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ABSTRACT

Water quality is fundamental to public health, with access to safe and potable water being a global priority.
However, determining water potability remains a challenge due to the complexity of environmental parameters
and the growing need for efficient and automated assessment techniques. Existing methods for water quality
evaluation often rely on manual analysis or conventional statistical models, which can be time-consuming,
inconsistent, and limited in scope. To address these limitations, this study explored the application of machine
learning techniques in predicting water potability using a dataset comprising 3,276 water samples and ten key
physicochemical parameters, including pH, hardness, solids, chloramines, sulfate, conductivity, organic
carbon, trihalomethanes, turbidity, and potability. Three supervised learning algorithms Support Vector
Machine (SVM), Random Forest (RF), and Neural Network (NN) were developed and evaluated using
accuracy, precision, and recall as performance metrics. The Random Forest model demonstrated superior
performance, achieving an accuracy of 66.77% and a precision of 60%, while the SVM model recorded the
highest recall of 47.65%. The study revealed that Random Forest is best suited for balanced prediction,
whereas SVM may be preferable in scenarios requiring higher recall to minimize false negatives. The proposed
model was implemented using Python’s scikit-learn library and supports efforts to automate and enhance water
quality monitoring. This research contributes to the advancement of environmental monitoring systems by
leveraging machine learning for effective and scalable water potability prediction.

Keywords: Water quality; portability; Machine learning Algorithm; Python’s scikit-learn library quality
monitoring; environmental monitoring system.

1 INTRODUCTION

The increasing demand for safe and potable water has placed a renewed focus on developing efficient methods
for water quality assessment. By developments in data science and artificial intelligence, machine learning
(ML) has converted a valuable tool in environmental research and resource management. It offers the potential
to expand the prediction and sorting of water potability by analyzing complex datasets derived from
physicochemical water quality parameters (Marin, Zhang & Gunasekaran, 2023). The availability of such data
presents an opportunity to enhance water monitoring processes and ensure more informed decision-making
aimed at promoting public health and sustainability (Ghayour et al., 2021).

As the volume and intricacy of environmental data grow, traditional manual approaches to water quality
assessment become increasingly inadequate (Poti¢ et al., 2023). Machine learning techniques provide a
scalable and effective solution by automating data processing and pattern recognition. These algorithms can
handle large datasets, identify hidden trends, and generate predictive models that are crucial for managing
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environmental challenges, including water contamination risks (Shirmard, Farahbakhsh, Miiller & Chandra,
2022)

Machine learning has demonstrated significant promise in various environmental applications such as land
cover classification, resource evaluation, and change detection (Jafarzadeh et al., 2022). However, A
systematic analysis of several machine learning techniques for water quality forecast is still lacking in the field.
Although research has looked into the application of models such as Artificial Neural Networks
(ANN),Random Forest (RF), and Support Vector Machines (SVM) in remote sensing and environmental
contexts (Sagan et al., 2020; Chen et al., 2022), fewer investigations have focused on their relative
effectiveness in predicting water potability based on structured datasets.

Understanding the capabilities, limitations, and ideal applications of these algorithms is crucial to optimizing
their deployment in real-world scenarios (Holloway & Mengersen, 2018; Dofia et al., 2016). In order to close
this gap, this research assesses how well ANN, RF, and SVM forecast liquid availability. This investigation
advances the creation of reliable, data-driven methods for managing sustainable water resources by evaluating
these approaches according to accuracy, precision, recall, and other performance parameters.

1.2 Statement of the Problem

Because standard ML algorithms can enhance data assessment and decision-making, their incorporation into
routine environmental surveillance has attracted a lot of interest. processes. In particular, the use of ML models
for predicting water potability offers a promising approach to addressing public health and environmental
sustainability challenges. Despite the growing adoption of these techniques, there remains limited
understanding of how different machine learning algorithms compare in terms of accuracy, reliability, and
suitability for water quality prediction.

Existing studies have applied models such as Support Vector Machines (SVM), Random Forests (RF), and
Artificial Neural Networks (ANN) with encouraging outcomes (Rimal et al., 2020; Xue et al., 2021; Mahoud
et al.,, 2023). These models have demonstrated the potential to accurately predict various environmental
parameters, including land use classification and resource availability. However, most of these applications
focus on remote sensing and spatial analysis, with minimal exploration into their effectiveness in predicting
water potability using structured water quality datasets.

Furthermore, much of the existing literature tends to emphasis on individual algorithms or narrow applications,
often neglecting a comprehensive comparative evaluation that includes both strengths and weaknesses of each
approach. This lack of comparative insight limits the ability of researchers, environmental managers, and
policymakers to decide which algorithms for learning techniques are most appropriate for predicting the
quality of the water.

This investigation intends to close this discrepancy by thoroughly evaluating the effectiveness of three popular
ML models: Artificial Neural Networks (ANN), Random Forests (RF), and Support Vector Machines (SVM).
Their capacity to forecast water capacity based on several parameters related to water quality shall be the main
focus of the examination. The objective is to determine the most effective model for practical implementation
in water safety assessment and environmental health monitoring. The findings aim to inform decision-makers,
environmental scientists, and policymakers by identifying the most suitable machine learning algorithms for
water quality assessment, ultimately supporting strategies that safeguard public health and enhance
environmental protection.

1.3 Objectives of the Study

The study aims to compare the performance of Selected Machine Learning Models for Prediction of Water
Potability. The specific objectives are to:

1. Design a machine learning-based framework for prediction of water portability
il. Develop prediction models for water portability based on selected machine learning algorithms
iil. Evaluate the performance of the selected algorithms using performance evaluation matrices such as

accuracy, precision and recall.

2. LITERATURE REVIEW

The study's conceptual framework establishes a foundation for comprehending the connections and interplay
among the fundamental elements implicated in the comparative examination of artificial neural networks
(ANN), random forest algorithm (RF), and Support Vector Machine, or SVM, algorithms for remote sensing.
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This study provides a clear and comprehensive overview of the primary elements and their interconnectedness,
giving valuable direction for both the research process and analysis.

2.1.1 Water Quality and Potability

Water quality is a critical factor in determining the suitability of water for various purposes, especially for
drinking. Potable water must meet specific health and safety standards established by organizations such as the
World Health Organization (WHO) and the U.S. Ecological Protection Agency (EPA), which recommend
thresholds for several physical, chemical, and biological parameters (Khan et al., 2020; EPA, 2021). Key
indicators of water potability include pH, turbidity, total softened solids (TDS), hardness, and the presence of
contaminants like nitrates, fluoride, and heavy metals such as lead and arsenic. Globally, water pollution is
driven by both natural processes and anthropogenic activities, including industrial discharge, unregulated
sewage, mining operations, and improper agricultural practices. These factors have made access to clean
drinking water a persistent global challenge, predominantly in low- and middle-income countries. This gap has
prompted the exploration of data-driven tactics like machine learning (ML) for improved efficacy and scalable
water quality prediction and classification.

2.1.2 Machine Learning in Environmental Monitoring

With its ability to provide creative answers to challenging ecological and environmental problems, machine
learning (ML) has emerged as a key instrument in environmental monitoring. Large datasets, including those
produced by sensor systems, remote sensing technologies, and other environmental monitoring systems, may
be automatically analyzed and interpreted thanks to machine learning techniques. These algorithms, which are
essential for environmentally friendly practices, include decision trees, random forests, support vector
machines (SVM), and artificial neural networks (ANN). They can process large amounts of data, spot patterns,
and offer predictive insights (Cheng et al., 2020; Xu et al., 2021). The use of machine learning (ML) has
transformed tracking techniques, increasing their effectiveness as well as dependability, especially when
dealing with problems like pollution, biodiversity loss, and climate change.

ML approaches are utilized for ecological monitoring for a variety of applications, such as climate simulation,
quality of water forecasting, land use categorization, and change detection. For instance, algorithms for ML
like Random Forest (RF) and Support Vector Machine (SVM) have shown considerable effectiveness in
categorizing land categories utilizing standard telemetry data in land cover mapping (Cheng et al., 2020).

2.1.3  Artificial Neural Networks (ANNs)

Artificial Neural Networks (ANNSs) are a crucial element. Artificial brain Networks (ANNs) are computer
models that replicate the structure and operation of biological brain networks. They are made up of multiple
layers of connected nodes (Katal & Singh, 2022). Node systems, or neurons, use connections with weighting
and nonlinear activation functions to assess incoming data. This enables Artificial Neural Networks (ANNSs) to
learn regarding complex correlations and trends seen in the data (Unal & Basgiftci, 2022).

When using standard for handling resources and environmental monitoring, artificial neural networks (ANNs)
are quite beneficial. They excel in handling datasets with numerous dimensions and can extract complex
spatial and spectral properties (Thakur & Konde, 2021).

2.1.4 Random Forest

One very versatile and widely used machine learning method is the Random Forest (RF) approach. It offers a
lot for possible for assessing how well traditional machine learning algorithms perform in the interpretation of
remote sensing information for tracking the environment and management of resources (El-Omairi, & El-
Garouani, 2023). RF is a member of the ensemble modeling group, which involves combining numerous
independent models to enhance forecast accuracy and resilience.

Every tree receives training on an arbitrary portion of the raw data and generates predictions independently.
The individual forecasts are combined using a voting or average method to generate the ultimate result (Singh,
Patel, Bhadani, Kumar & Gaurav, 2024).

2.1.5 Support Vector Machine (SVM)

The Support Vector Machine, or SVM, is a robust and widely used algorithm in deep learning that has a lot of
promise for evaluating the effectiveness of conventional machine learning algorithms in conventional
telemetry processing for handling resources and surveillance of the environment. The Support Vector Machine
(SVM) algorithm is an excellent choice for classification tasks, making it useful for a diverse array of
monitoring the environment purposes (Jafarzadeh, Mahdianpari, Gill, Brisco & Mohammadimanesh, 2022).
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Support Vector Machine can also be applied to change detection tasks, where the goal is to identify and
quantify temporal changes in land cover or environmental variables over time (Pandey, Hunjra, Bhaskar & Al-
Faryan, 2023). By comparing multi-temporal remote sensing imagery, SVM can detect significant changes in
spectral characteristics or spatial patterns, indicating land use transitions, deforestation, urbanization, or other
environmental changes (Wang, Xue, Peng, Biswas, He & Shi, 2020). SVM's ability to capture subtle
differences in spectral signatures makes it well-suited for detecting subtle changes in land cover, even in noisy
or heterogeneous environments.

2.2 Empirical Review

The work shown by Li et al. (2020) explores the importance of precise land use and vegetation cover (LULC)
classifications obtained from satellite data. These classifications have several uses, including developing land
use plans, warming temperatures recognition, and eco-environment monitoring. The researchers are studying
the effectiveness and dependability of the Support Vector Machine or SVM, classifiers in categorizing
multispectral pictures, namely in the Hyderabad region and the neighboring regions. They are comparing the
performance of SVM classifiers with that of ANN (artificial neural network) classifiers. The work seeks to use
a hybrid approach termed Fuzzy Incorporated Hierarchical clustering to cluster multispectral satellite images
into Land Utilization and Land Cover (LULC) fields for standard classification. The experimental outcomes
demonstrate notable differences in categorizing quality. Support Vector Machine, or SVM for short,
outperformed Artificial Neural Networks (ANN) in categorizing Land Use and Land Cover (LULC), achieving
an overall accuracy of approximately 93.159% and a coefficient of kappa equal to 0.893, while ANN achieved
an absolute precision of 89.925% and a kappa coefficient rate of 0.843, especially for excellent quality
Landsat-8 satellite pictures in the Hyderabad region.

Zhang (2022) examines the application of random forests in predicting the immediate impact of air pollution
using traffic and meteorological factors. This is illustrated via a case study conducted in Wroctaw. The study
highlights the significance of effective surveillance of air quality in environmental management. Conventional
approaches frequently need the use of several sensors and extensive laboratory studies, resulting in delayed
outcomes. To tackle this issue, Kaminska suggests implementing a predictive framework that incorporates
several environmental factors, such as humidity and conductivity, which range to anticipate the levels of total
nitrogen in inland water bodies. In addition, information from satellites is used to forecast the salinity and
temperature of saltwater along the beach. By conducting trials on actual datasets, it has been shown that the
random forest method is the most efficient. It demonstrates a low rate of error in predicting data, specifically a
4.9% error rate in predicting total nitrogen concentration. The study demonstrates the adaptability of random
forest models in accurately forecasting the distribution of salt in Shenzhen Bay. It achieves a remarkable
accuracy of 92.94% by utilizing remote sensing bands. These findings emphasize the promise of randomized
forest-based frameworks for precise monitoring of the environment and forecast.

Zankari (2023) provide a appreciated influence to the field of land cover categorization and change detection
analysis by utilizing machine learning techniques on multispectral satellite pictures. Their research focuses on
the importance of using remote sensing to classify land cover and identify changes, particularly in the fields of
managing the environment and urban planning. The research concentrates on Yangon as the focus region and
tries to address the urban planning difficulties that arise from population increase and urban sprawl. The
authors utilize the randomly generated forest (RF) classifier on the Google Earth Machine's (GEE) framework
to perform the classification of land cover for Yangon from 1987 to 2017. They use 5-year intervals for post-
classification identification of changes study. Their method has a remarkable overall precision of about
96.73% and a kappa value of 0.95 in the year 2017, demonstrating a high level of precision and dependability
in the categorization of land cover. The study performs change detection analysis over 30 years, finding
important changes in urban development, bare land, and agriculture in the Yangon region. This analysis offers
vital insights into the dynamics of land use and urban growth over time.

Rimal et al. (2020) performed a comparative analysis on the representation of industrialization utilizing
support vector machine (SVM) and maximal likelihood (ML) classifiers. Using Landsat photos, a fundamental
tool in satellite imagery from 1972, the researchers sought to track alterations in land cover in the valley of
Kathmandu, Nepal, from 1988 to 2016. The study assessed the effectiveness of Support Vector Machine, or
SVM, and Machine Learning (ML) algorithms in accurately classifying land cover for environmental
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monitoring purposes. The results indicated that Support Vector Machines (SVM) achieved higher
classification accuracies compared to Machine Learning (ML). The empirical evidence emphasizes the
effectiveness of Support Vector Machines (SVM) in mapping urbanization, showcasing its ability to generate
accurate land cover products using remotely sensed data. The study provides useful insights into the use of
classification algorithms to track urbanization patterns, which is essential for making educated decisions in the
fields of city development and management of the environment.

Xu et al. (2021) focused on the important problem of predicting water quality across offshore and near-shore
bodies of water. They created an innovative system that used machine erudition devices, with a specific
emphasis on the effectiveness of random forest models in forecasting total nitrogen levels and salinity in
nearshore waters. By conducting experiments on the actual quality of water datasets, they proved that the
random forest approach outperformed other predictive machine learning models. It achieved an impressive
forecasting error percentage of 4.9% for the total nitrogen level prediction and an accuracy of 92.94% for
predicting near-shore salinity of the water. Their research highlights the capacity of machine learning
techniques, namely random forest, to properly forecast water quality indices. This is crucial for the efficient
management of water environments. Nevertheless, the study's constraint rests in its concentration on certain
water quality measures, which may not comprehensively represent the intricacy of water systems.
Consequently, future research is required to embrace a wider array of characteristics.

Bayas et al. (2022) explore the important field of land use and vegetation (LULC) analysis, which is crucial for
applications of satellite imagery such as detecting changes and monitoring resources. The study aims to
improve assessment accuracy in diverse terrains by selecting the most suitable machine learning classifier. To
achieve this, an accuracy duty of four different ML algorithms (Naive Bayes, classification and regression
trees, gradient tree boost, and random forest) is conducted. The assessment focuses on LULC mapping using
Sentinel-2 imagery. The project intends to utilize the 13 spectral bands of Sentinel-2 and openly accessible
high-resolution data to determine the greatest appropriate classifier for India's uneven topography. The results
demonstrate that the RF algorithm consistently surpassed all of the other techniques in terms of both the kappa
coefficient and total accuracy, obtaining an impressive accuracy rate of 0.92. In contrast, NB demonstrated the
lowest accuracy, measuring at 0.81. The study's results highlight the effectiveness of RF as the most suitable
machine learning learner for modeling land use and land cover (LULC) in the Indian terrain. This emphasizes
its potential for improving the management and analysis of land transformation.

Mahmoud et al. (2023) conducted a pioneering investigation on the application of machine learning to map
land use and land cover (LULC) using multi-spectral satellite images. The work specifically focused on Egypt
as a case study. By utilizing the ongoing observations offered by satellite photos, the researchers want to create
a prediction model that can properly track changes The study uses data from a 4-band Planet Scope satellite at
a spatial resolution of 3 meters to create 105 mapped images that are categorized into 8 standard (LULC)
classes. For training the system using both raster or vector data, the contributors employ a variety of methods
based on machine learning, including conventional Support Vector Machines and standard decision tree
models, Random Forest models, Naive Bayes, and conventional neural networks, besides others. During the
usage of synthetic neural networks, they have revealed a remarkable classification precision of 97.1% during
practical trials. This work is significant since it is the first time that land modifications in Egypt have been
monitored using high-resolution photographs. This highlights the possible benefits of machine learning
methods for promoting appropriate land use strategies and monitoring the environment. The findings have
important implications for advancing environmentally friendly development goals and enhancing geographical
services, namely in the area of land change detection.

2.3 Theoretical Framework

This study will be based on Information Theory.

2.3.1 Information Theory

Information Theory, developed by Claude Shannon, offers a mathematical structure for measuring and
examining the amount of knowledge and ambiguity in inputs (Zubair, 2023). Information Theory provides
useful insights and approaches for directing different phases of the research procedure for the study of the
performance assessment of predictive machine learning methods for data from satellites in monitoring the
environment and management of resources (Anta, 2021).
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Entropy, a key notion in Information Theory, quantifies the average level of uncertainty or unpredictability
present in a dataset. Entropy may be utilized in the realm of data from remote sensing to evaluate the intricacy
and informational value of spectral bands or characteristics derived from satellite images (Javier, 2021). These
metrics enable comparisons between various algorithms and procedures, assisting in choosing the most
suitable approaches for activities related to ecological surveillance and management of resources.

24 Research Gap

There is a significant lack of study in the field of monitoring the environment and resource management when
it derives to thoroughly assessing the efficacy of machine learning techniques using remote sensing data.
Although remote sensing technologies are being increasingly used to monitor environmental phenomena and
manage natural resources, there is a shortage of thorough comparison studies that systematically estimate the
efficacy of numerous algorithms for machine learning in this particular area. This gap is especially noteworthy
since it impedes our capacity to discern the most efficient algorithms for certain applications, hence restricting
progress in environmental surveillance and resource management methods.

3. METHODOLOGY

31 Research Design

This research encompasses the structured blueprint or framework that delineates the methodologies and
procedures used to acquire, gather, and scrutinize data in alignment with the study subject. This study used the
research methodology grounded on the Knowledge Discovery in the Database (KDD) approach, as outlined by
Xu et al. (2023). KDD, also known as information Discovery in Databases, is a systematic and iterative
process that encompasses a set of interconnected techniques for extracting significant information from data.
This research used a sequence of procedures, such as data selection, of data, transforming the data, mining of
data, and result interpretation. Figure 1 illustrates the KDD processes, as described by Xu et al. (2023), that
were adapted and used in this study.
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Figure 1: KDD steps (Sharma et al., 2023)

3.2 Method of Data Collection

The data used in this study is secondary data sourced in the Kaggle website. It consists of water bodies
metrics collected from 3,276 diverse water bodies. The data includes several distinct features such as pH,
(THMs), turbidity, and potability. These features provide essential information to evaluate the quality of
water and predict its potability. The dataset, available publicly on Kaggle, offers a diverse range of water
quality measurements that were collected and curated for use in environmental monitoring and resource
management studies.

33 Experimental Procedures

Figure 3.2 depicts the proposed model for this study, providing a visual representation of the sequential
phases involved in its creation. Each of these phases will be further explained in the following sections,
offering a comprehensive account of the procedures performed at each particular phase. The picture
functions as a visual depiction of the methodical process followed in the study, facilitating a lucid
comprehension of the transition from one phase to the next.
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34 Performance Evaluation Metrics
Performance assessment measures are used to evaluate the performance of software systems, including
their dependability, precision, and efficiency. The performance assessment measures used for this study
are outlined and discussed below:

e Percent_correct/ Accuracy Metric
Precision refers to the degree of proximity between measurements and a certain value. Put simply, when
we take several measurements, we consider the evaluation to be correct if it closely matches the genuine
value of what we are measuring (Tarun, 2020).

Accuracy = Number of correct predictions = fi1 +foo
Total number of predictions fi1+ fio + fo1 + foo

e F-Measure Metric
The two metrics, "precision" and "recall", may be merged to create a statistic known as "F-measure". The
harmonic average of two numbers "x" and "y" is approximately equal to the shorter of the two values.
Therefore, a high F-measure value guarantees that both Precision and Recall values are relatively high
(Tarun, 2020).
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e Fl= 2rp = 2 *TP
r+p 2 * TP +FP +FN
. Mean_absolute_error Metric

The calculation of Mean Absolute Error (MAE) is straightforward. The process entails calculating the sum of
the absolute values of the mistakes to produce the 'total error', and then splitting the overall error by n (Res et
al., 2005). Consequently, a lower mean_absolute _error (MAE) number indicates a superior model, whereas a
greater MAE value signifies a worse model performance.

. True_positive rate Metric

The classifier's accuracy is determined by the proportion of positive cases it properly predicts. For illustrative
purposes, let's consider the scenario where we are attempting to locate papers within a collection of 100
documents that have the phrase 'machine learning'. Out of the 100 papers, there are 20 that are pertinent to the
topic of 'machine learning'. The model retrieves 12 items when searched for the phrase 'machine learning' and
retrieves a total of 15 documents. The recall is calculated as recall = 12 / 20, resulting in a value of 60%.
(Tarun, 2020).

Recall = Sensitivity = TP Rate = TP / (TP+FN)

4. DATA PRESENTATION AND ANALYSIS

4.1 Data Presentation

This chapter presents the data analysis the researcher castoff to interpret the study. The model's development
process and subsequent use within the given environment. The study further includes an overview of the model
and details regarding its operational mechanisms.

4.1.1 Importing the Libraries

The Python libraries Numpy, Pandas, Matplotlib, and Seaborn were imported into Jupyter Notebook. Numpy
facilitates efficient vectorized computing and broadcasting over arrays with several dimensions (Xu etal.,
2023).Pandas is an advanced and user-friendly open-source software for analyzing and manipulating data. It is
built on the Python programming language (Subasi, 2020). Matplotlib and Seaborn are Python packages
specifically designed for visualizing data.

4.1.2 Loading the Dataset

The dataset was loaded into Jupyter Notebook using pd.read csv. Figure 3 illustrates the dataset's loading
process in Jupyter Notebook

# Lodd 0dta

df = pd.read csvl'dataset.csv’)

Figure 3: Loading the Dataset in Jupyter Notebook
Table 1: Checking for Missing Values in the dataset

Feature Missing Percentage (%)
Ph 14.99%
Harddness 0.00%
Solids H20 0.00%
Chloramides 0.00.%
Sulfate 23.84%
Conductivitys 0.00%
Organic carbon 0.00.%
Trihalomethanes 4.95%
Turbidity 0.00%
Potability 0.00%
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4.1.3 Data Frame
The dataset were loaded into the python data frame for friendly interface, model development, and good
output. The non-null count analysis in Table 1 shows that most features have complete data, with Hardness,
Solids, Chloramines, Conductivity, Organic Carbon, Turbidity, and Potability having 3276 non-null values,
indicating no missing data. However, ph (2785 non-null, missing 14.99%), Sulfate (2495 non-null, missing
23.84%), and Trihalomethanes (3114 non-null, missing 4.95%) contain missing values. The data type analysis
indicates that all features are float64, except for Potability, which is an int64, likely representing a categorical
variable (potable or non-potable). Proper handling of missing values, such as imputation or removal, is
necessary to maintain data integrity and improve model performance as shown in table 2.
Table 2: Summary Statistics
Organic
Statistic  ph Hardness  Solids Chloramines  Sulfate  Conductivity Carbon Trihalomethanes  Turbidity  Potability

Count 2785 | 3276 3276 3276 2495 3276 3176 an4 3276 3276
Mean 108 196.37 0408 72 3arg 426 14.28 66.40 3a7 0.33
Std 159 32.38 B7G8.57 158 41.42 Bo.82 in 16.18 ora .49
Min 000 4743 3Z0.04 0.35 129.00 18148 220 0.74 1.45 0.00
25% 6.09 17685 15666.69 613 J0TI0 365.73 12.07 55.84 344 0.00
0% 04 196.97 2092783 113 33307 42188 1422 6662 3.96 0.00
75% B.06 216.67 273376 | BN 35995 48179 16.56 77.34 4.50 L]
Max W00 323az B1ZZ7T.20 1313 48103 TH3.34 2830 124.00 B.74 .00

4.1.4 Statistics of Potable Water Quality Parameters
The potable water statistics are illustrated in Figure 4. key insights into the quality of drinkable water
based on various chemical parameters.

ph Hardness Solids Chloramines Sulfate \

count 127B8.00@000 1278.000000 1278.000000 1278.000000 1278.000000
mean 7.874754 195.800744 22383.991018 7.169338 332.844122
std 1.343955 35.547041 9101.016208 1.702988 41.868471
min B.227499 47.432000 728.750830 0.3520080 129.p00000
25% 6.351824 174.338531 15668.985035 6.894134 313.852947
50% 7.080795 196.632907 21199.386614 7.215163 333.775777
75% 7.780868 218.0@3420 27973.236446 B8.199261 354.887924
max 13.175482 323.124000 56488.672413 13.127008 481.030642

Conductivity Organic_carbon Trihalomethanes Turbidity Potability
count 1278.000000 1278.000000 1278.000000 1273.000000 1278.0
mean 425.383800 14.168893 66.533513 3.968328 1.0
std 82.0484486 3.263987 15.971968 B.780842 8.0
min 201.619737 2.200000 8.175876 1.492287 1.0
25% 360.939023 12.033897 56.911186 3.430009 1.9
50% 420.712729 14.162809 66.396293 3.958576 1.0
75% 484.155911 16.356245 77.867457 4.509569 1.0
max £95.369528 23.604298 124.000000 6.494249 1.0

Figure 4.: Summary Statistics of Potable Water Quality Parameters
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4.1.5 Features Importance Score
The feature importance analysis from Figure 5 shows that pH (=0.125) as the most critical factor influencing

water potability, followed closely by sulfate (=0.122), hardness (=0.12), and solids (=0.115).
Feature Impertance Comparisan

L
013 4  hon-Potable
[\

ang = I I I I I I I I I

CS S

Figure 5: Features Importance Score

Importance
= =
B i 5

=
&

=
~

These features significantly impact water quality, indicating their strong correlation with potability
classification. Chloramines (~0.11), conductivity (=0.095), and organic carbon (~0.095) also contribute
notably, reflecting their role in contamination and treatment processes. Meanwhile, trihalomethanes
(=0.09) and turbidity (=0.088) have relatively lower importance, though they still play a role in
determining water safety. The comparison between potable and non-potable water (green vs. red bars)
suggests a consistent feature influence across both classes.

Random Forest Confusion Matrix
- 0,45
11.59% 0,40

0.35

0.30

- 0.25

- = 21.65% 17.38%
- 0,20

-0.15

4] 1

Figure 6: The confusion matrix for the Random Forest model
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This indicates that while the model correctly identifies non-potable water in most cases, it struggles with
detecting potable water, leading to a relatively high false negative rate (21.65%). The impact of these results is
significant, as misclassifying potable water as non-potable could lead to unnecessary water wastage, while
falsely labeling non-potable water as potable poses serious health risks. To improve performance, strategies
like data balancing, feature selection, or tuning model hyperparameters should be explored to enhance recall
and overall model reliability as depicted in figure 6.

4.2 DISCUSSION OF FINDINGS
Table 3 summarizes the evaluation of the three classifier that were used.
Table 3: Comparison of the three models

Table 3: Comparison of the three models

Metric SVM Random Forest Neural Network
Accuracy 62.05% 66.77% 64.00%
Precision (Class 1.0) 51.48% 60.00% 55.00%
Recall (Class 1.0) 47.65% 44.52% 44.00%

In terms of precision for potable water classification (Class 1.0), Random Forest (60.00%) outperformed the
Neural Network (55.00%) and SVM (51.48%). This means that when Random Forest predicts water as
potable, it is correct more often than the other models, reducing false positive errors. However, SVM achieved
the highest recall (47.65%), followed by Random Forest (44.52%) and Neural Network (44.00%). The higher
recall of SVM at the cost of more false positives, which can lead to misclassification of unsafe water as
drinkable.

Overall, Random Forest appears to be the best choice for balanced performance, as it has the best accuracy and
precision while maintaining a reasonable recall. SVM is preferable when maximizing recall (i.e., reducing
false negatives), which might be important in cases where missing potable water is critical. The Neural
Network, while performing moderately in all areas, does not excel in either precision or recall, indicating that
it may require further tuning or a more complex architecture for better result

5. CONCLUSION

This study focuses on evaluating the performance of machine learning models for the classification of potable
and non-potable water based on various water quality features. The models assessed include Support Vector
Machine (SVM), Random Forest (RF), and Neural Network (NN), which were tested on a dataset containing
key features such as pH, hardness, solids, chloramines, sulfate, conductivity, organiccarbon, trihadilomethanes,
turbidity, and potability. These models were evaluated using classification metrics to determine their
effectiveness in identifying potable water (Class 1.0) from non-potable water (Class 0.0).

It showed strong performance in correctly identifying potable water while minimizing false positives.
However, SVM outperformed Random Forest and Neural Network in recall (47.65%), indicating that it was
more successful in identifying actual potable water samples. This suggests that SVM is better suited for
scenarios where it is critical to minimize missed potable water samples, even though it sacrifices precision to
achieve higher recall. The Neural Network model, while performing decently across all metrics, did not show a
significant edge in either precision or recall, indicating that further tuning or a more complex architecture may
be required for improved results.

In conclusion, Random Forest is the preferred model for balanced performance due to its superior accuracy and
precision, while SVM should be considered when the goal is to maximize recall. The Neural Network model,
though providing moderate results, may benefit from additional refinements to better compete with the other
models. This research offering guidance for future applications in environmental monitoring and decision-
making processes related to water safety.

This study should be adopted for its practical implications in water quality checking and the efficient empathy
of potable and non-potable water sources. By evaluating and comparing three powerful machine learning
models algorithm based on specific needs, such as precision, recall, or overall accuracy. The findings suggest
that Random Forest offers a well-rounded performance, making it an excellent choice for general water quality
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classification tasks, while SVM is mostly useful when minimizing false negatives is critical. Additionally, the
research highlights the likely of machine learning in automating and optimizing water safety monitoring
systems, tumbling the risk of humanoid error, and improving decision-making. Implementing the
recommended model could lead to more efficient, cost-effective, and timely interventions in safeguarding
harmless consumption of liquid. Furthermore, the approach can be expanded to different geographical regions
or datasets, demonstrating its scalability and relevance across diverse contexts. Adopting this study would
contribute to advancing environmental health efforts, improving public safety, and supporting sustainable
water management practices.
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