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* Overview of important classifiers
* (KNN) *
* Logistic regression =
* Decision Trees, Random Forests <«
* Nalve Bayes <«



Dead Mice




Data Set

1 11 25.5|yes
2 10.5 24 |yes
3 9.5 22.1|yes
4 10 24.5|yes
5 10.5 24 |yes
6 10.5 25.3|yes
7 8 28.3|no
8 11 38.4|no
9 11 38.6|no
10 10 25.2|yes
11 11 35.1|no
12 10 35|no
13 12 45.5|no
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Notation

1 11 25.5|yes
2 10.5 24 |yes
3 9.5 22.1|yes
4 10 24.5|yes
5 10.5 24 |yes
6 10.5 25.3|yes
7 8 28.3|no
8 11 38.4|no
9 11 38.6|no
10 10 25.2|yes
11 11 35.1|no
12 10 35|no
13 12 45.5|no
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KNN
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Logistic Regressl;on =1
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Dead Mice

Jupyter Notebook dead_mice.ipynb



2 ways to extend binary logistic regression

regt
* One-versus-all logistic regression «

« Softmax regression (= Maximum Entropy)
MW Lbb vgb,v(,}&l\u.a



One-versus-all multi-class logistic regressio




One-versus-all multi-class logistic regression



Softmax regression (= Maximum Entropy)
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Decision Trees

weight <= 26.05
gini = 0.469
samples = 32
value = [20, 12]
class = yes

Tru%

gini = 0.0
samples = 10
value = [0, 10]

class = no

\ialse

weight <= 31.45

gini = 0.165
samples = 22
value = [20, 2]

class = yes

L\

size <= 10.0 gini = 0.0
silmmplzeg;lgs samples = 17

value = [3, 2] Va(;l;lais_z[l'QSO]
class = yes e

\

gini = 0.0

samples = 3
value = [3, 0]
class = yes

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

class = no
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2 ways of using ensembles of decision trees

« Random Forests

weight <= 25.95
gini = 0.451
samples = 22
value = [21, 11]
class = yes

size <= 10.25
gini = 0.482
samples = 21
value = [19, 13]
class = yes

Tru:/

\salse

weight <= 31.45

sg::;i)l:so;o7 gini 1= 0'08175
- samples =
value =10, 101 { | vatue = [21, 1]
class = yes

AR

weight <= 29.65
gini = 0.32
samples = 3
value = [4, 1]
class = yes

Truy

\ialse

size <= 9.5

weight <= 34.7

gini = 0.0
samples = 12
value = [17, 0]

class = yes

0’0/ \

gini = gini = 0.0
samples = 2 samples = 1
value = [4, 0] value = [0, 1]

class = yes class = no

gini = 0.291 gini = 0.444
samples = 12 samples = 9
value = [14, 3] value = [5, 10]
class = yes class = no
- / \
gini = 0.0 WelgHt = 28ba gini = 0.0 gini = 0.0
samples = 3 s _1 =9 samples = 6 samples = 3
value = [4, 0] szgpzef'lg 3] value = [0, 10] | | value = [5, 0]
class = yes Wi class = no class = yes
class = yes
gini = 0.0 gini = 0.0
samples = 3 samples = 6
value = [0, 3] value = [10, 0]
class = no class = yes




Random Forests

 random subsets of trees



Naive Bayes



Small excursion into probability theory



Naive Bayes Theorem



Naive Bayes Example




Naive Bayes Example Data

play outlook temperature humidity windy
no sunny hot high false
no sunny hot high true
yes overcast hot high false
yes rainy mild high false
yes rainy cool normal false
no rainy cool normal true
yes overcast cool normal true
no sunny mild high false
yes sunny cool normal false
yes rainy mild normal false
yes sunny mild normal true
yes overcast mild high true
yes overcast hot normal false
no rainy mild high true




Naive Bayes Example



Naive BayesExample
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Exercise

Notebook 6.ipynb — Logistic Regression



