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Searching in a dataset for the “best” among many features is worthwhile for better and more timely predictions, and interpretability of the
underlying system. Current automated methods depend on learning algorithm or produce weak and highly variable feature subsets.

A simulation optimization method with bootstrapping captures uncertainty in the dataset and, for any learning algorithm, generates reliable feature
subsets that outperforms the benchmark at the cost of sampling. Number of bootstraps plays a crucial role and smart adaptive sample size
selection significantly improves the optimal results.
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What can go wrong with current feature selection methods?
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