






L Fisher Score Laplacian Score

PCMAC

6 +0.0431 +0.1447

10 +0.0873 +0.1753

HOCKBASE

6 +0.0836 +0.1775

10 +0.1150 +0.1997

MACBASE

6 +0.0859 +0.2338

10 +0.1377 +0.2682

AVERAGE

+0.0921 +0.1998

Table 2: A comparison of the average accuracy. L is for
number of labeled data.

5 Conclusion

This work presents a concrete initial attempt to the
new problem of semi-supervised feature selection. We
propose an algorithm based on the spectral graph the-
ory. We show that one can construct cluster indicators
for normalized min-cut clustering from feature vectors
which allows to evaluate fitness on both labeled and
unlabeled data in determining feature relevance. Ex-
perimental results confirm that using labeled and un-
labeled data together does help feature selection. Ex-
tending sSelect to multi-class data and studying ways
for effectively tuning the regularization parameter are
in our plan of future work. Another direction for semi-
supervised feature selection is to iteratively propagate
labels from labeled data to unlabeled data while car-
rying out feature selection. This requires feature selec-
tion and label propagation to be considered in an EM
framework. Our preliminary experiment (to be reported
elsewhere) shows that the performance of this method
is unstable and heavily depends on the starting point
(initial labeled data). Further work is needed to deepen
our understanding of this approach.
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Figure 2: Accuracy vs. different numbers of selected
features and different numbers of labeled data.
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