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Abstract

Kupang City faces significant challenges in providing clean water due to its dry geographical conditions and extreme climate. Although it
has various potential water sources such as watersheds and bore wells, clean water distribution remains suboptimal. This study aims to
predict clean water quality using two machine learning algorithms, namely K-Nearest Neighbor (KNN) and Naive Bayes, based on the
Water Quality Dataset which includes parameters such as pH, hardness, total dissolved solids, and turbidity. The process involves data
preprocessing, algorithm implementation, and model evaluation using classification metrics. The KNN model achieved an accuracy of
56%, with an F1-score of 0.67 for the “unsafe” class and 0.36 for the “safe” class. Meanwhile, the Naive Bayes model achieved a higher
overall accuracy of 61% but failed to detect the “safe” class, showing a precision and recall of 0.00. Overall, KNN performed more balanced
across classes despite its moderate accuracy, while Naive Bayes was biased toward the majority class. These findings highlight the
importance of selecting appropriate algorithms and tuning parameters for water quality prediction. The implementation of predictive models
is expected to assist PDAM Kupang in making data-driven decisions to improve clean water management sustainably.
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1. Introduction

The Regional Drinking Water Company (PDAM) of Kupang City is a government-owned enterprise established based on Regional
Regulation No. 06 of 2005, dated September 19, 2005, concerning the Formation of PDAM Kupang City. In fulfilling its duty to provide
clean water services to the residents of Kupang City, PDAM requires effective and efficient work productivity to achieve its organizational
goals optimally. Additionally, efficient human resource management is a key factor in operational success. Optimal productivity can only
be achieved if the organization's leaders apply a high-quality leadership style. Good leadership can drive employee performance, increase
organizational effectiveness, and create synergy in achieving the company’s objectives [1].

In this context, the province of East Nusa Tenggara (NTT), including Kupang City, faces significant challenges related to the clean water
crisis. According to the Meteorology, Climatology, and Geophysics Agency (BMKG) report in 2019, NTT is recognized as the driest
province in Indonesia. Kupang City, with a population of 442,758 in 2023, has various potential water sources such as 7 watersheds, 11
reservoirs, 13 springs, and 33 bore wells. Unfortunately, these sources are still insufficient to meet the clean water needs of the entire
population. Data also shows that Kupang has declared a drought emergency status along with five other districts/cities in NTT. This
situation emphasizes the urgency of more efficient and sustainable water resource management due to increasing pressure from population
growth and climate change. Without immediate improvement, Kupang City may face more severe consequences from the clean water crisis
in the future [2].

The application of data mining methods such as K-Nearest Neighbor (KNN) and Naive Bayes holds great potential in supporting clean
water management, especially in areas experiencing water crises like Kupang. Given the city's various potential water sources, the KNN
algorithm can help predict water quality based on distance, while the Naive Bayes algorithm enables fast analysis by utilizing wide-ranging
water parameters such as chemical content, pollution levels, or contamination sources to predict clean water quality. According to [3], data
mining is a branch of artificial intelligence that focuses on extracting patterns from large datasets and turning them into valuable
information. This technology leverages various machine learning techniques to perform automatic analysis and knowledge extraction,
playing an important role across industries such as finance, weather forecasting, and science and technology. [4] explained that water
quality classification can be performed using various methods. [5] classified drinking water potability using a dataset that includes 10
features such as pH, hardness, and total solids. Classification was conducted using machine learning algorithms such as Decision Tree,
Naive Bayes, and KNN.
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Based on the identified issues, clean water quality prediction can be effectively addressed through the application of artificial intelligence
(AI) models, particularly machine learning methods. These methods, including K-Nearest Neighbor (KNN) and Naive Bayes, are capable
of classifying data accurately and efficiently, especially when processing large datasets with many parameters, such as the Water Quality
Dataset. By leveraging machine learning, decision-making related to water resource management can be conducted accurately and
effectively [6].

2. Methodology

a. Naive Bayes

The Naive Bayes Classifier is one of the methods used in data mining to classify data based on probability calculations. This method falls
under classification algorithms and applies an approach based on Bayes’ Theorem. Bayes’ Theorem itself is a statistical principle used to
calculate the likelihood of an event. In the Naive Bayes Classifier, the algorithm computes the probability of each class for the test data
based on its attributes, then selects the class with the highest probability as the optimal classification result. The main function of this
method is to identify and determine the highest probability that allows a test data instance to be classified into the appropriate category.
This approach uses a simple probability prediction technique based on Bayes’ rule [7].P(HIX)=P(X)P(XIH)-P(H)

b. K-Nearest Neighbors (KNN)
K-Nearest Neighbor (KNN) is an algorithm used to classify data based on training datasets by referencing the k nearest neighbors. The
parameter k represents the number of closest neighbors considered in the classification process [8].

d(p,q)=V[(p1—q1)2+(p2-q2)2+...+(pn—qn)2]

c. Confusion Matrix

Confusion Matrix is one of the evaluation methods used to analyze the performance of classification algorithms, including K-Nearest
Neighbors (KNN) and Naive Bayes. This matrix provides a detailed overview of the model’s predictions compared to the actual outcomes
based on the test data. The confusion matrix presents the results in the form of a table containing the number of true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN). This information is essential for calculating evaluation metrics such as
precision, recall, and accuracy [9].

Accuracy=TP+TN+FP+FNTP+TN

Precision=TP+FPTP

Recall=TP+FNTP

F1-Score=Precision+Recall2-Precision-Recall.

3. Result and Discussion

3.1. Dataset Description

The dataset used in this study was obtained from PDAM Kota Kupang, the government agency responsible for clean water distribution in
the area. It contains various water quality parameters routinely measured to ensure water safety for public consumption. The data is stored
in an Excel file (dataa.xlsx) and consists of 10 feature columns and 1 target column representing potability labels. Each row corresponds
to a laboratory-tested water sample. This study applied two classification methods—K-Nearest Neighbors (KNN) and Naive Bayes—to
the dataset. KNN classifies data by calculating Euclidean distances between test samples and training data, assigning the class based on
the majority of the nearest neighbors. In contrast, Naive Bayes predicts class probabilities under the assumption that all features are
independent. Prior to model training, the data was normalized using StandardScaler to ensure uniform feature scaling. The dataset was split
into 70% training data and 30% testing data, and both models were evaluated using performance metrics such as confusion matrix, accuracy,
precision, recall, and F1-score.

From the non-functional aspects, the system must have an adequate level of security, including support for encryption of sensitive data
such as passwords, and the implementation of role-based access control to maintain data integrity and confidentiality. As an initial step in
development, the integrated information system of BPAD NTT Province is designed using an object-oriented approach by utilizing the
Unified Modeling Language (UML), such as use case diagrams and class diagrams as the basis for designing the system to be developed.

3.2. The implementation of the K-Nearest Neighbor (KNN)

The implementation of the K-Nearest Neighbor (KNN) model in this study aims to classify the quality of clean water based on the
physical and chemical parameters available in the dataset. The KNN algorithm works by identifying the k nearest neighbors of the test
data based on their distance to the training data, and then determining the majority class among those neighbors as the predicted result.
This method was chosen for its simplicity, intuitiveness, and effectiveness, particularly in binary classification cases such as predicting
the potability of drinking water.

1. K-Nearest Neighbor (KNN) Application of the KNN model

The K-Nearest Neighbor (KNN) model is applied in this study to classify clean water quality based on the physical and chemical parameters
available in the dataset. The KNN algorithm works by identifying the k nearest neighbors of a test sample based on the distance to training
data, then assigning the majority class among those neighbors as the predicted result. This method is selected for its simplicity, intuitiveness,
and effectiveness in binary classification problems, such as predicting water potability.

2. Classification using K-Nearest Neighbor (KNN)

KNN is a non-parametric classification algorithm that operates by calculating the shortest distance between a test point and the training
data. In this study, KNN is used to predict clean water quality based on parameters such as pH, hardness, total dissolved solids, chloramines,
sulfate, conductivity, organic carbon, trihalomethanes, and turbidity.
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3. KNN implementation using Python

The implementation process starts with data preprocessing, which includes data cleaning, normalization, and splitting into training and
testing sets. The dataset is stored in an Excel file named DATAA xIsx and loaded using pandas. Missing values are handled by filling them
with the median of each column. The data is then separated into features (X) and target labels (y). Standardization is applied using
StandardScaler to ensure equal scaling across features, which is crucial as KNN is sensitive to feature magnitude. The data is then split
into 70 percent training and 30 percent testing using the train_test split function.The KNN model is trained using k = 5, meaning the
prediction for each test sample is based on the 5 closest training samples using Euclidean distance. The model is built using the
KNeighborsClassifier from scikit-learn, then trained with the training data.After training, predictions are made on the test set. The model’s
performance is evaluated using classification metrics including precision, recall, Fl-score, and accuracy, generated through the
classification_report and accuracy score functions.

4. Confusion Matrix for the KNN model

In this section, a confusion matrix is used to evaluate the classification performance of the KNN model. The confusion matrix shows how
well the model predicts each class compared to the actual labels, providing insight into true positives, true negatives, false positives, and
false negatives. This helps in calculating more detailed evaluation metrics for model assessment.
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Fig. 1. Classification Report

5.Visualization of Feature Distribution Based on Potability
To better understand the characteristics of the data and observe the distribution differences of each feature between potable water (Potability
= 1) and non-potable water (Potability = 0), visualization is performed using Kernel Density Estimation (KDE) plots.

6.Visualization of Feature Distribution Based on Potability
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Fig.2. Visualization of Feature Distribution Based on Potability

The distribution of data is visualized using the Kernel Density Estimation (KDE) method for each numerical feature in the dataset,
distinguishing between potable water (Potability = 1) and non-potable water (Potability = 0). This visualization provides a clearer overview
of the value distribution patterns for each water quality parameter.
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3.3. Application of the Naive Bayes Model

Naive Bayes is a probability-based classification algorithm used in this study as a comparison to the K-Nearest Neighbor (KNN) method.
The model operates based on Bayes’ Theorem with the assumption that all features are mutually independent. Although this assumption is
rarely fully met in real-world data, Naive Bayes remains effective in many classification cases due to its fast computation and reasonably
accurate results. In its implementation, the data first undergoes preprocessing, including handling missing values, normalization, and
separation of features and target labels. After the data is split into training and testing sets, the model is trained using the training data and
evaluated using metrics such as accuracy, precision, recall, and F1-score. The results show that Naive Bayes can serve as a simple yet
reliable classification method for identifying clean water quality.

1. Naive Bayes Implementation Process

The Naive Bayes algorithm in this study is implemented using the Gaussian Naive Bayes approach, which is suitable for numerical data
with a near-normal distribution. The process follows similar steps as KNN, starting from loading the dataset, preprocessing, model training,
and evaluating predictions

2. First, all required Python libraries are imported for data handling, modeling, evaluation, and GUI development. The dataset, named
DATAA xIsx, is then read using pd.read_excel () and displayed to verify its structure and content3. .

3. Next, the structure and descriptive statistics of the dataset are examined to identify data types, the number of entries, and any missing
values. The preprocessing stage includes removing rows with missing values in key columns (such as pH, Sulfate, Trihalomethanes,
and Potability), filling remaining missing values with the median, and deleting duplicates. Outliers are handled using the Interquartile
Range (IQR) method. The features (X) and target labels (y) are separated, and all features are standardized using StandardScaler.
The dataset is then split into training and testing sets in a 70:30 ratio with stratified sampling to maintain class balance. The cleaned
dataset is saved for further analysis and interface use.

4. Finally, histograms and Kernel Density Estimation (KDE) plots are used to visualize the distribution of each feature. This helps assess
how closely the data aligns with a normal distribution, which supports the assumptions of Gaussian Naive Bayes.

Distribusi ph Distribusi Hardness Distribusi Solids
500 600
600
400
400
o = & 400
g 300 H_LH £ Fﬂ~ g
3 3 3
Y 200 I ) Y o0 Al e i
“ ’V’ﬁ ’-i‘ r“‘ ’1 N | il
100 g F —
L LI A [he H . ‘ Al Nl Lt e
0.0 0.5 1.0 L5 00 05 10 15 20 25 30 0 1 2 3 4 5
ph le7 Hardness le? Solids le7
Distribusi Chloramines Distribusi Sulfate Distribusi Conductivity
800 -
200 1000
600 -
. | » L. 750
g £ 15
5 200 B 7 5 5
8 7 7 § 4007 8 s00
[ ]
il 'ﬂ [l =1l ili il
o I__Hﬂ hhﬂm“ ol ] ‘ H I,rrﬂ”[h-‘m 0 | i T,
0.2 04 06 08 10 12 0 1 2 3 4 5 0 1 2 3 4 5
Chloramines 1e7 sulfate 1e7 Conductivity 1le7
Distribusi Organic_carbon Distribusi Trihalomethanes Distribusi Turbidity
1000
500 -
300 800
400 400 4
et ' = 600
51
S 00 - 5 5] 200 rl’”ﬂj1 S 400
100 y | 100 A ; . 200 s
. il bl ALl = il
00 05 10 15 20 25 02 04 06 08 1.0 12 14 o 1 2 3 4 5 6
Organic_carbon 1e7 Trihalomethanes le7 Turbidity le7

Fig. 3. Distribution Table

5. Naive Bayes Model

This section describes the process of building and training a classification model using the Gaussian Naive Bayes algorithm. The model is
created using the GaussianNB function, which is appropriate for numerical data that follows a normal distribution. After creating the model
object, it is trained using the training dataset (X_train) and the corresponding target labels (y_train). During this training phase, the model
learns patterns and distributions in the data, enabling it to make predictions on new or unseen data in the next stage.

6. Evaluation of the Naive Bayes Model

Once the Gaussian Naive Bayes model is trained, the next step is to make predictions using the test dataset (X _test) and evaluate the results.
The evaluation process begins with the generation of a confusion matrix, which is then visualized using a heatmap to illustrate the number
of correct and incorrect predictions between the “Safe” and “Unsafe” water classes. A classification report is also provided, showing key
performance metrics such as precision, recall, and F1-score for each class. To further assess the model’s stability and reliability, five-fold
cross-validation is performed using the cross-validation technique, which calculates the average accuracy across five separate training and
testing cycles. This comprehensive evaluation provides an overall picture of how well the Naive Bayes model performs in classifying clean
water quality.
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3.4. Model Evaluation

Model evaluation was carried out to assess the performance of classification algorithms in predicting clean water quality based on
physicochemical parameters. The two models applied in this study were K-Nearest Neighbor (KNN) and Naive Bayes. Standard
classification metrics such as accuracy, precision, recall, and F1-score were used, supported by confusion matrices and cross-validation.
The KNN model delivered relatively balanced results with acceptable accuracy for both "Safe" and "Unsafe" classes, depending on the
chosen k value and normalization parameters. In contrast, the Naive Bayes model showed limitations in identifying the "Safe" class,
reflected in its very low precision and recall scores for that category. This performance gap is likely due to the model's assumption of
feature independence and the fact that the dataset does not fully follow a Gaussian distribution, which is a core assumption of the Gaussian
Naive Bayes model. Overall, KNN proved to be more effective in detecting both classes, while Naive Bayes remains a simpler but more
sensitive approach, especially when the dataset deviates from its statistical assumptions.

3.5. Prediction GUI Implementation

To make the prediction results more accessible to users, a graphical user interface (GUI) was implemented using the Tkinter library in
Python. This GUI allows users to load data files, automatically view prediction results, and display model accuracy along with the water
quality status in real time. Through the GUI, users can perform predictions without needing to write any code manually. The trained models
(both KNN and Naive Bayes) are saved using Joblib, allowing them to be reloaded within the GUI application. This approach makes the
clean water quality prediction system more interactive, user-friendly, and suitable for non-technical users, such as environmental agencies
or the general public who want to quickly assess water potability.
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3.6. Result Discussion
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The results of applying both models indicate that classification approaches can be effectively used to predict water potability based on
chemical and physical parameters. The KNN model provided more accurate and balanced predictions across both classes. This is because
KNN compares the similarity between data points based on distance, making it well-suited for normalized data. On the other hand, the
Naive Bayes model showed limitations in recognizing the “Safe” class, likely due to the data distribution not aligning with the Gaussian
assumption and class imbalance within the dataset. In terms of efficiency, Naive Bayes is significantly faster and more lightweight
compared to KNN. However, in terms of accuracy and prediction stability, KNN performs better. Therefore, selecting the appropriate
method depends heavily on the specific needs of the application—whether prioritizing speed and simplicity, or focusing on accuracy and
reliability in prediction.

4. Conclusion

Based on the results of this study, it can be concluded that machine learning-based classification methods can be used to predict clean water
quality, with varying levels of accuracy depending on the algorithm applied. The K-Nearest Neighbor (KNN) method demonstrated better
performance compared to Naive Bayes, particularly in recognizing both classes (Safe and Unsafe) more evenly. This was reflected in the
evaluation results using accuracy, precision, recall, and F1-score metrics, where KNN provided more stable and accurate predictions after
proper normalization and parameter tuning. In contrast, although Naive Bayes is simpler and faster, it showed limitations in identifying the
"Safe" class, especially when the data distribution did not meet the Gaussian assumption. A graphical user interface (GUI) was also
successfully developed to make the prediction system more accessible to users, making this study not only academically valuable but also
practically applicable.
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