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Improved Fuzzy Rank Mutual Information for Monotonic Feature Selection
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Abstract: The large amount of low-quality information, such as missing values and outliers, makes monotonic
classification tasks usually not satisfy the monotonic consistency. However, for the existing ordered feature selection
algorithm, the mutual information used to evaluate the feature relevance doesn’t satisfy the monotonic restriction
between feature sets and the metrics when the monotonic classification tasks are inconsistent. In response to the
problem, this paper firstly improves the classical fuzzy rank information entropy to make it satisfy the monotonicity
restriction. The novel fuzzy rank mutual information (nFRMI) is further defined to evaluate the monotonic
consistency of features, and it is proven that the metric criterion satisfies the monotonicity in both consistent and
inconsistent monotonic classification tasks. In addition, a two- stage feature selection algorithm is proposed in
combination with the minimal-redundancy-maximal-relevance (mRMR) criterion. In the first stage of the algorithm,
it calculates significance of each feature based on nFRMI, and then obtains the feature ranking based on the feature
significance; the Wrapper method is used to select the feature subset with the optimal classification performance in
the second stage. Simulation experiments are conducted on four UCI datasets to verify the effectiveness of the
proposed algorithm from the perspective of classification accuracy.
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Fig.2 Comparison of classification accuracies with different number of selected features by OCC
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