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Abstract:

Ensuring water potability is paramount for public health and safety. This research aimed to assess the efficacy of the
Decision Tree classification algorithm in predicting water potability using the Water Quality and Potability dataset.
Employing a 5-fold cross-validation technique, the model showcased a moderate performance with an average accuracy of
approximately 54.33%. While the Decision Tree provides a baseline and interpretable mechanism for classification, the
results emphasize the need for further exploration using more intricate models or ensemble methods. This study contributes
to the broader effort of leveraging machine learning techniques for water quality assessment and provides insights into the
potential and limitations of such models in predicting water safety.
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Dataset link: https://www.kaggle.com/datasets/Tuom190346a/water-quality-and-potability

1. Introduction
Water is an essential element for all forms of life. Its quality, particularly potability, is critical for health, economic

development, and overall well-being. With the global rise in pollution levels and the dwindling of freshwater sources,
ensuring the safety of drinking water has become a paramount concern. Traditionally, water quality assessments have
been carried out using manual laboratory tests, which can be time-consuming and often lack real-time responsiveness.
However, the advent of machine learning provides a promising avenue for automated, rapid, and accurate water quality
evaluations. By leveraging datasets that encapsulate various water quality metrics, machine learning algorithms can
be trained to predict the potability of water, aiding in the timely identification and management of unsafe water
sources.

While numerous algorithms exist in the machine learning domain, their efficacy varies depending on the nature
and characteristics of the dataset at hand. The Water Quality and Potability dataset, rich in its features and samples,
presents an opportunity to examine the effectiveness of these algorithms, specifically the Decision Tree classification
algorithm [1]. The challenge lies in understanding how well this algorithm can predict water potability based on the
provided attributes and how it compares to other potential models or traditional method.

The primary objective of this research is to analyze and evaluate the performance of the Decision Tree
classification algorithm on the Water Quality and Potability dataset. This involves training the model on the dataset,
validating its predictions using robust techniques like [2] K-fold cross-validation, and assessing its performance using
standard metrics such as accuracy, precision, recall, and F-measure.
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Central to this research are a set of pivotal questions that aim to guide the exploration and evaluation of the
Decision Tree classification algorithm on the Water Quality and Potability dataset. Firstly, we seek to understand the
core capabilities of the Decision Tree algorithm in the context of this dataset: How effectively can it predict the
potability of water when provided with various quality parameters? Given the multitude of factors that the dataset
encompasses, it is imperative to assess the algorithm's adeptness in leveraging this information for accurate
classification. Secondly, as we employ the robust K-fold cross-validation technique, a natural inquiry arises regarding
the model's consistency and reliability: How do the performance metrics, specifically accuracy, precision, recall, and
F-measure [3], fluctuate across different folds? This question is paramount as it provides insights into the model's
stability and its potential applicability in real-world scenarios. By addressing these questions, we aim to shed light on
the suitability and potential of the Decision Tree algorithm for water quality assessments.

This research strictly focuses on the Decision Tree classification algorithm's application to the Water Quality and
Potability dataset. While the dataset provides a comprehensive set of water quality metrics, it may not encompass all
potential factors affecting water potability. Additionally, the research does not delve into comparisons with other
machine learning algorithms or traditional water quality assessment methods. The findings are based solely on the
data available and may not generalize to other contexts or datasets.

This study contributes to the burgeoning field of applying machine learning to environmental science challenges.
By assessing the Decision Tree algorithm's performance on the Water Quality and Potability dataset, this research
offers insights into the potential and limitations of machine learning for water quality evaluations. Moreover, the
findings can guide water treatment plants, environmental agencies, and researchers in harnessing the power of machine
learning to make informed decisions regarding water quality and safety.

Method:

This research adopts a quantitative approach, utilizing a supervised machine learning model to predict water potability
based on various quality parameters. The design entails training the Decision Tree algorithm [4] on a portion of the
dataset, followed by validation to assess its predictive accuracy. The K-fold cross-validation technique ensures the
robustness of our findings and mitigates potential overfitting. Our research is designed in five well-structured main
stages, and their aspects are illustrated in Figure 1.

Figure 1. General Research Design Stages
Exploratory Data Analysis
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Firstly, the initial step in this research is to conduct exploratory data analysis. At this stage, wate quality and
potability data will be analyzed descriptively to understand the characteristics, distributions, and relationships between
variables in the dataset. Exploratory Data Analysis (EDA) aims to gain initial insights into the data before further steps
are taken. Table 1 shows general information on the dataset used in this study.

Table 1. Dataset Information

Dataset Number of cases | Number of attribute | Attribute characteristics | Missing values
Water 3276 10 Numeric No
Quality and
Potability

Sample or Data Selection:

The Water Quality and Potability dataset was employed for this research, comprising various water quality metrics.
Each sample within the dataset represents a unique water source with attributes like pH, hardness, solids, and more.
The target variable, "Potability,” is binary, with '1" indicating potable water and '0' indicating non-potable water.

Tools and Technology Used:

For the implementation of the Decision Tree algorithm and subsequent data analysis, we utilized the Python
programming language, specifically leveraging libraries such as scikit-learn for machine learning and pandas for data
manipulation. The K-fold cross-validation was also implemented using scikit-learn [5]—[8].

Data Collection Process:

The dataset was sourced from a public database, encompassing diverse water samples with their respective quality
parameters. Each sample's attributes serve as the feature set, while the "Potability" column serves as the target variable.
No additional data collection was required, as the dataset was pre-compiled and readily available for research
purposes.

Decision Tree Classifier

The Decision Tree is a classification method in the form of a tree structure with nodes representing decisions or
predictions [9]-[11]. At each node, the algorithm divides the data based on the most informative input variables, as
shown in Figure 5, explaining the concept of the Decision Tree algorithm.

Decision Node _—)-Root Node
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Leaf Node Decision Node

-
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Figure 5. Decision Tree Algorithm

The Decision Tree Classifier algorithm is a classification method that uses a tree structure with nodes representing
decisions or predictions. This decision tree is built by dividing the data into smaller subsets based on the value of the
most informative input variable [12], [13]. The tree-building process uses impurity measures such as Gini Index and
Entropy to measure data impurity at each node. The goal is to minimize impurity at each node by selecting the most
relevant input variables, allowing the decision tree to provide accurate and easily interpretable predictions. Equations
7 and 8 can be observed.

[
Gini Index: Gini(t) = 1 — z (pi)?
i=1 1)

c
Entropy: Entropy(t) = — Z_pi log,(pi) @)
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K-fold Cross-validation:

To validate the model's performance, we employed the 5-fold cross-validation method [7], [14]. The dataset is
randomly partitioned into five subsets. In each iteration, one subset is used as the validation set, while the other four
serve as the training set. This process ensures that each sample is used for validation exactly once. The method's
formulaic representation is:

K
1
CViy = EZ Error;
i=1

Performance Comparison Analysis
Post-validation, the model's performance was assessed using metrics such as accuracy, precision, recall, and F-

measure. Their respective formulae are [15]-[17].

| ~ (TP +TN)
CeUracy =TTp + TN + FP + FN) ®3)
o TP
Pericision = m 4)
Recall = —F
CCA=1TP + FN) (5)

2(presisi X recall)

F —measure = (presisi + recall) ©

The above formulas explain:

True Positive (TP): The number of cases correctly predicted as positive by the model.
True Negative (TN): The number of cases correctly predicted as negative by the model.
False Positive (FP): The number of cases incorrectly predicted as positive by the model.
False Negative (FN): The number of cases incorrectly predicted as negative by the model.

These metrics provided a comprehensive understanding of the model's performance, highlighting its strengths and
areas of improvement.

3. Results and Discussion
The Decision Tree classification algorithm was applied to the Water Quality and Potability dataset, followed by

the evaluation of its performance using a 5-fold cross-validation technique. The model's performance was assessed
based on four key metrics: accuracy, precision, recall, and F1-score. Each metric was computed for every fold in the
cross-validation, resulting in five values per metric that encapsulate the model's variability and consistency across
different data splits.

Visualization of the Results
The detailed results are presented in Table 1 and visualized in Figure 5 for a clearer understanding and comparison

of the metrics across different iterations.

Table 1. Performance Metrics Across 5-Fold Cross-Validation for the Decision Tree

Ken _ Performa

Accuracy Precision Recall F-Measure
K-1 54,8% 54,2% 55,1% 55,5%
K-2 52,5% 54,1% 525% 52,3%
K-3 57,4% 57,5% 56,7% 56,2%

K-4 52,3% 52,1% 51,4% 53,4%
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Ken Performa
Accuracy Precision Recall F-Measure
K-5 54,5% 56,8% 56% 56,6%
Z Avg 54,3% 55% 54,4% 54,7%

Interpretation of the Results:

The Decision Tree model demonstrated an average accuracy of approximately 54.33%, suggesting that it correctly
predicts water potability slightly better than random guessing. The precision and recall, both hovering around 55%,
indicate a balanced performance in terms of false positives and false negatives. The F1-score, which is the harmonic
mean of precision and recall, also supports this balanced performance observation.

The model showcased consistent performance across different data splits, as evidenced by the relatively close
values across the folds for each metric. While the accuracy and other metrics are not exceedingly high, they provide
a baseline performance for the Decision Tree algorithm on this dataset.

Discussion

While the Decision Tree model offers a straightforward and interpretable mechanism for classification, its
performance on the dataset was moderate. This suggests that water potability, based on the given parameters, might
be a complex problem that requires more intricate models or feature engineering.

Previous studies on water potability have employed various machine learning algorithms, with varying degrees of
success. The performance of the Decision Tree algorithm [4] in this research aligns with some of the earlier findings,
suggesting that while Decision Trees are valuable for their simplicity and interpretability, they might not always be
the most accurate models for intricate datasets.

The research underscores the potential of machine learning in predicting water potability. While the Decision Tree
model's performance was moderate, it sets the stage for further exploration using more complex algorithms or
ensemble methods. Water treatment plants and environmental agencies can consider such models as preliminary tools
for assessing water quality.

One primary limitation is the exclusive focus on the Decision Tree algorithm, without comparisons to other
potential models. Additionally, the dataset, though comprehensive, might not encompass all factors affecting water
potability, potentially influencing the model's performance.

Recommendations for Further Research:

Future studies could explore ensemble methods, combining multiple algorithms to enhance prediction accuracy.
Feature engineering and domain-specific insights could also be integrated to refine the model. Additionally,
comparisons with other algorithms could provide a more holistic understanding of machine learning's potential in
predicting water potability.

4, Conclusion

In this study, we applied the Decision Tree classification algorithm to the Water Quality and Potability dataset to
predict water potability based on various quality parameters. The model, evaluated using a 5-fold cross-validation
technique, demonstrated a moderate performance with an average accuracy of approximately 54.33%. This
performance suggests that while Decision Trees offer interpretability, they may not be the most optimal for intricate
datasets like water quality assessments. Addressing the central research questions, the Decision Tree algorithm
showcased consistent performance across different data splits, emphasizing its potential as a baseline model for water
quality predictions.

The research contributes to the evolving field of machine learning applications in environmental science,
particularly in water quality assessment. The findings underline the importance of selecting appropriate algorithms
based on dataset intricacies and set the stage for further exploration using more complex algorithms or ensemble
methods. For future endeavors, integrating domain-specific insights, feature engineering, and comparisons with other
algorithms can provide a comprehensive understanding of machine learning's potential in this vital sector.
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