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Laborator 1

Cuprins

= Introducere in algoritmi de clasificare
» Introducere Weka

s Evaluarea performantei de clasificare
= Exercitii
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l. Introducere

Ce este Machine learning?

e Exemplu aplicatie: Este foarte greu de scris un algoritm care
recunoaste un set de gesturi statice / dinamice sau care sa rezolve
problema de recunoastere a fetei:

— Nu stim cum functioneaza creierul uman pentru a clasifica
gesturile;

— Chiar daca am sti nu am avea idee cum sa programam
deoarece ar fi foarte complicat;

— Ar trebui sa scriem o functie diferita pentru fiecare gest.

e Tn loc s3 scriem programe foarte multe, putem colecta exemple
care specifica fiecare gest;

e Un algoritm de invatare va prelua aceste exemple si va “creea” un
program care va face aceasta clasificare in mod automat;
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l. Introducere

Ce este Machine learning?
e Exista mii de algoritmi de invatare / sute dintre ei apar anual;
e Exista mai multe tipuri de invatare:

invatare supervizata
* datele de antrenare contin si iesirea dorita;

fnvatare nesupervizat3

e datele de antrenare nu contin iesirea dorita (clusterizare);

* ideea de baza este de a se gasi sabloane si pattern-uri in date care
sa fie evidentiate in mod automat.

fnvatare semi-supervizata
* doar o parte din datele de antrenare contin iesirea dorita;
Reinforcement Learning

e seinvata in functie de feedback-ul primit dupa ce o decizie este
luata.
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l. Introducere
Invatare supervizat3

y = fT(X)

_ Functia de Trasatura
lesire  predictie extrasa

Antrenare: fiind data o multime de antrenare impreuna cu raspunsul dorit
{(x,yq), -, (X, Yn)) se estimeaza predictia functiei f prin minimizarea
erorii de predictie pe multimea de antrenare;

Testare: se aplica functia f pe un exemplu de test x(care nu a fost folosit in
procesul de antrenare) si prezinta iesirea functiei y = f(x).
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l. Introducere
Invatare supervizat3

Model de baza

Antrenare

/ Imaginile de \

antrenare
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date

antrenare
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Trasaturi
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l. Introducere

Invatare supervizat3
Model de baza

Testare

' =

-

\_

Extragere
trasaturi (X)

~N

J

4 Aplicare
functie de
predictie

. f(x)

~

J

ﬂ[ Predictie ]
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l. Introducere
Invatare supervizat3

Ce sunt trasaturile?

- muchii

PA N+ X

culoare ”jjgg!lﬂ —> textura
evve e0 0 00 R SESNINZZ

é - forma

puncte de
interes
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l. Introducere
Invatare supervizat3

Invatare supervizatid — schema de baza

X
X2
XN
Variabile de intrare: X = (Xl’ XZ’ y XN )
Variabile ascunse: h = (h1 h2 hK )
Variabile de iesire: y — (yl y2 _ yK )
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l. Introducere
Invatare supervizat3

Algoritmi existenti

e Support vector machines (SVM),
 Deep learning,

* Retele recurente,

* Retele bayesiene,

e Random forest,

 K-nearest neighbor (k-NN),

Etc.

Care este cel mai bun algoritm?
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l. Introducere
Invatare supervizat3

Teorema “No free lunch”

“there’s
no such thing
as a free
lunch.”

p

[https://cynicalbabblings.wordpress.com]
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Il. Weka

Informatii generale

* Reprezinta o colectie de algoritmi de Machine Learning pentru diferite
probleme de data-mining;

 Dezvoltat de catre Universitea din Waikato, Noua Zeelanda;
* Open-Source dezvoltat in JAVA (GNU General Public License);

e Trasaturi principale:
* intrumente de preprocesare,

* algoritmi de invatare,

e algoritmi de clusterizare,
* reguli de asociere,

*  metode de evaluare,

* interfata grafica,

* instrumente pentru comparatia clasificatorilor.
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Il. Weka

Documentatie

e Site-ul Weka:

http://www.cs.waikato.ac.nz/~ml/weka/

 Documentatie Weka:
http://transact.dl.sourceforge.net/sourceforge/weka/WekaManual

-3.6.0.pdf

http://www.cs.waikato.ac.nz/ml/weka/documentation.html

e  Tutoriale video:

https://weka.waikato.ac.nz/explorer

15.05.2018 TACAI — dr.ing. lonut Mironica
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http://www.cs.waikato.ac.nz/~ml/weka/
http://transact.dl.sourceforge.net/sourceforge/weka/WekaManual-3.6.0.pdf
http://www.cs.waikato.ac.nz/ml/weka/documentation.html
https://weka.waikato.ac.nz/explorer

Il. Weka

Interfata

Exporer:

- reprezinta componenta principala vizuala din

Weka. Contine mai multe componente:
* Preprocess: optiuni de incarcare a bazelor
de date (format arff / csv) / conectare Sql /
procesari atasate datelor.

Clasiffy: algoritmi de clasificare;

L Weka GUI Chooser

e Associate: algoritmi de asociere;

Program Visualization Teools Help

The University
of Waikato

Cluster: algoritmi de Tnvatare nesupervizata
Select attributes: algoritmi de detectie a
Explorer atributelor
* Visualize: modalitati de vizualizare a datelor.
Experimenter o

Applications

KnowledgeFlow

\ Experimenter:

Wiikato Environment for Knowledge Anahysis
Version 3.6.12

(c) 1995 - 2014
The University of Waikato
Hamilton, New Zsaland

- permite configurarea unui sistem ce asigura
Simple CLI \

comparatia sistematica a perfomantelor

algorimilor de clasificare pe diferite colectii de
baze de date.

KnowledgeFlow:
- permite configurarea de fluxuri automate.

SimpleCLI:
- consola de apelare a functiilor de clasificare.

15.05.2018
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Il. Weka
CLI vs GUI

> help

Command must be cne of:

java <classname)> <args> [ > file]
break

kill

cls

history

exitc

help <command>

* Recomandat pentru utilizarea in
profunzime a algoritmilor;

» Ofera functionalitati indisponibile in
interfata grafica.

* Mai usor de utilizat;

[+) 0 Weks S nowietge Lsparw
ooy | ocare | Sewcr wrrenan B
- e Oger T4 -~
-
e Nere ~
b St o bin
= ’ Mo sepaiengrh T Numers
1 - w 0N -
- me ety -
i Mves
Ve =
258 @vgrY -
P Mes-
soashengtd e .
el
.

e Ofera functionalitati intuitive: Explorer,

Experimenter si KnowledgeFlow.
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Il. Weka

Explorer: Preprocess
incarcare fisiere Open File

EPFEIIN'OGESS” Classify |-C uster Jgticiate ISE ect attributes I Visugl EEl
| Cpen file, . ? | COpen URL. .. | | Cpen DB... | | Generate. .. Undo Edit... Save...
Filter
| Choose ||Nnne Apply
Current relation Selected attribute
Relation: Mone Mame: Mone Type: Mone
Instances: Mone Attributes: None Missing: Mone Distinct: None Unique: Mone
Attributes
All Mone Invert Pattern
] ” Visualize All
Remove
Status

Welcome to the Weka Explorer ‘. x0
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Il. Weka

Explorer: Preprocess
incarcare fisiere

G Weka Explorer

Preprocess |C assify IC uster I Aszocate | Select atiributes I Visuz :e|

Open file... Open URL... Open DB... Generate. .. Undo

Filter

Loak in: | | datasets

Edit... Save...

9 weather.arff
o weather.nominal.arff

Apply
Current relation
Relation: Mo = % : None
Instances: Mo m:_m} : Mone
Attributes Recent Items o iris_2d.arff
& iris2D2.arft
All O segment.arff

Visualize Al

@. File name: |iris.arF'F

Metwark .
Euwar Files of type: |Arﬂ’daia files (*.arff)

£and Open selected file

Status
weka.core. converters.C5VLoaderfailed to load datasets

-

Open:

Selectie fisier

(arff / csv)

15.05.2018 TACAI — dr.ing.

lonut Mironica
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Il. Weka

Explorer: Preprocess
incarcare fisiere

Preprocess | Classify | Cluster

Assodate | Select attributes | Visualize

Open URL... Open DE... Generate... Undo

Edit... Save...
Filter
Choose  |None Apply
Current relation Selected attribute
Relation: iris Mame: sepallength Type: Mumeric
Instances: 150 Attributes: 5 Missing: 0 (0%:) Distinct: 35 Unigue: 9 (59%%)
Attributes Statistic Value
All Maone Invert Pattern Minimum 4.3
Maximum 7.9
Mean 5.843
Ak S StdDev 0.828
2|[Jsepalwidth
3| |petallength
4(|petalwidth
5| |class

Class: dass (Mom)

Remove

w Visualize All

15.05.2018
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Il. Weka

Explorer: Preprocess
Structura fisier arff

% This is a toy example, the UCI weather dataset.
% Any relation to real weather is purely coincidental

@relation weather h Dataset name

@attribute outlook {sunny, overcast, rainy}
@attribute temperature real
Comment P

@attribute humidity real
@attribute windy {TRUE, FALSE}
@attribute play {ves, no}

edata Attributes
sunny, 85,85, FALSE, no

sunny, 80, 90, TRUE, no

overcast, 83,86, FALSE, yes

rainy, 70, 96, FALSE, yes I
ey eares es Target / Class variable
rainy, 65,70, TRUE, no

overcast, 64, 65, TRUE, yes

sunny, 72,95, FALSE, no

sunny, 69,70, FALSE, yes _ Data Values
rainy, 75,80, FALSE, yes

sunny, 75,70, TRUE, yes

overcast, 72,90, TRUE, yes

overcast, 81,75, FALSE, yes

rainy, 71,91, TRUE, no
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Il. Weka

Explorer: Preprocess
Atribute fisier arff

Atribute nominale: valorile sunt selectate dintr-o lista predefinita;

* Atribute numerice: valorile sunt intregi sau reale;

* Siruri de caractere (string): sunt incadrate intre ghilimele;

* Relationale: pentru date care apartin in mai multe tipuri de
instante.
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Open URL: incarcare fisiere aflate la un link;

Il. Weka

Explorer: Preproce
Incarcare fisiere Generate: generare baze de date.

Open DB: conectare la o0 baza de date
relationala (SQL) prin driver JBDC;

UN

.

(7] =
E"ﬁ"f'eprooess
Cpen file. .. CpeM URL... Cpen DB.Y. Generate. .. Undo Edit... Save...
Filter
Choose  |Mone Apply
Current relation Selected attribute
Relation: Mone Mame: Mone Type: Mone
Instances: Mone Attributes: None Missing: Mone Distinct: None Unique: Mone
Attributes
All Mone Invert Pattern
w || Visualize All
Remove
Status
Welcome to the Weka Explorer Log w x0
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Il. Weka

Utilizare algoritmi de clasificare

| Preprocessl Classify | Cluster I Assocate I Select ath"ibutesl \l"lsa..lalizel

Classifier
[ Choose ﬂ|2eruR

Test options Classifier output
() Use training set

() Supplied test set Set...

(@) Cross-validation  Folds ICI
Orercnage it %

| More options... |

{Mom) cass "

| Start | Stop

Result list {right-dick for options)

Status

= - <°
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Il. Weka

Explorer: Preprocess
incarcare fisiere

1. Deschide weka GUI 7. Click 'Start’

2. Click 'Explorer’ 8. Wait...

3.'Open file...' 9. Vizualizeaza rezultate

4. Selecteaza tabul 'Classify' Alege a. ‘Salveaza rezultat'
un clasificator b. 'Salveaza clasificator'
5. Selecteaza parametrii de

clasificare

15.05.2018 TACAI — dr.ing. lonut Mironica
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Il. Weka

Utilizare algoritmi de clasificare
Optiuni de impartire a bazei de date (Test Options)

L]

Weka Explorer

_— |

Preprocess Classify | Cluster | Associate | Select attributes | Visualize

() Supplied test set

(@) Cross-validation  Folds |10

(_) Percentage split

More oplions...

(Mom) dass

Start
Result list {right-dick for options)

Status
QK

Log

4w

Use training set: utilizarea
setului de antrenare si pentru
testare;

Supplied testset: baza de date
de test incarcata separat;

Cross-validation: impartirea
setului de antrenare in mai
multe seturi succesive de
antrenare / testare;

Percentage split: impartirea
setului de antrenare intr-un
set de de antrenare si
testare.

15.05.2018
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lll. Evaluarea performantei de clasificare
Parametrii de evaluare

Acuratete de clasificare

Procent clasificari incorecte

(] =

Preprocess | Classify | Cluster | Assodate | Select attributes | Visualize

Classifier
Test options Classifier output

() Use training set [

. . el o

() Supplied test set Set... ZercR predicts class value: Iris-setosa Prec'z'e

(®) Cross-validation  Folds |10 Time taken to build model: 0 seconds

() Percentage split % |66

=== Stratified cross-validation ===
More options...

o Ll
Reamintire
(Nom) dass " orrectly Classified Instances 33.3333 %

Mncorrectly Classified Instances

66.6667 %
Start Stop appa statistic
e absolut
Result list (right-dlick for options) 8n 2Da0iute error
oot mean sguared error
22:43:51 -rules. ZeroR

Relative absolute error

_ F-measure

[[otal Number of Instances

Detailed Rccuracy By Class ===

TF Rate FF Rate Frecision Recall F-MeasuTe
0.333 0.5

ROC Area Class
0.5 Iris-setosa

1

1] 0.5 Iris-versicolor
a 0.5 Iris-virginica
a. 0.5

1

a

a
eighted Rvg. 0.

333 333

Confusion Matrix ===

Matricea de confuzie

<-- classified as
| & = Iris-setosa
| b = Iris-versicolor

| © = Iris-virginica

Status
OK

Log #..xo
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lll. Evaluarea performantei de clasificare

Acuratetea de clasificare

Acuratetea se calculeaza ca raportul dintre numarul de date
etichetate corect impartit la numarul total de exemple.

TP+TN
Acuratetea =
* TP+TN+FN+FP
AV FN+FP
Procentul de clasificari incorecte =
TP+TN+FN+FP

= 1 —acuratete

Regasit True positive (TP) False pozitive (FP)
Neregasit False negative (FN)  True negative (TN)

15.05.2018 TACAI — dr.ing. lonut Mironica
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lll. Evaluarea performantei de clasificare

Acuratetea de clasificare

Dezavantaje in cazurile:

- Clase neechilibrate ca numar de date pentru fiecare (clase
nebalansate);

- Costuri diferite de clasificare gresita pentru fiecare clasa in
parte.
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lll. Evaluarea performantei de clasificare

Precizia si reamintirea

= Precizia (precision): procentul de documente returnate care
sunt si relevante.

= Reamintirea (recall): procentul de documente relevante care
sunt si regasite.

Regasit True positive (TP) False pozitive (FP)

Neregasit False negative (FN) True negative (TN)

= Precizia = tp/(tp + fp)
m Reamintirea = tp/(tp + fn)

15.05.2018 TACAI — dr.ing. lonut Mironica

28



lll. Evaluarea performantei de clasificare

Precizia si reamintirea
m Precizia = tp/(tp + fp)
s Reamintirea = tp/(tp + fn)

Regasit True positive (TP) False pozitive (FP)
Neregasit False negative (FN)  True negative (TN)
Relevanta \/ X \/
' . ' kn\l R /
Rezultate X \/ \/

m Calculati precizia si reamintirea pentru aceasta situatie.
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lll. Evaluarea performantei de clasificare

Precizia si reamintirea

= Intrebari:

1) Ce este mai important? Sa avem o precizie ridicata sau o
reamintire ridicata?

2) Se poate sa avem reamintire mare si precizie foarte mica?

15.05.2018 TACAI — dr.ing. lonut Mironica
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lll. Evaluarea performantei de clasificare

F-Measure

= F-measure combina precizia cu reamintirea
(medie armonica ponderata):

1 _(B*+1)PR

2
a£+(1—a)£ PP+R
P R

F=

= De obicei se selecteaza F, measure
s P=1lsaua=%
s Putem alege si alte variante?

15.05.2018 TACAI — dr.ing. lonut Mironica
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lll. Evaluarea performantei de clasificare

Matricea de confuzie

 Pentru k clase, este o matrice de k X k

 Elementul de la pozitia (i, j) arata numarul de date care fac
parte din clasa i iar clasificatorul le eticheteaza cu clasaj.

 Tabelul urmator ilustreaza cazul particular pentru trei

clase
Clasa prezisa
Clasa 1l Clasa 2 Clasa 3
o Clasa l 3 0 0
asau y Clasa 2 0 2 1
adevarata
Clasa 3 1 0 3
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lll. Evaluarea performantei de clasificare

Matricea de confuzie

Clasa prezisa

Clasa 1l Clasa 2 Clasa 3
I Clasal 3 0 0
¢ asau . Clasa 2 0 2 1
adevarata
Clasa 3 1 0 3
8
Acuratetea = — = 80%
10
15.05.2018
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IV. Preprocesarea trasaturilor

Studiu de caz

Detectia persoanelor care nu isi platesc creditul

Starea contului Istoric credit Tara Varsta | Salariu | Telefon
curent
0<=...< 200 EUR | Faraistoric credite | Germania | 22 1000 nu
>= 2000 EUR Toate creditele Franta 38 500 nu
platite integral
0<=...< 200 EUR |Intarzieri de plata 28 da
200 <=...< 2000 Tailanda |55 100000 | da
EUR
>= 2000 EUR Fara istoric credite 55 1000
I 15.05.2018
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IV. Preprocesarea trasaturilor

Prelucrare date lipsa

Starea contului Istoric credit Tara Age Salariu | Telefon

curent

0<=...< 200 EUR | Fara istoric Germania 22 1000 nu
credite

>= 2000 EUR Toate creditele Franta 38 500 nu
platite integral

0<=..< 200 EUR |intarzieri de plat3 N 28 A |da

200<=...< 2000 ) Tailanda 55 100000 | da

EUR ]

>= 2000 EUR Fara istoric ) 55 1000 )
credite ] ]

I 15.05.2018
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IV. Preprocesarea trasaturilor
Prelucrare date lipsa

Varianta 1: eliminare linii

Alternativa 2:
Utilizarea unor date prelucrate:
 Medie, valoare mediana, valoare minima si maxima

 (Cea mai utilizata valoare
 Adaugarea unei valori noi pentru date lipsa

Alternativa 3: Realizarea unui model care sa estimeze
valoarea lipsa

15.05.2018 TACAI — dr.ing. lonut Mironica
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IV. Preprocesarea trasaturilor

Valori nominale

Varianta 1: binarizarea valorilor

Telefon Telefon
nu 0
nu L, |0
da 1
da 1
nu 0

15.05.2018
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IV. Preprocesarea trasaturilor

Valori nominale

Varianta 2

Label Encoder: aplica valori intre 0 si nr_clase-1.

Starea contului curent

0<=...< 200 EUR

>= 2000 EUR

0<=...< 200 EUR

200 EUR <= ... < 2000
EUR

>= 2000 EUR

Starea contului curent

0<=...< 200 EUR

>= 2000 EUR

0<=...< 200 EUR

200 EUR <=...< 2000
EUR

>= 2000 EUR

15.05.2018
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IV. Preprocesarea trasaturilor

Valori nominale

Varianta 3

Dummy Encoder: realizeaza n coloane pentru fiecare categorie.
In Weka aceasta procesare se poate aplica utilizAnd optiunea:
Filter -> filters -> unsuppervised -> attribute -> NominalToBinary

Istoric credit Far3 istoric | Toate creditele | intarzieri de
credite platite integral | plata

Fara istoric credite 1 0 0

Toate creditele platite integral 0 1 0

R —

Intarzieri de plata 0 0 1

Toate creditele platite integral 0 1 0

Fara istoric credite 1 0 0

15.05.2018 TACAI — dr.ing. lonut Mironica 39



IV. Preprocesarea trasaturilor
Valori nominale

Dummy Encoder: In cazul in care sunt prea multe coloane, aceasta
varianta nu este fezabila deoarece numarul de trasaturi va fi foarte
ridicat

Tara Germania Franta SUA

Germania 1 0 0
250 coloane

Franta —— () 1 eooo 0

Africa de Sud

Tailanda

SUA 0 0 1

15.05.2018 TACAI — dr.ing. lonut Mironica



IV. Preprocesarea trasaturilor

Valori nominale

Posibila solutie: clusterizarea categoriilor

Tara Regiune Europa | Africa | Asia | America
Germania Europa 1 0 0 0
Franta ——p | EUropa 1 0 0 0
Africa de Sud America 1 0 0
Tailanda Asia 0
SUA America 0
I 15.05.2018 41
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IV. Preprocesarea trasaturilor
Game de valori diferite

Varsta Salariu Varsta Salariu

22 1000 0.22 0.001

38 500 . |0.38 0.0005

28 1000000 0.28 1

55 100000 0.55 0.1

55 1000 0.55 0.001
[18-80] [0-1000000]

Normalizare

, r — mean(z)
T =

max(x) — min(z)

In Weka aceasta procesare se poate aplica utilizind optiunea:
Filter -> filters -> unsuppervised -> attribute -> Normalize

15.05.2018
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V. Modele de Machine Learning

ZeroR

Cel mai simplu clasificator din Weka:

m Determina care este cea mai des intalnita clasa
= In caz de regresie, va utiliza valoarea median3

m Poate fi utilizata ca si limita inferioara a performantei pe
care o poate primi un algoritm

15.05.2018 TACAI — dr.ing. lonut Mironica
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V. Modele de Machine Learning

ZeroR

Predictors Target
A

Toate instantele
Yes vor fi clasificate
in clasa ,Yes”

15.05.2018 TACAI — dr.ing. lonut Mironica



V. Modele de Machine Learning

ZeroR

In imagine se poate
vizualiza optiunea
de aplicare a
algoritmului ZeroR
in Weka.

& Weka Explorer

[ Preprocess I Classify I Cluster IAssociate I Select attributes I Visualize ]

Classifier

| ¥ (&5 weka

¥ (& classifiers
Te » ([ bayes tput

[ L4 ﬁfunctions

» (& lazy
L4 ﬁ meta
> [i misc
A\ E rules

E| DecisionTable
[ JRip
i
E| OneR
[ PART
» (55 trees

12

Close

Status

OK

15.05.2018
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V. Modele de Machine Learning
OneR

OneR (,,One Rule”) reprezinta o metoda naiva de clasificare care
genereaza o singura regula utilizand o singura trasatura.

Algoritmul gaseste trasatura care maximizeaza probabilitatea de
clasificare.

15.05.2018 TACAI — dr.ing. lonut Mironica
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V. Modele de Machine Learning

OneR

TACAI — dr.ing.

lonut Mironica

Frequency Tables
Which one is the best predictor ? * Play Golf Play Golf
Yes Mo Yes Mo
Outlook Temp Humidity Windy Play Golf Sunny 2 Hot 2 2
Rainy Hot High False No Outlook | Overcast | 4 0 Temp. | Mild 4 2
Rainy 2 3 Coal 3 1
Rainy Hot High True Ma
Owercast Hot High False Yes
Sunny Mild High False Yes i e
Sunny Ciool Naormal False Yes . fe to Y& e
| High 3 a False 6 2
Sunny Cool Normal True No My |t | ¢ 1 Wy 2 3
Orvercast Cool Normal True Yes
Rainy Mild High False Ma ~ . v
Rainy Cool Normal Faise ves In final vom avea urmatoarea
Sunny kdild Mormal False Yes 4 -~
Rainy Mild Normal True Yes reg u I d ge nerata:
Overcast Mild High True Yes e o
a5 L]
Orvercast Hot Normal False Yes -
my 3 2
Sunny ild High True Mo Outlook | Overcast a4 o
Rainy 2 3
IF Outlook = Sunny THEN PlayGolf = Yes
IF Outlook = Overcast THEN PlayGolf = Yes
IF Outlook = Rainy THEN PlayGolf = No
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V. Modele de Machine Learning

OneR

In imagine se poate
vizualiza  optiunea
de aplicare a
algoritmului OneR in
Weka.

£ Weka Explorer

Preprocess | Classify T Cluster T Associate T Select attributes I Visualize ]

Classifier
v ﬁweka
v E classifiers
Te > [ payes iput
L [ﬁfundions
> (5 azy
> ([ meta
L [ﬁ misc
v E rules
E| DecisionTable
[ Jrip
i
| T
u [ PaRT
[ zeror
[ L [ﬁtrees
Re
-

Status.

oK

]
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V. Modele de Machine Learning

K-Nearest Neighbor
(Cei mai apropiati vecini)

K=1 ] .'e »
) O
el Oeenu @ Soere
invatare din [] de test _
i din clasa a
clasa 1 . doua
[ O
O O

f(x) = va lua clasa celui mai apropiat vecin a lui x
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V. Modele de Machine Learning

K-Nearest Neighbor
(Cei mai apropiati vecini)

K=3

"N
*

7’7
m, B * @
. . \ O
<>ExempIiJ O Exemple de

Exemple de

ant
Tnvéllt,are gin \ de test P din clasa &
clasa 1 Y [] L doua
m oS- ®
o
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V. Modele de Machine Learning

K-Nearest Neighbor

(Cei mai apropiati vecini)

Avantaje

* Simplu (usor de implementat pentru o prima incercare);
* Nu are nevoie de multe date de invatare

Dezavantaje

* Ocupa foarte multa memorie (se retine in memorie toata baza de
antrenare);

* Lent — este nevoie sa se compare elementul de clasificat cu toate
trasaturile din baza de date;

* Erori mari de clasificare (nu are rezultate bune pentru probleme
complexe);

 Dependent de tipul de metrica utilizat.
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V. Modele de Machine Learning

K-Nearest Neighbor
(Cei mai apropiati vecini)

L] o oy L]
. 5 o
.-I -l-":.- ;.'
¢ o e e
. P o edoa ® ® o
.-'-1" ® - .
L sa®
. ° * P .

e1ep Indu)

sioqublap 1saieap
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V. Modele de Machine Learning
K-Nearest Neighbor

In imagine se poate
vizualiza  optiunea
de aplicare a
algoritmului K-
Nearest Neighbor in
Weka.

& Weka Explorer

[ Preprocess T Classify T Cluster T Associate T Select attributes T Visualize ]

Classifier

v E weka tMMSearch -A v weka.core EuclideanDistance -R first-lastt™

v E classifiers
Te » [i5 bayes put
L [ﬁfundions
v (5 lazy
|| KStar
[ Lwi
L [ﬁ meta
L [ﬁ misc
L [ﬁ rules
L [ﬁtrees

2=

Status
oK
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V. Modele de Machine Learning

Arbori de decizie

Privire Clasa 2
®
®
o ® o
®e
®
®
®
Decizia de a juca tenis
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V. Modele de Machine Learning

Arbori de decizie

-
e g 0 'l'
se o ® §% 0,9
Lr' 3 R 1 e o0 ®o
° o o
o ® ®
s g .

e1ep Induj
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V. Modele de

Arbori de decizie

In imagine se poate
vizualiza  optiunea
de aplicare a
algoritmului K-
Nearest Neighbor in
Weka.

Machine Learning

& Weka Explorer

[ Preprocess T Classify T Cluster T Associate T Select attributes T Visualize ]

Classifier

v E weka tMMSearch -A v weka.core EuclideanDistance -R first-lastt™

v E classifiers
Te » [i5 bayes put
L [ﬁfundions
v (5 lazy
|| KStar
[ Lwi
L [ﬁ meta
L [ﬁ misc
L [ﬁ rules
L [ﬁtrees

2=

Status
oK
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V. Modele de Machine Learning

Vizualizare arbore de decizie

Classifier

| Choose J|J48—C 0.25-M 2

Test options

Classifier output

() Use training set
() Supplied test set Set...

(®) Cross-validation Folds 10

() Percentage split % 66

[ More options...

[ (Mom) class

Start Stop

Result list (right-click for options)

215721 - bayes.MaiveBayes

=]

Load model
Save model

OK

=== 3Stratified cross-validation ===

=== Jummary ===

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error

Boot relatiwve sguared error
Total Humber of Instances

=== Detaliled Accuracy By Class ===
TP Batez FP Rate

0.980 0.000
0.940 0.030

View in main window
View in separate window
Sawve rasult buffer

Delete result buffer(s)

Re-evaluate model on current test set
Re-apply this model's configuration

Visualize classifier arrors

Visualize margin curve
Status Visualize threshold curve
CostBenefit analysis
Visualize cost curve

0.%9€0 0.030
0.9€0 0.020

n Matrix ===

<-— classified as
a = Iris-sestosa

Iris-versicolor

]
i

Iris-virginica

1350

.94
.035
.1536
L3705 %
.6353 %

Precision Recall

1.000
0.940
0.941
0.960

0.930
0.940
0.9€0
0.960

F-Measure
0.5990
0.4940
0.950
0.9&0

MCC

0.9385
0.910
0.925
0.940

0.9%90
0.4952
0.9¢61

0.965

"
-
ROC Area PRC RArea Clg
0.987 Iri )
0.830 Tri
0.905 Iri
0.924

|

Log # x0
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V. Modele de Machine Learning

Vizualizare arbore de decizie

&3 Weka Classifier Tree Visualizer: 21:57:30 - trees.J48 (iris)

Tree View

netalwidth

f\‘\‘

==0.6 = 0.6

Irig-setosa (50.0) petalwidth

a=1.7 =17

petallenath
=49 ’f\\ =49
,f/'f,/ \\\\\\-‘
Iris—\rersicnlnr(48.DI1.D)‘ petalwidth
=15 A =15

Iris-virginica (3.0%

,//f \\\h\‘\

Iris-virginica {46.001 .D)‘

“\_\\_\

Irig-varsicolar (3.01.0) ‘

15.05.2018 TACAI — dr.ing. lonut Mironica

58



V. Modele de Machine Learning

Naive Bayes

Clasificatorul Naive Bayes reprezinta un algoritm probabilistic bazat pe
teorema lui Bayes, care pleaca de |la premisa de independenta intre
trasaturi:

P(Xy,..., X,)

P(Y|X131Xn) —
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V. Modele de Machine Learning

Naive Bayes

L 1
"tec 0 *
i, g
. 8 "-l:
™ :"-i.f
n}_;- .‘-‘:‘ o
ir-‘ ®

.1- e *
[ ] T -
: :.: . aw
LI ‘ . - ?".
® oy
t #-.":..‘: -. *
t :.. :I.. o
a °_ l. 0 . .

e1ep Induj

safeg anep
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V. Modele de Machine Learning

Naive Bayes

In imagine se poate
vizualiza  optiunea

de aplicare
algoritmului
Bayes in Weka.

a
Naive

& Weka Explorer

Preprocess | Classify T Cluster T Associate T Select attributes T Visualize ]

Classifier

v E weka

¥ (& classifiers

v [ bayes F:ut

E| Bayeshet

NaiveBayes
E| MaiveBayesMultinomial

E| MaiveBayesMultinomialText

E| MaiveBayesMultinomiallpdateable
[ NaiveBayesUpdateable

L ﬁfundions

> (55 lazy

L [ﬁ meta

L [ﬁ misc

L [ﬁ rules

L ﬁtrees

2 1 [= |

Status
oK

=] apr
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VI. Exercitii

= Incdrcati una din bazele de date:

Weather.arff, Iris.arff si Glass.arff;

s Utilizati ca si clasificatori: ZeroR, OneR, arbori de decizie
(J48), Nearest Neighbor (IBK) si Naive Bayes. Verificati care
este cel mai bun clasificator:

= Retineti acuratetea de clasificare a fiecarui clasificator in
parte;

ms Precizati care este cel mai bun clasificator pentru fiecare
problema in parte.

= Eliminati rand pe rand cate o coloana din bazele de date si
comparati acuratetea cu cea obtinuta anterior;
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VI. Exercitii

s Incdrcati baza: dataset_31_credit-g.arff

= Aplicati posibili algoritmi de preprocesare (prelucrare valori
nominale, normalizare)

m Utilizati ca si clasificatori: ZeroR, OneR, arbori de decizie
(J48), Nearest Neighbor (IBK) si Naive Bayes. Verificati care
este cel mai bun clasificator:

= Retineti acuratetea de clasificare a fiecarui clasificator in
parte;

ms Precizati care este cel mai bun clasificator pentru fiecare
clasa in parte.
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