
INTRODUCTION
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.
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CAN AN ENSEMBLE MACHINE LEARNING APPROACH OUTPERFORM 
TRADITIONAL MODELS WHILE ENHANCING ACCURACY, FAIRNESS, 

AND INTERPRETABILITY IN CLINICAL RISK PREDICTION?
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SMOTE mitigates class imbalance by 
augmenting the minority class, 

improving the model’s ability to learn 
from underrepresented classes, and 

thereby enhancing classification 
performance. It generates synthetic 

samples for the minority class by 
interpolating between existing 

samples, while Tomek Links identifies 
and removes overlapping samples 

between classes.

Regression = 

Classification = 

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 
approach ensures that models with higher accuracy have a greater impact 

on the outcome, enhancing overall performance.

Ensemble Architecture

pi = Vector of class 
probabilities output by model 

Mi.

Wi = Weight assigned to model Mi.

C = Total number of classes in  
classification

pic = Probability assigned 
to class c by model Mi.

N = Number of Model included in 
Ensemble Architecture.

OptiTween with OPTUNA implements Bayesian optimization to 
efficiently navigate the hyperparameter space. This method balances 

exploration (sampling diverse hyperparameter configurations) and 
exploitation (focusing on promising regions) to minimize a composite 
objective function—a weighted loss aggregating multiple evaluation 

metrics. 

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.

METHODS
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The results show a clear improvement in 
classification accuracy for TweenMe 

Best, and TweenMe Ensemble—
compared to the Regular Fits. The 

TweenMe Ensemble model achieved 
high performance across key metrics: 

Accuracy of 99.50%, Weighted F1 Score 
of 99.51%, Macro F1 Score of 99.09%, 

Macro Recall of 99.80%, Macro 
Precision of 98.41%, and an exceptional 

ROC AUC of 99.97%.

 Notably, these results outperformed 
previously reported deep learning 

models in the literature (see 
references), highlighting the impact 
of optimization and ensembling in 
advancing predictive performance 

for classification tasks.

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.

The Iraqi diabetes dataset offers 
comprehensive insights into the diabetic 

profiles of Iraqi patients, with class 
imbalances addressed through the 
application of SMOTE (Synthetic 

Minority Over-sampling Technique) and 
SMOTETomek within the OptiTween 

framework.

Model Performance and Ensemble Advantage:  TweenMe Ensemble consistently deliver the most robust performance 
across tasks, outperforming traditional models through precise optimization and strategic ensembling. While RF and 
XGBoost are powerful alone, the ensemble approach further reduces overfitting and improves generalization, which is 
crucial for high-dimensional and/or imbalanced datasets like Parkinson's and Iraqi Diabetes. SVR, RR, and SVC struggle 
with wide residuals or non-separable classes, further confirming the superiority of optimized, ensemble-based strategies.
Value of Optimization Framework: These findings highlights the critical role of model selection and fine-tuning in 
medical machine learning. The TweenMe Digital Twin Bakery provides an integrated solution by systematically refining 
model performance, thereby improving prediction accuracy across complex clinical applications.

CONCLUSION
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