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2.1 State Occurrence Matrix
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[E 1] DataSet

o —ltem A | B | C | D
10 0 [ 1170
20 1 [0 [o0[1
30 0 lo 11
40 1101
ITEM(A, B C. D)2 £Ho E# X=(A B2 Y=(C,
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[E 2] State Occurrence Matrix

CD CD' CD C'D'
AB 10 2 16 9
AB' 2 2 14 6
A'B 2 2 2 4
A'B' 4 4 19 2

2.2 State Linkage Matrix
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[E3] State Linkage Matrix

CD | cD | CD | CD
AB | 334 | -170 | -287 | 123
AB" | -232| -40 | 176 | 96
A'B 20 | 100 | -310 | 190
AB [-122| 110 | 421 | -409
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A48 A (support,confidence)
~2 — ~3(60.6%, 80.0%)

~1A~2—~3(36.4%, 83.3%)
~1A~T>~2(34.8%, 82.6%)

minimum support

60%

30%

[E 5] Boolean Analyzer2 M4 & &

&9 | PM & 449 74
1 282 1 - ~5
2 246 ~2 - ~3
3 209 ~4 — HAT
4 135 IN2 - ~4
5 114 1IN2A3—~5
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