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Machine learning has transformed healthcare predictive analytics, enabling
Improved disease diagnosis and risk assessment. However, challenges like
class imbalance, interpretability, and generalizability remain. Traditional
methods often struggle with complex data, while deep learning demands high
computational resources. This study focuses on ensemble learning to
enhance model accuracy and robustness in healthcare predictions. To
address these challenges, we provide a suite of tools for efficient model
optimization and selection.

TweenMe Single fine-tunes hyperparameters for individual models, enhancing
accuracy in classification and regression. TweenMe Best evaluates and ranks
multiple algorithms to identify the top-performing model. TweenMe Ensemble
combines outputs from several models through a stacked ensemble,
improving overall prediction accuracy and robustness. Together, these tools
ensure reliable, well-tuned models that effectively handle data quality issues In
healthcare analytics.

RESULTS

———METHODS——
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Ensemble learning architectures provide a substantial advantage in
disease diagnosis by integrating multiple predictive models to reduce bias
and variance. This hybrid approach enhances early and accurate
diagnosis, enabling early interventions to mitigate health risks. In this
method, models are assigned weights based on their performance, and
the final prediction is determined by aggregating the predictions of
individual models, influenced by their respective assigned weights. This
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The figures display regression plots for TweenMe Single, TweenMe Best, and
TweenMe Ensemble models tested on the Parkinson Telemonitoring dataset,
predicting treatment motor scores. Residual and Prediction analyses show that the
Ensemble approach effectively combines individual model strengths, improving
accuracy and reducing overfitting in this complex, high-dimensional task. Overall,
the TweenMe Ensemble/Best outperforms the individual tuned models.

A core component, the ImprovementTracker, monitors trial
performance in real time, enabling adaptive guidance of the
optimization process and ensuring convergence toward
optimal hyperparameter settings.
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