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ABSTRACT

Accurate disease prediction is crucial for early diagnosis and effective treatment planning. Traditional
diagnostic methods often rely on manual examination, which can be time-consuming and prone to
errors. This paper presents a comparative analysis of different ML algorithms used for disease prediction
and explores optimization techniques such as feature selection, hyperparameter tuning, and ensemble
learning. Our experimental results demonstrate the effectiveness of optimized ML models in improving
prediction accuracy and reducing computational complexity.
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INTRODUCTION

The early and accurate prediction of diseases is an essential component of modern healthcare. Timely
diagnosis of conditions like diabetes, cardiovascular diseases, and cancer can improve patient survival
rates and reduce healthcare costs. However, traditional diagnostic methods often rely on manual
interpretation, which is subjective and time-intensive. The integration of machine learning techniques has
the potential to revolutionize disease diagnosis by automating predictions and uncovering hidden
patterns in medical data. Machine learning models analyze large datasets, learning from past cases to
provide reliable predictions for new patients. These models can process structured and unstructured
medical data, including lab results, imaging scans, and genetic profiles. By leveraging optimized
computational methods, ML-based disease prediction systems can enhance diagnostic accuracy, assist
medical professionals in decision-making, and ultimately improve patient outcomes. Despite significant
advancements in ML-driven healthcare applications, several challenges remain, including data quality,
model interpretability, and computational complexity. This paper explores various ML techniques, their
optimization strategies, and their impact on disease prediction accuracy. By addressing existing
challenges and leveraging feature selection, hyperparameter tuning, and ensemble learning, we aim to
develop an efficient ML-based disease prediction framework.

RELATED WORK

In recent years, multiple studies have explored the use of ML techniques in disease prediction.
Researchers have implemented algorithms such as Support Vector Machines (SVM), Decision Trees, and
Artificial Neural Networks to predict diseases based on clinical and demographic data. While these
approaches have demonstrated promising results, their effectiveness depends on proper feature selection
and hyperparameter optimization. Several studies highlight the importance of deep learning models, such
as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), in medical diagnosis.
CNNs have been widely used for image-based disease classification, particularly in radiology and
dermatology. Meanwhile, RNNs have shown efficiency in handling sequential medical data, such as
patient history and time-series health monitoring. Feature selection techniques such as Principal
Component Analysis (PCA) and Recursive Feature Elimination (RFE) have been used to improve model
efficiency by reducing dimensionality while maintaining predictive accuracy. Furthermore,
hyperparameter tuning methods, including Grid Search, Random Search, and Bayesian Optimization, have
been applied to refine ML models for optimal performance. Another promising approach is ensemble
learning, which combines multiple models to improve generalization and robustness. Studies have
demonstrated that ensemble techniques, such as bagging, boosting, and stacking, outperform individual
classifiers in disease prediction tasks. For example, Random Forest, an ensemble of decision trees, has
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been widely adopted due to its ability to handle high-dimensional data and mitigate overfitting.
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Fig 1. Disease Prediction Workflow

PROPOSED METHODOLOGY

Our approach is structured into three primary components: data preprocessing, model selection, and
optimization. Each step plays a crucial role in improving the predictive accuracy of machine learning
models for disease detection. The data preprocessing phase involves handling missing values using
imputation techniques such as mean, median, or KNN-based imputation, standardizing and normalizing
numerical features for consistency, encoding categorical variables using one-hot encoding or label
encoding, and applying feature engineering to extract meaningful patterns from raw medical data. In the
model selection phase, we evaluate a variety of machine learning algorithms, including Logistic
Regression, Decision Trees, Random Forest, XGBoost, and Deep Neural Networks (DNNs), choosing
models based on their interpretability, computational efficiency, and predictive performance.
Optimization techniques such as Recursive Feature Elimination (RFE) and Principal Component Analysis
(PCA) help eliminate redundant features while preserving essential information. Hyperparameter tuning
methods like Grid Search and Bayesian Optimization refine model performance, and ensemble learning
techniques, including bagging, boosting (e.g., AdaBoost, XGBoost), and stacking, are leveraged to improve
model generalization and reduce overfitting.
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Fig 2. Flowchart of Data Preprocessing Steps in Machine Learning
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RESULTS AND DISCUSSION

The experimental results indicated that optimized ML models significantly improved prediction accuracy.
Feature selection methods reduced computational complexity while maintaining predictive accuracy.
Recursive Feature Elimination (RFE) improved performance by eliminating noisy features, leading to an
average accuracy gain of 3-5% across models. Hyperparameter tuning led to significant accuracy
improvements. For instance, Random Forest's accuracy improved from 85% to 92% after tuning, while
XGBoost achieved a peak accuracy of 94% with optimized learning rates and tree depths. Ensemble
learning approaches, such as stacking classifiers and boosting techniques, demonstrated superior
performance over individual models. Stacking models improved AUC-ROC scores by 5-7%, indicating
better reliability in disease prediction. The best-performing model in our experiments was the XGBoost
classifier, which provided high accuracy, recall, and precision across multiple disease datasets.

Table 1. Performance Comparison of ML Models

Model Accuracy (%) | Precision (%) Recall (%) F1-Score(%) AUC-ROC(%)
Logistic
. 82.5 81.2 79.8 80.5 84.0
Regression
Decision Tree
85.3 84.1 83.0 83.5 86.5
Random 91.2 90.5 89.8 90.1 93.2
Forest
XGBoost 94.1 93.5 92.8 93.1 95.0
Deep Neural 92.7 92.0 91.4 91.7 94.2
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Fig 3. Impact of Feature Selection Techniques on Model Accuracy
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Fig 4. Impact of Feature Selection on Computational Efficiency

CONCLUSION

The application of optimized computational methods has proven to be highly effective in disease
prediction using ML. This study highlights the significance of feature selection, hyperparameter tuning,
and ensemble learning in enhancing predictive accuracy and reducing computational complexity.
Additionally, the ability of ML models to analyze vast amounts of data quickly can aid in early disease
detection, improving patient care and reducing healthcare burdens. However, challenges such as data
privacy concerns, model interpretability, and integration with existing healthcare systems must be
addressed for widespread adoption. Future research should explore the integration of deep learning
techniques and real-time data processing for more sophisticated disease prediction models. Moreover,
incorporating explainable Al techniques can improve trust and adoption among medical professionals.
Collaboration between data scientists and healthcare practitioners will be crucial in ensuring ML models
align with clinical requirements, leading to more effective, data-driven healthcare solutions.
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