A IRIMAS

Hands-on Workshop on Machine Learning
Applied to Medical Imaging

Introduction to Machine Learning

JCU3E

Jonathan Webert, Cédric Wemmert*, Germain Forestiert
March 9, 2020

TIRIMAS Mulhouse, * ICube Strasbourg



1. Introduction

2. Pandas

3. Scikit-learn

4. K-nearest neighbors

5. Decision trees and random forest
6. Support Vector Machine

7. Neural Networks

8. Gradient backpropagation

2/145



Introduction



Introduction

What is data science?

+ Knowledge extraction from data
+ Linked to many domains:

- artificial intelligence
- machine learning

-+ Deep learning

- Data mining

- Big Data

an many more... Business Intelligence, Data Analytics, Data vizualisation,
KDD, etc.

3/145



Artificial intelligence

+ "Designing machines capable of simulating intelligence"
* Robotics, games, chatbot, etc. and machine learning
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Artificial intelligence
+ "Designing machines capable of simulating intelligence"
* Robotics, games, chatbot, etc. and machine learning
Machine learning
+ "Training" a machine to perform a specific task
« "Learning" needs examples = data!
Deep Learning

« A specific family of machine learning algorithms (neural nets)

+ Need a lot of data = many examples
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Introduction

Artificial intelligence, machine learning, deep learning:

ARTIFICIAL
NTELLIGENCE

MACHINE
LEARNING

DJE|EP

v e LEARNING

1950’s 1960's 1970°s 1980°'s 1990's 2000’s 2010's

source: nvidia.com
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Introduction

Artificial intelligence, machine learning, deep learning:

GPU-Computing perf
1.5X per year

1990 2000 2010

40 Years of Microprocessor Trend Data

source: nvidia.com



nvidia.com

Introduction

Data Science Mapping

- All the tools and algorithms for data processing

+ Data mining + Al + Machine learning + Big Data

Artificial Intelligenci

deep learning

machine learning
Machine Learning
big data

artificial intelligence
data science

Big Data

2005 2007 2009 2011 2013 2015 2017

source: KDnuggets. source: Google Trends
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Introduction

Data Science Mapping
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Introduction

Arich ecosystem:

Big Data Landscape

l:|Verti<:al Apps Ad/Media Apps Business
o Intelligence
. —— ORACLE' | Hvoerion
- \olocfin dhers Yy ——
Log Data Apps jSAp alm
Media ™~ - Microsoft | Business Intelligence
osumoogc || Seience  TURN Delg?(u)

Efcocos

Analytics and
Visualization

i +ableau
OPERA  mestayer

[E3 METAMARKETS
e Aster  Contrfuge
§Sas MTBCO [Gamne

Panopticon
@ Jorchol

Data As A Service Autonomy 8 Datameer -
§ Qlikv (0 platfora SRR cieco
s JRRIX @ lexsveis: 0011 LOOATE J{ alteryx <visually AvSR
s aYa Y4 2
Analytics Operational Infrastructure As Structured
Infri;structure Infrastructure A Service Databases
Hoiaks B2 222R| | coucnsase  10gen| Shazon ORACLE
cloudera ey £ Windows Azure 75l server
EMC’ @ creenpLum. Vot
\:ﬁ:‘::‘ Ex‘;g"m" #"MarkLogic ) ey

Technologies

[ Sco00)
" [Ep I =

HBASE

“D¥ cassandra

Copyright © 2012 Dave Feinleib

dave@vcdave.com

blogs forbes.com/davefeinleib

8/145



Introduction
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Data types

+ Structured data: data associated to metadata

« Unstructured data: text, images, video, etc.

Example of structured data:

attribute 1 | attribute 2 | attribute 3
Instance 1 11 small yes
Instance 2 21 small no
Instance 3 1.7 large no

- Data types: real, integer, string, boolean, etc.

+ Location: database, data warehouse, files, cloud, etc.

Introduction
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Introduction

Example of dataset

« Input data: width and length of petals and sepals + species
« Goal: to predict the iris species

Petal
Samples >~
(instances, observations)

sepal Sepal  Petal  Petal  Class
length width  length  width  label

1 5.1 £ 14 0.2 Setosa

2 |49 3.0 14 0.2 Setosa

50 |54 |3,5 |45 |1z
150 | .9 | 3.0 | 5.0 | 18 Virginica
| | — ™
\ Sepal
/ Class labels
Features (targets)

(attributes, measurements, dimensions)

source: https://rpubs.com/wjholst/322258
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Introduction

Example of dataset

* Input data: width and length of petals and sepals + species
+ Goal: to predict the iris species

sepal_length | sepal_width | petal_length | petal_width species
51 35 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
6.7 34 4.7 1.5 versicolor
5.6 3 4 1.3 versicolor
6.3 2.8 541 1.5 virginica
6.7 33 5.7 2.5 virginica
6.7 3 5.2 2.3 ?
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Introduction

Example of dataset

* Input data: width and length of petals and sepals + species
+ Goal: to predict the iris species

sepal_length | sepal_width | petal_length | petal_width species
51 3.5 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
6.7 31 4.7 1.5 versicolor
5.6 3 44 1.3 versicolor
6.3 2.8 541 1.5 virginica
6.7 33 5.7 2.5 virginica
6.7 3 5.2 2.3 ?
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Introduction

Example

of dataset

Ouvrir~

csv -

iris.csv

h,sepal_width,petal_length,petal_width,species
,0.2,setosa

tl
4
o
3
5
0.
7
4
o
4
5
5
6
6.
0.
0.
5
3
4
7
5
7
5
0.
7
s

Largeur des tabulations: 8

Lig1, Col1
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Introduction

Example of dataset

Spyder (Python 3.7)

oguer Consoles Projets Outls Affichage Aide

ichier Edition Recherche Source Exécution

Os o @ »OEIDG M » m K £ P € > opbowpureauteaching#3iDiode |- |BS A
Editeur D/codeint @® Explorateur de variables o®
o sy x o -

1 Nom - Type Taille Valeur

2 df  oataFrane (150, 5) Colum nanes: sepal_length, sepalwidth, petal length, pet..

S

4Created on Fri Sep 20 17:02:17 2019

5

6 @author: forestier

7

8

9import pandas as pd

10

11df = pd.read_csv('data/iris.csv')
- Aide | Explorateur de variables | Explorateur de fichiers

Console IPython o8

oy Console1/A X

box/Bureau,
teaching/#3-F

In [5]: runfile(’/hone/forestier/!
wdir="/hone/ forestier /Dropbox/Bur

n [6]:

Console IPython | Historique
Droits daccés : RW  Finsdeligne: LF  Encodage : UTF-8 Ligne: 11 Colonne: 34 Mémoire: 8%
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Introduction

Example of dataset

Spyder (Python 3.

.7)

Aide

petal width
6.2

0.2

Eichier Edition Recherche Source Exécution Déboguer Consoles Projets Outls  Affichage
Oes R @ »rpEBEDG ME==nrn
Editeur 0/codeint ©®_Explorateur de variables
Q| inwopy X df - DataFrame
1
2 index | sepal length _sepal width _petal length
3unn o 5.1 3.5 1.8
4cCreated on Fri S|t 4.9 3 14
5 4.7 3.2 1.3
6 @author: forestic G S B
7
5 4 s 3.6 18
9import pandas as *° 4 2:2 -
10 4.6 3.4 1.4
11df = pd.read_csv( , s 3.4 15
s 4.4 2.9 18
s a3 31 15
10 5.4 3.7 15
1 a8 3.4 16
2 a8 3 18
5 a3 3 11
1 5.8 a 12
Format || Ajuster | V] Couleur de fond ] Colonne minjmax

Droits d'acces

Console IPython

RW  Finsdeligne: LF

Historique

R oFe

Encodage : UTF-8

€ > [opboxBureautteaching/#3-FDjcode

B

88

kicur

species “| sepal_width, petal_length, pet..

setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa

setosa =

Ligne: 11 Colonne: 34 Mémoire: 8%
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Introduction

Exploratory Data Analysis (EDA)

« A good practice is to visualize the data before any treatment

+ Allows to have intuitions on the distribution of classes

Iris dataset
4.5
° ® setosa
. ° ® versicolor
4.0 . e virginica
L]
L] L] L] L
e oo
L L] L]
£ 3.5 (XX} °
o e e eaee o L] LR ]
z (X ° °
Z1 ® oo . . (X} e o
© e ea L] e e
Q304 ee eee o o0 oo (XXX} e (X )
(] ° ee ecces o .
ese seeen L] L] L]
[ ] o e L] LE ]
L] ee L] L]
2.5 e o coe . .
. °
. . . .
L [ ]
2.0 °
4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0
sepal_length
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Introduction

Different tasks in data analysis:

1. Classification: prediction of a discrete (countable) value
2. Regression: prediction of a continuous value
3. Clustering: automatic creation of groups (without notion of class)

scikit-learn

classification m
. .. algorithm cheat-sheet

dimensionality
reduction

source: https://scikit-learn.org/
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Pandas

« High-level package for data manipulation
+ Based on numpy
« Allows you to manage different types of data

+ The DataFrame object allows to easily manipulate data

1| import numpy as np
2| import pandas as pd

4| df = pd.DataFrame ({’A’ : 1.,

5| ’B> : pd.Timestamp(’20130102°),

6| °C?> : pd.Series(1,index=1ist (range(4)),dtype=’>float32’),
7| °D? : np.array ([3] * 4,dtype=’int32’),

8| ’E’ : pd.Categorical(["test","train","test","train"]),
9| ’F? : ’foo’ })

11| print (df)
12| print (df .dtypes)
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Pandas

High-level package for data manipulation
+ Based on numpy
- Allows you to manage different types of data

+ The DataFrame object allows to easily manipulate data

1 A B c D E F
2/ 0 1.0 2013-01-02 1.0 3 test foo
31 1.0 2013-01-02 1.0 3 train foo
402 1.0 2013-01-02 1.0 3 test foo
5/3 1.0 2013-01-02 1.0 3 train foo
6

7| print (df .dtypes)

8| A float64

9| B datetime64 [ns]

10| C float32

1D int32

12| E category

13| F object

14| dtype: object
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Pandas

+ The DataFrame object allows to select data
+ The function 1oc selects elements by name
* The function iloc selects elements by index

1| af[2A°]
2| df [[’A°,’B’]]
3| df [0:3]

# selection by name
df .loc[:,[’A>,°B?]]

# selection by index
df .iloc [3]
10| df .iloc [1:3]

171145



Data reading

How to read data?

* Itis often necessary to read data from files in order to process them
and build predictive models.

* The function genfromtxt () of numpy allows to read files, but only with
attributes of the same type

« The function read_csv() of pandas allows to read files with different
types of attributes

# data reading with numpy
import numpy as np
data = np.genfromtxt(’data/iris.csv’, delimiter=’,’,skip_header=True)

# data reading with pandas
import pandas as pd
df = pd.read_csv(’data/iris.csv’, header=0)

N o U > W N o
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Data visualization

How to visualize data?

« Very important in data analysis
+ Allows you to explore the data
« Allows you to report results

- matplotlib allows easy visualization of data

7
1| import matplotlib.pyplot as plt
) 6
3| year = [1950, 1970, 1990, 2010] s
4| pop = [2.519, 3.692, 5.263, 6.972]
5 4
6| plt.plot (year, pop)
7| plt.show () 3

1950 1960 1970 1980 1990 2000 2010
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Data visualization

How to visualize data?

« Very important in data analysis
+ Allows you to explore the data
« Allows you to report results

- matplotlib allows easy visualization of data

7 o
1| import matplotlib.pyplot as plt
) 6
3| year = [1950, 1970, 1990, 2010] s °
4| pop = [2.519, 3.692, 5.263, 6.972]
5 4
6| plt.scatter (year, pop) M
7| plt.show () 3

.

1950 1960 1970 1980 1990 2000 2010
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Data visualization

How to visualize data?

« Very important in data analysis
« Allows you to explore the data
+ Allows you to report results

- matplotlib allows easy visualization of data

1| import matplotlib.pyplot as plt , Evolution de la population .
2
3| year = [1950, 1970, 1990, 2010] 6
4| pop = [2.519, 3.692, 5.263, 6.972] § .
5 2s
s
6| plt.title(’Evolution de la population’) g
7| plt.xlabel (’Annees’) N .
8| plt.ylabel(’Milliards d\’habitants’) N
9| plt.scatter (year, pop) -
10| plt.show () 1950 1960 1970 1980 1990 2000 2010
Années
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Data visualization

How to visualize data?

* The seaborn package is an alternative to matplotlib
+ Adds functionality

+ Allows advanced visualizations

import seaborn as sns
import pandas as pd

df = pd.read_csv(’data/iris.csv’, header=0)
ax = sns.pairplot(df, hue=’species’)

o U r W N o

plt.title(’Pairwise relationships between the features’)

https://seaborn.pydata.org/
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Data visualization

How to visualize data?

sepal_length

a5
a0
§as
]
FEY)
28

20

petal_length

L\

sepal length

3 4
sepal width

5

2 4 6
petal_length

o

1 2 3
petal_width

species

o virginica
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Validation

Validation (train/test)

« In order to be able to validate a model, it is important to be able to
test its ability to make good predictions.

- We avoid testing a model on the same data used to build the model.

+ Using the same data will tend to overestimate performance and does
not test generalizability.

+ The most classical method consists in dividing the dataset into two,
one for training (train) and one for evaluation (test)
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Validation

N oUW N o

Validation (train/test)

+ 80% of the data are kept for training and 20% for testing:

import pandas as pd
import numpy as np

df = pd.read_csv(’data/iris.csv’, header=0)
mask = np.random.rand(len(df)) < 0.8
df_train = df [mask]

df _test = df [“mask]

- Attention must be paid to the distribution of classes (number of
elements in each class, which can be different).

« In order to keep the same distribution, we talk about stratification.
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Validation

Validation (train/test)

Iris train Iris test
4.5
® ® setosa 3.8 .
@ versicolor
T 3.6 [
4.0 e virginica
L 344 L] [
° .
£ 35 £ 3.2 L] L]
3 . bl )
2 2
i L[] L) Z13.04 ee L] L] ]
§3.0 e oo § L4 L4
& ®e 2.8 . L]
.
2.6 (]
2.5
° ® ° @ setosa
L[] 244
@ versicolor
2.0 ° 2.2 o e virginica
4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0 4.5 5.0 5.5 6.0 6.5 7.0 7.5
sepal_length sepal_length
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Validation

Validation (train/test)

Iris train

Iris test
45
. 3.8 .
.6 .
4.0 36
3.4+ . .
° .
£35 £ 3.2 [} .
2 L4 2 )
H H
Z ° Z13.04 ee e o .
] ]
23.0 a . d
H 8 2.8 . .
.
2,64 .
25 . . .
. 2.4
2.0 [ ] 229 .
4.5 5.0 5.5 6.0 6.5 4.5 5.0 5.5 6.0 6.5 7.0 7.5

sepal_length

sepal_length
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Validation (train/test)

sepal_length | sepal_width species
5.1 3.5 setosa
4.9 3 setosa
6.7 31 versicolor
6.3 2.3 versicolor
6.3 2.8 virginica
6. 2.6 virginica

sepal_length | sepal_width species
4.7 3.2 setosa
5.6 3 versicolor
6.7 33 virginica

Table 1: Train set

Table 2: Test set
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Validation (train/test)

sepal_length | sepal_width species
5.1 3.5 setosa
4.9 3 setosa
6.7 31 versicolor
6.3 2.3 versicolor
6.3 2.8 virginica
6. 2.6 virginica

sepal_length | sepal_width species
4.7 3.2 setosa
5.6 3 versteoter
6.7 33 virgiiea

Table 1: Train set

Table 2: Test set
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Validation (train/test)

sepal_length | sepal_width species
5.1 3.5 setosa
4.9 3 setosa
6.7 34 versicolor
6.3 2.3 versicolor
6.3 2.8 virginica
6.1 2.6 virginica

sepal_length | sepal_width speetes
4.7 3.2 setosa
5.6 3 versicoter
6.7 3.3 virgiiea

Table 1: Train set

Goal: to predict the class of the test set data using the train set data.

Table 2: Test set

26/145



Confusion matrix

« Matrix for comparing predictions with the true class of objects
« Allows to evaluate the performance of a classification method

« Allows to highlight confusions (errors) between classes

1| [[6 0 0]

2| [0 9 0]

3 [0 1 411

4 precision recall fl-score support
5

6 setosa 1.00 1.00 1.00 6
7 versicolor 0.90 1.00 0.95 9
8 virginica 1.00 0.80 0.89 5
9

10| avg / total 0.96 0.95 0.95 20
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Validation

sepal_length | sepal_width species
51 3.5 setosa
4.7 3.2 setosa
6.7 34 versicolor
5.6 3 versicolor
6.3 2.8 virginica
6.7 3.3 virginica

Table 3: Test set
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Validation

sepal_length | sepal_width species
5.1 3.5 setosa
4.7 3.2 setosa
6.7 34 versieetor
5.6 3 versieetor
6.3 2.8 virginiea
6.7 3.3 virginiea

Table 3: Test set
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Validation

sepal_length | sepal_width species predictions
setosa setosa
o > setosa setosa
byt 32 ; versicolor
67 34 versicolor *rsico
; virginica
5.6 3 versicolor irgini
6.3 2.8 virgintea virginica
’ ’ LS virginica
67 33 whepieies
Table 3: Test set Table 4: Predictions

28/145



Validation

sepal_length | sepal_width speeies pri(:lcztslgns
> 35 setosa
& 32 se’fesa versicolor
6.7 34 verstcotor LT
. virginica
5.6 3 verstcotor L2
63 28 A virginica
’ ’ et virginica
6.7 3.3 virgHea
Table 3: Test set Table 4: Predictions

setosa | versicolor | virginica
setosa o} o) o}
versicolor 0 o 0
virginica o] o) o]

Table 5: Confusion matrix
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Validation

; - rediction
sepal_length | sepal_width species predictions
51 3.5 setosa setosa
setosa
4.7 3.2 setosa .
. versicolor
6.7 34 versicolor L
. virginica
5.6 3 versicolor L2
L virginica
6.3 2.8 virginica L2
Lo virginica
6.7 3.3 virginica
Table 3: Test set Table 4: Predictions

setosa | versicolor | virginica
setosa 1 o) o}
versicolor 0 o 0
virginica o] o) o]

Table 5: Confusion matrix
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Validation

; - rediction
sepal_length | sepal_width species predictions
51 3.5 setosa setosa
setosa
4.7 3.2 setosa .
. versicolor
6.7 34 versicolor L
. virginica
5.6 3 versicolor L2
L virginica
6.3 2.8 virginica L2
Lo virginica
6.7 3.3 virginica
Table 3: Test set Table 4: Predictions

setosa | versicolor | virginica
setosa 2 o) o}
versicolor 0 o 0
virginica o] o) o]

Table 5: Confusion matrix
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Validation

; - rediction
sepal_length | sepal_width species predictions
51 3.5 setosa setosa
setosa
4.7 3.2 setosa .
. versicolor
6.7 34 versicolor L
. virginica
5.6 3 versicolor L2
L virginica
6.3 2.8 virginica L2
Lo virginica
6.7 3.3 virginica
Table 3: Test set Table 4: Predictions

setosa | versicolor | virginica
setosa 2 o) o}
versicolor o] 1 o]
virginica o] o) o]

Table 5: Confusion matrix
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Validation

- - redictions
sepal_length | sepal_width species P
51 3.5 setosa setosa
setosa
4.7 3.2 setosa .
. versicolor
6.7 31 versicolor L
. virginica
5.6 3 versicolor L2
L virginica
6.3 2.8 virginica Lo
LS virginica
6.7 3.3 virginica
T : Prediction
Table 3: Test set able 4: Predictions

setosa | versicolor | virginica
setosa 2 o) o}
versicolor o} 1 1
virginica o] o) o

Table 5: Confusion matrix

Classification errors
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Validation

; - rediction
sepal_length | sepal_width species predictions
51 3.5 setosa setosa
setosa
4.7 3.2 setosa .
. versicolor
6.7 34 versicolor L
. virginica
5.6 3 versicolor L2
L virginica
6.3 2.8 virginica L2
Lo virginica
6.7 3.3 virginica
Table 3: Test set Table 4: Predictions

setosa | versicolor | virginica
setosa 2 o) o}
versicolor 0 1 1
virginica o] o) 2

Table 5: Confusion matrix
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Validation

- - redictions
sepal_length | sepal_width species P
51 3.5 setosa setosa
setosa
4.7 3.2 setosa .
. versicolor
6.7 31 versicolor L
. virginica
5.6 3 versicolor L2
L virginica
6.3 2.8 virginica Lo
LS virginica
6.7 3.3 virginica
T : Prediction
Table 3: Test set able 4: Predictions

setosa | versicolor | virginica
setosa 2 o) o}
versicolor o} 1 1
virginica o] o) 2

Table 5: Confusion matrix

Good predictions (diagonal) =2 + 1 + 2

Bad predictions (off-diagonal) = 1
28/145
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Validation

Cross-validation

« Alternative to train / test cutting
 The dataset is divided into K subsets
+ K-1 sets used for the train, 1 set used for the test

+ Each set is used once for the test

Test Train on (k - 1) splits

k-fold

source: https://raw.githubusercontent.com/qingkaikong/
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Scikit-learn

Scikit-learn

- Scikit-learn contains the majority of the data mining algorithms
« It also offers many tools for the evaluation of models

« Scikit-learn separates the data and the variable to be predicted (target)

1| from sklearn.model_selection import train_test_split

2

3| df = pd.read_csv(’data/iris.csv’, header=0)

4| X = df [[’sepal_length’,’sepal_width’,’petal_length’,’petal_width’]]

5|y = df [[’species’]]

6

7| X_train, X_test, y_train, y_test = train_test_split(x, Y test_size=0.2)
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Scikit-learn

Scikit-learn

- Scikit-learn separates the data and the variable to be predicted (target)

sepal_length | sepal_width species

31 35 setosa sepal_length | sepal_width species
4.9 3 setosa

. 4.7 3.2 setosa
6.7 34 versicolor .

. 5.6 3 versicolor
6.3 2.3 versicolor 67 33 virginica
6.3 2.8 virginica : . g
6.1 2.6 virginica Table 7: Test set

Table 6: Train set
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Scikit-learn

Scikit-learn

« Scikit-learn separates the data and the variable to be predicted (target)

X_train y_train
sepal_length | sepal_width species X test ytest
31 35 setosa sepal_length | sepal_width species
4.9 3 setosa
. 4.7 3.2 setosa
6.7 34 versicolor .
. 5.6 3 versicolor
6.3 2.3 versicolor 67 33 virginica
6.3 2.8 virginica : -
6.1 2.6 virginica Table 9: Test set

Table 8: Train set

32/145



Scikit-learn

Scikit-learn

Scikit-learn can also be used to calculate the confusion matrix and
evaluate model performance

1| from sklearn.metrics import confusion_matrix, classification_report,
precision_score

2
3| real = [’setosa’,’setosa’,’versicolor’,’versicolor’,’virginica’,’virginica’]
4| pred = [’setosa’,’setosa’,’versicolor’,’virginica’,’virginica’,’virginica’]
5
6| print (confusion_matrix(real, pred))
7| print (classification_report(real , pred))
8| print (precision_score(real , pred, average=’micro’))
precision recall fl-score support
[[2 0 0] setosa 1.00 1.00 1.00 2
[0 1 1] versicolor 1.00 0.50 0.67 2
[0 0 2]] virginica 0.67 1.00 0.80 2
0.8333333333333334 accuracy 0.83 6
macro avg 0.89 0.83 0.82 6
weighted avg 0.89 0.83 0.82 6
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A first classifier

Exercise

+ Using the data visualization of the Iris dataset, create a simple
threshold-based classifier to classify the different types of iris

- Evaluate the performance of your classifier on all the data

+ Make a graph to illustrate the class boundary

import pandas as pd
from sklearn.metrics import confusion_matrix
from sklearn.metrics import classification_report

# data reading
df = pd.read_csv(’data/iris.csv’, header=0)

© N O W N o

# create a threshold classifier
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A first classifier

Correction

import pandas as pd
from sklearn.metrics import confusion_matrix
from sklearn.metrics import classification_report

# lecture des donnees
df = pd.read_csv(’data/iris.csv’, header=0)

df [’pred’] = ’setosa’
df .loc[df [’petal_width’] > 0.8,’pred’] = ’versicolor’
df .loc[df [’petal_width’] > 1.7,’pred’] = ’virginica’

print (confusion_matrix (df [’pred’] , df[’species’]))
print (classification_report(df [’pred’] , df[’species’]))
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A first classifier

Correction

import pandas as pd
import matplotlib.pyplot as plt

df = pd.read_csv(’data/iris.csv’, header=0)
groups = df.groupby(’species’)

fig, ax = plt.subplots()
ax.margins (0.05)
for name, group in groups:

ax.plot(group.petal_length, group.petal_width, marker=’0’,

=4, label=name)

plt.xlabel("petal_length")
plt.ylabel("petal_width")
plt.title("Iris dataset")
plt.axhline (0.8)
plt.axhline(1.7)
ax.legend ()

plt.show ()

linestyle=’",

ms
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A first classifier

Correction
Iris dataset
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K-nearest neighbors

K-nearest neighbors method:

+ The 1-nearest-neighbor consists in finding the closest instance A in the
available data to instance B to classify. The class of A (which is known)
is then assigned to B

+ The K-NN (K-nearest neighbors) method consists in finding the K

nearest neighbors and assigning the majority class to the instance to
be classified

« Itis qualified as lazy learning as there is no model construction step

- It is necessary to have a distance between the instances (not trivial
depending on the type of data)
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K-nearest neighbors

K-nearest neighbors
Iris train Iris test
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K-nearest neighbors

K-nearest neighbors

Iris train Iris test
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K-nearest neighbors

K-nearest neighbors
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K-nearest neighbors

K-nearest neighbors
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K-nearest neighbors

K-nearest neighbors
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K-nearest neighbors

K-nearest neighbors method:

+ The most commonly used distance between two vectors is the
Euclidean distance:

+ There are many distances depending on the type of data

* Itis generally necessary to normalize the numeric attributes
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K-nearest neighbors

Normalization

- Need to normalize characteristics (e.g. age vs. salary)

- Several normalization techniques exist

Example: comparing customers

normalized data

raw data
Customer Age
Marie 24
Bruno 31

Laurent 27

Salary Customer Age Salary
1800 Marie 0,00 0,43
2200 Bruno 1,00 1,00
1500 Laurent 0,43 0,00

Normalization MinMax:

~ x—min(x)
‘= max(x) — min(x)
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K-nearest neighbors

Method implementation

import math

import numpy as np

import pandas as pd

from sklearn.metrics import confusion_matrix

from sklearn.metrics import classification_report
from sklearn.model_selection import train_test_split

# data reading
df = pd.read_csv(’data/iris.csv’, header=0)

# Euclidean distance function
def euclidean_distance(a, b):
sum = 0
for i in range(a.size-1):
sum += (alil-b[i])**2
return math.sqrt (sum)

# creation of train / test sets
X_train, X_test, y_train, y_test = train_test_split(df.iloc[:,0:-1],df.iloc

[:,-1], test_size=0.2)

prediction = np.zeros(X_test.shape[0],dtype=’object’)
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K-nearest neighbors

Method implementation

1| # nearest neighbor search
2| for i in range(X_test.shape[0]):

3 distMin = np.inf

4 indexMin = -1;

5 current = X_test.iloc[i,:]

6 for j in range(X_train.shape[0]):

7 t = X_train.ilocl[j,:]

8 dist = euclidean_distance (current,t)
9 if dist < distMin:

10 distMin = dist

n indexMin = j

12 prediction[i] = y_train.iloc[indexMin]

4| # classifier’s evaluation

15| cnf_matrix = confusion_matrix(prediction, y_test)
16| print (cnf_matrix)

17| print (classification_report (prediction, y_test))

NB: this is an underperforming implementation
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K-nearest neighbors

> woN

S v ®»~ o wu

N

Scikit-learn

* Implementation with scikit-learn

import numpy as np

import pandas as pd

from sklearn.metrics import confusion_matrix, classification_report
from sklearn.neighbors import KNeighborsClassifier

from sklearn.model_selection import train_test_split

# data reading
df = pd.read_csv(’data/iris.csv’, header=0)

# creation of train / test sets
X_train, X_test, y_train, y_test = train_test_split(df.iloc[:,0:-1],df.iloc
[:,-1], test_size=0.2)

# classifier creation
knn = KNeighborsClassifier (n_neighbors=3)
knn.fit(X_train, y_train)

predictions = knn.predict(X_test)
# classifier’s evaluation

print (confusion_matrix (predictions, y_test))
print (classification_report (predictions, y_test))
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K-nearest neighbors

Scikit-learn

+ Visualization of the class boundaries

1| import numpy as np
import matplotlib.pyplot as plt

2
3
4| from sklearn.datasets import load_iris

5| from sklearn.neighbors import KNeighborsClassifier
6

7

8

9

n_classes = 3
plot_colors = "ryb"
plot_step = 0.02
10| iris = load_iris ()
11| for pairidx, pair in enumerate ([[O, 1], [0, 2], [0, 3],
12 [1, 21, [1, 31, [2, 3]1]):
13 X = iris.datal:, pair]
% y = iris.target
15
16 clf = KNeighborsClassifier(n_neighbors=3).fit (X, y)
17
18 plt.subplot (2, 3, pairidx + 1)
19 x_min, x_max = X[:, 0].min() - 1, X[:, 0].max() + 1
20 y_min, y_max = X[:, 1].min() - 1, X[:, 1].max() + 1
21 XX, yy = np.meshgrid(np.arange(x_min, x_max, plot_step),
22 np.arange (y_min, y_max, plot_step))
23 plt.tight_layout (h_pad=0.5, w_pad=0.5, pad=2.5)
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K-nearest neighbors

Scikit-learn

+ Visualization of the class boundaries

plt.
plt.
plt.
plt.

Z = clf.predict(np.c_[xx.ravel(), yy.ravel()])
Z = Z.reshape (xx.shape)
cs = plt.contourf(xx, yy, Z, cmap=plt.cm.RdY1Bu)

plt.xlabel(iris.feature_names [pair [0]])
plt.ylabel (iris.feature_names [pair[1]])

for i, color in zip(range(n_classes), plot_colors):
idx = np.where(y == i)
plt.scatter (X[idx, 0], X[idx, 1], c=color, label=iris.target_names[i],
cmap=plt.cm.RdY1Bu, edgecolor=’black’, s=15)
suptitle ("Decision surface of a 3-NN using paired features")
legend(loc=’lower right’, borderpad=0, handletextpad=0)
axis ("tight")
show ()
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K-nearest neighbors

Scikit-learn

- Visualization of the class boundaries

Decision surface of a 3-NN using paired features
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Conclusion

Advantages

+ Easy to understand
« Explicability

+ Allows non-linear class boundaries

Drawbacks

- Requires the definition of a distance between instances
- Classification time increases with data
- Need to find the right K
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Decision tree

Decision tree

- Tree representation of a classification function

+ One of the best known and applied methods in classification
+ A whole family of algorithms (e.g. ID3, ID4, C4.5, C5.0)

« Allows processing both numerical and categorical data
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Decision tree

Example of data:

Sky Temperature | Humidity | Wind Play
sunny warm high weak no
sunny warm high strong no
cloudy warm high weak yes

rainy gentle high weak yes
rainy cold normal weak yes
rainy cold normal strong no
cloudy cold normal strong | yes
sunny gentle high weak no
sunny cold normal weak yes
rainy gentle normal weak yes
sunny gentle normal strong | yes
cloudy gentle high strong | yes
cloudy warm normal weak yes
rainy gentle high strong no
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Tree structure

Decision tree

« Constructed from the data

- Nodes: attributes
normal strong

» Edges: values
yes no yes no

« Leafs: decisions (classes)
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Tree structure

Decision tree

« Constructed from the data

strong * Nodes: attributes

yes no yes no » Edges: values

« Leafs: decisions (classes)

[ sky Temp.  Humidity Wind | Class |
[ sunny  warm high stong | 7 | Classification

« A new instance is tested by its
path from the root to the leaf
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Tree structure

Decision tree

« Constructed from the data

normal \high weak strong * Nodes: attributes
no

yes yes no » Edges: values

« Leafs: decisions (classes)

[ sky Temp.  Humidity Wind | Class |
[ sunny  warm high stong | 7 | Classification

« A new instance is tested by its
path from the root to the leaf
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Training algorithm

Strategy

);(:\) - Extend the structure

- T+ incrementally until a tree is

\ obtained

/@ ){:\ﬂn: Heuristic
+ - + L o * - + - . . .
/ l  Finding an evaluation
function that favours

discriminating attributes

+
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Decision tree algorithm (ID3)

1. it begins with the original set of samples E as the root node

2. on each iteration of the algorithm, it iterates through the unused
attributes of the set A and calculates Entropy (H) and Information gain
(1G) of this attribute

3. it selects the attribute which has the smallest Entropy or largest
Information gain.

4. the set E is then split by the selected attribute to produce a subset of
the data

5. the algorithm continues to recur on each subset, considering only
attributes never selected before
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Entropy

« Measurement of an amount of information or uncertainty

- Let p; the proportion of examples from class i in E:

H(E) = — Zic:1 pilogzpi

0.6

0.4 C

H(E) = ~ 2 pilogap;
F

0.2
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Entropy

« Measurement of an amount of information or uncertainty

- Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
no
no
no
no
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Entropy

« Measurement of an amount of information or uncertainty

- Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
no
no
no
no
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Entropy

« Measurement of an amount of information or uncertainty

« Let p; the proportion of examples from class i in E:

H(E) == Zic:1 pilogzpi

Example:

Play
yes
yes
yes
yes
no
no
no
no

H(E) = —(4/8) * logz(4/8)—(4/8) * l0ga(4/8) =1
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Entropy

« Measurement of an amount of information or uncertainty

« Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
no
no
no
no

H(E) = —(4/8) * [0g2(4/8)—(4/8) + [0g2(4/8) = 1
Entropy (uncertainty) is maximum
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Entropy

« Measurement of an amount of information or uncertainty

- Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
yes
yes
yes
yes
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Entropy

« Measurement of an amount of information or uncertainty

- Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
yes
yes
yes
yes
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Entropy

« Measurement of an amount of information or uncertainty

« Let p; the proportion of examples from class i in E:

H(E) == Zic:1 pilogzpi

Example:

Play
yes
yes
yes
yes
yes
yes
yes
yes

H(E) = —(8/8) + 0g2(8/8) = 0
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Entropy

« Measurement of an amount of information or uncertainty

« Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
yes
yes
yes
yes

H(E) = —(8/8) * l0og.(8/8) = 0
Entropy (uncertainty) is zero
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Entropy

« Measurement of an amount of information or uncertainty

- Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
yes
yes
yes
no
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Entropy

« Measurement of an amount of information or uncertainty

- Let p; the proportion of examples from class i in E:

H(E) = — 3¢, pilog,pi

Example:

Play
yes
yes
yes
yes
yes
yes
yes
no
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Entropy

« Measurement of an amount of information or uncertainty

« Let p; the proportion of examples from class i in E:

H(E) == Zic:1 pilogzpi

Example:

Play
yes
yes
yes
yes
yes
yes
yes
no

H(E) = —(7/8) = l0g2(7/8)—(1/8) * l0g>(1/8) ~ 0.54
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Entropy gain

- Decrease of the entropy generated by the partition of a set of
examples according to an attribute

« Let E be a set of examples, a an attribute and V(a) the values of a:

G(a, E) = H(E) — S ieyia 2t H(Eay)

Example:

Sky Play Sky Play
sunny yes sunny yes
sunny yes sunny yes
cloudy yes sunny no
cloudy yes — sunny no
sunny no cloudy yes
sunny no cloudy yes
cloudy no cloudy no
cloudy no cloudy no
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Entropy gain

- Decrease of the entropy generated by the partition of a set of
examples according to an attribute

« Let E be a set of examples, a an attribute and V(a) the values of a:

G(a, E) = H(E) — S ieyia 2t H(Eay)

Example:

Sky Play Sky Play
sunny yes sunny yes
sunny yes sunny yes
cloudy yes sunny no
cloudy yes — sunny no
sunny no cloudy yes
sunny no cloudy yes
cloudy no cloudy no
cloudy no cloudy no
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Entropy gain

- Decrease of the entropy generated by the partition of a set of
examples according to an attribute

* Let E be a set of examples, a an attribute and V(a) the values of a:

G(a,E) = H(E) — Xoey(a " H(Eay)

veV(a)
Example:

Sky Play Sky Play
sunny yes sunny yes
sunny yes sunny yes
cloudy yes sunny no
cloudy yes — sunny no
sunny no cloudy yes
sunny no cloudy yes
cloudy no cloudy no
cloudy no cloudy no

G(SRy,E) =1— ((0.5%1) + (0.5%1)) =0
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Entropy gain

- Decrease of the entropy generated by the partition of a set of
examples according to an attribute
+ Let E be a set of examples, a an attribute and V(a) the values of a:

G(a,E) = H(E) — Xtey(a) "2 H(Eay)

Example:

Sky Play Sky Play
sunny yes sunny yes
sunny yes sunny yes
cloudy yes sunny no
cloudy yes — sunny no
sunny no cloudy yes
sunny no cloudy yes
cloudy no cloudy no
cloudy no cloudy no

G(SkRy,E) =1— ((0.5+1) 4+ (0.5%1)) =0
Knowing the "Sky" attribute does not reduce entropy (uncertainty).
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Entropy gain

- Decrease of the entropy generated by the partition of a set of
examples according to an attribute

« Let E be a set of examples, a an attribute and V(a) the values of a:

G(a, E) = H(E) — S ieyia 2t H(Eay)

Example:

Sky Play
sunny yes
sunny yes
cloudy yes
cloudy yes

cloudy no
cloudy no
rainy no
rainy no
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Entropy gain

- Decrease of the entropy generated by the partition of a set of
examples according to an attribute

« Let E be a set of examples, a an attribute and V(a) the values of a:
Eav
6(a, E) = H(E) — Siev i H(Eay)

Example:

Sky Play
sunny yes
sunny yes
cloudy yes
cloudy yes

cloudy no
cloudy no
rainy no
rainy no
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Entropy gain

- Decrease of the entropy generated by the partition of a set of
examples according to an attribute

* Let E be a set of examples, a an attribute and V(a) the values of a:

G(a,E) = H(E) — Xoey(a " H(Eay)

Example:
Sky Play
sunny yes
sunny yes

cloudy yes
cloudy yes

cloudy no
cloudy no
rainy no
rainy no

G(SRy,E) =1—((0.25%0) + (0.5%1) + (0.25 %« 0)) = 0.5

56/145



Entropy gain

« Decrease of the entropy generated by the partition of a set of
examples according to an attribute

« Let E be a set of examples, a an attribute and V(a) the values of a:
G(a,E) = H(E) — Xtcy(a "2 H(Eay)

Example:

Sky Play
sunny yes
sunny yes
cloudy yes
cloudy yes

cloudy no
cloudy no
rainy no
rainy no

G(SRy,E) =1—((0.25 % 0) + (0.5%1) + (0.25 %« 0)) = 0.5

Knowing the "Sky" attribute reduces entropy (uncertainty), because when
there is sun, people always come to play, and don’t come when it rains.
56/145



Decision tree

Scikit-learn

« Decision tree implementation in scikit-learn

import pandas as pd

from sklearn.metrics import precision_score

from sklearn import tree

from sklearn import preprocessing

from sklearn.model_selection import train_test_split

df = pd.read_csv(’data/golf.csv’, header=0)

dummies = [pd.get_dummies(df[c]) for c in df.drop(’Play golf’, axis=1).columns]

binary_data = pd.concat(dummies, axis=1)
X = binary_data.values
le = preprocessing.LabelEncoder ()

y = le.fit_transform(df[’Play golf’].values)

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2,
stratify=y)

clf = tree.DecisionTreeClassifier ()
clf = clf.fit(X_train, y_train)

y_pred = clf.predict(X_test)
accuracy = precision_score(y_test, y_pred)
print (’DecisionTreeClassifier accuracy score: {}’.format(accuracy))
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Decision tree

Scikit-learn

Decision tree for the iris dataset

value = [0, 49, 5]

samples =
value =[50, 50 50]

X[1] <= 1.75

entropy = 0.5

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

X[0] <= 4. 35
entropy =
samples = 46
value = [0, 1, 45]

~
e:t[ryp; 1o5a| [entropy = 0.242 entropy = 0.0
= les = 3 samples = 43
samples = 48 samples = 6 sampl pl
value = [0, 47, 1] value = [0, 2, 4] value = [0, 1, 2] value = [0, 0, 43]
P4 N / k)
entropy = 0.0 entropy = 0. 0 entropy = 0.0 X[0] <= 5.45

samples = 47
value = [0, 47, 0]

samples
value = [0, 0, 1]

sample:
value = [0, 0, 3]

=3
value = [0, 2, 1]

P4 N

entropy = 0.0
samples

value = [0, 2, 0]

entropy = 0.0
samples = 1
value = [0, 0, 1]
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Decision tree

Continuous variables
Sky Temp. | Humidity | Wind Decision
Sunny 85 85 Weak No
sunny 80 90 Strong No
Overcast 83 78 Weak Yes
Rain 70 96 Weak Yes
Rain 68 80 Weak Yes
Rain 65 70 Strong No
Overcast 64 65 Strong Yes
Sunny 72 95 Weak No
Sunny 69 70 Weak Yes
Rain 75 80 Weak Yes
Sunny 75 70 Strong Yes
Overcast 72 90 Strong Yes
Overcast 81 75 Weak Yes
Rain 71 80 Strong No
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Decision tree

Continuous variable

* Impossible to calculate the gain for each value of a continuous

variable:
...H(Eremp.,ss) H(ETemp.,so) H(ETemP<,83)“'

+ Solution: discretization of the variable

< 70 = cold
[70 — 75] = gentle
>75=warm

+ Find the thresholds before or during the construction of the tree (Cs.5)

60/145



Decision tree

Scikit-learn

+ Visualization of the class boundaries

import numpy as np
import matplotlib.pyplot as plt

from sklearn.datasets import load_iris
from sklearn.tree import DecisionTreeClassifier

n_classes = 3

plot_colors = "ryb"

plot_step = 0.02

iris = load_iris()

for pairidx, pair in enumerate([[0O, 1], [0, 2], [0, 3],

[1, 21, [1, 3], [2, 311):

X = iris.datal:, pair]
y = iris.target

clf = DecisionTreeClassifier ().fit(X, y)

plt.subplot (2, 3, pairidx + 1)

x_min, x_max = X[:, 0].min() - 1, X[:, 0].max() + 1

y_min, y_max = X[:, 1].min(O) - 1, X[:, 1].max() + 1

XX, yy = np.meshgrid(np.arange(x_min, x_max, plot_step),
np.arange (y_min, y_max, plot_step))

plt.tight_layout(h_pad=0.5, w_pad=0.5, pad=2.5)
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Decision tree

Scikit-learn

+ Visualization of the class boundaries

plt.
plt.
plt.
plt.

Z = clf.predict(np.c_[xx.ravel(), yy.ravel()])

Z = Z.reshape (xx.shape)
cs = plt.contourf(xx, yy, Z, cmap=plt.

plt.xlabel (iris.feature_names [pair [0]]
plt.ylabel (iris.feature_names [pair [1]]

for i, color in zip(range(n_classes),
idx = np.where(y == i)
plt.scatter (X[idx, 0], X[idx, 11,

cm.RdY1Bu)

)
)

plot_colors):

c=color, label=iris.target_names[i],

cmap=plt.cm.RdY1Bu, edgecolor=’black’, s=15)

legend(loc=’lower right’, borderpad=0,
axis ("tight")
show ()

suptitle("Decision surface of a decision tree using paired features")

handletextpad=0)
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Decision tree

Scikit-learn

+ Visualization of the class boundaries

Decision surface of a decision tree using paired features
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Random forest

Random forest

* Builds multiple trees with data subsets

- Average tree predictions for the final decision

 Reduces overfitting

+ Can also be used to assess the importance of the attributes

Random Forest Simplified

Instance
Random Foresl /,_/A | “\,\_\
b CR \e\‘
CC-. Tree-n
Class-A Class-B Class-B

| Majority-Voting ]

Final-Class

source: https://commons.wikimedia.org/
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Conclusion

Advantages

+ Easy to understand

- Relatively short training time

« Very fast classification

+ Manages both numerical and categorical data

Drawbacks

- The model can get complicated with a lot of attributes.
- Difficulty for updating the model
- Not always efficient
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Support Vector Machine

SVM

« Support Vector Machine (SVM)
- Developed in the 1990s by Vladimir Vapnik
+ Notion of "support vectors"

+ Use of the concept of maximum margin (distance between the
boundary and the nearest samples)
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Support Vector Machine

General idea

* Prediction function:
y = h(x)
« Binary classification:
ye{-11}

« x is from class 1 if h(x) > o and from class -1 otherwise
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Support Vector Machine

General idea

+ The easiest case is the case of a linear function, obtained by linear
combination of the input vector x = (X, ..., Xy)", with a vector of weight
w= (W, ..., wy)" :

h(x) = w'x + wo

« The goal is to learn the function h(x) (a hyperplane) using the
following learning examples:

{0, 1), (%2, ), ooy s L), - - (%0, o)} € RMX{=1,1}

where [, are the labels, p is the size of the learning set, N is the size of
the input vectors

« If the problem is linearly separable, then we have
lkh(Xk)ZO 1§k§p

(WX +Wo) >0 1<R<p
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Support Vector Machine

Maximum margin

« In a linearly separable case we look for the separator hyperplane

« There are an infinite number of plans that have the same learning
performances but different generalization performances

- The margin is the distance between the hyperplane and the nearest
samples (called support vectors):

argmaxmin{||x — x¢|| : x € RY, w'x + wo = 0}
w,wo R

- So we have to find w and w; in order to determine the separator
hyperplane equation:

h(x) =w'x+wo =0
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Support Vector Machine

Example with a linearly separable classification problem:

—-10 4
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Support Vector Machine

Example with a linearly separable classification problem:
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Support Vector Machine

Example with a linearly separable classification problem:
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Support Vector Machine

Example with a linearly separable classification problem:
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Support Vector Machine

Example with a linearly separable classification problem:
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Support Vector Machine

Example with a linearly separable classification problem:

—-10 4
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Support Vector Machine

Example with a linearly separable classification problem:

—10 4

maximum = S&ITT--—o
margin

support vectors

4 é é % 8 9 10
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Support Vector Machine

Search for the optimal hyperplane

+ The margin is the smallest distance between the training samples and
the separating hyperplane that satisfies the separability condition:

lk(WTXk + Wo) >0

* The distance of a sample x, from the hyperplane is given by its
orthogonal projection on the weight vector:

le(W' Xk + Wo)
[Iw|

« The separator hyperplane (w, w,) of maximum margin is given by:

arg max{ Tl min [lk(w X + Wo)]}

w,Wo

« The Lagrange multiplier method is used to optimize the values of w
and wo
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Support Vector Machine

Non-linearly separable case

 The data is projected in a larger space using a kernel
« A non-linear transformation ¢ is applied to the input vectors x
« The ¢(X) arrival space is called the feature space

« In this space, we then look for the hyperplane:
h(x) = W' $(x) + wo

verifying:

lhh(Xk) >0
for all points x,, of the learning set, i.e. the hyperplane separator in the
feature space.

- With a "well chosen" kernel the calculation is done in the original
space which is less expensive (kernel trick)
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Support Vector Machine

Example with a non-linearly separable classification problem:

1.0 1

0.5 1

0.0 1

—0.5

—-1.0 4

—ZI'..O —(').5 0.0 0.5 1.0
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Support Vector Machine

Example with a non-linearly separable classification problem:

A linear SVM does not work
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Support Vector Machine

Example with a non-linearly separable classification problem:

1.04

0.8 1

0.6 1

0.2 1

-1.0 -0.5 0.0 0.5 1.0

Data transformation, Y = e~ ®*+")
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Support Vector Machine

Example with a non-linearly separable classification problem:

0.2 1

-1.0 -0.5 0.0 0.5 1.0

Applying an SVM in the feature space
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Support Vector Machine

Example with a non-linearly separable classification problem:

1.0 1

0.5 A

0.0 1

—0.5 1

—1.0 1

-1.0 -0.5 0.0 0.5 1.0

Boundaries in the original space
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Support Vector Machine

Choice of kernel function

* The ¢ transformation must meet certain conditions. It must
correspond to a scalar product in a large space.

+ The simplest example of a kernel function is the linear kernel:
K(Xi, %) = X{ - X;
« Common kernels used with SVMs are
- the polynomial kernel:
K(x, x;) = (X7 - x; + 1)

- the Gaussian kernel:

K(x,y) = exp (, Hx—yu2)

202
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Support Vector Machine

Scikit-learn

+ SVM implementation in scikit-learn

import pandas as pd

from sklearn import svm

from sklearn.model_selection import train_test_split
from sklearn.metrics import confusion_matrix

from sklearn.metrics import classification_report

# data reading
df = pd.read_csv(’data/iris.csv’, header=0)

# creation of train / test sets
X_train, X_test, y_train, y_test = train_test_split(df.iloc[:,0:-1],df.iloc
[:,-1], test_size=0.2)

# classifier creation
svm = svm.SVC(kernel=’rbf’, C=1E6, gamma=’auto’)
svm.fit (X_train, y_train)

predictions = svm.predict(X_test)

# classifier’s evaluation

cnf_matrix = confusion_matrix(predictions, y_test)
print (cnf_matrix)

print (classification_report (predictions, y_test))
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Support Vector Machine

Scikit-learn

+ Visualization of the class boundaries

import numpy as np
import matplotlib.pyplot as plt

from sklearn.datasets import load_iris
from sklearn import svm

n_classes = 3

plot_colors = "ryb"

plot_step = 0.02

iris = load_iris()

for pairidx, pair in enumerate([[0, 1], [0, 2], [0, 3],

[1, 21, [1, 31, [2, 3]1]):

X = iris.datal[:, pair]
y = iris.target
clf = svm.SVC(kernel=’rbf’).fit(X, y)
plt.subplot (2, 3, pairidx + 1)
x_min, x_max = X[:, 0].min() - 1, X[:, 0].max() + 1
y_min, y_max = X[:, 1].min() - 1, X[:, 1].max() + 1
XX, yy = np.meshgrid(np.arange(x_min, x_max, plot_step),

np.arange (y_min, y_max, plot_step))

plt.tight_layout (h_pad=0.5, w_pad=0.5, pad=2.5)

741145



Support Vector Machine

Scikit-learn

+ Visualization of the class boundaries

plt.
plt.
plt.
plt.

Z = clf.predict(np.c_[xx.ravel(), yy.ravel()])
Z = Z.reshape (xx.shape)
cs = plt.contourf(xx, yy, Z, cmap=plt.cm.RdY1Bu)

plt.xlabel(iris.feature_names [pair [0]])
plt.ylabel (iris.feature_names [pair[1]])

for i, color in zip(range(n_classes), plot_colors):

idx = np.where(y == i)

plt.scatter (X[idx, 0], X[idx, 1], c=color, label=iris.target_names[i],

cmap=plt.cm.RdY1Bu, edgecolor=’black’, s=15)

suptitle("Decision surface of a GaussianNB using paired features")
legend(loc=’lower right’, borderpad=0, handletextpad=0)
axis ("tight")
show ()
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Support Vector Machine

Scikit-learn

- Visualization of the class boundaries

Decision surface of an SVM using paired features
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Conclusion

Advantages

« Ability to handle large dimensions
« Resolution of non-linear problems with the use of kernels

+ Robust against outliers

Drawbacks

- Difficulty in identifying the right parameter values
- Problem when classes are too noisy (multiplication of support points)

- Difficulty of interpretation (relevance of variables)
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Neural Networks




History

1960s: Rosenblatt programmed a perceptron (binary classifier)

1969: Minsky and Papert showed the problem of non-linear decisions
1970s: Al Winter

1974: Werbos during his thesis proposed the retropropagation algo
1986: Rumelhart, Hinton and Williams rediscovered the algorithm...
1990s: Convolutional neural networks by Yann LeCun

Deep Neural Network

L
Multi-layered m (Pretraining)

Perceptron
sone [JEEY (Backpropagation)

Perceptron

Godenrge | purkige Chiwimer)

source: https://beamandrew.github.io/deeplearning/2017/02/23/deep_learning_101_parti.html
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The perceptron
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Perceptron

« Alinear perceptron takes as input n values x4, . .., x, (with an input
Xo = 1) and computes an output o

 The parameters to be learned are the weights wo, ..., w,

+ The output o consists of calculating 3_; w;x; and applying an activation
function to it

- The activation function in the case of the perceptron is the Heaviside
function defined by:

o0 else

f(x){ 1 ifx>o0
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Perceptron:

B
G
@

Activation function

input  weights
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The "classical" training algorithm

1. The perceptron weights are initialized to a random value

2. Each time a new example is presented, the weights are adjusted
according to whether or not the perceptron has correctly classified it

3. The algorithm stops when all examples have been presented without
modifying any weights
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Error correction algorithm

Input : A set of examples x,, ..., x, and the expected outputs ¢
Random initialisation of the weights w; for i between 0 and n
Repeat

Choose an example
Calculate the output o of the perceptron for the example
- - Updating weights - -
Forifromoton
w; = w; + (€ — 0)X;
endFor
endRepeat
Output : a perceptron defined by (wo, ws, ..., wp)
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Error correction algorithm

Input : A set of examples x,, ..., x, and the expected outputs ¢
Random initialisation of the weights w; for i between 0 and n
Repeat

Choose an example
Calculate the output o of the perceptron for the example
- - Updating weights - -
Forifromoton
w; = w; + (€ — 0)X;
endFor
endRepeat
Output : a perceptron defined by (wo, ws, ..., wp)
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Gradient descent method
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Neural Networks

General case

« Learn any function (not necessarily binary)

« For example, a linear function:y =wx*x+b

+ Learn w and b from examples

 Need to evaluate the error given a value for w and b:

n

1

L(w) = Z (vi = (wxxi + b))’ (1)

« The goal is to find the values of w and b that minimize L
Neural networks steps

1. Define a model (e.g. linear function)
2. Define an objective (e.g. cost function)

3. Minimize the objective function
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Example: Boston House Prices

Predict y based on x.

50
40

30

N
5}

House price (y)
[}

Number of rooms (x)

86/145



Define a model

A hypothesis:
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Hypothesis: polynom

y=h(X)=w,*x>*+w,xx+b
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House price (y)

Number of rooms (x)
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Hypothesis: circle

§=h(x) =+ — VX —b?
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House price (y)

Number of rooms (x)
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Hypothesis: complex function

¥ =h(x) = f(x,ws, Ws, ..., Wp)

50
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House price (y)

Number of rooms (x)
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Defining an objective

Cost function:

L(h) 3)

Goal:
min L(h) (4)

93/145



Definition of the objective is independent to the model

House price (y)

50

40

30

20

Number of rooms (x)
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Minimizing a cost function

1200

1000 local
minimum

local
minimum
800

global
minimum

cost function (L)

-2 0 2 4 6 8
values of w

95/145



Brute force method

1200

1000

if the algorithm starts here
it will find a bad result

800

cost function (L)

-2 0 2 4 6 8
values of w
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Brute force method

Do not apply brute force because:

+ Very slow and costly method
* It's hard to know which w to start with

* You can hit a bad minimum
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Gradient method

1200

o
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15}

negative gradient

800 positive gradient

600

cost function (L)
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zero gradient
200
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values of w
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Optimal solution

Goal: Find w for
A _, (5)
ow

Several methods exist:

* Invert the normal equations
+ Orthogonal decomposition

Limitations:

« Very slow methods, especially if the model is complex

« Problem if more than one solution exists for Eq. (5)
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Optimal solution

Goal: Find w for
A _, (5)
ow

Several methods exist:

* Invert the normal equations
+ Orthogonal decomposition

Limitations:

« Very slow methods, especially if the model is complex

« Problem if more than one solution exists for Eq. (5)

— Gradient descent method
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Cost decreases

1200
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Cost increases

1200
gradient dL/dw=285.71 > 0
means that L increases if w increases
—~ 1000
—
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O 800
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& 600 <€ dL
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© 400
200
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How to update w?

Weigths updating

W=W—a—0 (6)

+ w: all the parameters to be learned (weights)
« L: the cost function to minimize
* «a: the learning rate controlling the update of w

« “_": (the minus sign) means that w is updated in the opposite
direction of the variation of L = the error is minimized
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Why do we need o the learning rate?

1200

1=}
S
o

too large step

cost function (L)

too small step

200

values of w
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Good choice of o

How to chose o?

« Avery large a can cause the missing of the target

+ Avery small « can lead to too slow convergence requiring too many
iterations
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Good choice of o

How to chose o?

« Avery large a can cause the missing of the target

+ Avery small « can lead to too slow convergence requiring too many
iterations

= You have to choose « to balance the available computing time with the
precision of the minimum you want to achieve
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Linear regression
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Cost function

General formulation: .
1 .
Lw) = ; error(y;, yi) )
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Cost function

General formulation: .
1 .
Lw) = ; error(y;, yi) )
The root mean square error:
1 n
e o — A. 2
Lw) = = > (vi = Ji(w)) (8)
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Cost function

General formulation: .
1 .
Lw) = ; error(y;, yi) )
The root mean square error:
1 n
e o — A. 2
Lw) = = > (vi = Ji(w)) (8)

i=1
The root mean square error for linear regression:

n

L(w,b) = 3" (i — (W x;+ b))’ (9

i=1
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Cost function

General formulation: .
1 .
Lw) = ; error(y;, yi) )

The root mean square error:

n

Lw) = 257 3~ Gi(w))? (8)

i=1
The root mean square error for linear regression:

n

L(w,b) = 3" (i — (W x;+ b))’ (9

i=1

For linear regression: two parameters to learn w and b
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Multi-variable linear regression

If the instance has several attributes:

« Example: predict the price of a house based on the number of rooms,
the population of the neighborhood, the climate of the region, etc.
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Multi-variable linear regression

If the instance has several attributes:
« Example: predict the price of a house based on the number of rooms,
the population of the neighborhood, the climate of the region, etc.

« Instead of a single w we will have W = (w4, w>, . .., w;) for r different
attributes
+ The same process is repeated for each w; € W
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Multi-variable linear regression

If the instance has several attributes:

« Example: predict the price of a house based on the number of rooms,
the population of the neighborhood, the climate of the region, etc.

« Instead of a single w we will have W = (w4, w>, . .., w;) for r different
attributes

+ The same process is repeated for each w; € W

« The model becomes: y; = b + 37, w; X

- With x; ; the j* attribute of the i instance of the training set X
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Example of linear regression with a neuron (perceptron)

gradient
descent

surface (x4) W,

Wy

>

number of
X rooms (X,)
W3
mean
temperature (x3)
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Normalization of input data

Normalization of input data:

+ Consists of setting each attribute between o and 1

- This is important to ensure that all attributes contribute equally
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Normalization of input data

Normalization of input data:

+ Consists of setting each attribute between o and 1

- This is important to ensure that all attributes contribute equally
+ For example:

« The surface area of a house is between 0 and 1000 m?
» The number of rooms is between 0 and 10
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Normalization of input data

Normalization of input data:

+ Consists of setting each attribute between o and 1

- This is important to ensure that all attributes contribute equally

» For example:
« The surface area of a house is between 0 and 1000 m?
» The number of rooms is between 0 and 10

Without normalizing — a small variation in the number of rooms does
not have a big effect compared to the large values of the surface area —-
the model will have difficulties to learn
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Normalization of input data

Normalization of input data:

+ Consists of setting each attribute between o and 1

- This is important to ensure that all attributes contribute equally
» For example:

« The surface area of a house is between 0 and 1000 m?
» The number of rooms is between 0 and 10

Without normalizing — a small variation in the number of rooms does
not have a big effect compared to the large values of the surface area —-
the model will have difficulties to learn
B X:?,' — min(X:y,-)
Y max(X. ;) — min(X. ;)

Vie[,...,rn (10)

r being the number of attributes in the dataset
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Classification with neural nets
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Example of binary classification

Petal
Samples ~
(instances, observations)

|1 5.1 3.5 1.4 0.2 Setosa
2 4.9 3.0 14 0.2 Setosa
50 |64 35 45 1.2 Versicolor
150 | 5.9 3.0 5.0 1.8 Virginica

T [ — N

\ Sepal
/ Class labels

Features (targets)
(attributes, measurements, dimensions)

source: https://rpubs.com/wjholst/322258
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Binary problem: setosa or not?

‘ Catego ry H SL (Sepal Length) ‘ SW (Sepal Width) ‘ PL (petat Length) ‘ PW (petal width) ‘
Setosa (0) 5.1 3.5 1.4 0.2
Versicolor (1) 6.4 3.5 4.5 1.2

Virginica (2) 5.9 3.0 5.0 1.8

Table 10: Iris data overview
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Binary problem: setosa or not?

‘ Catego ry H SL (Sepal Length) ‘ SW (Sepal Width) ‘ PL (petat Length) ‘ PW (petal width) ‘
Setosa (0) 5.1 3.5 1.4 0.2
Versicolor (1) 6.4 3.5 4.5 1.2
Virginica (2) 5.9 3.0 5.0 1.8
Table 10: Iris data overview
Category H SL (sepattength) | SW (sepatwidth) | PL (Petal tength) | PW (petal width)
Setosa (0) 541 3.5 1.4 0.2
Non-Setosa (1) 6.4 3.5 4.5 1.2
Non-Setosa (1) 5.9

3.0 5.0 1.8

Table 11: Iris data for binary classification
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Data pre-processing

Data pre-processing:

+ Normalize the data so that everything is between 0 and 1
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Data pre-processing

Data pre-processing:

+ Normalize the data so that everything is between 0 and 1
« Transforming the categories: (string) = (integer)

- Iris-Setosa = 0
« Iris-Versicolor (non-Setosa) = 1
« Iris-Virginica (non-Setosa) = 1
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Data pre-processing

Data pre-processing:

+ Normalize the data so that everything is between 0 and 1
« Transforming the categories: (string) = (integer)

- Iris-Setosa = 0
« Iris-Versicolor (non-Setosa) = 1
« Iris-Virginica (non-Setosa) = 1

- Divide the dataset into train and test subsets
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Classification with neural nets

Different steps:

1. Define a model (hypothesis)
2. Define an objective (cost function)

3. Minimize the cost function using gradient descent method
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First step: define the model according to the data

‘ Y(Category) H X1 (Sepal Length) ‘ X2 (Sepal Width) ‘ X3 (Petal Length) ‘ XL, (Petal Width) ‘

O (setosa) 5.1 3.5 1.4 0.2
1 (non-Setosa) 6.4 3.5 4.5 1.2
1 (non-Setosa) 5.9 3.0 5.0 1.8

Goal: predict category Y given X = (X1, X2, X3, X,)
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First step: define the model according to the data

‘ Y(Category) H X1 (Sepal Length) ‘ X2 (Sepal Width) ‘ X3 (Petal Length) ‘ XL, (Petal Width) ‘

O (setosa) 5.1 3.5 1.4 0.2
1 (non-Setosa) 6.4 3.5 4.5 1.2
1 (non-Setosa) 5.9 3.0 5.0 1.8

Goal: predict category Y given X = (X1, X2, X3, X,)

+ We know that we want to predict either o (Setosa) or 1 (Non-Setosa)
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First step: define the model according to the data

‘ Y (Category) H X1 (Sepal Length) ‘ X2 (Sepal Width) ‘ X3 (Petal Length) ‘ XL, (Petal Width) ‘
O (setosa) 5.1 3.5 1.4 0.2
1 (non-Setosa) 6.4 3.5 4.5 1.2
1 (non-Setosa) 5.9 3.0 5.0 1.8

Goal: predict category Y given X = (X1, X2, X3, X,)
+ We know that we want to predict either o (Setosa) or 1 (Non-Setosa)

- Probabilistic: Predict Y the probability that class is 0 or 1
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First step: define the model according to the data

‘ Y (Category) H X1 (Sepal Length) ‘ X2 (Sepal Width) ‘ X3 (Petal Length) ‘ XL, (Petal Width) ‘
O (setosa) 5.1 3.5 1.4 0.2
1 (non-Setosa) 6.4 3.5 4.5 1.2
1 (non-Setosa) 5.9 3.0 5.0 1.8

Goal: predict category Y given X = (X1, X2, X3, X,)
+ We know that we want to predict either o (Setosa) or 1 (Non-Setosa)
- Probabilistic: Predict Y the probability that class is 0 or 1

« Probability = real value between 0 and 1
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First step: define the model according to the data
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‘ Y (Category) H X1 (Sepal Length) ‘ X2 (Sepal Width) ‘ X3 (Petal Length) ‘ XL, (Petal Width) ‘
O (setosa) 5.1 3.5 1.4 0.2
1 (non-Setosa) 6.4 3.5 4.5 1.2

1 (non-Setosa) 5.9 3.0 5.0 1.8

Goal: predict category Y given X = (X1, X2, X3, X,)

+ We know that we want to predict either o (Setosa) or 1 (Non-Setosa)
- Probabilistic: Predict Y the probability that class is 0 or 1

« Probability = real value between 0 and 1

« Choose a hypothesis that satisfies the condition 0 < § = h(x) <1

« Problem: the linear regression does not satisfy this condition
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First step: define the model according to the data

Difference between regression and classification with linear regression:

Regression Classification (regression linéaire)
25
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First step: define the model according to the data

1

Logistic function (sigmoid) : 0(2) = ;2=

Sigmoid Function

~1%10-9-8-7-6-5-4-3-2-10 1 2 3 4 5 6 7 8 91011
X Axis
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First step: define the model according to the data

1

Logistic function (sigmoid) : 0(2) = ;2=

Sigmoid Function Classification (regression linéaire)
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First step: define the model according to the data

o e . . . . _ 1
Logistic function (sigmoid) : 0(2) = ;2=
Classification (regression logisitique) Classification (regression linéaire)
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First step: define the model according to the data

gradient descent

sepal _logistic function
length X;

sepal
width X,

>

X petal
length X3

petal
width X,
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Defining our objective: mean square error?

For linear regression:

n

1 N N
Liw) = - Z vi—yiw))* | Yi=WxX;+b (1)
=1

values of w
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Defining our objective: mean square error?

For linear regression:
1< . R
Lw) = 2D i =Jiw)) | Ji=WeXi+b (1)
=1

The shape of the curve is convex in this case:

values of w

— itis easy to find the minimum with the gradient descent method
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Defining our objective: mean square error?

The root mean square error for the logistic regression yields:

n

Lw) = S i —Giw)* | Ji=o(WsX;+Db) (12)

i=1

o being non-linear we have a non-convex cost function:

many local minima

the goal is difficult
to find

values of w
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Defining our objective: mean square error?

The root mean square error for the logistic regression yields:

n

Lw) = S i —Giw)* | Ji=o(WsX;+Db) (12)

i=1

o being non-linear we have a non-convex cost function:

many local minima

the goal is difficult
to find

values of w
= itis necessary to define a new cost function that is convex
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Defining our objective: cross-entropy

Cross-entropy is a good cost function:

1 n
=2 LW | Lw) = Zy,c « log(Vic) (13)
=1

values of w
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Defining our objective: cross-entropy

Cross-entropy is a good cost function:

1 n
=2 LW | Lw) = Zy,c « log(Vic) (13)
=1

For a binary classification we havec =2 = Y., =1—V_,

values of w

= convex function easy to optimize without local minima
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Binary classification

The model: logistic regression

J=0o(W=xX+b) (14)
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Binary classification

The model: logistic regression
y=0o(WxX+Db) (12)
Cost function: cross-entropy

L(w) = —ylog(y) — (1—y)log(1—y) (15)
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Binary classification

The model: logistic regression
y=0o(WxX+Db) (12)
Cost function: cross-entropy
L(w) = —ylog(y) — (1 —y) log(1—¥) (15)
Optimisation algorithm: gradient descent

_ aL(w)
Wfoai%T (16)
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Binary classification

The model: logistic regression
J=o(WxX+b)
Cost function: cross-entropy
L(w) = —ylog(y) — (1 —y)log(1 - ¥)
Optimisation algorithm: gradient descent

aL(W)
oW

— gradient descent algorithm stay unchanged

W=W-«

only the calculation of % change:

n

WZW—%Z(V,'—Y:')*X:'

i=1

(14)

(15)

(16)

(17)
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Multi-class problems
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Softmax Classifier: C neurons for C classes

Setosa

probability of class-0

Versicolor

>

probability of class-1

probability of class-2

124/145



Multi-layer networks
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A single-layer network (logistic regression)

Setosa

probability of class-0

Versicolor

>

probability of class-1

probability of class-2
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A multi-layer network (only one hidden layer)

probability of class-0

y

probability of class-1

probability of class-2




Why do we need to add hidden layers?

Necessary for learning non-linear functions

y=nh(X) | h beinga nonlinear function (18)
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Why do we need to add hidden layers?

Necessary for learning non-linear functions

y=nh(X) | h beinga nonlinear function (18)

Logistic regression gives a linear decision because there is no non-linear
interaction between the terms X, and X, for example

¥ = (W% Xy + Ws % X; + b) (19)
To make it non-linear you have to add interaction terms
V=W Xy 4+ Wo s Xo 4+ Wy 5 Xy % Xo + W, X2 +Ws X5 +---+b) (20)

This is difficult to do for several reasons:

- Large number of attributes X: an image of 128 x 128 pixels for example
« We don't know what kind of interaction: X2 x v/X, or X2 « X3 ?
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Why is it difficult to train multi-layer networks?

Setosa

probabilité
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Why is it difficult to train multi-layer networks?

We only know what should be the output of a neuron belonging to the last
layer (not hidden)
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Why is it difficult to train multi-layer networks?

We only know what should be the output of a neuron belonging to the last

layer (not hidden)

— We can calculate the error for these neurons

— We can apply the gradient descent

We don’t know what the output of a neuron belonging to a hidden layer
must be

— We can't calculate the error for these neurons
= You cannot directly apply the gradient descent

We must find a way to estimate the error for such a neuron belonging to a
hidden layer: backpropagation
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Gradient backpropagation




The cost function is independent of the model

For a binary classification problem: Binary Cross-Entropy

L(w) = —ylog(y) — (1 - y) log(1 - ¥) (21)

Our goal is to minimize L(w) by varying w
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Propagation (Forward pass)

The output of the network is calculated such that:

y:O'(W1 *A1+W2 *Az) (22)
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Propagation (Forward pass)

The output of the network is calculated such that:
y:O'(W1 *A1+W2 *Az) (22)
A; activations of neurons i belonging to the hidden layer:

A = O’(W,’A * X1+ Wi, * Xz) (23)
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Backpropagation (Backward pass)

backpropagation

For w, and w, gradient descent can easily be applied
oL
aW,‘

Wi = Ww; (24)
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Backpropagation (Backward pass)

backpropagation

For w, and w, gradient descent can easily be applied

W =W, — « oL (24)
e ow;
We calculate the derivative with respect to w;
oL ~
== —y) A (25)

ow;
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Backpropagation (Backward pass)

backpropagation

For w; , (or w; ,) the derivative cannot be calculated directly

oL
aWin

(26)
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Backpropagation (Backward pass)

backpropagation

For w; , (or w; ,) the derivative cannot be calculated directly

oL
an (26)
According to the derivation theorem for compound functions
oL oL oA
= (27)

8Wi,1 - (97/4,'8W,"1
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Backpropagation (Backward pass)

oL OL oA

aWM B aiAiaWin (28)

Equation (28) allows to calculate derivatives for any number of layers —
allows to train a multi-layer network
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Gradient descent for weight of a hidden neuron

The gradient descent can now be applied

Wi = Wiy — a s Xy« Wi« Ai(1—A) (I — ) (29)
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We can see how the error term (y — y) (calculated for the output layer) is
propagated to perform the gradient descent on a neuron belonging to a
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Gradient descent for weight of a hidden neuron

The gradient descent can now be applied

Wi = Wiy — a s Xy« Wi« Ai(1—A) (I — ) (29)

We can see how the error term (y — y) (calculated for the output layer) is
propagated to perform the gradient descent on a neuron belonging to a
hidden layer

Propagated —- Backpropagation of the gradient (or error)

By repeating this process for each hidden layer, a multi-layer network is
created: the error spreads from one layer to another.
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Activation functions

A hidden neuron receives from the previous layer: z = W « X + b
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Activation functions

A hidden neuron receives from the previous layer: z = W « X + b
This neuron performs a non-linear interaction between its inputs
This requires that the output (or activation) of the neuron: A = f(z)
With f(.) being a non-linear function for example: o(.), tanh(.)

If f(.) is linear the network will learn only linear decisions
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Good generalization: neither overfitting nor underfitting
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SCikit-learn implementation
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Neural networks

Scikit-learn

import pandas as pd

from sklearn import preprocessing

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.neural_network import MLPClassifier

from sklearn.metrics import classification_report, confusion_matrix

df = pd.read_csv(’data/iris.csv’, header=0)
X = df.iloc[:, 0:4]
y = df.select_dtypes(include=[object])

le = preprocessing.LabelEncoder ()
y = y.apply(le.fit_transform)

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size

scaler = StandardScaler ()
scaler.fit(X_train)

X_train = scaler.transform(X_train)
X_test = scaler.transform(X_test)

mlp = MLPClassifier(hidden_layer_sizes=(10, 10, 10),
mlp.fit(X_train, y_train.values.ravel())

predictions = mlp.predict(X_test)

print (confusion_matrix (y_test ,predictions))

print (classification_report(y_test,predictions))

max_iter=1000)

0.20)
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Neural networks

Scikit-learn

+ Visualization of the class boundaries

1| import numpy as np
import matplotlib.pyplot as plt

2
3
4| from sklearn.datasets import load_iris

5| from sklearn.neural_network import MLPClassifier
6

7

8

9

n_classes = 3
plot_colors = "ryb"
plot_step = 0.02
10| iris = load_iris()
11| for pairidx, pair in enumerate ([[O, 1], [0, 2], [0, 3],
12 [1, 21, [1, 31, [2, 3]1]):
13 X = iris.datal[:, pair]
14 y = iris.target
15
16 clf = MLPClassifier (hidden_layer_sizes=(10, 10, 10), max_iter=1000).fit(X, y
)
17
18 plt.subplot (2, 3, pairidx + 1)
19 x_min, x_max = X[:, 0].min() - 1, X[:, 0].max() + 1
20 y_min, y_max = X[:, 1].min() - 1, X[:, 1].max() + 1
21 xx, yy = np.meshgrid(np.arange(x_min, x_max, plot_step),
22 np.arange (y_min, y_max, plot_step))
23 plt.tight_layout (h_pad=0.5, w_pad=0.5, pad=2.5)
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Neural networks

Scikit-learn

+ Visualization of the class boundaries

plt.
plt.
plt.
plt.

Z = clf.predict(np.c_[xx.ravel(), yy.ravel()])
Z = Z.reshape (xx.shape)
cs = plt.contourf(xx, yy, Z, cmap=plt.cm.RdY1Bu)

plt.xlabel(iris.feature_names [pair [0]])
plt.ylabel (iris.feature_names [pair[1]])

for i, color in zip(range(n_classes), plot_colors):
idx = np.where(y == i)
plt.scatter (X[idx, 0], X[idx, 1], c=color, label=iris.target_names[i],
cmap=plt.cm.RdY1Bu, edgecolor=’black’, s=15)
suptitle("Decision surface of a GaussianNB using paired features")

legend(loc=’lower right’, borderpad=0, handletextpad=0)
axis ("tight")
show ()

4[145



Neural networks

Scikit-learn

- Visualization of the class boundaries

Decision surface of an MLP using paired features
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