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Decision Tree
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Devroye, L., et al. (1996). A Probabilistic Theory of Pattern Recognition, Springer.
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entropy : 4( p,1- p) =—plog, (p)—(1-p)log, (1- p)
Gini index: ¢( p,1-p)=2p(1-p)
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x,: Age
(}_’15{5 X, : Years in job
i x, . Gender
x,: Job type
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Yes /
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R1: age>38.5) AND (years-in-job>2.5) THEN y =0.8
R2:

F( )
: _IF (age>38.5) AND (years-in-job=<2.5) THEN y =0.6
R3: IF (age<38.5) AND (job-type='A’) THEN v =0.4
F (age=38.5) AND (job-type='B’) THEN y =0.3
F (age=38.5) AND (job-type='C’) THEN y =0.2
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Ripper Algorithm

Sublo cspuSab

Ripper(Pos,Neg,k)
RuleSet — LearnRuleSet(Pos,Neg)
For k times
RuleSet «+ OptimizeRuleSet(RuleSet,Pos,Neg)
LearnRuleSet(Pos,Neq)
RuleSet — ¢
DL «— DescLen(RuleSet,Pos,Neqg)
Repeat
Rule — [LearnRule(Pos,Neg) |
Add Rule to RuleSet
DL' «+— DesclLen(RuleSet,Pos,Neg)
If DL'>DL4-64
PruneRuleSet(RuleSet,Pos,Neg)
Return RuleSet
If DL'<DL DL — DL
Delete instances covered from Pos and Neg
Until Pos = 0
Return RuleSet




Ripper Algorithm

bl cspSob

PruneRuleSet(RuleSet,Pos,Neqg)
For each Rule € RuleSet in reverse order
DL < DesclLen(RuleSet,Pos,Neg)
DL" «— DesclLen(RuleSet-Rule,Pos,Neg)
IF DL'<DL Delete Rule from RuleSet
Return RuleSet
OptimizeRuleSet(RuleSet,Pos,Neg)
For each Rule € RuleSet

DLO «— DesclLen(RuleSet,Pos,Neg)

DL1 «— DescLen(RuleSet-Rule+
ReplaceRule( RuleSet,Pos,Neg),Pos,Neg)
DL2 «— DesclLen(RuleSet-Rule+
ReviseRule(RuleSet,Rule,Pos,Neg),Pos,Neg)

If DL1=min(DLO,DL1,DL2)
Delete Rule from RuleSet and
add ReplaceRule(RuleSet,Pos,Neqg)
Else If DL2=min(DLO,DL1,DL2)
Delete Rule from RuleSet and
add ReviseRule(RuleSet,Rule,Pos,Neg)
Return RuleSet
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Omnivariate Decision Trees -
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