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A Feature Selection Algorithm for Maximum Relevance Minimum
Redundancy Using Approximate Markov Blanket
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Abstract: To solve the problem that redundancy or irrelevant features in high-dimensional
datasets reduce the classification accuracy of machine learning model, a feature selection
algorithm based on approximate Markov blanket is proposed and named as normal max-relevance
and min-redundancy (nmRMR) algorithm. Firstly, the algorithm uses the criteria of maximum
relevance and minimum redundancy to perform feature relevance ranking. Then, it adopts the
approximate Markov blanket to remove redundant features or irrelevant features, and maximize
the correlation between features to obtain the optimal feature subset. Experimental results on
UCI’ s eight open datasets show that: the proposed nmRMR algorithm achieves on average
6. 875, 20.56 and 3. 187 5 reduction in the selected number of feature subsets, as well as 0. 78%,
1.88% and 0.825% improvement in the average classification accuracy, compared with the
mRMR algorithm, the FullSet algorithm, and the FCBF algorithm, respectively. It is concluded
that the proposed nmRMR algorithm is superior to other algorithms.
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