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Joint uncorrelated regression and non-negative spectral
analysis for unsupervised feature selection

ZHU Xingyu', CHEN Xiuhong’

(1. School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China; 2. Jiangsu Key Laboratory of
Media Design and Software Technology, Jiangnan University, Wuxi 214122, China)

Abstract: Unsupervised feature selection is an essential preprocessing step in the data mining and pattern recognition
tasks of unlabeled high-dimensional data. However, most existing feature selection methods ignore the correlation
between data features and select features with high redundancy and low discrimination. This paper proposes an unsuper-
vised feature selection method based on joint uncorrelated regression and non-negative spectral analysis (Joint uncorrel-
ated regression and nonnegative spectral analysis for unsupervised feature selection). It adaptively and dynamically de-
termines the similarity relationship between data while selecting uncorrelated and discriminant features, so that more ac-
curate data structure and label information can be obtained. Moreover, the generalized uncorrelated constraints in the
model can avoid trivial solutions, so this method has the advantages of two feature selection methods: uncorrelated re-
gression and non-negative spectral clustering. An efficient algorithm for solving the model is also designed, and a large

number of experiments and analyses are carried out on multiple data sets to verify the superiority of the model.
Keywords: uncorrelated regression; non-negative spectral analysis; redundant features; local structure learning; unsu-

pervised learning; adaptive graph; feature selection; discriminant feature
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Bt R RPIEEC SR EERRRIERL
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BA 1404 320 36 20,40, ---.120
LEAVES 400 1024 10 50,100, -+~ 300

LUNG 203 3312 5 100,150, ---. 350
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Fig.2 Clustering accuracies of six methods on six different datasets
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Table 2 Best NMI with standard deviation of different methods on different data sets

NMI+STD ORL BIO COIL20 BA LEAVES LUNG
UDFS 70.04+0.99 55.33+1.06 63.30+2.25 55.90+0.63 51.28+4.14 46.43+2.83
NDEFS 71.26+0.88 52.27+1.02 74.00+1.07 55.68+0.93 48.49+2.95 51.83+8.62
JELSR 70.91+1.50 50.98+1.12 71.89+1.50 54.56+1.05 49.53+2.49 52.82+5.72
SOGFS 72.76+1.14 47.98+1.61 70.65+2.82 57.08+1.32 43.49+1.68 49.78+6.60
URAFS 71.69+2.30 52.58+0.85 70.57+1.83 55.93+1.28 48.43+2.95 51.79+£5.51

JURNFS 75.08+1.64 55.78+1.70 74.04+1.40 57.73+£1.05 53.85+3.25 53.97+5.86
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Fig. 3 Classification accuracies of six methods on six different datasets
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Table 3 Computational time of different methods S
Rk ORL BIO COIL20 BA
UDFS 8.752 21.190 20.191 5.715
NDFS 3.919 14.339 15.209 7.213
JELSR 3.167 20.665 22.618 18.578
SOGFS 12.275 16.779 17.968 12.589
URAFS 5.436 13.217 14.344 9.357

JURNFS 2.443 8.616 7.693 3.851
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