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K-nearest neighbor imputation based on sparse coding
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Abstract: Aimed at the parameter K fixed issues of K-nearest neighbor imputation ( KNNI) algorithm it was found that when
impute the missing values the fixed value of the parameter K resulted in a large extent influence to the imputation effect.

Therefore this paper proposed the K-nearest neighbor based on sparse coding ( KNNI-SC) algorithm to solve this problem.

This method reconstructed each missing sample with the training samples fully considering the correlation between samples in
the reconstruction process. And it used an €, norm to learn to ensure each missing sample was imputed by different number of
training samples so it solved the parameter K selection problem of KNNI algorithm. Performance comparison based on the data
analysis of the experimental results indicators RMSE and correlation coefficients show that the algorithm is better than KNNI al-
gorithm. The algorithm can well avoid the defects of KNNI algorithm it is available to data preprocessing step that needs miss—
ing values imputation” s applications.
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