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Abstract: It has been known that either linear correlation or nonlinear correlation might exist between feature—
tofeature and feature-to-¢lass in datasets. In this paper we study the differences of selected feature subset when
different kinds of measures are applied with same feature selection method in different kinds of datasets. Three
representative linear or nonlinear measures linear correlation coefficient symmetrical uncertainty and mutual
information are selected. By combining them with the fast correlation-based filter ( FCBF) feature selection
method we make the comparison of selected feature subset from 8 gene microarray and image datasets.
Experimental results indicate that the feature subsets selected by linear correlation coefficient based FCBF obtain
better classification accuracy in gene microarray datasets than in image datasets while mutual information and
symmetrical uncertainty based FCBF tend to obtain better results in image datasets. Moreover symmetrical
uncertainty based FCBF is more robust in all datasets.
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2 3 NB %
FSCC FSSU FSMI
10 20 30 40 10 20 30 40 10 20 30 40
SMK-CAN  67.38 70.21  71.99 71.99 65.7 65.1 66. 02 65.1 59.56  65.95 60.63  58.86
TOXH71  69.38 72.09 68.21 69.77 645 661  66.7 68  65.5 67.83 69.38 67.05
Arthythmia ~ 57.52  56.34 55.16 59.30 59.78 67.46 63.58 66.89 61.77 59.29 57.51 50.59
Leukemia 93.52  96.29 96.29  96.29 94.5 95.31 95.86 96.11 95.37 92.59 94.45 94.44
PIE1I0OP 63.17 71.9 76.18  81.27 86. 1 88.9 88.9 90.56  91.42 92.37 94.28 92.06
ORL10P 60.67  57.33 64 61 78.9 76.5 75.46  73.88 84.67 81.33 81.33 79.33
PIX10P 80 84 81.33 80.67 93.33 94.44 97.56  96.89 98 93.33  97.33 97.33
ARI10P 44.57 52.3 53.33 58.46 63.59 64.22 66.12 64.57 68.20 63.59 65.13  65.65
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10 20 30 40 10 20 30 40 10 20 30 40
SMK-CAN  65. 15 66. 7 67.15  68.46 64.8 65.78 65.89 68.99 58.17 60.85 67.77 70.15
TOX471 59.7 68.7 73.16  68.87  66.14  68.46 65.7 69.5 65.15 66.44 70.3 67. 15
Arthythmia ~ 60. 17 57.1 63.1 57.76  63.15 68.91 66. 4 65. 11 60. 8 61.39 62.11 63.14
Leukemia 96.78 97.13  96.77 96. 4 05.33  94.58 94.44 94.44 95.7 95.4 94. 61 94.17
PIE1IOP 72.56  81.46 83.7 84.76.  90.56 94.36 97.13  92.11 90.7 92.88 93.12 94.21
ORL10P 62.41 78.16 68.11 62.14 75.16 77.99 75.13 76.7 76.14  77.32 76.8 80. 45
PIX10P 79.1 77.43  79.41 82.16 92.78 95.13 96.57 96.66 93.77 95. 4 96.35 92.33
ARI0P 40.88  50.49 56.7 55.86 64 65.28 67.79 68.02 68.7 65.4 66.32  65.55
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