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Abstract

Waterborne diseases remain a significant global health concern, particularly in developing regions where
access to clean drinking water is limited. This study explores machine learning techniques for predicting
waterborne diseases using physicochemical water quality parameters. The research employs various
models, including Decision Trees, Random Forest, and Neural Networks, to enhance prediction accuracy.
Data pre-processing, feature engineering, and model evaluation are performed to ensure robust results.
The findings suggest that machine learning can significantly improve early detection and prevention
strategies for waterborne diseases.

Introduction

Waterborne diseases, caused by pathogenic microorganisms in contaminated water, pose severe health
risks worldwide. Contaminants include bacteria, viruses, and parasites, which can lead to outbreaks of
diseases such as cholera, dysentery, giardiasis, and typhoid fever. These diseases often stem from
inadequate sanitation, poor hygiene, and limited access to safe drinking water, making them a pressing
public health concern, particularly in developing countries.

Traditional methods for water quality assessment rely on laboratory testing, which is time-consuming,
costly, and not feasible for large-scale or real-time monitoring. As a result, outbreaks may go undetected
until after significant harm has occurred. The advancement of data science and machine learning (ML)
presents an opportunity to develop predictive models for real-time water quality monitoring and disease
risk assessment.

Machine learning can leverage large datasets to identify complex patterns in water quality parameters,
thereby providing early warnings about contamination risks. By applying supervised and unsupervised
learning techniques, ML models can analyze physicochemical properties such as pH, turbidity, dissolved
oxygen levels, and bacterial contamination. This enables the development of automated, scalable, and
cost-effective solutions for waterborne disease prediction.

The primary objective of this research is to investigate the effectiveness of ML models in predicting
waterborne disease risks based on water quality parameters. The study focuses on data pre-processing ,
model selection, and evaluation to determine the most suitable approach for accurate disease prediction.
Additionally, we discuss the advantages and limitations of ML in water quality assessment and explore
future directions for improving prediction accuracy and implementation feasibility.
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Literature Review

Several studies have examined the relationship between water quality and disease outbreaks, emphasizing
the importance of predictive models for public health interventions. Traditional statistical methods such
as logistic regression and Bayesian networks have been widely employed to classify water quality and
predict contamination events. However, these models often struggle with large, complex datasets and non-
linear relationships between variables.

Recent advancements in ML have demonstrated superior performance in disease prediction, particularly
with ensemble learning methods like Random Forest and boosting algorithms. Studies have shown that
ML techniques can significantly improve the accuracy of waterborne disease risk assessment by
incorporating multiple water quality indicators and environmental factors.

Curriero et al. (2001) analyzed the correlation between extreme precipitation events and waterborne
disease outbreaks, highlighting the impact of climate variability on public health. Their findings suggest
that heavy rainfall can lead to the contamination of drinking water sources, increasing the risk of
outbreaks. Similarly, Patz et al. (2008) emphasized the role of climate change in altering waterborne
disease risks in the Great Lakes region, demonstrating that rising temperatures and changing precipitation
patterns can create favorable conditions for microbial growth and transmission.

Murphy et al. (2015) conducted a systematic review of waterborne disease outbreaks linked to small non-
community drinking water systems in North America. Their study found that inadequate infrastructure
and lack of regular monitoring contributed to frequent contamination events. Collier et al. (2023)
estimated the burden of waterborne infectious diseases based on exposure routes, providing valuable
insights for policymakers and public health officials. Their research underscores the need for advanced
predictive models to mitigate the risk of contamination.

Levy et al. (2016) explored how climate variability affects the transmission of cholera, demonstrating the
need for real-time monitoring and predictive models. Their study suggests that integrating ML techniques
with traditional surveillance systems can enhance early detection and intervention efforts.

Despite significant progress, challenges remain in integrating machine learning into water quality
assessment. The lack of standardized datasets, variations in environmental conditions, and computational
constraints hinder the widespread adoption of ML-based disease prediction models. This study aims to
bridge these gaps by applying advanced ML techniques to predict waterborne disease risks accurately.
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Workflow of the Model Used

Below is the workflow diagram depicting the overall approach used in this study for predicting
waterborne diseases:
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Methodology

This study adopts a structured approach to predict waterborne diseases by utilizing machine learning
techniques on water quality datasets. The methodology involves the following key steps:

1. Data Collection

The dataset used includes various physicochemical parameters of water, such as:

° pH

e Turbidity

« Dissolved Oxygen (DO)

« Bacterial Contamination levels

These parameters were selected because of their significant impact on water quality and their correlation
with disease outbreaks.

2. Data Pre-processing

Before training the models, the raw dataset underwent the following preprocessing steps:

« Data Cleaning: Removal of duplicate records and correction of inconsistent data entries.

« Handling Missing Values: Imputation techniques (mean, median, or KNN imputation) were used
to fill in missing values.

« Feature Scaling: Standardization or normalization was applied to ensure that all features contribute
equally to model training.

o Label Encoding: If categorical variables were present, they were converted into numerical form
using encoding methods.

3. Feature Selection and Engineering

o Correlation Analysis was performed to identify the most relevant features-influencing disease
prediction.

« Feature Engineering was used to derive new insights, such as combining related parameters or
converting continuous variables into categorical ones where necessary.

4. Model Building
A variety of machine learning algorithms were implemented to compare predictive performance:

e Decision Tree Classifier

o Random Forest Classifier

e Support Vector Machine (SVM)

o Neural Networks

o XGBoost Each model was trained using the processed dataset and hyperparameters were tuned
where applicable.

5. Model Evaluation
The models were evaluated using key classification metrics:
e Accuracy — Measures overall correctness.
e Precision — Indicates how many predicted positives are true positives.

e Recall — Measures how many actual positives were correctly identified.
e F1 Score — Harmonic mean of precision and recall, useful for imbalanced datasets.
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Cross-validation techniques were employed to ensure the robustness of the evaluation results and to avoid
overfitting.

6. Comparative Analysis

After evaluation, the models were compared to determine the best-performing algorithm. Random Forest
and SVM demonstrated the highest accuracy and balanced performance across all metrics.

Results and Discussion

The results indicate that ensemble learning methods, particularly Random Forest, achieve the highest
accuracy in predicting waterborne disease risks. The findings align with previous research, supporting the
effectiveness of ML techniques in water quality assessment. Challenges, such as data imbalance and the

need for real-time monitoring, are also discussed.
Algorithms Accuracy Precision Recall F1 score
Logistic 0.628049 0.000000 0.000000 0.000000
Regression
Decision Tree 0.562500 0.41888679 0.45918 0.4361493
Random Forest | 0.679878 0.625 0.348361 0.4473684
XGBoost 0.6539634 0.5422886 0.446721 0.4898876
SVM 0.6905488 0.6782609 0.319672 0.435404

Model performance comparison

Accuracy
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Algorithms

Logistic Regression Decision Tree
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Feature Correlation Heatmap

Conclusion

Machine learning presents a promising approach for predicting waterborne disease risks based on water
quality parameters. By leveraging advanced ML techniques, real-time monitoring and early detection of
contamination can be improved, ultimately reducing the prevalence of waterborne diseases. The ability to
analyze large volumes of environmental and biological data allows for proactive public health measures,
reducing the need for reactive crisis management. Furthermore, ML models can support public health
infrastructure by providing alerts, aiding in resource allocation, and contributing to the design of more
resilient water management systems. As data availability and sensor technologies continue to grow, the
integration of ML into waterborne disease monitoring systems will become increasingly feasible and
effective, making it a vital tool for safeguarding community health in both urban and rural settings.
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