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Decision tree on lris data

petal width (cm) < 0.8
gini=0.667 g
samples = 150
value = [50, 50, 50]
class = setosa

Trui/ ‘alse

?' 4 i Z O petal width (cm) < 1.75
(o gini=05 @
A samples = 100
? &?} value = [0, 50, 50]

cyass = versicolor

petal length (cm) < 4.95
gini = 0.168
samples =54 ® :
value = [0, 49, 5]
class = versicolor‘
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Decision tree on lris data with all features

petal width (cm) < 1.65
gini = 0.041
samples = 48
value = [0, 47, 1]
class = versicolor

A

petal length (cm) < 2.45

gini = 0.667
samples = 150

value = [50, 50, 50]

class = setosa

True

False

gini=0.0
samples = 50

value =[50, 0, 0]
class = setosa

petal width (cm) £ 1.75

gini=0.5

samples = 100
value = [0, 50, 50]
class = versicolor

petal length (cm) < 4.95
gini = 0.168
samples = 54
value = [0, 49, 5]
class = versicolor

y
petal width (cm) < 1.55
gini = 0.444
samples = 6
value = [0, 2, 4]
class = virginica

i/petal length (cm) < 4.85)
gini = 0.043
samples = 46
value = [0, 1, 45]

class = virginica
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A

sepal length (cm) < 5.95)
gini = 0.444
samples = 3

value = [0, 1, 2]

\ class = virginica

gini=0.0 gini = 0.0
samples = 47 samples = 1
value = [0, 47, 0] value = [0, 0, 1]

class = versicolor class = virginica

sepal length (cm) < 6.95

Y

gini= 0.0
samples = 43
value = [0, 0, 43]
class = virginica

gini = 0.0 - gini = 0.0
slam;zles =3 g;?;;lg:jg sameles =1
value = [0, 0, 3] value = [0, 2, 1] value = [0, 1, 0]

class = virginica

class = versicolor

class = versicolor

gini=0.0
samples = 2
value = [0, 0, 2]

class = virginica

gini=0.0
samples = 2
value = [0, 2, 0]
class = versicolor

gini = 0.0
samples = 1
value = [0, 0, 1]
class = virginica
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Predicting the salary of baseball players
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Regression tree on hitters data

samples = 263
value = 535.926

v f/ \:alse
Y T Hits < 117.5
S / | y 0 mse = 193025.735
| P &?( samples = 173
_ : value = 697.247

y
&l

Years < 4.5
mse = 202734.269
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Regression tree on hitters data
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