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a.) PCA projection of decision boundaries across optimal clusters, b.) Cluster composition breakdown with percentage coverage, c.) Actual vs Predicted performance on test set d.) Console summary of per-cluster
accuracy and best-performing regions, el.) PCA visualization of entropy-based sub-clusters, €2.) PCA with training/test data labeled by entropy cluster, f.) Cluster 1: Predicted vs Actual with accuracy threshold,
g.) Mean Absolute Error (MAE) comparison across different models
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