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Generalized sparse low-rank regression based
feature selection algorithm
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2. School of Communications and Information Engineering, Xi’an University of Posts and
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Abstract: The generalized sparse regression based feature selection (GSRFS) algorithm has the
problem of ignoring potential correlations between classes. To address this issue, a generalized
sparse low-rank regression based feature selection (GSLRRFS) algorithm is proposed. The GSL-
RREFS algorithm introduces a generalized form of low-rank regularization term into the objective
function of GSRFS to explore potential correlation information between classes, which improves
feature selection performance of the algorithm. Meanwhile, the optimization problem can be
transformed into an iterative re-weighted least squares problem, which can be solved efficiently
by the least square QR-factorization algorithm. Comparative experimental results on seven real
datasets show that, under the power function form and with 20% feature selection ratio, the
GSLRRFS algorithm improves average classification accuracy by 2. 31 percentage points over the
GSRFS algorithm, while reducing the average runtime to approximately onetenth of the original.
The proposed algorithm can not only effectively enhance feature selection performance, but can
also significantly decrease the computational time.
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