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Abstract: Water quality assessments are crucial for human health and environmental safeguards. 
The utilization of a subset of artificial intelligence such as Machine Learning (ML) presents 
significant impacts to enhance the prediction and classification of water quality. In this research, a 
set of diverse ML algorithms was evaluated to handle a comprehensive dataset of water quality 
measurements over an extended period. The aim was to develop a robust approach for accurately 
forecasting water quality. This approach employed machine learning classifiers such as Logistic 
Regression (LR), Support Vector Machine (SVM), Stochastic Gradient Descent (SGD), K-Nearest 
Neighbors (KNN), Gaussian Process Classification (GPC), Gaussian Naive Bayes (GNB), Random 
Forest (RF), Decision Tree (DT), XGBoost, and Multilayer Perceptron (MLP). The water quality 
parameters assessed for pH, hardness, solids, chloramines, sulfate, conductivity, organic carbon, 
trihalomethanes and turbidity. The XGBoost model exhibited the highest accuracy of 89.47% among 
the classifiers and Stacked Ensemble Classifiers (SEC) improved the prediction further to 92.98%. 
The findings suggest that XGBoost and the SEC hold promise as reliable approaches for water 
quality assessments in contrast of artificial intelligence. 

Keywords: machine learning; supervised classification; drinking water quality; data-driven; artificial 
intelligence 

 

1. Introduction 

Drinking water quality is one of the greatest factors affecting human health [1–4]. Drinking water 
quality is a paramount concern worldwide, as it directly affects human health and well-being. Access 
to clean and safe drinking water is vital for preventing waterborne diseases and ensuring public health 
[5–8]. The assessment and management of drinking water quality have emerged as crucial fields, 
addressing the need for continuous monitoring and maintenance of water supplies. Numerous research 
articles highlight the risks associated with contaminated drinking water, including the transmission of 
waterborne diseases, adverse health effects, and potential long-term consequences on the overall well-
being of individuals and communities [9–11]. Consequently, the importance of maintaining high 
standards of drinking water quality is widely recognized in the scientific community as a fundamental 
necessity for safeguarding public health and promoting sustainable development. However, drinking 
water quality in many countries, especially in developing countries, is not desirable and poor drinking 
water quality has induced many waterborne diseases [12,13].  

Having access to safe drinking water is a basic human right to all people, regardless of 
nationality, religion, color, wealth or creed. Contaminated drinking water and poor sanitation are 
linked to transmission of waterborne diseases and significantly affecting the health of more than 2 
billion people over the world [14–16]. In recent years, many developing countries have set reduction 
of waterborne diseases and development of safe water resources as their major public health goal, 
and the situation has slightly improved [17]. The rigorous and systematic investigation of drinking 
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water quality determination is essential for the protection of public health and the development of 
more accurate and efficient testing methods. The effective and efficient pursuit of knowledge on 
drinking water quality determination is critical to ensuring the safety and sustainability of our water 
resources [18–20]. Commonly, assessing WQ entails collecting water samples from various sites at 
different time intervals and evaluating them in laboratories. However, manual sampling and 
laboratory analysis of WQ for any given water body or process can be inefficient, expensive and time 
consuming. As a result, intelligent systems are increasingly used to monitor WQ, especially when 
real-time data are needed [21–24].  

With the rapid increase in the volume of data on the aquatic environment, machine learning has 
become an important tool for data analysis, classification, and prediction [25–29]. Unlike traditional 
models used in water-related research, data-driven models based on machine learning can efficiently 
solve more complex nonlinear problems [30–34]. Machine learning models have shown great 
potential in the estimation and prediction of water quality parameters, offering improved accuracy 
and efficiency compared to traditional methods. These models have the capability to analyze large 
volumes of data, identify complex patterns, and provide valuable insights for water quality 
assessment and management, making them valuable tools in the field of water resources and 
environmental engineering [35–38]. Despite the significant advancements in machine learning, its 
adoption in predicting and automating drinking water processes has been relatively limited [39–42]. 
The complexity and variability of water quality parameters, coupled with the need for robust and 
interpretable models, present challenges in effectively implementing machine learning approaches 
in this domain. However, with further research and development, there is immense potential for 
machine learning to revolutionize the prediction and automation of drinking water systems, 
enhancing operational efficiency, water quality monitoring, and decision-making processes [43–46]. 

Water utilities are required to provide consumers with reliable access to clean and affordable 
drinking water. To achieve this, water must be sourced from reliable and sufficient freshwater 
sources and treated to meet regulatory and industry standards [47–50]. Factors such as consumer 
acceptance, effective treatment procedures, and efficient utility management are crucial in ensuring 
the quality of drinking water. High-quality water should be free from harmful organisms and 
biological forms, visually appealing, clear, colorless, odorless, and tasteless. It should also be free 
from chemicals that may pose health risks or cause aesthetic issues and should not cause corrosion 
or deposits in water infrastructure [51–53].  

In previous studies, an Artificial Neural Network and time series analysis were utilized to develop a 
water quality prediction model. Model performance was evaluated using metrics such as Mean Squared 
Error (MSE), Root Mean Squared Error (RMSE), and Regression Analysis. Previous researchers employed 
12 machine learning models to estimate water quality, and the models were evaluated using R2 and RMSE 
statistics. They utilized supervised machine learning algorithms to estimate the Water Quality Index. They 
applied 8 artificial intelligence algorithms to predict the Water Quality Index, and model evaluation 
involved statistical metrics such as correlation coefficient (R), mean absolute error (MAE), RMSE, relative 
absolute error (RAE), and root relative square error (RRSE) [54–56].  

The objectives of this study are as follows: (i) Initial evaluation of the available data was conducted 
to filter, normalize, and implement classification algorithms for predicting drinking water quality and 
identifying the most suitable combination of water quality parameters. This can potentially eliminate the 
need for costly and time-consuming lab analyses with specific sensors in future similar investigations. (ii) 
Various classification techniques were selected as examples and proposed for the comprehensive analysis 
of numerical water quality. (iii) Multiple ML classifiers, including Logistic Regression (LR), Support 
Vector Machine (SVM), Stochastic Gradient Descent (SGD), K-Nearest Neighbors (KNN), Gaussian Naive 
Bayes (GNB), Random Forest (RF), Decision Tree (DT), XGBoost, and Multilayer Perceptron (MLP), were 
applied to the dataset to detect water quality [57–61]. 

2. Methods 

The data for this method was sourced from Kaggle's Water Quality Dataset, which included 
various parameters such as hardness, sulfate, solid, trihalomethanes, pH, turbidity, solids, organic 
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carbon, and electrical conductivity. We divided the information into features (Table 1) and the target 
variables because our objective was to create a model that can determine the water quality as a 
function of other input features. 

Table 1. Full description of the input features. 

Input features WHO limits 

Ph 6.5–8.5 
Hardness 200 mg/L 

Solids 1000 ppm 
Chloramines 4 ppm 

Sulfate 1000 mg/L 
Conductivity 400 μS/cm 

Organic carbon 10 ppm 
Trihalomethanes 80 ppm 

Turbidity 5 NTU 

2.1. Multivariate Exploratory Data Analysis (MEDA)  

To understand the properties and characteristics of the multivariate dataset, a thorough 
Exploratory Data Analysis (MEDA) was carried out. The crucial stage in performing MEDA on data 
is to do so in order to get the ML model to operate well. All the drinking water quality variables' 
internal distribution was examined using a variety of visual techniques and numerical indexes. 
MEDA is the process of conducting an initial inquiry into the drinking water quality variables to 
identify any hidden patterns in the variables' distribution [62,63]. MEDA is further broken down into 
a variety of activities. They are known as the normality check, outliers/extreme values identification, 
and descriptive statistics. With the help of the number of data points, mean, standard deviation, 
percentiles, interquartile range, and range of the variables, descriptive statistics offer a fantastic 
method for illustrating the distribution of their values. displays complete multivariate descriptive 
statistics. Histograms with density plots are used as a visual representation to show the normality of 
the variables, and Pearson's coefficient of skewness (PCS) is used as a numerical measure of 
skewness. By substituting the Nearest Neighbors (NN) of the datapoints for missing values, 
numerical imputation is used to make the dataset consistent. 

Table 2. Descriptive Statistics of the water quality variables. 

 Ph Hardness Solids Chloramines SulfateConductivityOrganic_carbon Trihalomethanes Turbidity Potability

count 2785.00 3276.00 3276.00 3276.00 2495.00 3276.00 3276.00 3114.00 3276.00 3276.00 
Mean 7.08 196.37 22014.09 7.12 333.78 426.21 14.28 66.40 3.97 0.39 

Std 1.59 32.88 8768.57 1.58 41.42 80.82 3.31 16.18 0.78 0.49 
Min 0.00 47.43 320.94 0.35 129.00 181.48 2.20 0.74 1.45 0.00 
25% 6.09 176.85 15666.69 6.13 307.70 365.73 12.07 55.84 3.44 0.00 
50% 7.04 196.97 20927.83 7.13 333.07 421.88 14.22 66.62 3.96 0.00 
75% 8.06 216.67 27332.76 8.11 359.95 481.79 16.56 77.34 4.50 1.00 
Max 14.00 323.12 61227.20 13.13 481.03 753.34 28.30 124.00 6.74 1.00 

Figure 1's graphic representation of the distribution of the variables demonstrates the significant 
level of overall non-normality. When compared all the variables exhibited more non-normality. The 
values of -0.8 (pH), -0.04 (Hardness), 0.62 (Solids), -0.01 (Chloramines), 0.02 (Sulfate), 0.27 
(Conductivity), 0.03 (Organic Carbon), 0.15 (Trihalomethanes), -0.01 (Turbidity) and 0.45 (Potability) 
are Pearson's Skewness Coefficient (PSC), a numerical indicator of non-normalcy/skewness, are 
likewise greater than the PCS values of other drinking water quality variables, indicating 
considerably less normality. 
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Figure 1. Distribution of the water quality variables. 

The dataset used in this study consists of various water quality variables, including pH, 
Hardness, Solids, Chloramines, Sulfate, Conductivity, Organic Carbon, Trihalomethanes, and 
Turbidity, with the target variable being Water Potability. Descriptive statistics were computed for 
each variable, providing insights into the distribution and variability of the data. From the statistics, 
it can be observed that the mean pH is 7.08, with a standard deviation of 1.59, indicating a moderately 
acidic to neutral range. Similarly, other variables exhibit varying means and standard deviations. The 
Potability variable shows that approximately 61% of the samples are classified as potable water. 
These descriptive statistics provide a preliminary understanding of the dataset and lay the 
foundation for further exploratory data analysis and modeling techniques to investigate the 
relationships between water quality parameters and potability status. This study aims to utilize 
machine learning algorithms to develop a predictive model for water potability, contributing to the 
field of water resource management and public health. 

 

Figure 2. Distribution of the target variable, y in percentage for potability feature. 

The joint distribution between each input feature (pH, Hardness, Solids, Chloramines, Sulfate, 
Conductivity, Organic Carbon, Trihalomethanes, Turbidity) and the target variable (Water 
Potability) provides valuable insights into the relationship between water quality parameters and 
potability status. By examining the joint distribution, we can assess the conditional probabilities and 
dependencies between these variables.  
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This analysis helps in understanding how changes in the input features impact the potability of 
water. Understanding the joint distribution is crucial for identifying significant patterns and 
correlations that may exist within the data. It enables us to uncover potential relationships between 
specific water quality characteristics and the likelihood of water being potable or non-potable. By 
exploring the joint distribution, we can gain insights into the factors that contribute to water 
potability and prioritize them accordingly in further analysis and modeling. 

 

Figure 3. Joint distribution of the input (x) and target variables (y) using the boxplots. 

2.2. Feature Engineering  

After an initial analysis of the dataset using MEDA, the next step involves conducting feature 
engineering (FE). The success of the ML approach greatly depends on effective FE, as it ensures 
accurate and satisfactory performance. To achieve optimal results using iterative gradient descent, a 
comprehensive examination of the dataset is crucial. Hence, a meticulous feature engineering process 
is employed to transform variables into forms that best suit the ML algorithms. This study 
incorporates techniques such as imputation, data transformation, data normalization, and the 
division of the dataset into training, testing, and validation sets as part of the FE process. Imputation 
is employed to address null values and enhance overall dataset consistency. Sensor errors resulted in 
certain series containing missing values or observations. In this study, the missing values were 
imputed with values from the nearest neighbors, as excluding these observations would reduce the 
dataset size and hinder implementation. After successful imputation using the median values, the 
distribution of the variable series is assessed visually and quantitatively to verify normality. One 
measure of normality is the PCS. The discharge and water level variables exhibit significantly non-
normal distributions with a pronounced left skew, which poses challenges for achieving satisfactory 
optimization in neural network regression algorithms. 
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Because the variable under study in this study is a continuous independent variable, 
normalizing the variable is crucial for training and assessing the neural network algorithm. The 
normalizing technique is required for the optimization. The gradient descent method is used by the 
ML classification model, and the feature value affects the method's step size. Smooth progress 
towards minima in gradient descent requires updating the steps for all feature values at the same 
rate. In the gradient descent process, a normalized variable is necessary to get to the lowest point. To 
create the training dataset for the ML model, the values are all normalized. The normalization 
formula for variable series is presented in Equation (1). 𝑋௡௢௥௠ = 𝑋 − 𝑋௠௜௡𝑋௠௔௫ − 𝑋௠௜௡  (1) 

In the formula, X represents the relevant variable, and the subscripts norm, max, and min denote 
the maximum and minimum values of the normalized variable. The series range is divided by the 
difference between the variable of interest and the minimum value of the entire series, resulting in 
normalized data that is utilized during the training and testing stages of the ML process. The set of 
normalized variables is divided into two parts: a training set, utilized for model training, and a testing 
set, employed to assess and evaluate the model.  

2.3. Machine Learning Classifiers 

We established the necessary methods and tools to enable a model to make accurate forecasts. 
These tools and methodologies greatly enhance the confidence in the forecasts by allowing for precise 
evaluation of each model's performance. To assess the quality of a given model, its performance on 
both the training and testing sets must be quantified. Typically, performance metrics such as error 
computation, goodness of fit, or other relevant measurements are utilized. In this project, we will 
partition the drinking water quality dataset into training and testing subsets, ensuring that the data 
is randomly shuffled to eliminate any bias in the dataset ordering. Once trained, a model is evaluated 
to determine its ability to learn from the training data. There are three possible scenarios: underfitting, 
where the model poorly learns from the data and cannot predict even the training set results due to 
high bias; overfitting, where the model memorizes the training data and fails to generalize to new 
data due to high variance; and optimal learning, where the model accurately predicts results on new 
data, striking the right balance between bias and variance. In this study, we developed a robust 
approach for accurately forecasting water quality, employing various machine learning classifiers 
including LR, Support Vector Machine (SVM), SGD, KNN, Gaussian Process Classification (GPC), 
GNB, RF, DT, XGBoost, and MLP.  

2.4. Hyperparameters Optimization  

In this study, hyperparameter tuning was performed for the various machine learning 
classification models. For each model, a systematic approach was employed to identify the optimal 
combination of hyperparameters that maximized performance on the drinking water quality 
determination task. This involved conducting a grid search over a predefined range of hyperparameter 
values, considering parameters such as regularization strength, learning rate, number of neighbors, 
number of estimators, maximum tree depth, and hidden layer sizes. The performance of each model 
was evaluated using appropriate evaluation metrics such as accuracy, precision, recall, and F1-score. 
The hyperparameters yielding the best performance for each model were selected for the final analysis, 
ensuring robust and optimized classification performance for drinking water quality determination.  

2.5. Error Analysis 

A wide range of evaluation metrics are available in the literature to assess the accuracy of 
supervised classification methods. These metrics quantify the discrepancy between the anticipated 
values and the measured values of data points, as determined through various techniques, capturing 
the error in the predictions. In this study, different error matrices were utilized to assess the variability 
of the models. One commonly used measure is the confusion matrix, which is applicable to both binary 
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and multiclass classification problems. The confusion matrix provides counts for predicted and actual 
values, with "TN" representing True Negative (accurately classified negative examples), "TP" 
representing True Positive (accurately classified positive examples), "FP" indicating False Positive 
(actual negative examples classified as positive), and "FN" representing False Negative (actual positive 
examples classified as negative). The F-score, or F-measure, is a statistical measure used to assess the 
accuracy of a binary classification test. It combines precision and recall, where precision represents the 
ratio of true positive results to all positive results (including false positives), and recall represents the 
ratio of true positive results to all actual positive samples. Precision is also referred to as positive 
predictive value, while recall is known as sensitivity in diagnostic binary classification. 

3. Results and Discussion 

3.1. Predicted and Observed Data  

The machine learning (ML) models are deployed to forecast the drinking water quality for 
testing after a successful training using the obtained drinking water quality data. The classification 
model’s performance is visually represented in Figure 5 by a scatterplot that compares predicted 
drinking water quality values to observed drinking water quality values. 

The chosen hyperparameters are used to run the RF regressor (number of trees = 100, minimum 
number of samples needed to divide an internal node = 10, minimum number of samples needed to 
be at a leaf node = 1). Maximum tree depth is 50, number of features to be considered while 
determining the appropriate split is "sqrt," Whether bootstrap samples are used while creating trees 
is set to True, and the randomness of bootstrapping samples after optimization is set to 0. The chosen 
hyperparameters for MLP are the size of the hidden layers (100, 50), the activation function (ReLU, 
Sigmoid), the solver (Adam), the alpha (0.0001), and the learning rate (constant). The Rs values for 
the RF and MLP algorithms' training sets are 0.734 and 0.672, respectively. In the testing phase using 
an unknown dataset, both models perform worse and have lower R2 values (0.698 and 0.648).  

In Figure 5, the fitted regression line's (black lines) statistical distance from the expected drinking 
water quality values is measured statistically by R2. where the values of observed and expected 
drinking water quality are the same. 

3.2. Model Performance Evaluation  

The Jaccard score, commonly used in machine learning classification tasks, measures the 
similarity between two sets by calculating the ratio of the size of their intersection to the size of their 
union. The Jaccard score is not often applied directly in regression tasks. Instead, it is more frequently 
used to examine how well classification algorithms function by comparing the accuracy of predicted 
classes to actual classes. Metrics like Mean Squared Error (MSE), Root Mean Squared Error (RMSE), 
and Mean Absolute Error (MAE), which measure the accuracy of projected continuous values against 
actual values, are more relevant for regression employment. Tabulated results of a comparison 
analysis of the model's performance using the XGB and KNN (Table 3). With a F1-score score of 0.93, 
the RF method surpasses other methods in forecasting channel drinking water quality, while its 
respective Jaccard are 0.89. 

Table 3. Performance comparison of ML classifiers. 

Model F1-score Percentage (%) Jaccard 

Logistic Regression (LR) 0.21 61.58 0.11 
Support Vector Machine (SVR) 0.23 57.12 0.015 

Stochastic Gradient Descent (SGD) 0.43 52.37 0.31 
K-Nearest Neighbors (KNN) 0.49 63.24 0.32 

Gaussian Process Classifiers (GPC) 0.59 73.36 0.39 
Gaussian Naïve Bayes (GNB) 0.64 75.08 3.66 

Decision Tree (DT) 0.91 83.61 0.87 
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Random Forest (RF) 0.93 85.37 0.89 
Stacked Ensemble Classifier (SEC) 0.65 92.98 3.14 

Extreme Gradient Boosting (XGboost) 0.91 89.47 2.15 

 

Figure 5. Confusion matrices show various model performances in detecting drinking water quality. 

The Logistic Regression model achieved an accuracy of 60.57%. It demonstrated a precision of 
48.00% and a recall of 11.85%. The F1-Score was 0.19, reflecting a balance between precision and 
recall. The K-Nearest Neighbors model achieved an accuracy of 59.41%. It exhibited a precision of 
51.10% and a recall of 47.38%. The F1-Score was 0.49, indicating a harmonious trade-off between 
precision and recall. The Support Vector Machine model achieved an accuracy of 49.14%. It showed 
a precision of 40.85% and a recall of 54.68%. The F1-Score was 0.46, suggesting a balance between 
precision and recall. The Decision Tree model demonstrated exceptional performance with an 
accuracy of 98.83%. It exhibited a precision of 97.77% and a recall of 98.95%. The F1-Score of 0.98 
indicated a robust balance between precision and recall. The Gaussian Naive Bayes model achieved 
an accuracy of 58.43%. It had a precision of 45.78% and a recall of 25.54%. The F1-Score was 0.33, 
suggesting a trade-off between precision and recall. The Gaussian Process Classifier achieved an 
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accuracy of 71.33%. It demonstrated a precision of 66.67% and a recall of 48.98%. The F1-Score of 0.56 
reflected a balance between precision and recall. In summary, the Decision Tree model stood out with 
exceptional accuracy, precision, recall, and F1-Score. The other models showed varying levels of 
performance, each with distinct strengths and limitations. The selection of a suitable model should 
consider the specific application requirements and trade-offs. 

The confusion matrix analysis provides valuable insights into the classification performances of 
the different models. For instance, in the case of the Logistic Regression model, the confusion matrix 
indicates that it correctly predicted 274 instances of one class (True Negatives) and 24 instances of the 
other class (True Positives), but it misclassified 26 instances of the first class as the second class (False 
Positives) and 179 instances of the second class as the first class (False Negatives). 

Similarly, the K-Nearest Neighbors model's confusion matrix shows that it accurately predicted 
224 instances of one class and 91 instances of the other class, but it misclassified 87 instances of the 
first class and 101 instances of the second class. 

The confusion matrix of the Support Vector Machine model demonstrates that it correctly 
classified 159 instances of one class and 105 instances of the other class, while misclassifying 152 
instances of the first class and 87 instances of the second class. The Decision Tree model's confusion 
matrix highlights its remarkable performance, as it accurately predicted 307 instances of one class 
and 190 instances of the other class, with only 4 instances misclassified as the second class and 2 
instances misclassified as the first class. The Gaussian Naive Bayes model's confusion matrix reveals 
that it correctly classified 253 instances of one class and 49 instances of the other class, but it 
misclassified 58 instances of the first class and 143 instances of the second class. Lastly, the Gaussian 
Process Classifier's confusion matrix indicates that it accurately predicted 264 instances of one class 
and 94 instances of the other class, with 47 instances misclassified as the second class and 98 instances 
misclassified as the first class. These insights from the confusion matrix analysis provide a 
comprehensive understanding of the strengths and weaknesses of each model's classification 
performance, aiding in the selection of the most suitable model for the given application. 

3.3. Feature Importance 

Based on the change in the model performance as a numerical indicator, the Permutation Feature 
Importance (PFI) technique was used to assess the influence of the features on the ML-based classification. 
The importance scores obtained from tree-based models, such as Random Forest or Gradient Boosting, 
are typically referred to as "Feature Importance." These scores represent the relative importance of each 
input feature in contributing to the model's predictive performance. The feature importance scores 
provide insights into which features have the most significant impact on the model's predictions. They 
can be used to identify the most influential features, prioritize feature selection or engineering efforts, and 
gain a better understanding of the underlying relationships between the features and the target variable. 
According to PFI analysis, compared to the other characteristics, sulphate has the most significance in 
predicting channel drinking water quality. To demonstrate the strong reaction of channel drinking water 
quality predicted from the ML-based classification model due to the change in the predictors, the 
significance scores are displayed in Figure 6. The pH, chloramines and hardness are the most significant 
features along with the sulphate. The shuffle signal of input series may result in the highest response in 
the change in feature importance scores. 
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Figure 6. Rank of input features according to their Feature Importance. 

4. Conclusion 

In conclusion, this study focused on the application of machine learning classifiers for accurately 
predicting and classifying drinking water quality. The evaluation of various ML algorithms revealed 
that the XGBoost model achieved the highest accuracy among the classifiers. The prediction accuracy 
was further improved up to 3.5% through the use of Stacked Ensemble Classifiers (SEC). These 
findings suggest that XGBoost and the SEC hold promise can be used for decision support system to 
ensure the safety and sustainability of drinking water quality assessments. 

Data Availability Statement: All relevant data are included in the paper or can be made available upon request 
from the corresponding author. 
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