Decision trees

Performing classification
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Decision trees

Tree building algorithm

Herman Kamper

http://www.kamperh.com/
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Decision trees

Decision trees in practice
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Decision tree on heart data

Thal < 1.5 ﬁaa., Sex | Ca
gini = 0.497
samples = 297
value = [160, 137]
lass = . .
bt -'gnxe.ol f\QrMoJ ) rﬂ_oq_rs\‘o\e.
Trui/ {17 J ‘L 47
Ca<0.5 Q
gini = 0.393 1 2
samples = 182
value = [133, 49]
class = no
l —
ChestPain < 1.5 -—

gini = 0.488 gini = 0.5

les = samples = 36
s oy | | value = [18, 18]
class = yes class = no
gini = 0.403 gini = 0.444

samples = 25
value = [18, 7]
class = no

samples = 6
value = [4, 2]
class = no

Source: http://faculty.marshall.usc.edu/gareth-james/ISL/data.html



