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Two-step Attribute Reduction Method Based on Fuzzy
Rough Sets Dependency
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Abstract: To acquire the minimum attribute reduction of the dataset with continual attribute value a two—
step reduction method is proposed based on fuzzy rough sets. The concept of dependency is extended and
the dependency relationship between condition attributes can be measured on the basis of the extended
concept. The candidate attributes are first selected by calculating the attribute importance. Then the
candidate attributes are reduced using the dependency between attributes and of the single attribute
importance. The redundant attribute is reduced via this operation. Experimental results show that the
strategy can efficiently reduce the attribute dimension without sacrificing the classification accuracy.
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Table 1 Information of data sets from UCI

Glass 214 9 6
Iris 150 4 3
Ton 351 34 2

Isolet5 1559 617 26

Vehicle 946 18 4
Wav 1 000 21 3
Water2 527 38 3
1
(11)

Weka
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10 - 2 ~4. N, A,
JRip ™ 4.5 o
. TARFD 2
ReliefF ( Re) ' . Information Gain ( IG) " . Fast
Correlation-based Filter( FCBF) * .OneR( OR) " UCI 3 4
Fuzzy Discernibility Matrix-based ( FDM) " 5 JRip C4.5
TARFD
2
Table 2 Comparison of reduction subsets under different reduction methods
Re IG FCBF FDM OR TARFD
{1234
Glass {348721} {4367821} {3486721} {4726138 {13742}
56789}
{24385 14 {5633293 {3459 {82234 27
Ton {57 6 28 33} {3157}
7 16 34 29 9} 21 34 8 13 7} 16 31 32} 32 6}
{395 394 71 {462 461 460 {584 547 395
{462 461 73 {302 325 403
103 461 426 135 459 458 73 457 394 549 43 516
460 458 107 {8 47 325 410 477 8 73
462 105 72 396 106 456 455 453 454 413 107 397
Isolet5 457 456 74 387 403 410 69 387 461 166
73 104 106 460 454 107 105 74 458 414 515 391
459 106 105 477 509 608} 467 269 19
453 455 454 459 395 103 70 71 412 456 455
75 72 453} 46 47 509 608}
456 457 458 70} 72} 411 453}
Iris {3 4} {3 4} {3 4} {123 4} {3 4} {3 4}
{8 18 7 12 {127 8 {127 {125610
Vehicle {91287 113} {3810 17}
9310 11} 11 9 3 6} 8 11 9} 12 15 16 18}
Water2 {7 13 31 12 30 {13 7 37 31 {7 13 37 {113 17 {37136 7 12 {1 15107
t
T 1820 6 17 10} 12 6} 6 31 12 20} 29 30 36} 31 20 14 22} 11 27}
{11106 12 9 {1578 {1578 {13810 {158 137618
Wav {20 4 9 13 16}
15 14 17 13 5} 16 6 14 17} 16 14 6 17} 11 15 20} 14 11 17 9 16 10}
3 JRip
Table 3 Comparison of classification accuracy under JRip classifier
Origin Re 1G FCBF FDM OR TARFD
N, A% N, A% N, A% N, A% N, A./% N, A% N, A, /%
Glass 9 68. 69 6 65. 89 7 68. 69 7 68. 69 9 68. 69 7 68. 69 5 64.01
Ion 34 89.74 10 88.89 10 90.31 5 89.74 7 90. 88 6 85.19 4 90. 03
Isolet5 617  66.71 23 45.29 15 29.31 20 38.42 9 31.30 20  53.43 18  46.18
Iris 4 94. 00 2 95.33 2 95.33 2 95.33 4 94. 00 2 95.33 2 95.33
Vehicle 18  68.56 8 64. 89 7 65. 60 5 49. 88 9 64.54 6 57.33 4 61.82
Water2 38  82.73 10  83.49 6 83. 69 7 82.73 6 82.92 9 83.88 6 81.57
Wav 21 76. 10 10 75.60 7 68. 10 7 68. 10 7 73.00 12 74.70 5 68.20
average 105.86 78.08 9.86 74.20 7.71 71.58 7.57 70.41 7.29 72.19 8.8 74.08 6.29 72.45
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Table 4 Comparison of classification accuracy under C4. 5 decision tree
Origin Re 1G FCBF FDM OR TARFD
N, A% N, A /% N, A./% N, A, % N, A, /% N, A, % N, A, /%
Glass 9 66. 82 6 66. 82 7 69. 63 7 69. 63 9 66. 82 7 69. 63 5 71.96
lon 34 91.45 10 93.16 10 92.30 5 88.32 7 90. 60 6 84.90 4 91.17
Isolet5 617 78.06 23 51.12 15 34.96 20  47.53 9 39.90 20  61.06 18 52.21
Iris 4 96. 00 2 96. 00 2 96. 00 2 96. 00 4 96. 00 2 96. 00 2 96. 00
Vehicle 18 72. 46 8 70. 45 7 66. 43 5 56.97 71.16 6 66. 55 4 67.61
Water2 38 90. 00 10 81.57 6 83. 11 7 83.30 6 82.34 9 83.87 6 83.30
Wav 21 74.30 10 72.60 7 69. 60 7 69. 60 7 72.20 12 73.70 5 71.20
average 105.86 81.30 9.8 75.96 7.71 73.15 7.57 73.05 7.29 74.15 8.86 76.53 6.29 76.21
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