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Abstract. Ensuring the quality of drinking water is a critical public health 

issue, especially in the face of increasing industrial pollution and climate 

change. This study explores the application of machine learning techniques, 

specifically XGBoost, to predict water potability based on physical and 

chemical parameters. Initial experiments with a baseline XGBoost model 

demonstrated moderate success in classification, with particular difficulty in 

accurately identifying potable water, which is often underrepresented in the 

dataset.To address this challenge, the SMOTE technique was applied to 

balance the dataset, resulting in improved recall for the potable water class. 

Additionally, hyperparameter optimization via RandomizedSearchCV 

further enhanced the model’s performance, albeit modestly. Reducing the 

model's complexity by selecting the most significant features led to a more 

efficient model with reduced computational overhead, while maintaining 

comparable accuracy.The findings of this study indicate that an optimized 

XGBoost model, supported by data preprocessing and feature selection, can 

be effectively integrated into automated water quality monitoring systems. 

Such a system would enable real-time detection of water quality deviations, 

facilitating prompt corrective actions to protect public health. This approach 

not only demonstrates the applicability of machine learning in 

environmental monitoring but also highlights the potential for broader 

application in resource management and public safety. 

1 Introduction 

Water is a vital resource for all living organisms, and its quality plays a crucial role in 

ensuring public health and well-being. With increasing population growth and industrial 

development, the quality of drinking water has become an increasingly pressing issue. Water 

contamination with chemical and biological substances can lead to serious health 

consequences, including acute and chronic diseases. Therefore, determining water potability 

is one of the key challenges in the fields of public health and environmental protection [1, 2]. 
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In recent years, significant attention has been directed towards the development and 

application of various methods for water quality analysis, including traditional laboratory 

methods as well as modern approaches based on machine learning and data analysis. These 

methods allow for more efficient and accurate determination of the chemical composition of 

water and the prediction of its potability based on multiple parameters [3, 4]. 

The aim of this study is to develop and evaluate a machine learning model for predicting 

water potability based on chemical and physical parameters, such as pH, hardness, solids 

content, and others. The study explores various machine learning algorithms, including 

Random Forest and XGBoost, as well as data processing techniques such as class balancing 

using SMOTE and the selection of the most significant features [5, 6]. 

This work is aimed at improving existing methods for predicting water quality and can 

make a significant contribution to public health by providing more accurate and effective 

tools for monitoring water quality [7, 8 ,9]. 

2 Materials and methods  

2.1 Data Sources 

In this study, data on drinking water quality provided on the Kaggle platform were used. 

The dataset contains information on various physico-chemical parameters of water that can 

affect its potability. Specifically, the dataset includes the following key parameters [10, 11, 

12]: 

• pH: The level of water acidity, which can vary depending on natural and anthropogenic 

factors. 

• Hardness: The overall concentration of calcium and magnesium in the water, which 

affects its taste and can influence health. 

• Solids: The total amount of dissolved inorganic substances in the water, which can vary 

depending on the water source. 

• Chloramines: The concentration of chloramines, used as a disinfectant in tap water. 

• Sulfate: The concentration of sulfates, which may be present in water as a result of 

natural processes or contamination. 

• Conductivity: The ability of water to conduct electric current, which depends on the 

concentration of dissolved salts. 

• Organic Carbon: The amount of organic carbon, which can be an indicator of organic 

pollution. 

• Trihalomethanes: The total amount of trihalomethanes, which can form as a byproduct 

of water chlorination. 

• Turbidity: A measure of water turbidity, which can indicate the presence of suspended 

particles and microorganisms. 

• Potability: The target variable indicating whether the water is potable (1) or not potable 

(0). 

2.2 Data Description 

The dataset used in this study contains information on various physical and chemical 

parameters of water that can affect its potability. The data analyzed consists of 3,276 records, 

each corresponding to a single water sample collected from different sources [13]. 
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Table 1. Descriptive statistics 

Parameter Description Data 

Type 

Value 

Range 

pH The level of water acidity. The optimal 

range for drinking water is 6.5-8.5. 

Float 0.0 - 14.0 

Hardness The hardness of water, measured in 

mg/L, representing the concentration of 

calcium and magnesium. 

Float 47.43 - 

323.12 

Solids The total concentration of dissolved 

solids in water, measured in ppm. 

Float 320.94 - 

61227.20 

Chloramines The concentration of chloramines used 

for water disinfection, measured in 

ppm. 

Float 0.35 - 

13.13 

Sulfate The concentration of sulfates in water, 

measured in mg/L. 

Float 129.0 - 

481.0 

Conductivity The conductivity of water, measured in 

microsiemens per centimeter (µS/cm). 

Float 181.48 - 

753.34 

Organic Carbon The amount of organic carbon in water, 

measured in mg/L. 

Float 2.2 - 28.3 

Trihalomethanes The concentration of trihalomethanes, 

which can form during chlorination, 

measured in µg/L. 

Float 0.74 - 

124.0 

Turbidity A measure of water turbidity, measured 

in NTU units. 

Float 1.45 - 6.74 

Potability The target variable indicating water 

potability (1 — potable, 0 — non-

potable). 

Integer 0 or 1 

 

2.3 Model Training and Evaluation 

Before training the models, the data was split into training and test sets in an 80:20 ratio, 

which is a standard practice for evaluating model performance. To minimize the impact of 

differences in feature scales, the data was normalized, which improved the convergence and 

accuracy of the models [14, 15]. 

Additionally, to address the issue of imbalanced data, where the number of samples in 

one class significantly exceeds the number of samples in the other, the SMOTE (Synthetic 

Minority Over-sampling Technique) method was applied. This method artificially increases 

the number of minority class examples by creating synthetic samples, which in turn enhances 

the model's ability to recognize both classes [16, 17, 18]. 

3 Results 

3.1 Correlation Analysis 

A correlation analysis was conducted to assess the relationships between various physico-

chemical parameters of water and their impact on water potability. The correlation matrix 

(Figure 1) provides a quantitative measure of the linear relationships between pairs of 

features, allowing for the evaluation of their potential influence on predictive models [20, 21, 

22]. 
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Fig. 1. Correlation matrix of water quality parameters 

Key Findings: 

• Weak relationships between features: The analysis showed that most features exhibit 

weak correlations with each other, indicating relative independence among the 

parameters. The maximum correlation values between features do not exceed |0.17|, 

suggesting weak linear relationships. For example, the highest negative correlation was 

found between Sulfate and Solids (-0.17), while a positive correlation was observed 

between Hardness and pH (0.08). 

• Weak correlation with the target variable: The target variable, Potability, shows very 

low correlation with the other parameters. The highest correlation with the target variable 

was observed with the Solids parameter (0.03), which also indicates a weak relationship. 

This suggests that none of the individual features have a significant linear impact on water 

potability. 

• Implications for model building: The lack of strong correlations between features and 

the target variable highlights the complexity of the classification task and the need for 

advanced machine learning models. Linear models, such as logistic regression, may prove 

insufficient, supporting the use of methods capable of capturing nonlinear interactions 

between features, such as gradient boosting (e.g., XGBoost). 

The results of the correlation analysis indicate that models capable of effectively handling 

data with weak linear relationships between features are essential for predicting water 

potability. These findings motivated the use of models that can identify complex 

dependencies and interactions between features, which was considered in the subsequent 

selection and tuning of models in this study. 
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3.2 Experiment with the Baseline XGBoost Model 

The objective of this experiment was to assess the performance of a baseline XGBoost model 

for predicting water potability without the use of additional data processing methods, such as 

class balancing, feature selection, or hyperparameter optimization. This experiment serves as 

a starting point for further model improvements [23, 24]. 

The results of the experiment are presented through a classification report and a confusion 

matrix, which provide deeper insights into how the model handles the classification task. 

The XGBoost model was initialized with default hyperparameters, including 100 decision 

trees (n_estimators), a maximum tree depth of 3 (max_depth), and a learning rate of 0.1 

(learning_rate). 

As shown in Table 2, the baseline XGBoost model achieved a precision of 0.70 for class 

0 and 0.55 for class 1. The recall was 0.79 and 0.42, respectively, indicating that the model 

is better at recognizing non-potable water (class 0) than potable water (class 1). 

Table 2. Classification Report for the Baseline XGBoost Model 

Class Precision Recall F1-Score Support 

0 0.70 0.79 0.74 412 

1 0.55 0.42 0.48 244 

 

The confusion matrix, presented in Figure 2, shows that the model correctly classified 

327 samples of class 0 and 103 samples of class 1. However, the model mistakenly classified 

85 samples of class 0 as class 1 and 141 samples of class 1 as class 0. This confirms that the 

model is better at recognizing non-potable water (class 0) than potable water (class 1). 

 

Fig. 2. Confusion Matrix for XGBoost (Baseline) 

The baseline XGBoost model showed limited results, with an accuracy of 66% and a 

ROC-AUC score of 0.69. While the model performs better at recognizing non-potable water, 

it struggles with correctly classifying potable water. These results highlight the need for 
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further improvements, such as class balancing, hyperparameter optimization, and feature 

selection, to enhance overall accuracy and the model's ability to distinguish between classes. 

3.3 Application of XGBoost Using SMOTE 

The objective of this experiment was to improve the performance of the XGBoost model by 

balancing the classes in the training set using the SMOTE (Synthetic Minority Over-sampling 

Technique) method. This approach was implemented to enhance the model's ability to 

recognize the minority class (potable water), which was underrepresented in the data and 

exhibited low recall in the baseline model [25]. 

To address the class imbalance present in the original data, the SMOTE method was 

applied. This technique generates synthetic samples for the minority class (potable water), 

allowing the model to better learn from these examples and improve recall for class 1. 

After balancing the data, the XGBoost model was trained on the new training set using 

the same baseline hyperparameters as in the first experiment : 

• n_estimators: 100; 

• max_depth: 3; 

• learning_rate: 0.1. 

The results of the experiment using SMOTE are presented through a classification report 

and a confusion matrix, allowing for an analysis of the impact of class balancing on the 

model's performance. 

As shown in Table 3, the application of SMOTE led to an improvement in recall for class 

1 (potable water) from 0.42 to 0.57, indicating a more balanced performance by the model. 

Precision for class 1 remained at 0.54, while precision for class 0 increased to 0.74. The 

F1-score for both classes also improved, reflecting an overall enhancement in the model's 

performance. 

Table 3. Classification Report for XGBoost Model Using SMOTE 

Class Precision Recall F1-Score Support 

0 0.74 0.72 0.73 412 

1 0.54 0.57 0.55 244 

 

The confusion matrix, presented in Figure 3, shows that the model correctly classified 

295 samples of class 0 and 138 samples of class 1. The application of SMOTE reduced the 

number of misclassifications for class 1, indicating an improvement in the recognition of 

potable water. 
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Fig. 3. Confusion Matrix For XGBoost With SMOTE 

 

The application of SMOTE for class balancing improved recall for class 1 (potable water), 

demonstrating the model's enhanced ability to recognize this class. Although the overall 

accuracy of the model remained at 66%, the improvement in both F1-score and recall for 

class 1 makes this model more balanced compared to the baseline version. This confirms the 

effectiveness of using data balancing techniques when dealing with imbalanced datasets. 

3.4 Hyperparameter Optimization of the XGBoost Model 

The objective of this experiment was to enhance the performance of the XGBoost model 

by optimizing its hyperparameters. Hyperparameter optimization allows for fine-tuning the 

model to achieve the best possible results based on the available data. In this case, the 

RandomizedSearchCV method was employed to find the optimal hyperparameter values 

[26]. 

The RandomizedSearchCV method was used for hyperparameter optimization, which 

explores the hyperparameter space based on predefined ranges and random combinations. 

This approach allows for an efficient search for the best configuration that can potentially 

improve the model's accuracy and overall performance. 

The search space included the following hyperparameters: 

• n_estimators: 100, 200, 300, 400, 500; 

• max_depth: 3, 4, 5, 6, 7, 8, 10; 

• learning_rate: 0.01, 0.05, 0.1, 0.2; 

• subsample: 0.6, 0.7, 0.8, 0.9, 1.0; 

• colsample_bytree: 0.6, 0.7, 0.8, 0.9, 1.0; 

• gamma: 0, 0.1, 0.2, 0.3, 0.4; 

• reg_alpha: 0, 0.1, 0.5, 1; 

• reg_lambda: 0, 0.1, 0.5, 1. 
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The RandomizedSearchCV method was configured to perform 50 iterations with 3-fold 

cross-validation to identify the optimal combination of hyperparameters. 

The best hyperparameters found as a result of the search were as follows: 

• subsample: 0.9; 

• reg_lambda: 0.5; 

• reg_alpha: 0.1; 

• n_estimators: 200; 

• max_depth: 10; 

• learning_rate: 0.05; 

• gamma: 0.3; 

• colsample_bytree: 1.0. 

These parameters were used to train the model on the same data as in the previous 

experiments. 

The results of the experiment are presented through a classification report and a confusion 

matrix, allowing an assessment of the impact of hyperparameter optimization on the model's 

performance. 

As shown in Table 4, the optimized XGBoost model demonstrated a slight improvement 

in performance compared to the baseline model. The model achieved a precision of 0.72 for 

class 0 and 0.54 for class 1. Recall was 0.74 and 0.51, respectively. The F1-score remained 

at 0.73 for class 0 and 0.53 for class 1. 

Table 4. Classification Report for the Optimized XGBoost Model 

Class Precision Recall F1-Score Support 

0 0.72 0.74 0.73 412 

1 0.54 0.51 0.53 244 

 

The confusion matrix, presented in Figure 4, shows that the model correctly classified 

305 samples of class 0 and 125 samples of class 1. Hyperparameter optimization slightly 

improved the model's ability to correctly classify both classes. 

 

Fig. 4. Confusion Matrix for optimized XGBoost 
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The hyperparameter optimization of the XGBoost model led to a slight improvement in 

precision and recall, particularly for class 1 (potable water). However, the overall results 

indicate that despite these improvements, the model still struggles to accurately identify 

potable water, suggesting the need for further enhancements, such as employing more 

complex models or combining multiple methods. Nevertheless, this experiment demonstrated 

that hyperparameter optimization can play a significant role in enhancing model 

performance. 

3.5 Application of XGBoost Using the Most Significant Features 

The objective of this experiment was to investigate the impact of selecting the most 

significant features on the performance of the XGBoost model. This approach aimed to 

reduce the complexity of the model and enhance its interpretability, while also examining 

whether using a smaller number of features would lead to an improvement or deterioration 

in prediction accuracy [27]. 

Based on the analysis of feature importance obtained from the XGBoost model, the 5 

most significant features were selected for further model training (Figure 5). 

The feature selection was conducted with the goal of utilizing only those variables that 

contribute the most to the model's predictions. This is expected to reduce the model's 

complexity and improve its computational efficiency, potentially leading to faster training 

and prediction times. Additionally, by focusing on the most impactful features, the model's 

interpretability is enhanced, making it easier to understand the relationships between the 

selected features and the target variable.  

 

Fig. 5. Feature importance  

The same optimized hyperparameters that were identified in the previous experiment 

were used for training the model: 

• subsample: 0.9; 

• reg_lambda: 0.5; 
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• reg_alpha: 0.1; 

• n_estimators: 200; 

• max_depth: 10; 

• learning_rate: 0.05; 

• gamma: 0.3; 

• colsample_bytree: 1.0. 

The results of the experiment are presented through a classification report. As shown in 

Table 5, the XGBoost model using the top features achieved a precision of 0.70 for class 0 

and 0.55 for class 1. The recall was 0.79 and 0.43, respectively. These results indicate that 

reducing the number of features did not lead to a significant improvement in the model's 

performance. However, it is important to note that using fewer features reduced the model's 

complexity, which could be beneficial for computational efficiency and interpretability. 

Table 5. Classification Report for XGBoost Model with Top Features 

Class Precision Recall F1-Score Support 

0 0.70 0.79 0.74 412 

1 0.55 0.43 0.48 244 

 

The confusion matrix, presented in Figure 6, shows that the model correctly classified 

326 samples of class 0 and 104 samples of class 1. This confirms that feature selection did 

not lead to a significant increase in prediction accuracy; however, it did reduce the model's 

complexity without substantial losses in performance. 

 

Fig. 6. Confusion Matrix for XGBoost Model with Top Features. 

The results of the experiment demonstrated that using only the most significant features 

allowed for a reduction in model complexity without significant losses in performance. While 

the model's accuracy and ability to distinguish between classes remained consistent with 

previous experiments, the advantages in speed, interpretability, and resistance to overfitting 

make this approach valuable in applications where these aspects are crucial. This confirms 
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the appropriateness of feature selection in scenarios where a balance between performance 

and efficiency is required. 

4 Discussion 

Throughout this study, several experiments were conducted using various approaches to 

develop and enhance the XGBoost model for predicting water potability. This section 

discusses the key findings from these experiments, compares the different approaches, 

analyzes their advantages and disadvantages, and suggests potential directions for future 

research. 

4.1 Baseline XGBoost Model 

The initial experiment with the baseline XGBoost model demonstrated that, despite the 

model's ability to handle complex and interrelated data, it showed limited results. The model 

achieved an accuracy of 66% and a ROC-AUC score of 0.69, indicating moderate capability 

in distinguishing between potable and non-potable water. The low recall for class 1 (potable 

water) highlights the model's difficulty in recognizing the minority class, a common issue 

with imbalanced datasets. 

4.2 Application of SMOTE for Class Balancing 

The use of the SMOTE method for class balancing improved the recall for class 1, increasing 

it from 0.42 to 0.57. This indicates that the model became better at recognizing potable water. 

However, the overall accuracy of the model remained at 66%, and the ROC-AUC score did 

not show significant changes. Thus, while SMOTE enhanced the model's ability to classify 

the minority class, it did not lead to substantial improvements in other metrics. 

4.3 Hyperparameter Optimization 

Hyperparameter optimization of the XGBoost model using RandomizedSearchCV resulted 

in slight improvements in model performance. Optimal parameters, such as reduced learning 

rate and increased tree depth, improved accuracy to 72% for class 0 and 54% for class 1. 

Despite this, the overall results indicate that the model still performs better at recognizing 

non-potable water than potable water. This underscores the importance of further tuning and 

potentially applying other methods to enhance the model's effectiveness. 

4.4 Reducing Model Complexity with Top Features 

Using only the most significant features allowed for a reduction in model complexity without 

significant losses in performance. While accuracy and other metrics remained at similar 

levels to previous experiments, reducing the model's complexity has its advantages. A 

simpler model trains faster, makes predictions quicker, and is less prone to overfitting. This 

approach is particularly appealing in scenarios where speed and interpretability are critical, 

such as in real-time systems or environments with limited computational resources. 

5 Conclusion 

Ensuring the quality of drinking water is one of the key challenges in public health and 

environmental protection. With increasing industrial impact and climate change, the need for 
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reliable and effective water monitoring methods is becoming more urgent. In this study, we 

demonstrated how machine learning methods, particularly XGBoost, can be used for the 

automated prediction of water potability based on its physical and chemical parameters [28]. 

The experiments revealed that while the baseline XGBoost model is effective in 

classifying water by its potability, it struggles with recognizing the potable water class, which 

often constitutes the minority of the dataset. To address this issue, the SMOTE method was 

applied, which improved class balancing and increased the accuracy of potable water 

classification. This is particularly important in practical applications where errors in 

recognizing potable water can have serious consequences [29]. 

Additionally, hyperparameter optimization showed that fine-tuning the model can slightly 

improve its performance, which is critical for real-world monitoring systems that require high 

accuracy. Reducing model complexity by selecting the most significant features led to 

decreased computational costs without significant losses in accuracy, making the model more 

suitable for real-time use [30]. 

Thus, the study's results demonstrate that the XGBoost model, combined with data 

preprocessing and optimization methods, can be effectively applied for automated water 

quality monitoring. Such a system can be integrated into existing water supply 

infrastructures, ensuring timely detection of water quality deviations and allowing for rapid 

corrective actions to protect public health. In the future, this model can also be adapted for 

other environmental monitoring tasks, making it a versatile tool for natural resource 

management [31]. 
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