, increased due to the surface runoff resulting from poor wastewater management 

in Al Hoceima (Mchiouer et al., 2024). 

In China’s semi-arid Laizhou Bay region, salinity gradients caused by seawater intrusion 

and mixing with ancient seawater significantly influence microbial diversity in groundwater (Zhi 

et al., 2024). While higher salinity levels often reduce microbial richness, certain microbes, such 

as sulfate-reducing bacteria, can thrive in saline conditions. (Motlagh et al., 2020) identified 

microbial contaminants like Escherichia coli, fecal coliform, and Salmonella are significant health 

risks in groundwater, especially in areas lacking adequate treatment facilities. Similarly, 

(Ratandeep et al., 2024) emphasized biological indicators such as bacteria, viruses, protozoa, and 

algae as contamination markers, particularly in regions with poor waste management systems. 

These biological contaminants contribute to waterborne diseases, posing severe threats to public 

health. (Shahid et al., 2023) investigated arsenic contamination in groundwater and its health 

impacts, finding that arsenic accumulation in biological indicators like human hair and animal milk 

is prevalent in regions with high arsenic levels. Table 2.1 presents various arid and semi-arid 

regions' physiochemical and biological water quality indicators. 
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Table 2.1. Physiochemical and biological indicators of water quality from different arid and semi-arid regions. 

References Region pH EC TDS Mg2+ Ca2+ K+  Cl F Na+ Fe HCO3 SO4
2- NO3 

(Abdelaziz et 

al., 2020) 

Wadi El-

Natrun, 

Egypt 

7.9 3740 2008 37 91 9 962   0.66

5 

85   

(Tizro and 

Voudouris, 

2008) 

Chahardouly 

basin, Iran 

 

8 757 (µS 

cm-1) 

492 17.2 65.1 1.2 28.8  85.1  266.6 131  

(Marghade et 

al., 2021) 

Eastern 

Maharashtra

, India 

7.1 3440 

(µS/ 

cm) 

2104.9 109.4 220 42.0 440.2 0.6 268.0  152.5 145.5 803.0 

(Laghrib et 

al., 2024) 

Errachidia 

basin, 

Morocco 

6.1 12.9  

(mS/ 

cm) 

686  566.2  500  132.

9  

4419.8   1513.4   140.3 662.4  29.1 

(ppm) 

(Alshehri et 

al., 2021) 

 Red Sea 

coast, Saudi 

Arabia 

7.4 1858 1207 45 106 5.1 268 0.6

7 

229  230 257 49(mg

/l) 

(Alfarrah and 

Walraevens, 

2018) 

Jifarah Plain 

North West, 

Libya 

7.4 2840 

(EC 

(µ/cm) 

 104 200 14 419  334 0.4 273  21 

(Sahraoui et 

al., 2025) 

Haouz plain, 

Morocco 

8.6

1 

 3500 

(µS/cm

) 

3500 123.9

2 

171.1

3 

10.4

9 

797.88  380.88  483.12 180.32 64.64 
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(Sunkari et 

al., 2025) 

Bono East 

Region, 

Ghana 

5.5 56.5 

(μS/cm) 

55.5 0.98 5.2 8.2 24 0.0

4 

10.5  7.2  2.5 

(Abdou Ali et 

al., 2025) 

Bosso 

Region, 

Republic of 

Niger. 

6.8

9 

440.66 

(μS/cm) 

 8.56 14.02 3.93 41.62  42.28  162.91  3.93 

(Sathe et al., 

2025) 

Maharashtra

, India 

7.5 1079.7 

(µs 

cm1) 

574.7 353.6 70.4 8.2 7.3 0.6 1.4 0.2 683 90.3  

(Shomar and 

Sankaran, 

2024) 

Qatar  7.8

1 

9196 

(μS/Cm

) 

4598 128 348 63 1472 1.8

6 

926 57  1064 235 

(Alqarawy, 

2023) 

Wadi 

Marawani, 

Saudi Arabia 

7.6

7 

4905.52 2936.5

4 

129.6

7 

306.8

5 

8.12 1193.1

2 

 588.90 0.03

9 

200.5 609.62 53.99 

(Eltarabily 

and Moghazy, 

2021) 

El Moghra, 

Egypt 

7.3 7 

(dS/m) 

5928 188 299 20 1875  980  109 905  

(Jarray et al., 

2023) 

Zeuss-

Koutine, 

Tunisia 

7.4 3770.6 

(uS/cm) 

 129.5 301.9 17.7 865.7 2.3 571.4  233.7 1024.5  17.3 

(Adimalla, 

2019) 

Telangana 

State, South 

India 

7.6 845 

(uS/cm) 

541 84 68 

 

3.3 233 1.7 92  219 161 73 
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(Wederni et 

al., 2023) 

South 

Gabes, 

South-East 

Tunisia 

8.0

8 

7.98 

(uS/cm) 

6.92 

(g/l) 

297.9

9 

615.2

3 

25.8

9 

1494.7

4 

2.1 939.51  134.2 2088.3

7 

44.55 

(Iqbal et al., 

2018) 

Abu Dhabi, 

United Arab 

Emirates 

6.5 1478.5 

(uS/cm) 

863 316.7 705.4 9 5670.8  2923.2  87.5 2357  

(Abu Al 

Naeem et al., 

2019) 

Gaza, 

Palestine 

7.6 4187  8.74 6.41 0.28 30.15  26.6  4.54 4.11 1.99 

(Panahi et al., 

2021) 

Sabzevar 

plain, Iran 

 6596.6 

(uS/cm) 

4155.9 120.3 230.4 79.3

9 

1669.4  1003  197 850.8  

(Bahir and 

Ouhamdouch, 

2020) 

Essaouira 

Basin, 

Morocco 

7.7 2926 

(uS/cm) 

 6 7.5 0.3 20.1  13.3  4.5 2.5 0.8 

(Hamzaoui-

Azaza et al., 

2020) 

Bouficha, 

North-

Eastern 

Tunisia 

7.5  5010 179.0

1 

325.1 7.99 51.69 1.5

1 

1013.5

8 

0.23 374.25 875.63 52.22 

(Masoud and 

Aldosari, 

2020) 

Wadi ad-

Dawasir, 

Saudi Arabia 

7.5  4659 TH=1

519 

    0.8 0.17 62  483 

(Abdelbaki et 

al., 2022) 

Igli Region, 

South-West 

of Algeria 

7.5

8 

12920 

(uS/cm) 

7737 410 652 270 1850  1200  244 3100 11.43 
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(El Yousfi et 

al., 2022) 

Al Hoceima, 

Morocco 

7.5 6310 

(uS/cm) 

3155 199.7 343.1 5.3 1065  470.5  478.9 1311.7 2.1 

(Askri et al., 

2022) 

Barka 

coastal 

aquifer, 

Oman 

7.6 8409 5929 386 402 36 2961 3 1387  208 580 21 

(Alzahrani et 

al., 2025) 

West Nile 

Valley, 

central 

Egypt 

7.4 2148.4 

(uS/cm) 

1338.5 50.8 86.3 8.8 565.5  336.2  206.2 173.6  

(Nikbakht et 

al., 2024) 

Zarabad 

coastal 

aquifer. 

southeastern 

Iran 

7.4

8 

4371.25  117.8

4 

231.3

3 

34.11 2146.1

2 

0.2

7 

954.54  154.35 847.82 6.43 

(Gamboa et 

al., 2019) 

Atacama 

Desert, 

Chile 

7.8 239 

(uS/cm) 

 0.6 11.7 1.6 10.5  27.3  32.1 41.3 3.6 

(Aloui et al., 

2025) 

Qatar 7.3 8160.8 

(uS/cm) 

5641.1 169.6 405.4 92.3 2124.2  1287.3  177.2 967.8 12.8 

(Mahlknecht 

et al., 2017) 

Baja 

California, 

Mexico 

7.1 2109 

(uS/cm) 

 2.48 3.87 0.13 14.70  3.52  1.90 0.8 0.5 

(Ahmed et al., 

2017) 

Djibouti, 

Horn of 

Africa 

7.3

3 

6450  14.29 15.22 1.08 54.85  39.46  2.22 5.2 0.7 
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2.5 Influencing factors: geology, climate, and anthropogenic activities 

2.5.1 Geological factors 

The geology of the aquifer itself predetermines the chemistry of groundwater composition and 

relies on the interaction of water with rocks, residence time, conditions of hydrodynamics, and 

mixing processes. Geological formations within watersheds are crucial in determining and 

governing the chemistry of local groundwater systems (Marghade et al., 2021). According to  

(Vadillo and Ojeda, 2022), aquifers in carbonate conglomerates have developed high vulnerability 

due to the wide variation in sources, including agriculture, wastewater disposal, and surface runoff, 

among other contamination routes resulting from chemical and microbial elements. For instance, 

chemical indicators (e.g., Ca²⁺, Mg²⁺, SO₄²⁻) and physical indicators like EC and salinity provide 

insights into the water-rock interaction and mineral dissolution processes associated with 

geological formations. This can also be explained by the natural tendencies of such aquifer systems 

to facilitate transportation processes for pathogens and particulate matter. According to (Alsayyad 

et al., 2024), a study conducted in the hyper-arid West Minia region in Egypt highlighted how local 

geological factors considerably influence GWQ. Aquifers such as Oligocene sand and Middle 

Eocene limestone are highly affected by their lithological, mineralogical, and structural 

characteristics. Gypsum and dolomite impact chemical indicators like sulfate and bicarbonate 

levels, while physical indicators such as turbidity can signal mineral dissolution. 

High salinity and sulfate levels in groundwater are attributed to minerals like gypsum, 

anhydrite, and dolomite in the limestone aquifer. Geological structures, including faults and 

fractures, enhance groundwater recharge and flow but increase mineral dissolution, exacerbating 

salinity issues. (Baptista et al., 2024) geological composition plays a key role in GWQ in Lubango, 

Angola, where the underlying Eburnean Granites and Migmatites predominantly influence radon 
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concentrations. Chemical indicators, such as radon levels, often reflect the extended interaction 

time between groundwater and geologic formations, further demonstrating the influence of 

geological factors. 

2.5.2 Climatic factors 

In arid zones, climatic factors exert a profound influence on groundwater dynamics, with scanty 

rainfall and high evaporation rates limiting recharge. Rainfall variability and extreme climatic 

events, such as flash floods, create highly irregular recharge patterns (Condon et al., 2020). 

Moreover, temperature, salinity, and dissolved solids are directly linked to climatic variability in 

arid environments where evaporation dominates recharge processes. These events often lead to 

site-specific recharge in areas with coarse-grained soils and sparse vegetation, promoting 

infiltration and percolation. However, the heterogeneity of unsaturated zones, characterized by 

fissured sediments and structured soils, limits uniform recharge, complicating GWQ assessments. 

The combination of climatic variability and intermittent recharge exacerbates spatiotemporal 

fluctuations, making GWQ highly unpredictable. (Nakuja et al., 2012) noted that climatic 

fluctuations can negatively impact groundwater resources, with weather events such as droughts 

or high-intensity rainfall altering water quality and extending the range of pathogens into 

previously unaffected areas (Lutz et al., 2016). 

In most arid regions, annual rainfall ranges between 50–200 mm  (Lloyd, 1986), while 

potential evapotranspiration often exceeds precipitation by tenfold, resulting in significant water 

deficits. Recharge typically occurs through indirect pathways, such as infiltration from temporary 

riverbeds and depressions, rather than direct rainfall. High evaporation rates further contribute to 

water loss and salinity accumulation in shallow aquifers (Matenge et al., 2023). Chloride and 

sulfate concentrations, combined with EC, indicate the impacts of salt accumulation and 
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evaporation on water quality. In central Saudi Arabia and the Sahara, recharge events are rare and 

localized and sporadic rainfall temporarily alleviates salinity but does not resolve long-term 

degradation (Masoud et al., 2023). Seasonal variations exacerbate quality issues, as rainfall washes 

contaminants from the surface into aquifers. Fig. 2.2 illustrates the impact of climate change on 

GWQ, along with the mitigation efforts in place to address these challenges. 

 

Fig. 2.2. Impact of climate change on GWQ and mitigation efforts (Dao et al., 2024). 

2.5.3 Anthropogenic activities 

Human activities substantially adapt groundwater to bring in new sites of leakages, types of 

irrigation use, abstraction at deeper levels, wastewater usage, and disposal that come along with 

developments and increase the burden on aquifers (Khatri and Tyagi, 2015). While landfills make 

up one recognizable source of regional groundwater contamination by leachates, planned landfill 

linings are hardly met or maintained. The well itself might bring local flow aeration and changes 

in the chemicals and biology both ways. This can change the pattern of groundwater circulation 

and modify aquifer hydrologic chemistry, including its redox state. For instance, poorly designed 

healthy screens may interfere with the redox values in iron-rich groundwaters to develop iron, 
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manganese, and microbial slimes (Zhang et al., 2020). Another problem is poorly constructed wells 

within aquifer systems that are susceptible to being contaminated with pesticides, fertilizers, and 

other wastes that are produced by human activities (Ayilara et al., 2020). Agriculture significantly 

affects the quality of groundwaters, involving activities such as fish farming, crop cultivation, 

livestock management, and applications of pesticides and fertilizers. Because these activities occur 

on the land surface, soil, vegetation, rainfall, and irrigation can possibly adulterate groundwater 

with pollutants. Furthermore, pesticides are substances applied to kill noxious organisms in 

gardens, fields, and other places in the public sphere of life (Hassaan and El Nemr, 2020); they are 

vital for agricultural development and are found throughout the rapidly urbanizing and 

industrializing world. Porous groundwater aquifers generally provide better filtration for 

pesticides, like in the case of karst aquifers, which are more vulnerable due to the fast movement 

of water and low reactivity of sediments. This makes transporting pesticides over large distances 

much easier, hence their subsequent groundwater contamination (Agrawal et al., 2010). In 

addition, the unregulated application of fertilizers can lead to runoff or leaching into groundwater 

(Wei et al., 2024). The two most prominent compounds used as fertilizers are nitrogen (N) and 

phosphorus (P), which pose the maximum threat of contaminating resources. Inadequate and 

excess use of such fertilizers increases nitrate in the water body as nitrogen-based fertilizers with 

biological alterations break down to form highly soluble organic and inorganic nitrates 

(Divyangkumar and Panwar, 2024). 

Several anthropogenic factors, including salinity intrusion caused by seawater intrusion, 

affect GWQ globally. The anthropogenic drivers for salinization are very closely related to 

irrigation mismanagement and poor strategies against seawater intrusion. Excessive abstraction of 

groundwater further aggravates the problem by creating a congenial environment for seawater 
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intrusion and disrupting the natural balance of the aquifers (Sarkar et al., 2021). In addition, 

reduced precipitation, long-continued drought, and changes in the supply-demand pattern of 

groundwater, in addition to human-induced causes and other environmental stressors, result in 

enhancing the potential risk of salinization in coastal aquifers. Because it is a “coastal aquifer” 

supporting these large populations and their attendant agriculture demand, its proper management 

has become the prime priority of natural resource managers  (Butler Jr. et al., 2016); this pressing 

need demands an integrated approach to address the problem, therefore, considering natural factors 

such as geology and atmospheric processes, together with anthropogenic pressures in the form of 

over-extraction and other poor irrigation practices. The salinization risks need proactive strategies 

that must be advanced through monitoring and predictive modeling for the sustainability of the 

groundwater resources in the coastal areas on a long-term basis (Shinawi et al., 2022). However, 

groundwater salinization in many parts of the world is an increasing problem influenced by the 

complex interaction of natural processes and human activities, as depicted by various regional 

studies. In the Guanzhong Basin, the water appears salty because of mineral dissolution and 

evaporation, while other factors, including anthropogenic activities like irrigation and fertilizer 

application, cannot be ruled out (Mu et al., 2024). 

Salinity is mainly driven by saltwater intrusion in arid regions, such as the Gaza Coastal 

Aquifer (GCA) of Palestine and the Nile Delta Aquifer (NDA) of Egypt, together with increased 

water stress and arid conditions (Abd-Elaty and Zelenakova, 2022). The salinization of 

groundwater in the WGP in northeastern Tunisia is due to natural and anthropogenic factors. 

Seawater intrusion, cation exchange, and the infiltration of salt-rich irrigation water are responsible 

for salinity in shallow aquifers. The contribution of seawater intrusion can reach a percentage as 

high as 8.42% of the total salinity (Abidi et al., 2024). Seawater intrusion into the Gaza Coastal 
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Aquifer, State of Palestine, goes up to 3 km inland and feeds the high salinity, which in some 

locations rises to 48.6%, where aquifer permeability is very high. Undoubtedly, generally, 

inadequate management of the groundwater resource and over-exploitation of the resource 

emphasize these problems and create a cone of depression that accelerates intrusion (Abu Al 

Naeem et al., 2019). In Morocco, salinity is also high with the intrusion of seawater and agricultural 

activities in the Chaouia plain; the electrical conductivity obtained was up to 11.2 mS/cm, while 

Na+ and Cl− ions dominate the solutions in the coasts (Najib et al., 2017).  Fig. 2.3 illustrates the 

natural and human activities contributing to coastal regions' groundwater salinization. 

 

Fig. 2.3. Natural and anthropogenic processes contributing to groundwater salinization in 

coastal regions (Nyika et al., 2024). 
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2.6 The role of geospatial technologies 

Geospatial technology has emerged as an instrumental tool in explaining groundwater's global 

distribution, enabling essential activities such as planning, exploration, monitoring, and 

conservation (Ahmed II and Mansor, 2018). It integrates RRS and geophysical techniques, which 

provide a cost-effective means of acquiring large-scale data and considerably reduce the need for 

labor-intensive and time-consuming field surveys (George et al., 2024). However, precise mapping 

of aquifer parameters requires detailed spatial and thematic data regarding geological and 

hydrological features. However, precise mapping of aquifer parameters requires detailed spatial 

and thematic data regarding geological and hydrological features. The intrinsic intricacy of these 

systems makes accurate physical modeling challenging to achieve, at least in model development 

and calibration that draws upon large datasets from agricultural and hydrogeological sources. The 

advent of computer technologies in earth sciences has widely opened the door for using GIS and 

RS techniques in identifying natural resources and mapping groundwater potential zones. These 

technologies have greatly improved the accuracy and speed with which groundwater is mapped, 

enabling researchers to acquire data from unreachable areas. Both RS and GIS are some of the 

most potent tools for the demarcation of groundwater potential zones, integrating satellite imagery 

effectively with conventional cartographic sources and statistical studies for the thematic 

presentation of the area (Magesh et al., 2012).  

Moreover, satellite RS has enhanced reconnaissance surveys by providing high-resolution 

imagery (Prasad et al., 2008). Such imagery has been found very useful in delineating 

geomorphological and hydrological features, which are the basic requirements for groundwater 

prospect mapping (Agarwal and Garg, 2016). The occurrence of groundwater depends on several 

controlling factors, such as geomorphology, geology, topography, climate, soil, and land use/land 



 
 

29 
 

cover.  On the other hand, traditional methods involving experimental drilling and geological 

stratigraphic analysis are usually limited due to their high financial cost and long duration, 

although they are reliable (Liu et al., 2023). 

2.6.1 GIS as a tool for spatial analysis and integration of multiple data layers. 

GIS is a powerful tool for integrating and analyzing a wide range of spatial datasets, allowing 

groundwater vulnerability assessment. This integrates factors such as land use, soil properties, and 

hydrological features (Xiong et al., 2024). Such integration allows for identifying areas that may 

be at risk of contamination or depletion, facilitating informed decision-making in managing 

groundwater resources. GIS functionalities include georeferencing, measurement of distances and 

adjacency, layering of data, and executing spatial queries (Wieczorek and Delmerico, 2009). Such 

capabilities render GIS a versatile system for examining geographic patterns and relationships. 

The authors note that the same flexibility especially provides the means to comprehend such 

complex phenomena by bringing multiple datasets together in a common spatial context to 

facilitate decision-making and hypothesis testing. In addition, GIS-based multi-criteria analysis 

using satellite imagery has also been used in delineating the zones of groundwater recharge, hence 

adding weight to the proposed sustainable management approaches (Al Saud, 2023). Also, GIS is 

important in modeling and predicting of the quality of groundwater with the integration of various 

environmental factors for informed decisions on water resource management (Yang et al., 2024). 

2.6.2 Key GIS functionalities in groundwater quality (GWQ) Assessment 

The most significant functionalities of GIS in the study of groundwater include spatial 

interpolation techniques and overlay analysis, which provide the estimation of groundwater 

characteristics and integration of various data sets for actionable insights (Almodaresi et al., 2019; 

Gong et al., 2014; Salehi et al., 2024). In GIS, the spatial interpolation techniques are applied to 
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estimate the GWQ parameters at unsampled locations using data from sampled points. Two well-

recognized techniques could accomplish the purpose: Kriging and Inverse Distance Weighting. 

The Kriging method is a geostatistical approach because, together with the prediction of unknown 

values, it also estimates uncertainty, which makes this approach helpful for hydrogeological 

applications. For example, the study by (Chen et al., 2013) demonstrated that Kriging performed 

better in mapping spatial variations of salinity and nitrate concentrations in groundwater than other 

interpolation methods. This is mainly because it can incorporate spatial autocorrelation and 

variability. In addition to producing a predicted surface, Kriging also provides information on the 

quality of such predictions. It tries to uncover any trends indicated by the data. There are also 

several types of Kriging methods, each with different underlying assumptions, which makes them 

appropriate for different datasets, as described in Table 2.2. 

 

 

 

 

 

 

 

 

 

 



 
 

31 
 

Table 2.2. Overview of kriging methods and their application. 

Kriging 

Method 

Underlying Assumptions Suitable Data Types Reference 

Simple Kriging Assumes a known, constant 

mean across the entire study 

area. 

Data with a globally 

constant mean. 

(Ma, 2019) 

Ordinary 

Kriging 

Assumes an unknown but 

constant mean within the 

local neighborhood of each 

estimation point. 

Data with a locally 

varying mean. 

(Armstrong, 1998; 

Emery, 2005) 

Universal 

Kriging 

Assumes a mean that varies 

systematically with known 

functions (e.g., polynomial 

trends) across the study 

area. 

Data exhibiting a 

deterministic trend. 

(Chilès and Desassis, 

2018) 

Indicator 

Kriging 

Assumes that the data can 

be transformed into binary 

indicators to model the 

probability of a threshold 

exceedance. 

Categorical or binary 

data. 

(Giraldo et al., 2023) 

Co-Kriging Assumes that multiple 

correlated variables can be 

used together to improve 

estimation of the primary 

variable. 

Multivariate data 

with spatial 

correlation. 

(Dowd and Pardo-

Igúzquiza, 2024; 

Rostami et al., 2020) 

 

In comparison, inverse distance weighting (IDW) is a deterministic technique that assumes 

closer points significantly influence the predicted values. It is simple to implement and is widely 

used in GWQ studies, especially in scenarios with fewer available data points (Khashei-Siuki and 

Sarbazi, 2015; Singh and Verma, 2019). It comes fundamentally from the argument that the IDW 

is based on: an unmeasured point's value can be calculated as a weighted average of a set of 

neighboring known values; this method employs only the measured values surrounding the 

unknown value locations to create a prediction on their corresponding response values. All the 

measured values proximate to the unmeasured data must have a significant influence on this 

predicted value-which are proportionally more influencing than those others that are the furthest 
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distance from the predictions. Consequently, IDW assumes that every measured point has a local 

influence that decreases with distance (Mierlo et al., 2021).  

Comparisons have shown that Kriging and IDW can predict the GWQ parameters 

efficiently. However, the Kriging method usually provides better accuracy because it considers the 

spatial structure of the data in conjunction. For instance, a study conducted on Kriging 

interpolation of EC and TDS in groundwater over the Nile Delta region showed its efficiency in 

highlighting hotspots of salinity contamination (Masoud, 2014). Also, (Siddique et al., 2020) IDW 

has been used to forecast the spatial distribution of some parameters, salinity, and total dissolved 

solids of the GWQ within the semi-arid region of Sargodha, Pakistan. This approach very 

effectively underlined variation within the GWQ influenced by agricultural runoff and 

urbanization. Table 2.3 presents Geographic Information Systems (GIS): Tools and Capabilities. 

2.6.3 Overlay analysis 

The overlay system is the most commonly used method for performing large-scale assessments of 

aquifer sensitivity and groundwater vulnerability (Duttagupta et al., 2020). This approach involves 

stacking various thematic maps, including geological formations, land use, soil types, hydrological 

information, and sources of contamination. Researchers can uncover patterns and connections that 

affect GWQ by analyzing these layers. Integrating land use data with hydrogeological data helps 

identify areas where agricultural runoff may lead to groundwater contamination. Further, the 

integration of drainage density and slope maps can be employed to identify areas with potential 

recharge (Dar et al., 2021). 

A study conducted in the northern UAE combined LULC maps with soil characteristics 

and quality data from the groundwater to reveal areas vulnerable to salinity intrusion (Elmahdy 



 
 

33 
 

and Mohamed, 2023). Similarly, researchers in the arid parts of India have also conducted overlay 

analysis by incorporating geology, topography, and pollution data to delineate groundwater zones, 

flooding, and drought risks in Neom, Saudi Arabia (Alharbi, 2023). These analyses utilized various 

data sets such as land use, drainage density, slope, and elevation to sustainably determine risk and 

opportunity maps for dry regions' water management. The application of GIS in overlay analysis, 

therefore, enhances the accuracy of groundwater studies by integrating various datasets. It will, 

therefore, assist in identifying areas described as contamination hotspots or regions with a high 

potential for groundwater recharge. Incorporating spatial interpolation techniques within the GIS 

environment in overlay analysis will provide a strong basis for conducting GWQ assessment. 

These tools enable researchers to produce detailed spatial models that illustrate the distribution of 

GWQ characteristics, assess the effects of land use changes, and identify areas of vulnerability. 

Fig. 2.4 shows the maps showing the spatial distribution of precipitation and other properties in 

the Emirate of Abu Dhabi.  
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Fig. 2.4. Maps showing the spatial distribution of precipitation (a), sources of groundwater 

contamination (b), graphs depicting monthly temperature and precipitation (c), and population 

growth trends (d) in the Emirate of Abu Dhabi (Elmahdy and Mohamed, 2023).
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Table 2.3. Geographic Information Systems (GIS): Tools and Capabilities 

Authors Study Location Objective Key GIS 

Techniques 

Used 

Data Sources/Tools Key Findings 

(Bouhout et 

al., 2024) 

Ghiss-Nekor, 

Morocco 

Assess nitrate 

contamination 

in alluvial 

aquifers and 

map risk 

zones using 

geostatistical 

approaches. 

Disjunctive 

Kriging, Simple 

Kriging, Global 

Polynomial 

Interpolation 

(GPI) 

Groundwater nitrate 

data from 24 wells, 

GIS software, 

Statistical software 

tools like SPSS and 

Excel 

Disjunctive Kriging provided 

better accuracy, identifying 

contamination hotspots, 

especially in urban and 

agricultural areas. 

Approximately 29% of the area 

exceeded the safe nitrate 

threshold of 50 mg/L. 

(Salehi et al., 

2024) 

Khorasan Razavi 

Province, Iran 

Develop a 

conceptual 

framework to 

determine the 

best 

interpolation 

method for 

spatial 

distribution of 

groundwater 

electrical 

conductivity 

(EC). 

IDW, Kriging 

(Ordinary, 

Simple, 

Universal), 

Radial Basis 

Function (RBF), 

Global 

Polynomial 

Interpolation 

(GPI), Local 

Polynomial 

Interpolation 

(LPI) 

EC data from aquifers 

(2008, 2013, 2018); 

GIS tools including 

ArcGIS, SPSS for 

statistical analysis 

Identified that Kriging methods 

are often more accurate for 

groundwater EC variability 

mapping. Different 

interpolation methods are 

optimal based on hydrological 

and meteorological 

characteristics. Developed an 

algorithm to generalize the best 

method for neighboring regions. 

(Ahmad et al., 

2021) 

State of Qatar Compare the 

performance 

of spatial 

interpolation 

methods for  

GWQ 

mapping 

IDW, Radial 

Basis Functions 

(RBFs), Simple 

Kriging (SK) 

41 groundwater 

samples; GIS 

software, statistical 

tools 

SK outperformed IDW and 

RBF for most parameters, 

including nitrate and chloride. 

IDW worked best for TDS and 

sulfate. High salinity levels in 

groundwater were attributed to 

seawater intrusion and 
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overextraction, particularly in 

coastal areas. 

Recommendations were made 

for GIS-based monitoring and 

sustainable groundwater 

management. 

(Gomaa et al., 

2022) 

Ad-Dawadmi, 

Saudi Arabia 

Evaluate 

GWQ and 

controlling 

factors using 

geostatistical 

tools. 

IDW, Kriging, 

Bubble 

Diagrams, 3D 

Surface Plots 

47 groundwater 

samples, 

hydrogeochemical 

data, ArcGIS 10.8 

Kriging provided smoother 

spatial representation of GWQ, 

highlighting salinity hotspots 

linked to agricultural activities 

and natural salinization cycles. 

(Tahama et 

al., 2022) 

Nandurbar, 

Maharashtra, India 

Assess the 

groundwater 

potential and 

aquifer 

protective 

capacity of 

dyke swarms 

using 

geoelectrical 

techniques. 

Inverse Distance 

Weighted (IDW), 

Geoelectric 

Parameter 

Mapping 

Vertical Electrical 

Sounding (VES) data 

from 39 sites; ArcGIS 

10.5 

IDW was used to model the 

spatial variation of aquifer 

properties, revealing poor to 

moderate aquifer protective 

capacity in 49% of the area. 

Dyke intersections were 

identified as potential 

groundwater recharge zones. 

(Yasin et al., 

2024) 

Dire Dawa City, 

Ethiopia 

Evaluate the 

performance 

of IDW, 

Kriging, and 

Radial Basis 

Function 

(RBF) for 

groundwater 

depth 

mapping. 

IDW, Ordinary 

Kriging (OK), 

Radial Basis 

Function (RBF) 

Groundwater depth 

data from 56 locations, 

ArcGIS 10.8 

RBF outperformed IDW and 

OK with the lowest RMSE 

(3.21 m) and highest R² (0.99), 

highlighting its effectiveness in 

capturing spatial variability in 

semi-arid regions with scarce 

data. 
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(Cudjoe, 

2020) 

Leliefontein, 

Northern Cape, 

South Africa 

Assess GWQ 

for irrigation 

and domestic 

use using 

geostatistical 

methods. 

IDW, Spatial 

Interpolation, 

WQI, Cluster 

Analysis 

Data from 79 

boreholes; 

hydrochemical 

parameters; ArcGIS 

10.8 

High salinity levels linked to 

evaporation and geological 

formations; 70–80% of 

groundwater met irrigation 

standards for SAR and salinity 

hazard; unsuitable for domestic 

use without treatment. 

(Gonçalves et 

al., 2024) 

Salitre Karst 

Aquifer, Brazil 

Map spatial 

variability 

and 

uncertainty of 

transmissivity 

in a semi-arid 

karst region 

using 

stochastic 

simulation. 

Ordinary 

Kriging, 

Conditional 

Stochastic 

Gaussian 

Simulation 

(SGSIM) 

Transmissivity (T) and 

Specific Capacity (Sc) 

data from 269 wells; 

variograms 

Identified transmissivity 

variability with high T areas 

near karstified river valleys and 

low T at aquifer edges. The 

methodology aids in 

groundwater management and 

recharge site selection in semi-

arid regions. 

(Quddoos et 

al., 2024) 

Faisalabad, 

Pakistan 

Assess the 

impact of 

urban and 

industrial 

effluents on 

groundwater 

quality in 

proximity to 

drainage 

systems. 

Inverse Distance 

Weighting 

(IDW) 

120 water samples 

(drain and 

groundwater); pH, EC, 

TDS, hardness; 

ArcGIS 10.2.1 

GWQ near drains exceeded 

WHO limits for EC, TDS, and 

hardness. Contaminants 

decreased with distance from 

drains. Results highlight the 

urgent need for improved 

drainage management to 

mitigate groundwater 

contamination. 
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2.8 Water Quality Index (WQI) 

The Water Quality Index (WQI) is a tool for summarizing complex water quality data into a single 

interpretable value that gives insight into applications related to drinking, agriculture, domestic 

uses, and industries (Uddin et al., 2023). Conceptualized by (Horton, 1965), the WQI development 

process generally includes four steps: parameter selection, sub-index estimation, weight 

distribution, and final aggregation of weighted indices (Kocer and Sevgili, 2014). Many studies 

have demonstrated the utility of WQI in different contexts. Al-Ruwaih et al., (2025) the GWQ of 

the Kuwait Al-Shagaya area was estimated using WQI and irrigation parameters. The results 

concluded that 18% of samples are excellent, while 82% are suitable for irrigation. Similarly,  

Abdelmalek et al., (2024) employed Compositional Data Analysis (CoDA) and Principle 

Component Analysis (PCA) to reveal inferior water quality (WQI > 300) in Wadi Ranyah, Saudi 

Arabia, where high levels of lead (Pb), and other pollutants were attributed to silicate weathering, 

evaporation, and agricultural activities. Another study by Benmarce et al., (2024) demonstrated 

the utility of GIS-based WQI in classifying groundwater in the Wadi Boussellam, Algeria, 

emphasizing anthropogenic contribution to poor drinking water quality but suitable for irrigation 

under the Riverside and Wilcox classifications. 

Recent developments have included ML and multivariate statistical techniques in the GWQ 

assessments. For example, Jibrin et al., (2024) employed a hybrid ML approach to highly 

accurately predict the Water Pollution Index (WPI) and Groundwater Quality Index (GWQI) in 

the Eastern Province of Saudi Arabia. They highlighted the EC and TDS as critical parameters. 

PCA has also proven valuable in reducing data complexity and improving monitoring efficiency, 

as demonstrated by (El-Rawy et al., 2024),  who analyzed 12 GWQ parameters from 217 wells in 

Assuit Governorate, Egypt. Similarly, in Ethiopia by (Chan Kujiek and Sahile, 2024) and in Egypt 
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by (Zaghloul et al., 2023) applied region-specific WQIs to the Canadian Council of Ministers of 

Environment (CCME) and the National Sanitation Foundation (NSF) to investigate water quality 

concerning drinking and irrigation, respectively, in light of localized challenges such as turbidity, 

coliform bacteria, eutrophication, and industrial pollution. Table 2.4 presents previous studies on 

WQI with their limitations. 

Table 2.4. Comparison of existing WQI studies 

Study Region Method Parameters 

Considered 

Main Outcomes Limitation 

(Abdelm

alek et 

al., 

2024) 

Wadi 

Ranyah, 

Saudi 

Arabia 

Compositional 

Data Analysis 

(CoDA) with 

PCA and k-

means 

clustering 

Major ions 

(Ca²⁺, Mg²⁺, 

Na⁺, SO₄²⁻, 

Cl⁻, HCO₃⁻, 

NO₃⁻), trace 

elements (Pb, 

Mn, Zn, F), 

EC, pH, TDS 

Groundwater 

categorized into 3 

groups influenced 

by geological 

weathering, 

agriculture, and 

evaporation; WQI 

indicated water is 

unfit for drinking 

(WQI > 300) 

- No robust 

weight 

derivation for 

WQI 

calculation.  

- Subjective 

parameter 

grouping.  

- Limited 

multicollinearit

y handling in 

PCA analysis. 

(Zhang 

et al., 

2024) 

Shijiazhua

ng, China 

DPSIR 

Framework + 

Analytic 

Hierarchy 

Process (AHP) 

+ Index 

Evaluation 

Technique 

(IET) 

NO₃⁻, TH, 

SO₄²⁻, TDS, 

Cl⁻, 

Precipitation, 

Fertilizer 

Load, 

Population 

Density 

Identified GWQ 

evolution patterns 

over time, 

transitioning from 

natural to human 

activity 

dominance. 

- Relies 

heavily on 

subjective 

expert 

judgment 

(AHP), which 

can introduce 

bias.  

- Limited 

ability to 

manage 

parameter 

interdependenc

ies in the 

evaluation 

index system.  

- Does not 

highlight 
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dominant 

contributors 

dynamically 

across regions 

or seasons. 

(Benmar

ce et al., 

2024) 

Setifian 

High 

Plains, 

Algeria 

GIS-based 

WQI with 

Hydrochemical 

Analysis 

pH, EC, TDS, 

TH, Cl⁻, 

SO₄²⁻, HCO₃⁻, 

NO₃⁻, PO₄³⁻, 

NH₄⁺, Ca²⁺, 

Mg²⁺, Na⁺ 

WQI and GIS 

mapping revealed 

most groundwater 

as unsuitable for 

human 

consumption but 

suitable for 

irrigation with 

caution. 

- No statistical 

weighting of 

parameters, 

which reduces 

objectivity and 

fails to 

highlight 

dominant 

contributors.  

- Limited 

handling of 

parameter 

interdependenc

ies, resulting in 

oversimplified 

water quality 

assessment.  

(Chan 

Kujiek 

and 

Sahile, 

2024) 

Elgo River, 

Ethiopia 

CCME-WQI 

and IWQI 

pH, EC, 

Turbidity, 

TDS, TSS, 

DO, BOD, 

COD, ions 

(Ca, Mg, Na, 

Cl, SO₄), 

Total 

Coliform, 

Fecal 

Coliform 

CCME-WQI 

indicated "Poor" 

drinking water 

quality (36.6–

38.4). IWQI 

indicated good 

quality for 

irrigation in dry 

season but poor 

quality in wet 

season. 

- CCME-WQI 

lacks objective 

weight 

assignment. 

- IWQI do not 

incorporate 

multivariate 

methods to 

analyze 

interdependenc

ies. 

(Olamid

e et al., 

2024) 

Ibadan 

Metropolis, 

Nigeria 

Entropy-

Weighted WQI 

(EWQI) 

EWQI 

revealed most 

groundwater 

samples have 

“Good” to 

“Excellent” 

quality, but 

20% were 

rated 

“Medium” to 

“Poor” due to 

pH, EC, TDS, TH, 

HCO₃⁻, SO₄²⁻, Cl⁻, 

NO₃⁻, F⁻, Na⁺, K⁺, 

Ca²⁺, Mg²⁺, Fe, 

Total 

Heterotrophic 

Bacterial Count 

(THBC) 

- Entropy-

based weights 

may overlook 

parameter 

variability 

across seasons, 

leading to 

inaccuracies in 

dynamic 

environments.  

- Limited 
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anthropogenic 

contamination

. 

ability to 

identify 

dominant 

contributors 

influencing 

water quality 

trends.  

- No clustering 

or 

classification 

methods to 

systematically 

categorize 

water quality 

patterns. 

(Mishra 

et al., 

2023) 

Bengaluru, 

India 

Weighted 

Arithmetic 

WQI 

pH, Turbidity, 

Total 

Alkalinity, 

COD, BOD, 

DO, Nitrates, 

Total Nitrogen 

WQI classified 

lakes as Poor, Very 

Poor, and Unfit 

due to urbanization 

and untreated 

sewage 

- Subjective 

weight 

assignment 

may not reflect 

real parameter 

influence.  

- Inability to 

handle 

multicollinearit

y between 

parameters.  

- Limited 

objectivity in 

the index 

calculation. 

(Dilipku

mar and 

Shanmu

gam, 

2023) 

Global 

(Coastal 

and Inland 

Waters) 

Fuzzy 

Inference 

System (FIS) 

and RS WQI 

Chlorophyll-a 

(Chl), Total 

Suspended 

Solids (TSS), 

Colored 

Dissolved 

Organic 

Matter 

(CDOM) 

FIS-based WQI 

accurately 

identified 

dominant water 

quality cells (algal 

blooms, sediment 

load, and organic 

matter zones). 

- Requires 

expertise for 

fuzzy logic 

implementatio

n, making it 

complex for 

resource-

limited settings 

(Kumar et al., 

2024).  

- Parameter 

weights are 

dynamic but 

not derived 

statistically to 
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highlight 

dominant 

contributors. 

(Krishan 

et al., 

2023) 

Mewat 

District, 

India 

WQI 

(Arithmetic 

Weighted 

Method) with 

hydrochemical 

analysis 

Major ions 

(Ca²⁺, Mg²⁺, 

Na⁺, SO₄²⁻, 

Cl⁻, HCO₃⁻, 

NO₃⁻), EC, 

pH, TDS 

WQI indicated 

64% of samples 

fall under “Poor” 

or “Very Poor” 

water categories; 

rock weathering 

and evaporation 

control 

groundwater 

chemistry. 

- Relies on 

predefined 

subjective 

weights, which 

may not reflect 

actual 

parameter 

influence.  

- Lacks 

advanced 

statistical 

methods to 

handle variable 

correlations. 

(Zaghlo

ul et al., 

2023) 

Northern 

Egyptian 

Lakes 

(Bardawil, 

Manzala, 

Burullus) 

NSF-WQI with 

TSI (Trophic 

State Index) 

pH, DO, NH₄, 

NO₂, NO₃, 

PO₄, Cd, Pb, 

Cu, Zn 

Bardawil Lake had 

“Good” to 

“Excellent” 

quality, while 

Manzala and 

Burullus Lakes 

were classified as 

“Very Poor” and 

“Unfit” due to 

heavy metals and 

nutrients. 

NSF-WQI 

holds the 

potential to 

encourage 

negative bias 

or stereotypes  

 

2.9 Machine learning (ML) models for water quality prediction and assessments 

ML models have emerged as one of the strong tools in assessing GWQ by offering predictive 

capabilities beyond conventional analytical methods (Bamal et al., 2024; Haggerty et al., 2023). 

The ML model can establish complicated variable relationships and predict the trend of GWQ with 

a high degree of accuracy. These models use input data on hydrochemical parameters, geological 

attributes, land use patterns, and climatic factors to generate insights into contamination risks, 

spatial variability, and temporal changes in aquifer systems. The main strength of ML models 
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involves handling non-linear and multidimensional relationships that often characterize 

groundwater systems influenced by various natural and anthropogenic factors (Sahoo et al., 2017). 

Recent studies have indicated that ML is a valid tool for assessing the quality of 

groundwater in coastal aquifers (Jibrin et al., 2024; Reza et al., 2025)Several studies have 

demonstrated the efficiency of combining geospatial mapping with ML models in enhancing the 

analysis and prediction of GWQ parameters. (Maleky et al., 2025)  We applied ML models such 

as RF, SVM, and ANN to predict the GWQI of Jiroft City in Iran. In this respect, the RF model 

obtained the highest value of R² (0.986), while spatial analysis showed that areas with shallow 

groundwater levels and intensive agriculture had poor water quality.  (Gharechaee et al., 2024)  

presented RF and CART approaches for groundwater salinity hazard mapping in the Bakhtegan 

Basin, Iran. The most important factors present in the study were elevation, NDSI, and distance to 

salt plains, and their RF performed better (R² = 0.96) than CART (R² = 0.89). (Benaafi et al., 2024) 

applied ML and metaheuristic algorithms to model groundwater salinity in the carbonate aquifer 

of eastern Saudi Arabia. It identified sodium and chloride as the most influencing factors for 

salinity, which may be helpful in sustainable aquifer management.  

 Jibrin et al., (2024) ) applied ML to evaluate the GWQ and its pollution in the Eastern 

Province of Saudi Arabia. They utilized a hybrid model based on Adaptive Neuro-Fuzzy Inference 

System, Gaussian Process Regression, and Decision Tree algorithms to estimate WQI and GWQI. 

GPR resulted in excellent performance with a 0.0169 RMSE for the GWQI estimations, thus 

proving the efficiency of ML in assessing arid areas regarding the quality of groundwater. Recently, 

XGBoost and LightGBM have also been utilized by (Huang et al., 2024), together with DRASTIC 

and GALDIT models, for delineating the groundwater-vulnerable zones in the Pearl River Delta 

of China. The high potential of groundwater has been depicted in their geospatial analysis in the 
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central plains. At the same time, there is a high risk of seawater intrusion in the coastal areas. Some 

of the included factors were vadose zones, geomorphology, and human activities, among others; 

the major information elements concerning population density helped in understanding the key 

areas of the sustainable management of groundwater resources along the coastal area. (Abba et al., 

2024) applied geospatial mapping and state-of-the-art ML models like ENN, GPR, and RF for 

mapping nitrate (NO₃) concentration in Al-Hassa, Saudi Arabia. Nitrate ranged from 9.8 to 77.9 

mg/L, with higher concentrations in agricultural and urban catchments due to acute uses of 

fertilizers and wastewater effluents. (Pal et al., 2024) analyzed nitrate contamination in the 

groundwater and related health hazards of the Sundarbans coastal aquifers in India. In this paper, 

the hotspots of nitrate pollution influenced by agricultural runoff, sewage, and geogenic factors 

were delineated with the help of logistic regression models and geospatial mapping. The nitrate 

susceptibility and health hazard maps developed in the study give critical insights for mitigating 

groundwater contamination and improving the quality of water in the coastal regions. (Sarkar et 

al., 2024) used Random Forest, Gradient Boosting, and Logistic Regression to predict groundwater 

salinity over the Indian region. According to their results, 29% of the area is characterized by high 

salinity, including areas along the coasts. The study found climate and distance to the coastline as 

important predictors of salinity. (BinMakhashen and Benaafi, 2024) applied Ridge Regression and 

Multilayer Perceptron to predict seawater intrusion in Saudi coastal aquifers. They attained high 

accuracy in the prediction, indicating the importance of ML in solving the problems related to 

groundwater in arid coastal regions. 

2.9.1 Feature importance analysis 

Feature importance analysis is a key step in understanding how input parameters contribute to the 

predictive performance of ML models. SHAP analysis is a robust framework in Explainable AI 
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(XAI), offering a mathematically rigorous approach to assess the significance of the features 

(Holzinger et al., 2022; Keleko et al., 2023). The SHAP method, inspired by cooperative game 

theory, assigns a “Shapley value” to each feature, representing the marginal contribution of that 

feature to the output of the model. This method allows the contributions to be fairly and 

consistently evaluated in a way independent of model type, which allows it to be used in many ML 

algorithms. SHAP allows for an intuitive model interpretation by approximating each parameter's 

impact on the predictions, from local to global or model level, by decomposing the prediction into 

a sum of contributions from each input feature.  By integrating SHAP analysis with ML models, 

this study can identify the relative importance of groundwater and water quality factors. This 

insight allows domain researchers to prioritize the most influential elements for water quality 

predictions. Features impacting model outputs can also enable policymakers to develop mitigation 

strategies or optimize resource management. 

2.9.2 Synthetic data generation 

Synthetic data consists of artificially generated data. When data are scarce or of poor quality, 

synthetic data can be used to improve the performance of ML models (Figueira and Vaz, 2022). 

The adoption of ML for creating synthetic data has attracted significant attention in recent years, 

as these models can accurately mimic complex patterns, relationships, and time-based dynamics 

(Pulla et al., 2024). Gaussian Mixture Models (GMMs), Echo State Networks (ESNs), Generative 

Adversarial Networks (GANs), Variational Autoencoders (VAEs), and Gaussian Processes (GPs) 

are different algorithms used for synthetic data generation. GMMs are the foundation algorithms 

for synthetic data replicating the statistical trends and distributions of the dataset. The models have 

probabilistic models representing a dataset as a combination of several Gaussian distributions 

(Reynolds, 2009). ESNs are a recurrent neural network that employs a reservoir computing 
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algorithm featuring randomly initialized hidden units (Jaeger, 2001). GANs involve two neural 

networks: a generator and a discriminator that compete during training. The generator produces 

synthetic data samples, while the discriminator identifies real from synthetic data (Goodfellow et 

al., 2020). VAEs are generative models that combine deep learning and probabilistic graphical 

modeling to create synthetic time series data. They encode input data into a lower-dimensional 

latent space and decode it back, generating new, similar samples (Kingma and Welling, 2013). GPs 

are probabilistic models used for regression and classification and for generating synthetic time 

series data (Rasmussen, 2003). They define the relationships between data points using a mean 

function and a kernel, known as a covariance function. Table 2.5 shows comparison of methods 

for generating synthetic data across various applications. 
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Table 2.5. Comparison of synthetic data generation methods for various applications. 

Authors Methods Study objectives Remarks  

(Moeini et 

al., 2024) 

GANs To model and predict complex 

dynamics in the hyporheic zone 

using conditional deep 

convolutional GANs (cDC-

GANs). 

The significant of the synthetic 

data is to explore diverse 

geological conditions. 

(Yang et al., 

2024) 

GMMs, 

VAEs, 

GANs 

To enhance social network 

advertising predictions using 

synthetic data augmentation 

techniques. 

Compared the effectiveness of 

generative models in 

improving classification 

accuracy. Generated synthetic 

data based on actual social 

network datasets. 

(Khan et al., 

2023) 

VAEs To improve fault classification 

and localization in power 

transmission networks by 

generating synthetic data that 

captures the statistical properties 

of real data. 

Synthetic data is generated 

based on real data from power 

transmission networks to 

enhance classification 

accuracy. 

(Z. Liu et al., 

2023) 

ESNs To develop a novel model (WER-

EKSN) for multi-step water level 

prediction by addressing unstable 

predictions, parameter 

dependency, and error 

accumulation issues. 

The synthetic data is generated 

using ESNs to improve 

forecasting for water level 

prediction. 

(Yilmaz and 

Korn, 2022) 

GANs To generate synthetic electricity 

consumption data for individual 

users using GAN architectures. 

Generated synthetic data by 

learning from observed 

electricity consumption data to 

address privacy concerns, 

enhance prediction accuracy, 

and manage grid loads 

efficiently. 

(Kuchin et 

al., 2020) 

GANs To assess the upper performance 

limits of ML classifiers in 

borehole data classification 

The synthetic data is centered 

on observed lithological 

parameters to evaluate the 

effectiveness of ML 

classifiers. 

 

2.10 Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 

Supervised and unsupervised ML techniques have been applied to the GWQ assessment. 

Supervised algorithms, including RF (Younas et al., 2025), DT (Jibrin et al., 2024), ANN (Dadhich 
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et al., 2021), and MLR (Sartirana et al., 2025), were employed for predictive model development. 

On the other hand, unsupervised ML techniques, including K-means clustering (Eid et al., 2024), 

Restricted Boltzmann Machines  (Bai et al., 2024), and Isolation Forest (Uddin et al., 2024), played 

a significant role in discovering anomalous events in groundwater dynamics. With diversity in 

GWQ fluctuations, unsupervised approaches increasingly become acceptable for unveiling hidden 

data trends. One unsupervised algorithm is clustering, which reveals physicochemical anomalous 

groups and background distributions (Grekov et al., 2023). Selecting an efficient clustering 

algorithm is a function of various factors: the structure of a dataset, the kind of analysis, and the 

dataset's size (Fahad et al., 2014; Prades, 2018). Partitioning, density-based, distribution model-

based, hierarchical, grid-based, and fuzzy clustering techniques are essential for exploring GWQ. 

Their effectiveness depends on the dataset structure, algorithm selection, and parameter tuning, 

and some methods may struggle with varying densities, irregular shapes, or high-dimensional data. 

Clustering algorithms follow the principle of internal homogeneity and external separation. 

The theory means that data points within the same cluster exhibit similarities, while those in 

separate clusters differ significantly (Hancer and Karaboga, 2017). However, despite the diverse 

clustering approaches, several existing algorithms require some degree of prior knowledge about 

the dataset. The commonly used K-means algorithm demands a predefined number of clusters as 

input, which is repeatedly challenging to accurately determine (Kodinariya and Makwana, 2013). 

Distribution model-based clustering methods like Gaussian Mixture Models assume that clusters 

follow a specific probability distribution. The distribution limits their performance when dealing 

with irregular cluster structures (Malsiner-Walli et al., 2016). Hierarchical clustering helps identify 

nested structures within data, but it can be computationally expensive and susceptible to noise (Ros 

and Guillaume, 2019). Although  Grid-based clustering methods efficiently handle high-
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dimensional data, they struggle with identifying clusters of varying densities and irregular shapes 

(Hireche et al., 2020). Fuzzy clustering techniques allow data points to belong to multiple clusters 

but face obstacles to differentiate between dense clusters and noise (Gosain and Dahiya, 2016; 

Miyamoto et al., 2008). Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 

demonstrates significant advantages over existing clustering techniques (Kriegel et al., 2011). 

Unlike many other clustering methods, DBSCAN does not require prior specification of the 

number of clusters. It can identify outliers as noise rather than arbitrarily grouping them into 

clusters. 

2.11 Challenges in groundwater quality (GWQ) assessment 

I. Data Gaps and Accessibility: GWQ is barely assessed in arid coastal areas due to a lack of 

general monitoring networks and a problem with obtaining current data. Due to a lack of 

monitoring infrastructure, comprehensive data collection is impeded, leading to a poor 

understanding of the dynamics and variable quality of groundwater (World Water Quality Alliance, 

2021). This mainly applies to countries where means of extensive monitoring are not available. 

The lack of real-time data further complicates promptly detecting a contamination event and 

implementing effective management strategies in due time. Obviously, without updating 

information, reaction to pollution incidents is delayed; this may well increase the hazards to public 

health and degradation of the environment on the whole (Yakubu, 2018).   

II. Technical and Logistical Issues: Indeed, it is usually costly, and the resource availability is 

small in arid coastal zones to conduct a detailed assessment of the quality of the groundwater 

(Erostate et al., 2020). For instance, establishing a proper monitoring network requires a costly 

investment for drilling wells and collecting samples to represent the aquifers, laboratory analyses, 

and data management, which may not be affordable to most developing countries. Consequently, 
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there is sparse monitoring coverage and a general shortage of data. Besides, special technical skills 

are needed to apply enhanced geospatial tools, which are essential in up-to-date groundwater 

assessments (Pellerin et al., 2016). However, a lack of professionals who can use such 

sophisticated technologies is widely observed, further creating obstacles to a practical 

comprehensive assessment of GWQ. This gap in technical capacity means tools are used well 

below their full capacity and, therefore, affect the accuracy and reliability of the assessments (Giri, 

2021; Gregory et al., 2024).  

III. Complex Interactions: GWQ is determined by the complex interrelation between natural 

processes and human activities. The baseline quality of the groundwater will be determined 

naturally through such processes as the weathering of rocks, soil composition, and geothermal 

activity that introduce heavy metals and minerals. For instance, in the Tibetan Plateau, natural 

geothermal processes and human activities, such as mining, combine to degrade water quality 

regarding heavy metal concentration (Han and Liu, 2024). GWQ degradation is further 

exacerbated by human activities related to industrial processes, agriculture, and urbanization, such 

as introducing pollutants such as pesticides, nitrates, and heavy metals. Furthermore, (Khatri and 

Tyagi, 2015) explained how these interactions occur and their impact on effective ways of 

managing or handling groundwater by formulating strategies that might consider natural 

geochemical processes and induce man-made or artificial sources or agents of pollution.  

2.12 Research Gaps 

Despite significant advancements in GWQ assessment techniques, notable gaps remain in coastal 

aquifers in arid and semi-arid regions. One of the primary gaps identified is the limited application 

of Kernel PCA for developing WQI. Traditional PCA has been used for dimensionality reduction 

in groundwater studies; however, its linear nature restricts its ability to capture complex, non-linear 
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relationships among physicochemical parameters. The integration of Kernel PCA with various 

kernel functions, including linear, polynomial, RBF, and sigmoid kernels, remains underexplored. 

This study seeks to bridge this gap by applying Kernel PCA to improve the accuracy of WQI in 

representing GWQ comprehensively. 

Another significant gap is the limited use of the DBSCAN in GWQ assessments. However, 

DBSCAN has proven effective in identifying clusters and outliers in environmental datasets and 

its application to GWQ analysis. Most existing studies rely on traditional clustering techniques 

that often require pre-defining the number of clusters, which can lead to inaccurate results in 

heterogeneous coastal aquifers. By systematically exploring a range of DBSCAN parameters, this 

study aims to optimize clustering performance for GWQ assessment. To my knowledge, this is the 

first study that applies DBSCAN for groundwater assessment in coastal aquifers. 

Existing research on GWQ in coastal aquifers lacks a comprehensive integration of 

geospatial mapping and ML techniques. Studies have focused on hydrogeochemical analysis using 

GIS or predictive modeling using ML, but rarely on both. This creates a gap in understanding the 

spatial variability of groundwater contamination and the ability to predict water quality parameters. 

Addressing this gap, the current study proposes a hybrid approach that combines geospatial 

mapping with ML models to enhance the spatial and predictive accuracy of GWQ assessments. 

The scarcity of data poses another critical gap in regions where collecting extensive GWQ 

data is costly and logistically challenging. Traditional hydrochemical assessments often suffer 

from limited datasets, compromising the generalizability and robustness of predictive models. In 

response, this study employs GMMs to generate synthetic data, expanding the dataset for more 

reliable training of ML models. 
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While XAI techniques have been increasingly applied in various environmental studies, 

their application in GWQ assessment remains minimal. Understanding the contribution of each 

physicochemical parameter to GWQ predictions is essential for effective management strategies. 

This study addresses this gap by using SHAP to interpret the influence of individual water quality 

parameters on ML model predictions. 

In summary, the identified gaps include the limited use of Kernel PCA and DBSCAN, the 

absence of integrated geospatial and ML approaches, the challenges posed by insufficient data, 

and the minimal application of XAI techniques in groundwater studies. By addressing these gaps, 

this research aims to enhance the methodologies for assessing GWQ in the coastal aquifers of 

Saudi Arabia, providing a more accurate, interpretable, and sustainable management framework. 
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CHAPTER THREE 

METHODOLOGY 

3.1 Data Preprocessing 

Data cleaning in the pre-processing stage plays a significant role in resolving discrepancies and 

other outliers (Bala and Behal, 2024; Khedri et al., 2013). Missing values affect reliable output in 

analysis, whose accuracy in feature representation is significant. The missing values are identified 

using the following expression: 

 
 Missing Values Count = ∑  

𝑛

𝑖=1

1(𝑥𝑖 = 𝑁𝑎𝑁) 
(3.1) 

where 𝑥𝑖 represents the value of the parameter, and 1 is an indicator function that produces one if 

the value is missing (𝑁𝑎𝑁) and zero otherwise.  

If missing data is identified, then: 

 Cleaned Dataset = {𝑥 ∈  Dataset ∣ ∀𝑥𝑖 ≠ 𝑁𝑎𝑁} (3.2) 

Normalization using Z-score is expressed as follows: 

 
𝑍 =

𝑋 − 𝜇

𝜎
 

(3.3) 

where 𝑍 represents the standardized value, 𝑋 denotes the parameter's original value, 𝜇 is the 

parameter mean, and 𝜎 Indicates the parameter standard deviation. 

3.2 Kernel Principal Component Analysis (PCA) 

Kernel PCA effectively extracts the principal components (PCs) of high-dimensional data. It 

transforms it into a form with a reduced dimension for increased model simplicity (Xiao et al., 
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2023). Kernel PCA employs the use of a kernel trick to map the original dataset into a high-

dimensional feature space in which a linear separability (Hoffmann, 2007). Unlike classical PCA, 

which operates on a linear premise, Kernel PCA utilizes kernel functions to map nonlinear 

relationships in the data. That attribute renders Kernel PCA applicable in regions where data 

occupy nonlinear manifolds. Table 3.1 summarizes kernel types and their properties (Hossain and 

Hossain, 2019; Hou et al., 2024; Lu et al., 2019). 

Table 3.1.  Kernel types and their characteristics. 

Kernel Type Mathematical representation Characteristics 

Linear Kernel 𝐾(𝑥, 𝑦) = 𝑥 ⋅ 𝑦 Equivalent to classical PCA; best for 

linear data structures. 

Polynomial Kernel 𝐾(𝑥, 𝑦) = (𝑥 ⋅ 𝑦 + 𝑐)𝑑 Captures polynomial relationships; 

degree 𝑑 controls complexity. 

Radial Basis 

Function (RBF) 𝐾(𝑥, 𝑦) = exp (−
‖𝑥 − 𝑦‖2

2𝜎2
) 

Handles data with complex nonlinear 

patterns; highly flexible with proper 

σ. 

Sigmoid Kernel 𝐾(𝑥, 𝑦) = tanh (𝑎(𝑥 ⋅ 𝑦) + 𝑏) Mimics neural networks are useful in 

some specific tasks but less popular 

overall. 

Cosine Similarity 

Kernel 
𝐾(𝑥, 𝑦) =

𝑥 ⋅ 𝑦

‖𝑥‖‖𝑦‖
 Measures angular similarity; ideal for 

text and high-dimensional data. 

* 𝑥 and 𝑦: feature vectors, 𝑏: intercept parameter, 𝜎: bandwidth parameter in the RBF kernel, 𝑑: 

polynomial, and 𝑐: constant term. 

3.3 Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 

DBSCAN’s most significant utility is its capability for discovering clusters in a dataset and 

bypassing specifying a count of clusters beforehand (Xie et al., 2021). It operates in terms of 

parameters: ‘eps’ denotes the distance between two points for them to become neighbors, and 

‘minPts’ denotes the minimum requirements of points for a region to become a region of density. 

DBSCAN is distinguished for its efficiency in discovering and filtering out noise points—data 

points not in any cluster (Sharma et al., 2016). The algorithm's capacity for adaptability to the 

underlying property of the data and effective dealing with outliers makes it a strong option for 
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various clustering applications. Fig. 3.1 presents the DBSCAN flowchart algorithm for clustering. 

The key steps and equations that govern DBSCAN:  

Step 1: Epsilon (𝜖 or eps) 

𝜖 defines the maximum distance within which two points are considered neighbors. The 𝜖-

neighborhood of a point 𝑝 is defined as: 

 𝑁𝜖(𝑝) = {𝑞 ∈ ℝ𝑑: 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑝, 𝑞) ≤ 𝜖} (3.4) 

where 𝑝 and 𝑞 are data points in 𝑑-dimensional space and distance (𝑝, 𝑞) stands for the Euclidean 

distance. 

 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑝, 𝑞) = √∑  

𝑑

𝑖=1

(𝑝𝑖 − 𝑞𝑖)2 

 

(3.5) 

Step 2: Minimum points (minPts) 

MinPts denotes the minimum number of data points required to constitute a dense region. The 

determination of MinPts is formed by: 

 𝑀𝑖𝑛𝑃𝑡𝑠 ≥ 𝑑 + 1 (3.6) 

where 𝑑 denotes the dimensionality of the dataset. 

Step 3: Core point (p) 

A point 𝑝 is defined as a core point if the 𝜖-neighborhood of p incorporates minPts neighboring 

points: 

 |𝑁𝜖(𝑝)| ≥ 𝑀𝑖𝑛𝑃𝑡𝑠 (3.7) 

where |𝑁𝜖(𝑝)| is the number of points. 
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A k-distance plot is an effective way to determine 𝜖 and is determined by: 

i. The distance to the 𝑘 − 𝑡ℎ nearest neighbor is computed for all points in the dataset, where 

𝑘 = 𝑀𝑖𝑛𝑃𝑡𝑠 − 1 and is based on the minimum number of points required to form a dense 

region: 

 𝑑𝑘(𝑝) =  distance of point 𝑝 to its 𝑘-th nearest neighbor  

 

(3.8) 

ii. The k-distances are sorted in ascending order and plotted against the data point indices. 

The “elbow point” of the plot corresponds to the optimal 𝜖: 

 𝜖 = 𝑘-distance at the elbow point of the curve  (3.9) 

Step 4: Border point (𝑞)  

A border point 𝑞 satisfies: 

 |𝑁𝜖(𝑞)| < 𝑀𝑖𝑛𝑃𝑡𝑠 and ∃𝑝 ∈ 𝑁𝜖(𝑞) such that |𝑁𝜖(𝑝)| ≥ 𝑀𝑖𝑛𝑃𝑡𝑠 (3.10) 

This suggests that a border point is located within the 𝜖-neighborhood of a core point; 

however, it lacks the sufficient number of neighboring points required to be classified as a core 

point. 

Step 5: Noise point (𝑛) 

A point 𝑛 is classified as noise if: 

 𝑛 ∉ 𝑁𝜖(𝑝)∀𝑝 ∈ 𝐶 (3.11) 

where 𝐶 denotes the complete set of clusters. 

Step 6: Density connectivity 
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Two points 𝑝 and 𝑞 are density-connected if: 

 ∃ a chain of points {𝑝1, 𝑝2, … , 𝑝𝑛} such that 𝑝1 = 𝑝, 𝑝𝑛 = 𝑞, and 𝑝𝑖+1 ∈ 𝑁𝜖(𝑝𝑖) (3.12) 

This approach guarantees that clusters are generated from highly-density and connectivity 

regions. 

Fig. 3.1.  Stepwise flowchart of DBSCAN clustering. 
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3.3.1 Clustering validation  

3.3.1.1 Silhouette Score (SS) 

The concept of “Silhouettes” in 1987 was first proposed as a graphical tool for cluster analysis 

interpretation and validation (Rousseeuw, 1987). Silhouette analysis is a quantitative analysis of 

an object in a cluster and its distance to a contrasting cluster (Ogbuabor and Ugwoke, 2018). Its 

value is bounded between a range of -1 and +1; an ideal clustering of objects is represented with a 

value of +1 and a poor clustering of -1. The Silhouette index operates independently of a training 

set, which makes it a more suitable choice for assessing clustering tasks (Shutaywi and Kachouie, 

2021). 

For a data point 𝑖, the silhouette score 𝑠(𝑖) is defined as: 

 
𝑠(𝑖) =

𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥{𝑎(𝑖), 𝑏(𝑖)}
 

(3.13) 

  The 𝑎(𝑖) is the average distance between the data point and all other points contained 

within the same cluster. 

 
𝑎(𝑖) =

1

|𝐶| − 1
∑  

𝑗∈𝐶,𝑗≠𝑖

𝑑(𝑖, 𝑗) 
(3.14) 

where let 𝐶 represent the cluster to which the point is assigned. The notation |𝐶| denotes the total 

number of points while 𝑑(𝑖, 𝑗) signifies the distance between two points. 

The 𝑏(𝑖) denotes the mean distance from the data point to all points within the nearest 

cluster. This distance is computed as follows: 

 
𝑏(𝑖) = 𝑚𝑖𝑛

𝐶′≠𝐶
 

1

|𝐶′|
∑  

𝑗∈𝐶′

𝑑(𝑖, 𝑗) 
(3.15) 
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where 𝐶′ denotes the various other clusters, |𝐶′| and represents the total number of data points. 

The SS for a complete dataset is the average silhouette score calculated across all individual 

data points. 

 
𝑆𝑆 =

1

𝑛
∑  

𝑛

𝑖=1

𝑠(𝑖) 
(3.16) 

where 𝑛 is the total number of data points. 

3.3.1.2 Davies-Bouldin Index (DBI) 

The Davies-Bouldin Index (DBI) is another clustering performance evaluation metric developed 

by David Davies and Donald Bouldin in 1979. DBI is a numerical evaluation of clustering 

performance in terms of both clustering compactness and between-cluster separation in a dataset 

(Dubes, 1987). Its insensitivity to ground truth labels in unsupervised learning cases is beneficial. 

High clustering performance is represented through a low value for DBI, with high between-cluster 

and high tight compactness clusters represented. DBI computation entails calculating an average 

of “worst case” similarity ratios for a cluster. Two similarity of clusters’ similarity is measured in 

terms of a ratio between both clusters’ intra-cluster distance and between-cluster distance between 

two clusters’ centroids (Ros et al., 2023). For a k-clustered dataset, DBI can formally be 

represented in terms of: 

 

𝐷𝐵𝐼 =
1

𝑘
∑  

𝑘

𝑖=1

𝑚𝑎𝑥
𝑗≠𝑖

 𝑅𝑖𝑗 

(3.17) 

The 𝑅𝑖𝑗  is the similarity between cluster 𝑖 and cluster 𝑗, defined as: 

 
𝑅𝑖𝑗 =

𝑆𝑖 + 𝑆𝑗

𝑀𝑖𝑗
 

(3.18) 
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𝑆𝑖 is the average distance of all points in the cluster to the centroid of the cluster (intra-cluster 

distance), calculated as: 

 
𝑆𝑖 =

1

|𝐶𝑖|
∑  

𝑥∈𝐶𝑖

𝑑(𝑥, 𝑐𝑖) 
(3.19) 

where 𝐶𝑖 denotes the total number of points, 𝑐𝑖 signifies the centroid associated, and 𝑑(𝑥, 𝑐𝑖) 

represent the distance between 𝑥 and 𝑐𝑖. 

The 𝑀𝑖𝑗 is the distance between the centroids of clusters 𝑖 and 𝑗 (inter-cluster distance), 

given by: 

 𝑀𝑖𝑗 = 𝑑(𝑐𝑖, 𝑐𝑗) (3.20) 

where 𝑐𝑖 and 𝑐𝑗 are the centroids of clusters. 

3.4 Water Quality Index (WQI) 

The development of WQI has evolved significantly over time, with foundational contributions 

from (Tiwari and Mishra, 1985). They developed the most accepted method, which includes 

computation of the quality rating scale for each water quality parameter and multiplication by the 

weight of parameters. These weights are inversely proportional to recommended standards. In this 

work, the WQI is prepared with weight from Kernel PCA based on standards and practices 

concerning GWQ. Fig. 3.2 visualizes the overall research methodology for developing Kernel 

PCA-Based WQI.  Finally, the final model of the WQI gives a numerical index within the range 

of 0 to 100 and categorizes water quality upon classification based on the classification scheme. 

Table 3.2 presents the scores and classification based on the proposed ranking criteria by (Gupta 

et al., 2003).  
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Table 3.2. WQI ranking criteria. 

WQI Category 

0-25 Very bad 

26-50 Bad 

51-70 Medium 

71-90 Good 

91-100 Excellent 

 

The permissible limit refers to the maximum concentration considered safe for use or 

consumption. Table 3.3 provides the standard permissible limits for GWQ parameters. The 

permissible levels were compiled from the WHO and the Ministry of Environment, Water and 

Agriculture (MEWA) (MEWA, 2020; WHO, 2004). The procedure for the WQI is categorized into 

five steps after performing the PCA. The steps are as follows:  

Step 1: Sub-index (𝑆𝐼𝑖) 

The sub-index (𝑆𝐼𝑖) is calculated using either Equation 13 or 14, depending on the observed 

values of the parameters. 

 𝑆𝐼𝑖 = 𝑚𝑎𝑥 (0,100 ⋅
𝑉𝑝−𝑉𝑜

𝑉𝑝−𝑉𝑖
)  

(3.21) 

where 𝑉𝑜 is the observed value, 𝑉𝑖 denotes the ideal value and 𝑉𝑝 is the permissible limit. 

Purpose: Equation 3.21 is used when the observed value 𝑉𝑜 is within the permissible range (i.e., 

𝑉𝑜 ≤  𝑉𝑝). 

Behavior: 

• It linearly scales the deviation of 𝑉𝑜 between 𝑉𝑖 and 𝑉𝑝. 

• If 𝑉𝑜 approaches 𝑉𝑝, the score 𝑆𝐼𝑖 approaches 0. 
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• If 𝑉𝑜 is closer to 𝑉𝑖, the score approaches 100. 

• The use of max(0, ...) ensures that the sub-index cannot drop below 0. 

If 𝑉𝑜 exceeds 𝑉𝑝, a log transformation is applied: 

 
𝑆𝐼𝑖 = 100 − 𝑙𝑜𝑔 (1 +

𝑉𝑜 − 𝑉𝑝

𝑉𝑝 − 𝑉𝑖
) ⋅ 50 

(3.22) 

Purpose: This Equation 3.22 is used when the observed value Vo exceeds the permissible limit VP. 

Behavior: 

• A logarithmic transformation is applied to dampen the penalty for values of Vo that exceed 

𝑉𝑃. 

• This prevents extreme deviations from having disproportionately large penalties compared 

to a linear scale. 

• The inclusion of 50 as a scaling factor ensures the score decreases more gradually. 

• Unlike Equation 21, there is no explicit floor of 0, meaning 𝑆𝐼𝑖 can technically drop below 

zero for very high 𝑉𝑜. 

Step 2: Weight of a parameter (𝑤𝑖) 

The initial weight is determined based on the PCA loading (𝐿𝑖𝑗) of parameter i on the selected PCs: 

 

𝑤𝑖 = ∑  

𝑘

𝑗=1

(𝜆𝑗 ⋅ |𝐿𝑖𝑗|) 

(3.23) 

where 𝑘 is the number of retained PCs, 𝜆𝑗 represents the eigenvalue (explained variance) of the 

𝑗 − 𝑡ℎ PC, and 𝐿𝑖𝑗 is the loading of the parameter 𝑖 on the 𝑗 − 𝑡ℎ PC. 
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Step 4: Normalized weight (𝑤𝑖
norm ) 

The weights are normalized to ensure their sum equals 1: 

 
𝑤𝑖

norm =
|𝑤𝑖|

∑  𝑛
𝑖=1 |𝑤𝑖|

 
(3.24) 

If weights are negative, absolute values are applied to adjust relative contributions. 

Step 5: Final 𝑊𝑄𝐼 score 

The final 𝑊𝑄𝐼 is calculated by multiplying the normalized weights (𝑤𝑖
norm ) with the 𝑆𝐼𝑖 as 

shown below: 

 
𝑊𝑄𝐼 = ∑  

𝑛

𝑖=1

(𝑤𝑖
norm ⋅ 𝑆𝐼𝑖) 

(3.25) 

where 𝑤𝑖
norm  is the adjusted relative weight of the parameter 𝑖. 

Combining all steps, the general equation becomes: 

 

𝑊𝑄𝐼 = ∑  

𝑛

𝑖=1

((
∑  𝑘

𝑗=1 (𝜆𝑗 ⋅ |𝐿𝑖𝑗|)

∑  𝑛
𝑖=1 |𝑤𝑖|

) ⋅ 𝑆𝐼𝑖) 

(3.26) 

Table 3.3. Permissible limits of GWQ parameters. 

Parameter Standard 

pH 7 

EC 1000 µS/cm 

CaCO₃ 500 mg/L 

Turbidity 5 NTU 

Na+ 200 mg/L 

K+ 12 mg/L 

Mg2+ 50 mg/L 

Ca2+ 75 mg/L 

F⁻ 1.5 mg/L 

Cl⁻ 200 mg/L 

Br⁻ 2 mg/L 
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NO₃⁻ 50 mg/L 

SO₄²⁻ 250 mg/L 

Salinity 1000 mg/L 

Fig. 3.2.  Research methodology flowchart for the development of Kernel PCA-Based WQI. 

3.5. Synthetic Data Generation  

3.5.1. Explanation of Gaussian Mixture Models (GMMs)  

Synthetic data generation is essential when the quantity of real data is not sufficient to enable ML 

modeling (Yan et al., 2024). It is also required in areas where the data is scarce or obtaining the 

data is unaffordable. GMMs are the foundation algorithms for synthetic data replicating the 

statistical trends and distributions of the dataset. The models have probabilistic models which 

represent a dataset as a combination of a number of Gaussian distributions (Reynolds, 2009). These 

properties make GMMs exceptionally at modeling the complexity of multimodal distributions. It 

also enables the synthetic data to maintain the variability and structure of observed data. 

 

𝑝(𝑥) = ∑  

𝐾

𝑘=1

𝜋𝑘 ⋅ 𝒩(𝑥 ∣ 𝜇𝑘, 𝛴𝑘) 

(3.27) 

where 𝑝(𝑥) is the overall probability, 𝐾 represents the Gaussian components, and 𝜋𝑘 is the 

coefficient for the 𝑘 − 𝑡ℎ Gaussian coefficient and it is given by:  
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𝒩(𝑥 ∣ 𝜇𝑘 , 𝛴𝑘) =

1

√(2𝜋)𝑑|𝛴𝑘|
𝑒𝑥𝑝 (−

1

2
(𝑥 − 𝜇𝑘)𝑇𝛴𝑘

−1(𝑥 − 𝜇𝑘)) 
(3.28) 

where 𝜇𝑘 is the mean vector, Σ𝑘 represents the covariance matrix and 𝑑 is the dimensionality of 𝑥. 

3.5.2. Evaluating data similarity with Jensen-Shannon Divergence (JSD) 

JSD is used to determine the reliability and representativeness of synthetic data. It is a statistical 

metric to estimate the similarity between two probability distributions (Sáez et al., 2017). As a 

symmetrical metric, JSD is set to compare probability distributions for the alignment of synthetic 

and real data (Dankar et al., 2022). The average JSD score was computed to obtain an overall score 

that indicates the validation of the generated datasets. 

 
𝐽𝑆𝐷(𝑃‖𝑄) =

1

2
𝐾𝐿(𝑃‖𝑀) +

1

2
𝐾𝐿(𝑄‖𝑀) 

(3.29) 

where 𝑀 =
1

2
(𝑃 + 𝑄) is the average distribution of 𝑃 and 𝑄 and KL(𝑃‖𝑀) represents the 

Kullback-Leibler (KL) divergence. 

3.6 Machine Learning (ML) Models  

3.6.1. LightGBM (Light Gradient Boosting Machine) 

LightGBM is a fast gradient-boosting framework developed by Microsoft in 2017 (Ke et al., 2017). 

Since its inception, it has garnered much attention due to its ability to deal with extensive, high-

dimensional data. The name “light” to its lightweight structure gives miraculous training speeds 

with less memory usage than other gradient-boosting frameworks. The model also offers native 

support for categorical features, which reduces memory usage and provides scalability with 

parallel learning capabilities (Cai et al., 2023).  
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3.6.2. XGBoost (Extreme Gradient Boosting) 

XGBoost is a general-purpose ML algorithm with enhanced performance in predictive modeling. 

It is an extension of the gradient boosting algorithm for preventing overfitting and sparsity for 

handling missing values (Chen and Guestrin, 2016). XGBoost employs an advanced tree-pruning 

algorithm and a minimum loss reduction requirement to build optimum trees compared to 

traditional gradient boosting algorithms. It also employs scalability through parallel computing as 

an advanced feature (Velarde et al., 2023). 

3.6.3. Random Forest (RF) 

RF is an ensemble ML algorithm used for classification and regression tasks (Svetnik et al., 2003). 

The model creates multiple decision trees during training and combines their predictions for a 

robust result. Its strength and higher performance from two techniques: bootstrap aggregating 

(bagging) and feature randomness (Lee et al., 2020). The bagging trains enable RF to handle high-

dimensional datasets, noisy data, and irrelevant features. 

3.6.4. Gradient Boosting Machine (GBM) 

GBM is a model that stacks multiple simple models or decision trees together to create a more 

robust model (Daning et al., 2023). Unlike RF, the GBM model trains trees sequentially, where 

decision trees are trained in parallel. It emphasizes data points that are more difficult to predict by 

accentuating the residual error. This enables the model to capture complicated and non-linear 

relationships within the data (Ilhan et al., 2023). The main benefit of GBM is to provide flexibility 

to be tailored using hyperparameters and can be tuned for optimal performance (Ayyadevara, 

2018). 
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3.6.5. Performance evaluation 

Performance evaluation is key in ascertaining the reliability and accuracy of ML models (Jibrin et 

al., 2024). It involves using several metrics to quantify the degree of agreement between predicted 

and observed values. The following are the advanced performance metrics used in the study: 

Relative Root Mean Squared Error (rRMSE): 

 

𝑟𝑅𝑀𝑆𝐸 =

√1
𝑛

∑  𝑛
𝑖=1 (𝑆𝑖 − 𝑆̂𝑖)

2

𝑆̅
 

(3.30) 

Relative Mean Absolute Error (rMAE): 

 

𝑟𝑀𝐴𝐸 =

1
𝑛

∑  𝑛
𝑖=1 |𝑆𝑖 − 𝑆̂𝑖|

𝑆̅
 

(3.31) 

Weighted Mean Absolute Percentage Error (wMAPE): 

 
𝑤𝑀𝐴𝑃𝐸 =

∑  𝑛
𝑖=1 |𝑆𝑖 − 𝑆̂𝑖|

∑  𝑛
𝑖=1 𝑆𝑖

 
(3.32) 

Symmetric Mean Absolute Percentage Error (sMAPE): 

 
𝑠𝑀𝐴𝑃𝐸 =

1

𝑛
∑  

𝑛

𝑖=1

|𝑆𝑖 − 𝑆̂𝑖|

|𝑆𝑖| + |𝑆̂𝑖|
2

⋅ 10 
(3.33) 

where 𝑆𝑖 is the observed salinity value, 𝑆̂𝑖 represents the predicted value, 𝑆̅  and 𝑆̂ stands for the 

mean of the observed and predicted values, and 𝑛 represents the total number of data points.  

3.7. SHAP: SHapley Additive exPlanations Analysis 

SHAP is an XAI technique that explains ML models' performance by assigning each feature's 

contribution to predictions. SHAP enables interpretability by assigning the result of predictions to 
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input features to enhance transparency in their significance assessment (Jibrin et al., 2025). The 

primary benefit of SHAP is its ability to ensure consistency in interpreting interaction effects for 

individual predictions (Nohara et al., 2022). SHAP differs from traditional feature importance 

metrics by estimating each feature's effect size and direction (positive or negative). 

 

𝑦̂ = 𝜙0 + ∑  

𝑀

𝑖=1

𝜙𝑖 

(3.34) 

where 𝜙0 is the model’s baseline (expected) prediction and 𝜙𝑖 is the SHAP value for feature 𝑖. 

SHAP interaction values 𝜙𝑖,𝑗 quantify the contribution of the interaction between features 

𝑖 and 𝑗: 

 𝜙𝑖,𝑗 =  SHAP value of feature interaction between 𝑖 and 𝑗 (3.35) 
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Fig. 3.3.  Flowchart for the synthetic data generation and modelling salinity. 
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3.8 Study area and description 

3.8.1 Description of the study area  

The study area is located in the Eastern Province of Saudi Arabia, along the western coastline of 

the Arabian Gulf. It covers the Al-Qatif governorate, including the Al-Qatif region and Tarout 

Island. This region is characterized by an arid climate, marked by low annual rainfall and elevated 

rates of evaporation, with average monthly temperatures fluctuating from 20.1 °C in January to 42 

°C in July and an annual mean temperature estimated at approximately 32.3 °C (Al-Shaibani, 

2012). The combination of high evaporation and minimal rainfall intensifies groundwater salinity, 

as the loss of freshwater through evaporation concentrates dissolved salts within the aquifers. This 

process, exacerbated by seawater intrusion in coastal aquifers, highlights the importance of robust 

water quality assessment tools in arid regions. Given these climatic and hydrogeological 

conditions, groundwater is the primary water source for domestic, agricultural, and industrial 

purposes. It effectively sustains the coastal community of Al-Qatif, an oasis with a population 

exceeding 500,000 individuals. It is bordered by Al-Jubail to the north and Dammam to the south 

(Manzar et al., 2022); the terrain features a flat coastal plain that slightly elevates westward, 

culminating at around 12 meters. This area encompasses agricultural and urban land, although 

increasing urbanization has encroached upon agrarian space. Groundwater exploitation in Al-Qatif 

occurs through shallow and deep aquifers, with the latter being more intensively utilized due to 

salinization challenges affecting the shallower aquifers. The depths reach up to 12 meters in 

shallow aquifers, while deep aquifers extend to about 130 meters. Water levels vary significantly, 

ranging from less than 1 meter to 11 meters depending on the depth of the aquifer. The shallow 

aquifer is the Neogene aquifer, while the deep aquifers consist of the Alat and Al-Khobar aquifers. 

The water level in the deep aquifers decreases as it approaches the Arabian Gulf, with higher 
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groundwater levels observed in the central part of the study area. The increase in water levels is 

attributed to the reduction in groundwater pumping from the deep aquifer in central Al-Qatif, 

which is being supplemented by treated wastewater for irrigation purposes. 

3.8.2 Data collection 

A systematic collection of water samples from shallow and deep aquifers in Al-Qatif was 

conducted to facilitate a comprehensive laboratory analysis of physicochemical properties. 

Samples were obtained using submersible pumps after approximately 15 minutes of pumping to 

ensure that stale water was adequately removed (Roll et al., 2016). In-situ measurements of key 

physicochemical parameters, pH, turbidity, and EC were performed with a multimeter to ensure 

the groundwater data's representativeness and accuracy. At the laboratory, samples were filtered 

using a 0.45 μm membrane to remove suspended particles and then stored at a constant temperature 

of 4°C until the beginning of the analysis. Each aquifer was analyzed for different physical and 

chemical parameters, including pH, EC, calcium carbonate (CaCO3), turbidity, and concentrations 

of sodium (Na+), potassium (K+), magnesium (Mg2+), calcium (Ca2+), fluorine (F⁻), chlorine (Cl⁻), 

bromine (Br⁻), nitrate (NO3⁻), sulfate (SO4
2⁻), and salinity, with the measurements reported in 

mg/L, while pH is unitless and EC is expressed in µS/cm. Fig. 3.4. shows the Al-Qatif region's 

study area and the aquifers’ locations. 
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Fig. 3.4. Study area with sample locations. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Data pre-processing and Kernel PCA results   

4.1.1 Kaiser–Meyer–Olkin (KMO) and Bartlett’s tests of Sphericity (BTS) 

The appropriateness of the dataset for Kernel PCA was evaluated through the Kaiser–Meyer–Olkin 

(KMO) test and Bartlett’s sphericity (BTS) test. The KMO test measures sampling adequacy by 

quantifying the proportion of variance accounted for by underlying principal components. A KMO 

value nearing 1 indicates a dataset suitable for PCA, while a KMO value below 0.5 indicates that 

the dataset is unsuitable for PCA. In this current study, the observed KMO is 0.79, which signifies 

adequate sampling. Conversely, Bartlett’s test of sphericity assesses whether the correlation matrix 

resembles an identity matrix. This would imply that the variables are uncorrelated and thus not 

conducive to PCA (Tripathi and Singal, 2019)In this analysis, a p-value of 0.000 (below the 0.05 

threshold) justifies rejecting the null hypothesis, confirming significant relationships among the 

variables. Both tests confirmed that the dataset is suitable for the PCA. 

Fig. 4.1 presents the results of PCA suitability and the correlation heatmap illustrating the 

relationships between the parameters. The correlation matrix highlights essential trends in GWQ 

parameters, revealing strong positive correlations between EC, salinity, Na+, and Cl⁻, which 

significantly contribute to the ionic strength of groundwater. K+, Mg2+, and Ca2+ also highly 

correlate with EC, further emphasizing their influence on water chemistry. In contrast, pH exhibits 

negative correlations with CaCO₃ and SO4
2⁻, suggesting that lower pH levels enhance processes 

like carbonate dissolution. Turbidity shows moderate correlations with both EC and SO₄²⁻, 

suggesting partial influences on ionic variations. On the other hand, nitrate generally exhibits a 
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weak correlation with most parameters, indicating localized human activities, such as agricultural 

runoff. 

 

Fig. 4.1. Correlation matrix heatmap and PCA suitability tests. 

4.1.2 Normalization of the dataset 

Normalization of raw data represents the first step in developing the Kernel PCA-based WQI. Min-

max scaling, a technique that rescales the values to a standard range, usually from 0 to 1, is applied. 

Normalization is one of the essential steps that make the range of the data uniform; this provides 
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all the variables with an opportunity to contribute to the analysis (Jibrin et al., 2025). Fig. 4.2 

shows a box-and-whisker plot that visually summarizes each physicochemical parameter's 

distribution, variability, and outliers. NO₃⁻ and pH exhibit high variability, as evidenced by their 

more extensive interquartile ranges (IQR) and multiple outliers. In contrast, EC, CaCO₃, turbidity, 

and salinity display relatively minor IQRs, indicating more consistent values across the dataset. 

The outliers observed in Cl⁻, F⁻, and Ca2+ parameters suggest localized anomalies or unique 

physicochemical characteristics in specific aquifers. 

 

Fig. 4.2. Box-and-whisker plot for the normalized dataset. 

4.1.3 Kernels PCA analyses 

The comparison of CV across five types of Kernels PCA—linear, polynomial, radial basis function 

(RBF), sigmoid, cosine, and Laplacian—reveals significant differences in their ability to retain 

data variability, as shown in Table 4.1. The polynomial kernel performed exceptionally aquifer, 
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capturing 98.33% of the variance in the first PC. By PC5, it captures 99.77% of the variance, and 

by PC7, it nearly achieves complete variability at 99.98%. The strong performance of the 

polynomial kernel PCA can be attributed to its ability to preserve maximum variability while 

capturing essential feature directions and efficiently reducing dimensionality (Zhao et al., 2024). 

The polynomial kernel helps reduce intrinsic dimensionality while preserving the statistics of the 

dataset (Ma and Zabaras, 2011). The cosine kernel performs well, capturing 96.13% of the variance 

with PC5 and 99.99% cumulatively with PC9. Both polynomial and cosine kernels effectively 

reduce dimensionality while preserving important variability, making them suitable for non-linear 

data applications. Their ability to maintain high variability is beneficial for accurately developing 

the WQI. 

The RBF kernel demonstrates the weakest performance in retaining CV. At PC1, it accounts 

for only 34.07% of the variance (CV = 0.340674), and by PC5, it captures just 77.39% of the CV, 

which is lower than that of other kernels. Although the RBF kernel eventually reaches 96.05% 

variance at PC11, its slower accumulation suggests inefficiency in capturing variability in the 

earlier components. While the RBF kernel is known for its effectiveness with non-linear data, it 

lacks a systematic approach for selecting and integrating optimal parameters to enhance 

performance (Anyanwu et al., 2023). The poor performance of the RBF kernel makes it unsuitable 

for this analysis, as it risks losing critical data variability essential for clustering and interpreting 

physicochemical patterns. The Laplacian kernel has the weakest performance compared to the 

other kernels. At PC1, it captures only 33.49% of the variance (CV = 0.33498), even lower than 

the RBF kernel. By PC5, it retains 73.53%, trailing behind all the other kernels. Even at PC12, 

where most kernels approach full variance retention, the Laplacian kernel still falls short, achieving 

only 95.87% CV at PC13. In contrast, the linear and sigmoid kernels demonstrate intermediate 
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performance, retaining 95.85% and 96.20% variance by PC4 and reaching near-total variability by 

PC8, respectively. 

Table 4.1. Comparison of CV for Kernel PCA types. 

PC 

Linear 

(CV) 

Polynomial 

(CV) 

RBF 

(CV) 

Sigmoid 

(CV) 

Cosine 

(CV) 

Laplacian 

(CV) 

PC1 0.73341 0.98329 0.34067 0.75024 0.59494 0.33498 

PC2 0.88383 0.99344 0.57161 0.90435 0.86133 0.51469 

PC3 0.93498 0.99543 0.66110 0.93824 0.91480 0.61207 

PC4 0.95852 0.99673 0.72179 0.96203 0.94356 0.67532 

PC5 0.97478 0.99772 0.77394 0.97729 0.96128 0.73530 

PC6 0.98502 0.99831 0.81349 0.98795 0.97709 0.78262 

PC7 0.99222 0.99874 0.85003 0.99226 0.99029 0.82351 

PC8 0.99688 0.99914 0.88323 0.99559 0.99557 0.85417 

PC9 0.99934 0.99941 0.91533 0.99874 0.99904 0.88390 

PC10 0.99969 0.99962 0.94184 0.99939 0.99950 0.91060 

PC11 0.99987 0.99978 0.96049 0.99985 0.99979 0.93535 

PC12 0.99993 0.99989 0.97702 0.99996 0.99990 0.95873 

PC13 0.99997 0.99996 0.99203 0.99999 0.99995 0.98017 

PC14 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 

  

Fig. 4.3 shows the CV results of different kernels in Kernel PCA with a 95% threshold. 

The polynomial kernel quickly achieves this threshold in the first PC, capturing most of the data's 

variability early. However, the linear and sigmoid kernels need three PCs to reach the 95% 

threshold, while the cosine kernel does so within four PCs. The RBF kernel lags, crossing the 95% 

mark only after the tenth PC. The Laplacian kernel performs the weakest. Testing various kernels 

in PCA offers valuable insights into their suitability for specific datasets. The polynomial kernel is 

selected for this study due to its ability to retain the highest CV with fewer components. 
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Fig. 4.3. Comparison of cumulative variance of kernels with a 95% threshold. 

The scree plot displays the percentage of variance associated with each PC by graphing 

their eigenvalues (Gour et al., 2017). Fig. 4.4 illustrates the scree plot of the eigenvalues obtained 

from the polynomial Kernel PCA. It emphasizes the relative importance of each component in 

explaining the variance within the data. Typically, components with eigenvalues above a threshold 

of 1 are considered significant contributors. The sharp decline in eigenvalues after the first 

component indicates that most of the variance is captured by this initial component. The 

subsequent components contribute minimally, as their eigenvalues fall below the threshold. This 

observation suggests a strong capability for dimensionality reduction, where one or very few 

components can effectively represent the variability of the dataset. A red dashed line marks the 

threshold, providing a visual reference for identifying significant components. 



 
 

79 
 

 

Fig. 4.4. Scree plot for the best Kernel PCA. 

4.2 Developed Kernel PCA-based WQI 

Table 4.2 presents the SI and WQI scores for groundwater parameters, offering a detailed 

assessment of water conditions in the coastal aquifers of the study area. The WQI, derived as a 

weighted sum of SIs using adjusted relative weights to categorize GWQ across aquifers into classes 

based on the WQI ranking criteria by (Gupta et al., 2003) as shown in Table 3.2. Notably, W2, W3, 

and W4, with WQI values of 31.27, 30.26, and 28.82, respectively, fall into the “Bad” category, 

while W11 exhibits the worst water quality, with a WQI of 10.64, classified as “Very Bad.” 

Conversely, aquifers such as W16, W18, and W19, with WQI values of 63.94, 61.84, and 64.63, 

are classified as “Medium,” indicating moderate GWQ in certain parts of the coastal aquifer. Varol 

& Davraz, (2015) emphasizes the importance of WQI classification, which allows for the 

assessment and categorization of GWQ in terms of its suitability for various uses and purposes.  
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The SI calculations reveal that salinity is one of the significant parameters affecting GWQ 

in the study area. All aquifers recorded SI values ranging from 0 to 50, reflecting highly saline 

water. Salinity indicates intense salinization caused by over-extraction of groundwater, which 

decreases hydraulic pressure and allows seawater intrusion into the aquifers (Han et al., 2015).  

Similarly, very low SI values were recorded in all aquifers where extreme levels of EC were above 

the permissible limits. Salinity strongly influences the EC, which is considered one of the 

important indicators showing the TDS in water to reflect the intensity of ionic concentration and 

the possible seawater intrusion and contamination of groundwater (Ghezelsofloo et al., 2021; Najib 

et al., 2017). Thus, poor scores for salinity and EC in SI continuously indicate that over-extraction 

has increased the intensity of seawater intrusion in the study area. Br⁻ and Cl⁻ also exhibit 

extremely low SI values, maintaining zero SI values in all aquifers. Br⁻ is representative of 

contamination from anthropogenic activities. It is further increased in the coastal aquifers due to 

the mixing of seawater (Park et al., 2005). Error! Reference source not found. shows the spatial d

istribution of the water quality parameters in the coastal aquifers.  

On the other hand, pH maintains a consistently high SI value of 100 in most of the aquifers. 

This suggests that the pH remains stable within the acceptable range, usually buffered through the 

intrinsic buffering capacity of the aquifer (Schafer et al., 2021). Other parameters, Ca2+ and SO4
2⁻, 

show moderate SI scores, with variability attributed to geological sources and human activities. 

(Alfarrah et al., 2016) investigated high sulfate concentrations in a coastal aquifer in Libya and 

related them to seawater intrusion, gypsum dissolution, and deep saline waters. Similarly, (Awaleh 

et al., 2022)  examined sulfate pollution in aquifers in Djibouti and found that anthropogenic 

inputs, such as fertilizers and animal manure, contribute significantly to high sulfate levels. 

Further, (Cheng et al., 2022) attributed the contribution of industrial sources to sulfate 
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contamination in coal mining areas as stemming from sulfide mineral oxidation and discharge of 

sewage waters. Fig. 4.5 shows the geospatial distribution of water quality in the study area.  

 

Fig. 4.5. Geospatial distribution of water quality classes in Al-Qatif.



 
 

82 
 

Table 4.2. Results of the SI and WQI scores for the water quality parameters. 

AQF 

SI 

(pH)  

SI 

(EC) 

SI 

(CaCO3) 

SI 

(Turbidity)  

SI 

(Na+) 

SI 

(K+) 

SI 

(Mg2+) 

SI 

(Ca2+) 

SI 

(F⁻) 

SI 

(Cl⁻) 

SI 

(Br⁻) 

SI 

(NO3⁻) 

SI 

(SO4
2⁻) 

SI 

(Salinity)  WQI Class 

W1 100 0 90.05 76.19 18.02 0 64.81 37.77 53.84 0 0 100 0 0 34.92 Bad 

W2 100 0 8.37 51.89 35.01 0 8.39 66.34 75.65 0 0 90.23 12.47 0 31.27 Bad 

W3 100 0 77.34 37.11 0 0 41.57 19.2 35.76 0 0 100 0 0 25.51 Very bad 

W4 100 0 94.59 31.75 0 0 46.18 28.28 74.4 0 0 100 0 0 30.26 Bad 

W5 100 0 98.37 63.68 30.5 0 89.04 60.48 82.38 0 0 100 10.3 0 42.31 Bad 

W6 100 0 89.02 57.01 20.85 0 76.79 47.77 48.5 0 0 100 0 0 35.14 Bad 

W7 100 0 27.06 45.91 55.26 7.78 13.76 66.4 100 0 0 100 20.72 0 37.53 Bad 

W8 100 0 32.32 0 29.18 0 83.23 35.31 88.74 0 0 100 0 0 31.6 Bad 

W9 100 0 32.46 8.77 43.62 0 0.5 62.04 61.7 0 0 100 12.59 0 28.82 Bad 

W10 100 0 29.64 34.92 37.55 0 99.78 60.59 68.04 0 0 100 9.07 0 37.06 Bad 

W11 100 0 73.21 26.41 15.82 0 75.23 40.59 42.21 0 0 100 0 0 30.64 Bad 

W12 100 0 49.7 0 0 0 0 16.44 37.61 0 0 100 0 0 18.63 Very bad 

W13 100 5.64 100 8.75 76.56 66.65 88.33 26.63 100 23.76 0 93.67 58.62 26.26 52.5 Medium 

W14 100 9.4 100 96.25 80.64 73.99 89.92 31.24 100 27.45 0 92.47 60.84 28.01 60.59 Medium 

W15 100 8.56 100 86.75 79.17 68.03 86.52 27.29 90.25 26.37 0 93.31 56.85 26.61 57.51 Medium 

W16 100 11.49 100 60.5 84.36 75.82 86.12 31.91 100 32.36 0 93.47 53.29 28.13 58.4 Medium 

W17 100 24.35 100 79.75 97.87 45.1 95.44 46.46 100 43.63 0 91.05 63.57 43.27 63.94 Medium 

W18 100 28.91 100 89 4.46 100 98.71 56.23 100 47.22 0 94.3 68.13 46.59 64.55 Medium 

W19 100 17.71 100 84.75 90.96 93.25 91.43 39.54 100 37.38 0 92.84 59.91 36.23 64.83 Medium 

W20 99.33 15.74 100 83.25 88.55 97.85 91.94 37.87 100 34.82 0 95.14 61.09 34.99 64.59 Medium 

W21 100 11.49 100 94 84.56 86.98 89.76 33.1 98 30.68 0 95.46 59.86 30.06 62.41 Medium 

W22 100 8.06 100 91 79.75 72.23 87.4 29.59 100 26.55 0 95.22 58.66 29.09 59.66 Medium 

W23 100 12.38 100 92 84.38 82.89 88.04 31.65 100 30.93 0 94.9 57.46 31.19 61.8 Medium 

W24 100 2.73 100 96.75 72.47 56.25 86.19 22.17 93 19.71 0 98.01 59.6 21.26 55.77 Medium 

W25 100 21.89 100 100 95.07 12.1 93.48 44.38 100 41.41 0 92.51 61.5 38.23 61.53 Medium 

W26 100 13.47 100 91.75 85.96 76.06 89.14 32.7 100 32.55 0 94.39 57.91 31.57 61.78 Medium 

W27 100 11.13 100 73.5 78.99 50.19 78.5 24.57 87.37 29.71 0 99.13 41.88 28.48 54.09 Medium 
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W28 50.67 0 100 95 56.37 47.67 70.16 95.79 73.62 1.43 0 100 51.71 4.28 52.94 Medium 

W29 52 0 100 98 42.36 25.98 55.7 84.9 93.25 0 0 100 45.45 0 49.16 Bad 

W30 52.67 0 100 97.75 41.11 24.04 54.31 83.95 67.62 0 0 100 45.45 0 46.7 Bad 

W31 52.67 0 100 98.25 38.44 18.46 49.84 82.14 58.13 0 0 100 42.76 0 44.67 Bad 

W32 50.67 0 100 96.25 36.15 16.32 44.37 79.24 94.25 0 0 100 37.76 0 45.97 Bad 

W33 56 0 100 98.25 3.49 0 77.89 33.41 93.12 0 0 90.1 0 0 36.96 Bad 

W34 50.67 0 100 98.75 31.73 5.38 38.23 75.76 34.75 0 0 100 35.24 0 39.29 Bad 

W35 31.33 0 100 97 63.3 41.61 81.64 17.46 46 11.1 0 96.58 54.85 13.71 44.87 Bad 

W36 38 1.12 100 97.75 73.57 68.04 84.66 25.48 92.12 36.33 0 88.01 58.01 20.32 54.6 Medium 

W37 68 0 100 96.75 65.2 48.72 80.96 13.27 100 12.95 0 93.8 55.67 14.29 50.89 Bad 

W38 43.33 17.5 100 97.5 90.73 25.35 90.12 38.5 100 20.3 0 91.14 57.33 39.54 56.75 Medium 

W39 38 17.71 100 100 67.22 54.02 82.5 16.42 100 14.43 0 94.84 57.51 39.79 54.42 Medium 
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4.3 Validation of the developed WQI 

The developed WQI was validated and referenced using a study by (Abdelaziz et al., 2020), which 

investigated the quality of drinking and irrigation water in 47 pumping wells in Wadi El-Natrun, 

Egypt. This study assessed water quality based on 16 parameters. The Wadi El-Natrun depression 

is located on the western edge of the Nile Delta's desert, between latitudes 30° 15′ N and 30° 33′ 

N and longitudes 29° 59′ E and 30° 31′ E. It spans approximately 56 km in length, with a width 

ranging from 7 km in the southeast to 28 km in the northwest. The total area is about 1,352 km², 

with the lowest elevation being 23 meters below sea level. Fig. 4.6 shows the location map of the 

wells in Wadi El-Natrun.  

The newly developed WQI using the Kernel PCA-based approach and was compared 

directly with the reference WQI results, as shown in Table 4.3. The comparison was made using 

statistical metrics: R²: 0.8938, MSE: 27.1193, and RMSE: 5.2076. The high R² value indicates a 

strong correlation between the new and reference WQI, suggesting that the new index effectively 

captures the water quality patterns observed in the study area. The low MSE and RMSE values 

further confirm the accuracy and reliability of the new WQI. 

These results strongly support the generalization and scalability of the new WQI model. 

The ability of the model to produce accurate results across a region with diverse hydrogeological 

and environmental conditions highlights its robustness. The strong performance metrics 

demonstrate that the new WQI is not only reliable for Wadi El-Natrun but also has the potential to 

be applied effectively to other regions. This makes the new WQI a powerful tool for assessing 

GWQ challenges across different geographical areas. 
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Fig. 4.6. Location map of the wells in Wadi El-Natrun (Abdelaziz et al., 2020). 
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Table 4.3. Validation results of the developed WQI for the wells. 

Wells Reference WQI  Class New WQI Class 

S1 50.7 Fair 69.5 Medium 

S2 61.6 Fair 69.1 Medium 

S3 44 Poor 50.4 Bad 

S4 80.3 Excellent 90.2 Good 

S5 49.5 Poor  50.6 Bad 

S6 45.2 Poor 45.8 Bad 

S7 50.1 Fair 49.7 Bad 

S8 52.5 Fair 59.8 Medium 

S9 72.9 Good 81.1 Good 

S10 72.5 Good 69.2 Medium 

S11 66.6 Good 67 Medium 

S12 46.3 Poor 47.8 Bad 

S13 71.9 Good 74.4 Good 

S14 43.7 Poor 50.6 Bad 

S15 64.1 Fair 66 Medium 

S16 52.7 Fair 53.3 Medium 

S17 46.9 Poor 47.9 Bad 

S18 75.2 Good 66.6 Medium 

S19 42.1 Poor 43.4 Bad 

S20 70.2 Good 75.3 Good 

S21 47.4 Poor 48.2 Bad 

S22 43.2 Poor 44.1 Bad 

S23 22.3 Poor 28 Bad 

S24 71.6 Good 72.5 Good 

S25 72.4 Good 81.8 Good 

S26 78.6 Good 79 Good 

S27 55.1 Fair 57.1 Medium 

S28 55.3 Fair 58 Medium 

S29 48.3 Poor 49.4 Bad 

S30 42.3 Poor 50.1 Bad 

S31 40.3 Poor 43.3 Bad 

S32 47.8 Poor 49 Bad 

S33 89.9 Excellent 91 Excellent 

S34 53.9 Fair 55.7 Medium 

S35 45.5 Poor 47 Bad 

S36 45.6 Poor 38.2 Bad 

S37 71 Good 77.8 Good 

S38 48.1 Poor 49 Bad 

S39 88.9 Excellent 90.2 Good 

S40 41 Poor 41.5 Bad 



 
 

87 
 

S41 74.7 Good 76.1 Good 

S42 43.9 Poor 44.7 Bad 

S43 85 Excellent 88.1 Good 

S44 89.7 Excellent 82 Good 

S45 74.5 Good 74.8 Good 

S46 66.1 Good 69.8 Medium 

4.4 DBSCAN clustering  

Table 4.4 compares the performance metrics of eps and minPts using different configurations, 

revealing their influence on clustering quality as indicated by SS and DBI. The optimal 

combination, eps = 0.05 and minPts = 3 achieves the highest SS (0.8092) and the lowest DBI 

(0.1987), signifying compact and well-separated clusters. This optimal performance supports using 

DBSCAN to identify meaningful patterns in the aquifer for physiochemical parameters. Other 

configurations illustrate DBSCAN's sensitivity to parameter selection, as higher eps or minPts 

values result in reduced clustering quality. Eps = 0.1 and minPts = 3 yields lower SS (0.7485) and 

higher DBI (0.3036). Adjustments such as increasing minutes to 5 at eps = 0.05 slightly improve 

DBI but reduce SS, which results in less compact clustering. Eps and minPts significantly impact 

DBSCAN clustering performance, and these values depend a lot on data distribution, necessitating 

careful estimation to obtain the best performance (Latifi-Pakdehi and Daneshpour, 2021). The 

DBSCAN’s clustering performance is susceptible to the choice of eps and minPts and could 

improve clustering accuracy and robustness (Li et al., 2021). Optimizing eps and minPts selection 

in DBSCAN enhances clustering performance by ensuring robust discontinuity segmentation and 

reducing noise misclassification (Li et al., 2025). These observations validate that selecting proper 

values for eps and minPts is critical in obtaining DBSCAN’s efficiency in clustering operations. 
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Table 4.4. Comparison of performance metrics for different eps and minPts for DBSCAN. 

eps minPts Clusters Silhouette Score 

(SS) 

Davies-Bouldin Index 

(DBI) 

0.02 3 4 0.7310 0.2912 

0.05 5 2 0.8016 0.2394 

0.1 5 3 0.7325 0.3432 

0.05 3 4 0.8092 0.1987 

0.1 3 4 0.7485 0.3036 

 

Cluster analysis, sometimes called clustering, involves the orderly positioning of a 

collection of similar sample points in predefined clusters or classes. The output structure in such 

an analysis is clustering, with a cluster comprising similar points with significant homogeneity 

between them. Points in a cluster have minimum intra-cluster distance and represent a high level 

of closeness between them. Conversely, points in vastly different clusters exhibit significant 

diversity and high inter-cluster distance (Bhatia, 2019). Error! Reference source not found. i

llustrates the spatial distribution of DBSCAN clusters, showing distinct grouping patterns among 

the sampled groundwater points in the study area. Each cluster is represented by a unique color 

reflecting distinct physicochemical zones, while the points labeled as -1 indicate outliers identified 

by the algorithm. The spatial arrangement highlights that cluster 3 is concentrated in specific 

geographic areas, suggesting that these points share similar physicochemical properties. On the 

other hand, clusters 0, 1, and 2 exhibit a broader spatial distribution across the study area. These 

clusters are dispersed over different locations, resulting in varying hydrogeological conditions, 

anthropogenic impacts, and recharge dynamics. Similarly, clustered points in adjacent locations 

reflect uniform GWQ in those areas. Identifying outliers (-1) is also significant, as these points 

deviate substantially from the dominant patterns, which could indicate contamination hotspots, 

seawater intrusion, or other anomalous physicochemical conditions that require detailed 
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investigation. Fig. 4.7 shows the interpolated spatial mapping of water quality parameters, while 

Fig. 4.8 displays heatmaps of the parameters. 

 

Fig. 4.7. Geospatial distribution of DBSCAN clusters. 
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Fig. 4.8. Heatmaps of water quality parameters. 

Based on the analysis of the clusters and comparison with the permissible limits, as shown 

in Table 4.5. The cluster with the least contamination based on the allowable limits is cluster 1. 

This cluster shows relatively stable GWQ with minimal exceedances across some parameters. On 

the other hand, cluster -1 is the most deteriorated, showing significant deviations across multiple 

parameters, indicating severe GWQ issues. Among all the parameters, salinity and EC are critical 
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indicators across all clusters, as they directly reflect the degree of mineralization and the influence 

of external contamination sources. The groundwater parameters were compared based on the 

permissible values outlined by (WHO, 2006). It has been observed that most parameters exceed 

the allowable limits, salinity and EC being the most concerning. Elevated salinity levels in 

groundwater indicate seawater intrusion, which occurs when over-extraction of groundwater 

reduces hydraulic pressure, allowing seawater to infiltrate the aquifers (Siarkos et al., 2017). This 

intrusion raises the salt content and disrupts the ionic balance, increasing Cl⁻, Na+, and 

SO42⁻concentrations. Seawater intrusion's widespread severity can be noticed in groundwater 

degradation in all clusters, with a section of clusters having a moderate level and a considerable 

section having a high level of degradation. All such scenarios demand an immediate need for 

decisive management intervention to control over-extraction and safeguard the aquifers from 

further intrusion. 
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Table 4.5. Summary of DBSCAN clusters. 

Cluster Latitude Longitude pH EC CaCO3 Turbidity Na+ K+ Mg2+ Ca2+ F⁻ Cl⁻ Br⁻ NO3⁻ SO4
2⁻ Salinity 

-1 26.52892 49.99821 6.96 13955 399 14.52 1153 62.80 290 465 2.07 3007 12.51 3.82 1645 10191 

0 26.53487 50.00165 6.75 8179 441 16.92 580 37.17 158 348 2.16 1661 7.63 0.00 996 5430 

1 26.5603 50.02157 6.91 3845 175 1.69 253 12.92 61 157 0.63 687 2.67 12.24 445 2464 

2 26.53527 49.99372 7.72 7552 99 1.09 570 20.42 102 257 0.94 1582 7.58 7.93 587 5247 

3 26.52748 49.99849 7.94 4217 151 0.98 309 14.18 65 169 0.76 848 3.56 12.94 455 2653 
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4.5 Feature importance analysis using Explainable AI (XAI) 

4.5.1 Prediction outcomes of ML models 

After generating synthetic data, the JSD was applied to validate it. The JSD value of 0.23 is 

obtained, which means the synthetic data closely matches the distribution of the observed data. 

Lower JSD values indicate minimal deviation from the expected or ideal probability distributions 

and a closer match between compared distributions (Rafiei et al., 2024; Rashidi et al., 2020). Table 

4.6 provides an overview of synthetic data generation techniques used in various studies and 

includes other approaches, such as Generative Adversarial Networks (GANs), Echo State 

Networks (ESNs), and Variational Autoencoders (VAEs). 

Table 4.6. Comparison of synthetic data generation methods for various applications. 

Authors Methods Study objectives Remarks  

(Moeini et 

al., 2024) 

GANs To model and predict complex 

dynamics in the hyporheic zone 

using conditional deep 

convolutional GANs (cDC-

GANs). 

Synthetic data is significant in 

exploring diverse geological 

conditions. 

(Yang et al., 

2024) 

GMMs, 

VAEs, 

GANs 

To enhance social network 

advertising predictions using 

synthetic data augmentation 

techniques. 

Compare the effectiveness of 

generative models in 

improving classification 

accuracy. Generated synthetic 

data based on actual social 

network datasets. 

(Khan et al., 

2023) 

VAEs To improve fault classification 

and localization in power 

transmission networks by 

generating synthetic data that 

captures the statistical properties 

of real data. 

Synthetic data is generated 

using real data from power 

transmission networks to 

enhance classification 

accuracy. 

(Liu et al., 

2023) 

ESNs To develop a novel model (WER-

EKSN) for multi-step water level 

prediction by addressing unstable 

predictions, parameter 

dependency, and error 

accumulation issues. 

The synthetic data is generated 

using ESNs to improve water 

level prediction forecasting. 
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(Yilmaz and 

Korn, 2022) 

GANs To generate synthetic electricity 

consumption data for individual 

users using GAN architectures. 

Generated synthetic data by 

learning from observed 

electricity consumption data to 

address privacy concerns, 

enhance prediction accuracy, 

and manage grid loads 

efficiently. 

(Kuchin et 

al., 2020) 

GANs To assess the upper performance 

limits of ML classifiers in 

borehole data classification 

The synthetic data is centered 

on observed lithological 

parameters to evaluate the 

effectiveness of ML 

classifiers. 

This study GMMs To generate synthetic 

groundwater salinity data from a 

small dataset using GMMs and to 

predict salinity using ML models. 

Generated synthetic data 

based on real groundwater 

salinity data, validated through 

JSD for alignment with real 

datasets. 

 

Table 4.7 provides prediction outcomes ML models for the training and testing phases. In 

the training phase, LightGBM performed the best, achieving the lowest rRMSE (0.3943%) and 

rMAE (0.2877%), followed by XGBoost and GBM, which showed slightly higher error values. 

RF had the highest error metrics, including rRMSE (0.7421%), wMAPE (0.5265%), and sMAPE 

(0.8268%). LightGBM performs well in training by handling large datasets efficiently and 

provides high accuracy with low computational costs (Liu et al., 2021). Gradient boosting 

frameworks excel in minimizing errors during the training phase due to their iterative approach 

(Yang et al., 2024). 

In the testing phase, GBM emerged as the best model with the lowest rRMSE (1.5133%) 

and rMAE (1.1023%), as well as the sMAPE (1.9163%). LightGBM followed closely, but its 

higher error values compared to GBM indicate slightly reduced generalization ability. RF achieved 

competitive results with lower errors than XGBoost, which showed higher rRMSE (2.5243%) and 

rMAE (1.5283%). Based on the performance metrics, GBM is the overall best model for the 

modelling of groundwater salinity. GBM is effective in capturing complex, non-linear patterns and 
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generalizing well to unseen data due to their iterative learning approach (Adler and Painsky, 2022). 

GBM also employs  learning-rate adjustment and stochastic modifications that reduce overfitting 

(Konstantinov and Utkin, 2021). In a comparative study by  (Hindarto, 2024), GBM was slightly 

more accurate (82%) compared to LightGBM (81%), which means that GBM yield better 

predictive performance. 

Table 4.7. Prediction results for training and testing phases. 

  
Training Phase 

 

Model rRMSE (%) rMAE (%) wMAPE (%) sMAPE (%) 

LightGBM 0.3943 0.2877 0.2877 0.4125 

XGBoost 0.4109 0.3228 0.3228 0.5033 

RF 0.7421 0.5265 0.5265 0.8268 

GBM 0.4645 0.3404 0.3404 0.5939   
Testing Phase 

 

Model rRMSE(%) rMAE (%) wMAPE (%) sMAPE (%) 

LightGBM 2.7167 1.6583 1.6683 2.2531 

XGBoost 2.5243 1.5283 1.5283 2.1546 

RF 1.7818 1.1936 1.1936 2.0793 

GBM 1.5133 1.1023 1.1022 1.9163 

 

4.5.2 SHAP Analysis 

The present study used SHAP to analyze features with the GBM model, which performed best 

during testing. The analysis provided insights into feature importance, interactions, and their 

contributions to salinity prediction. Fig. 4.9 presents the SHAP summary bar plot highlighting the 

most influential features in predicting salinity, while Table 4.8 quantifies their importance through 

mean absolute SHAP values. Cl⁻ emerges as the dominant predictor, with a mean SHAP value of 

0.0427, higher than the other features. This is consistent with the role of Cl⁻ as a significant 

contributor to salinity in coastal aquifers (Chandrasekar et al., 2014). Its high solubility and 

prevalence make it a reliable indicator of groundwater salinization. EC ranked second with a mean 
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SHAP value of 0.0258 and strongly correlates with salinity as it reflects the total concentration of 

dissolved ions. Mg²⁺ and Na⁺ also play significant roles, with mean SHAP values of 0.0147 and 

0.0089, respectively. This signifies their contributions to the ionic composition of groundwater. 

CaCO₃ follows closely in importance, as identified by the SHAP analysis. The influence of calcium 

carbonate on salinity is due to its ability to buffer pH, affect water hardness, and contribute to the 

ionic balance in groundwater. (Isa et al., 2012). On the other hand, features such as F⁻, turbidity, 

and NO₃⁻ have minimal contributions due to their near-zero SHAP values. 

 

Fig. 4.9. SHAP summary bar plot. 

These findings corroborate established literature that confirms the crucial roles of Cl⁻ and 

EC in assessing groundwater salinity. Previous studies have shown the prevalence of chloride in 

saline environments and its direct correlation with salinity, especially in areas affected by seawater 

intrusion (Hagage et al., 2024; Zakharikhina et al., 2025). Similarly, the strong correlation of EC 
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with salinity is substantiated as a practical proxy in physicochemical evaluations (Namadi et al., 

2023). The influence of magnesium and sodium on salinity further supports existing research 

linking these ions to groundwater systems characterized by elevated salinity levels (Hakami et al., 

2024). The negligible impact of features of turbidity and fluoride is consistent with their typically 

limited roles in salinity dynamics. 

Table 4.8. SHAP feature importance score. 

Feature Mean Absolute SHAP Value 

Cl⁻ 0.0427 

EC 0.0258 

Mg²⁺ 0.0147 

Na⁺ 0.0089 

CaCO₃ 0.0074 

Br⁻ 0.0066 

SO₄²⁻ 0.0029 

Ca²⁺ 0.0022 

pH 0.0011 

K⁺ 0.0011 

NO₃⁻ 0.0004 

Turbidity 0.0003 

F⁻ 0.0003 

Fig. 4.10 shows the distribution of SHAP values for individual features and offers more 

profound insights into how each feature impacts the model's salinity prediction. Unlike the SHAP 

summary bar plot, which provides an aggregated view, the beeswarm plot emphasizes the range 

and direction of feature contributions (Yayavaram et al., 2024). Each dot represents a data point 

positioned horizontally based on its SHAP value. The pattern indicates whether the feature drives 

the prediction positively or negatively. The color of the dots reflects the feature value, with blue 

representing lower values and red showing higher ones. Chloride is the most impactful feature, 

which is why it exhibits a clear trend where higher concentrations (red dots) lead to positive SHAP 

values. Contrarily, lower concentrations (blue dots) correlate with negative SHAP values, reducing 
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salinity predictions. F⁻, turbidity, and  NO₃⁻ exhibit minimal spread around the zero SHAP value 

line, which clearly demonstrates limited contributions to salinity predictions. The presence of 

negative and positive SHAP values for pH and CaCO₃ suggests a more nuanced relationship, where 

these features may either increase or decrease salinity predictions depending on the specific 

geochemical context. This duality reflects the buffering role of CaCO₃ and its interaction with pH 

and ionic balance in groundwater. 

 

Fig. 4.10. SHAP summary beeswarm plot. 
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CHAPTER FIVE 

CONCLUSION AND FUTURE RESEARCH 

5.1 Summary of key findings 

This study was motivated by a need to improve GWQ analysis in the arid coastal region of Al-

Qatif. In such regions, groundwater is vulnerable to seawater intrusion, over-pumping, and 

anthropogenic contaminating factors. Traditional evaluation methodologies have a problem with 

high-dimensional datasets and non-linear relationships in physicochemical factors, and the 

drawback lessens its effectiveness in depicting spatial and chemical variation. Four objectives were 

used to study GWQ assessment: DBSACAN for spatial distribution, the development of WQI, 

index validation, and groundwater salinity prediction through synthetic data generation. This work 

developed a new model combining Kernel PCA with WQI and DBSCAN clustering to bypass 

problems with high-dimensional datasets and non-linear relationships in physicochemical factors 

and enhance GWQ analysis. The results demonstrated that the polynomial kernel captured over 

98% of the variance in the first PC, making it the most effective for dimensionality reduction. 

DBSCAN successfully identified distinct physicochemical zones and outliers, with cluster -1 

showing the most deteriorated GWQ due to high salinity and ion concentrations indicating 

seawater intrusion. All parameters except turbidity had statistically significant results, with p-

values < 0.05 and F-statistics exceeding critical thresholds, confirming their influence on GWQ. 

In groundwater systems, particularly deep aquifers, turbidity levels are often minimal due to 

natural filtration processes as water percolates through soil and rock.  

The study also developed WQI based on Kernel PCA to analyze the groundwater condition 

in each aquifer. The findings revealed substantial spatial and qualitative variability across the 
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aquifers analyzed, with WQI classifications ranging from “Very Bad” to “Medium.” Notably, 16 

aquifers were categorized as “Medium,” reflecting moderate water quality with some 

contamination concerns, while another 16 aquifers were classified as “Bad,” highlighting 

significant degradation. Seven aquifers, such as W11 (WQI = 10.64), exhibited “Very Bad” water 

quality due to extreme contamination, primarily driven by salinity and elevated ionic 

concentrations linked to seawater intrusion and anthropogenic activities. Salinity, EC, and Br⁻ 

emerged as dominant contributors to poor water quality, with salinity SI values consistently 

between 0 and 50 across all aquifers, emphasizing severe salinization. Conversely, pH exhibited 

stable and acceptable levels across the study area, demonstrating the natural buffering capacity of 

the aquifer. The study identifies seawater intrusion due to the high abstraction of groundwater as 

an important factor contributing to water quality deterioration in coastal aquifers. High rates of 

urbanization and industrial activities add to the challenge by increasing the number of pollutants 

and further depleting the groundwater resources (Benaafi et al., 2022). While salinity levels render 

much groundwater unsuitable for drinking directly, the water could still be used for other domestic 

purposes such as cleaning, irrigation, and sanitation or for industrial uses like the cooling process, 

depending on the quality required. 

Moreover, the challenges of arid regions are further compounded by the scarcity of high-

quality, large-scale groundwater datasets, which restrict the development of accurate ML models 

for salinity prediction. The GMMs were employed to generate synthetic data to address this issue, 

expanding an initial small dataset of 39 real samples to 700 synthetic samples. The JSD value of 

0.23 confirmed that the synthetic data closely matched the observed dataset's reliability for 

groundwater salinity modeling. The dataset was divided into 70% training and 30% testing, and 

four ML models—LightGBM, XGBoost, RF, and GBM—were trained to predict salinity. In the 
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training phase, LightGBM performed best with the lowest rRMSE (0.3943%) and highest 

accuracy. In contrast, in the testing phase, GBM outperformed all models, achieving the lowest 

rRMSE (1.5133%) and rMAE (0.2877%), demonstrating superior generalization capabilities. 

SHAP analysis identified Cl⁻ and EC as the most influential parameters, reinforcing their role in 

salinity estimation and seawater intrusion assessment.  Beyond accurate salinity prediction, SHAP 

analysis provided detailed interpretability by quantifying feature contributions. This improves 

model transparency and decision-making for groundwater management. This study features the 

effectiveness of synthetic data in overcoming data scarcity and enhancing ML-based groundwater 

modeling. It makes predictive tools more viable for regions with limited field data. The present 

study aligns with Saudi Vision 2030 and Sustainable Development Goals (SDGs) 6.3, 6.4, and 6.6, 

focusing on improving water quality, increasing water-use efficiency, and protecting water-related 

ecosystems. 

5.2 Practical implications 

The findings of this study have significant implications for GWQ management in Saudi Arabian 

coastal aquifers. The findings show the significant impact of seawater intrusion in influencing 

salinity and other physicochemical characteristics, posing concern for using groundwater for 

domestic, agricultural, and industrial purposes. Through geospatial mapping, this study provides a 

clear indication of where salinization has impacted most, and this can help guide policymakers to 

prioritize areas for urgent action. The observation of high salinity and high EC clusters means there 

is a need for controlled groundwater abstraction to prevent further seawater intrusion. These 

findings can help local authorities to develop sustainable groundwater policy to limit production 

in areas impacted most and promote irrigation using treated wastewater to relieve pressure on 

groundwater. 
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In addition, developing the WQI based on Kernel PCA offers a comprehensive means to 

track GWQ. The ease of measurement is enabled by condensing several variables into one index, 

which is easily interpretable and understandable to decision-makers. The tool can help local water 

management authorities in periodic checks and in measuring the performance of applied strategies 

over time. The application of ML algorithms, particularly the GBM, to predict groundwater salinity 

also presents a realistic means of forecasting future quality directions. Accurate predictions allow 

for anticipatory measures to reduce contamination hazards, for instance, to adjust land-use 

activities or to apply artificial recharge methods to counteract salinization. 

The use of XAI techniques in this research to identify the most important parameters of 

groundwater salinity provides actionable recommendations for targeted interventions. The high 

relative impact of chloride and EC highlights the importance of controlling chloride contaminant 

sources, such as agricultural runoff and seawater intrusion. The construction of coastal barriers or 

recharge aquifers can stop further decline in GWQ. Moreover, findings show that campaigns to 

educate individuals about using fertilizer sustainably and the risks of over-extraction could go a 

long way toward conserving groundwater. The combination of advanced analytical techniques and 

pragmatic recommendations offers a rational approach to sustainable groundwater management in 

coastal parts of Saudi Arabia. 

5.3 Limitations and future research direction 

The application of geospatial mapping and ML techniques in analyzing GWQ in coastal aquifers 

of Saudi Arabia has been demonstrated in this research. There is, however, a limitation to this 

method. The data synthesizing method, although useful in enhanced data provision, can potentially 

introduce biases in extreme values due to its sensitivity to probability distribution parameters. This 

can affect ML model accuracy, particularly in predicting infrequent or extreme events. The data-



 
 

103 
 

based method also limits how well the model can model temporal variability in GWQ. The 

accuracy of long-term predictions needs to be boosted in future research using real-time 

monitoring data. 

Another limitation is the assumption of spatial uniformity in the distribution of 

groundwater parameters, which may not fully represent the natural variability of aquifers in coastal 

regions. Incorporating spatial variability more explicitly into the models could enhance their 

predictive performance. Although the current study's use of GMMs for synthetic data generation 

is effective, it could be further improved by exploring hybrid techniques. Integrating GMMs with 

VAEs, GANs, or ESNs could enhance data quality and diversity, more effectively addressing 

biases in extreme values. 

For future applications, extending this approach to other hydrogeological fields can offer a 

scalable solution to enhanced groundwater monitoring and management strategies. Further studies 

should consider incorporating microbial parameters and heavy metals to provide a more 

comprehensive assessment of GWQ. The development of hybrid synthetic data approaches and 

the integration of dynamic, real-time data can help to enhance prediction robustness and precision. 

Moreover, addressing potential biases in synthetic data approaches will be critical to further apply 

ML to groundwater studies. Model interpretability through advanced XAI techniques can also help 

to convert model predictions into actionable knowledge in water resource management. 
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APPENDIX 

Table. A.1. Statistical summary of GWQ parameters. 

Parameter Mean Standard deviation Skewness Variation coefficient 

pH 7.1213 0.4568 0.7567 6.4149 

EC 7802 7284 3.5717 93.3506 

CaCO3 252 168.9107 1.3195 67.0220 

Turbidity 6.6621 11 2.9523 169.6646 

Na+ 601 722 4.1144 120.0879 

K+ 31 38 3.6023 120.4794 

Mg2+ 144 201 4.7064 138.9529 

Ca2+ 280 167 1.3139 59.4527 

F⁻ 1.2457 0.9370 1.1984 75.2194 

Cl⁻ 1607 1712 3.7099 106.5261 

Br⁻ 6.8015 6.6940 3.2529 98.4195 

NO3⁻ 8.2285 5.5813 -0.6282 67.8281 

SO4
2⁻ 876 861 3.4149 98.2895 

Salinity 5446 5667 3.6366 104.0679 

 

 

Fig. A.1. Histogram of water quality parameters. 
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Fig. A.2. A map illustrating the lithostratigraphic (geologic) formations beneath the study area 

(Abba et al., 2023). 

 

Fig. A.3. Average monthly precipitation estimates from satellite-gauge data (2001–2020) over 

the Al Qatif watershed. 
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Fig. A.4. Water level maps of (a) shallow and (b) deep aquifers within the study area (Benaafi et 

al., 2022). 
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