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Classification
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Supervised learning
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Demo in Tableau & KNIME
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ack to our Iris example

|
: How Is this first split decided?
: Feature and split point of 0.87
7.0 : o uen " iris-setosa (35/105)
E 0 5 © ¥ Table:
6.5 O Category %
; O Iris-setosa
6t o © O 5 Iris-versicolor
; . - . Iris-virginica .
L O O O O O : .
. O 8 g O O . Total .
5.5 . N "
: o g ’ _ :
” % Petal width (cm) .
_ - O O . .
| I H {,} 8 é “ E ..'
" *s o
u "’ ’0
= L S g
43 5 O *,, =0.80 > 0.80 .
E A0 Iris-seméﬁ'taﬁjgﬁj Ins—versin‘c}‘lq:ﬁﬁ:'?m
5 5 ¥ Table: LT M IR A T PR
= Category Category %
3 - Iris-setosa Iris-setosa 0.0
7 Iris-versicolor Iris-versicolor 50.0
3.0 L Iris-virginica Iris-virginica 50.0
: Total Total 66.7
- Petal width (cm)
: e
2. L
o] O :
s g °o8°%0 i <1.75 >1.75
§ O Iris-versicolor (35/37) Iris-virginica (33/33)
o 20 : ¥ Table: ¥ Table:
Category a Category %
0.5 : Iris-setosa 0.0 Iris-setosa 0.0
- Iris-versicolor 94.6 Iris-versicolor 0.0
0.0 Minimum ESplit 1 Split 2 'Tréﬁl;;'rg'"'ca g;' , 'Tréﬁl;;'rg'"'ca ;?E:D
0.0 02 04 06 0B 1.0 1.2 14 16 18 20 22 24 2B - -
E Petal width {cm)




Measuring the quality of a split

Say, two features: size & color e ‘J
)7

Size = large

@,
0

Size = small
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Measuring the quality of a split

Say, two features: size & color /‘ J
)%

Color = yellow

Color = orange

e feature and split point that
Inimizes the impurity of the

t & right children nodes '
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Entropy as a measure of impurity ©

k { Py
=Y i), M
J

poorange =4/7
pobanana - 3/7

» p; :relative frequency of class | Entropy® = - 4/7 x log,(4/7) - 3/7 x 1og,(3/7)

= 0.985
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Entropy as a measure of impurity O

A Y
6,5

Size = small Size = large

o
W,

poorange =4/7
pobanana - 3/7

k
+ Entropy = — ) p;logs(p;)
i=1
» p; :relative frequency of class | Entropy® = - 4/7 x log,(4/7) - 3/7 x log,(3/7)

= 0.985

" plLorange = 2/3 leorange =2/4
plLbanana - 1/3 lebanana - 2/4

Entropytt=0.918 EntropytR=1.0
°

(Weighted) total entropy = 0.965
(3/7 x 0.918 + 4/7 x 1.0 = 0.965)
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Entropy as a measure of impurity O

A Y
6,5

Color = orange Color = yellow

Y YU
Ce
-

poorange - 4/7
pobanana - 3/7

k
» Entropy = — Zpi log, (p;)
i=1

» p; :relative frequency of class | Entropy® = - 4/7 x log,(4/7) - 3/7 x 1og,(3/7)

= 0.985

plLorange - 4/4 leorange - 0/4
plLbanana - 0/4 lebanana - 4/4

Fntropy!t= 0.0 EntropytR = 0.0

f/

(Weighted) total entropy = 0.0 !
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Information Gain as split decision ©

* |Information Gain = How much entropy we removed by the split
* The split (feature & value) that maximizes the Information Gain is chosen

0.02
0.985

Split by size: 0.985 — 0.965
Split by color: 0.985 — 0.0
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Back to our Iris example
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Over all 4 features ©

—— sepal length (cm)
sepal width (cm)

—— petal length (cm)

—— petal width (cm)

Information Gain

: : measure [cm]




Stopping criterion ( overfitting! )
* pDUrity > threshold

* nuMber of samples < threshold
o depth > threshold

¥ Table:
Category

Recursively splitting

Iris-setosa (35/105)

Yo

Iris-setosa 33.3
Iris-versicolor 33.3
Iris-virginica 33.3

Total

< 0.80

Iris-setosa (35/35)

¥ lable:

Category Yo
Iris-setosa 100.0
Iris-versicolor 0.0
Iris-virginica 0.0
Total 33.3

100.0

FPetal width {cm)
2

> 0.80

Iris-versicolor (35/70)

¥ lable:
Category
Iris-setosa
Iris-versicolor
Iris-virginica
Total

Y
0.0
50.0
50.0
66.7

Petal width (cm)

=1.75

Iris-versicolor (35/37)

=1.75
Iris-virginica (33/33)

¥Table:
Category
Iris-setosa
Iris-versicolor
Iris-virginica

Total

o
0.0
94.6
5.4
35.2

¥ Table:
Category
Iris-setosa
Iris-versicolor
ris-virginica
Total

o

0.0
0.0
100.0
31.4



Another split criterion
Gini index (or Gini impurity)

k k

* The Ginl Impurity of a dataset is a number between O and 0.5

e Gini impurity measures how often a randomly chosen element of a set (of
cardinality k) would be incorrectly labeled if it were labeled randomly anc
iIndependently according to the distribution of labels in the set.
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More complex datasets
XOR

| mmg -1

ETHzurich



More complex datasets
XOR

Logistic regression Deeper decision tree

3§ mEg 0
.'.l. -
2"_” 1ta papsl

_.l_‘l_ - i i
-3 -2 -1 0 1 2 3

Kernel SVM
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More complex datasets
Half-Moons

Logistic regression Deeper decision tree

mEg 0
15_;‘1 1

10 -

0.5 -

0.0 -

—0.5 -

~1.0 - ~1.0 -

_15 I i i i i _]_5 I i i i i
-2 -1 0 1 2 —2 -1 0 1 2

Naive Bayes Kernel SVM

mEg 0O
15 - ada 1

10 -

0.5 -

0.0 -

—0.5 -

—1.0 - —1.0 -

ETHzurich




(Dis)Advantages of Decision Trees

Disadvantages:

Advantages:

1. Interpretability 1. Overfitting
2. Less Data Preparation 2. Unstability
3. Non-Parametric

4. Non-Linearity

Random forest classifier

* More stable
* |Less prone to overfitting




Random forest classifier

 Works in 4 steps

Training Set




e \Works in 4 ste

1. Select

ranc
dataset

Random forest classifier ©

ON)

om samples from a given

Training Set

Training Training Training
Sample Sample Sample




e \Works in 5 ste

1. Select

dataset

Random forest classifier

ON)

"adNC

om samples from a given

2. Construct a decision tree for each sample

Training Set

Training
Sample
1

Decision

Tree
1

Training Training
Sample Sample
2 o0 n

l

Decision
Tree
2 o 0

Decision
Tree
n




Random forest classifier ©

Training Training
Sample Sample
- o0 n
Training Set l l

0
Decision Decision Decision
Tree Tree Tree
| 2 @09 N

\ o
.
g

e \WWorks In 5 steps:

1. Select random samples from a given
dataset
2. Construct a decision tree for each sample

Training
Sample
1

Get a prediction from each tree
Perform a vote for each predicted result

W
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Random forest classifier ©

Training Training
Sample Sample
- o0 n

0
Decision Decision Decision
Tree Tree Tree
1 p) @ 0 0 n

\ o
.
g

e \WWorks In 5 steps:

1. Select random samples from a given
dataset
2. Construct a decision tree for each sample

Training
Sample
1

Training Set

Get a prediction from each tree

Perform a vote for each predicted result
Select the prediction result with the most
votes as the final prediction

B
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llustration in Python
(cf notebook)
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Types of learning

Meaningful
Compression

Structure Image

. o Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

2 . Classification Diagnostics
Visualistaion Reduction Elicitation Detection 8

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
&
Machine Yz

Growth
Prediction

Recommender Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks




C

hoosing the right model

classification

-

NOT
WORKING

Ensemble
Classifiers

YES

Naive
Bayes

scikit-learn
algorithm cheat-sheet

NOT
WORKING

kernel
approximation

. SGD get
KNeighbors Classifier more
Classifier \
data s
NO
No - 0 regression
4 NOT YES samples
- WORKING YES .
Text : <100K /
@ - | Linear g » SGD
‘ '
SVR(kernel="rbf")

NOT m;é ey 7
WORKING - labeled 0 ~ <100K fe‘}r\i fs.la\(;li)res — /
Clustering - NO data samples Sho € WORKING
oMM oreens — S '
GMM — : 3
= predicting a NO | RidgeRegression
YES umber' i guantity SVR(kernel="linear")
YES _ categories
. known
clustering iy Vi
<

samples

MiniBatch
KMeans

o

EnsembleRegressors

NO

predicting a
ves | category
YES
N T—

y : samples

NOT
WORKING

YE
S0k

Spectral
Embedding
oT

WORKING

S

% dimensionality
tough S reduction

luy | strucu?




Final (important) words

—eature engineering & selection

The machine learning pipeline

Raw data

Features Deploy in
Models production

Predictions

| foll in love the instant | kad > —_— @ e — A N

my eyes an that puppy His 4 by

bag eyes and play ful tal, his

L /




Final (important) words

Bias-Variance trade-off

Overtitting & Underfitting | Overfitting
A !
C Best: Fit
O :
=
m |
- Train
—QININg Frroy
]

Model "complexity”

Classification ReﬂY‘EGGIOH
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Final (important) words

Curse of dimensionality

___________________________________________

_________________________________________

_________________________________________

Classifier performance

_________________________________________

|:| T EI T L I L T L L 1 T L L L 1 T L T L 1 L T L T ]

0 : Dimensionality (number of features)

Optimal number of features




QUESTIONS ?

B
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