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Extracted rules:
Rule 1: (5, 1lift 6.6)

A cleanliness > 1.8

A sexuality <= 3.4

A health > 2.33

-> class dressing [0.857]
Rule 2: (4, 1ift 6.4)

R _health > 2.8

A _excretion > 4.78

A cleanliness <= 3.4

A finance <= 2.67

—> class dressing [0.833]
Rule 3: (2, 1lift 5.8)

R dressing <= 2.6

R health > 2.8

-> class dressing [0.750]
Rule 4: (4/1, 1ift 5.1)

R health > 2.8

A excretion <= 3.56

—> class dressing [0.667]
Rule 5: (50, 1lift 1.1)

A_excretion > 3.56

A sexuality > 3.4

A finance > 2.67

-> class none [0.981]
Rule 6: (48, 1lift 1.1)

R health <= 2.8

A dressing > 1.8

A sexuality > 3.4

-> class none [0.980]
Rule 7: (57/1, lift 1.1)

R health <= 2.8

A sexuality > 3.4

A role > 2.33

-> class none [0.966]
Rule 8: (25, 1ift 1.1)

A excretion > 3.56

A cleanliness > 3.4

-> class none [0.963]
Rule 9: (17, 1ift 1.1)

R dressing > 2.6

A excretion > 3.56

A _excretion <= 4.78

-> class none [0.947]
Rule 10: (16, 1ift 1.1)

A cleanliness <= 1.8

-> class none [0.944]
Rule 11: (28/1, 1lift 1.1)

A health <= 2.33

—> class none [0.933]
Default class: none
Evaluation on training data (123 cases):

Decision Tree Rules

Size Errors No Errors

12 2( 1.6%) 11 4( 3.3%) <<
(a) (b) <-classified as

13 3 (a): class dressing

1 106 (b): class none
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