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Orange Data Mining - Fruitful & Fun

Atividade pratica, mao da massa, de Machine Learning para
quem nao sabe nada de Inteligéncia Artificial.
Uso de uma ferramenta grafica, no coding, onde serao
apresentados conceitos e realizados exemplos utilizando
alguns dos principais algoritmos de aprendizagem de maquina,
como:

- Naive Bayes
Classificador de Maxima Entropia
Redes neurais
KNN
k-means
SVM
Random Forest




links para acompanhar

colab - fofo

dataset principal

pasta
modelo teachable machine

colab - teachable machine

colab - cat vs dog



https://colab.research.google.com/drive/1-SHLlksDt2E0j59_UUGWIFTFsJKbuukH?usp=sharing
https://www.kaggle.com/tongpython/cat-and-dog
https://drive.google.com/drive/folders/1oAnUfb3y4MuoNTDvAPFX9MjyZPT1ccpG?usp=sharing
https://teachablemachine.withgoogle.com/models/q6FVCD1jo/
https://colab.research.google.com/drive/1I1BZteqHItlDSaqSsoVnpoaBv3Svr6tK?usp=sharing
https://colab.research.google.com/drive/1fFgA7jMKWT-wEYYbuRI1X_9bTXVuuCb1?usp=sharing

colab - fofo

Machine Learning € uma técnica de Inteligéncia Artificial
que permite que a maquina aprenda através de exemplos

Exemplo: PROBLEMA cat | fofo? | orelha mia?
identificar o que é um pequena?
gato e por eliminagao, se
o bichinho ndo for um cat | 1 1 1
gato, vamos identifica-lo
como cachorro. cat | 1 0 1 -
cat O 1 1 dog | fofo? | orelha mia?
caracteristicas do nosso gato pequena?
feréncia:
referéncia % dog | 1 ’ 0
o E fofo?
dog O 1 0

e Tem orelhinha pequena?
e Faz miau? dog | 0 ’ 0



https://colab.research.google.com/drive/1-SHLlksDt2E0j59_UUGWIFTFsJKbuukH?usp=sharing

#Dataset:

bichinho1 =11, 1, 1] #label

bichinho2 =[1, 0, 1]

bichinho3 =[0, 1, 1]

bichinho4 =[1, 1, O]

bichinho5 =[0, 1, 0] marcacoes = [1, 1, 1, -1, -1, -1]
bichinho6 = [0, 1, 0]

#1 = Gato

#-1 = Cachorro

dados = [bichinho1, bichinho2, bichinho3,
bichinho4, bichinho5, bichinhoG6]

https://colab.research.gooqgle.com/drive/1-SHLIksDt2EQi59 UUGWIFTFsJKbuukH?usp=sharing



https://colab.research.google.com/drive/1-SHLlksDt2E0j59_UUGWIFTFsJKbuukH?usp=sharing

Create model - Naive Bayes

'pip 1nstall scikit-learn

from sklearn.nalve bayes import MultinomialNB

modelo = MultinomialNB ()
modelo.fit (dados,marcacoes)

Naive-Bayes: calcular a
probabilidade que uma amostra
desconhecida pertenca a cada uma
das classes possiveis, ou seja,
predizer (ou adivinhar) a classe
mais provavel.




Predict

bicho misteriosol = [1, 1, 1]
bicho misterioso2 = [1, 0, O]
bicho misterioso3 = [0, 0, 1]
- fofo? | orelha mia?
pequena?
? 1 1 1
? 1 0 0




Resultados

teste = [bicho misteriosol, bicho misteriosoZ,
bicho misterioso3]
resultado = modelo.predict (teste)

print (resultado)




Correto?

marcacoes teste = [1,-1, 1]

print ('Resultado: ')

print (resultado)

print ('Marcacoes: ')
Resultado[ Gato, Gato, Gato] print (marcacoes teste)

e a resposta correta deveria ser
Marcacoes [Gato,Cachorro,Gato]

algoritmo tem a acuracia de 66,66%, ou seja,

ele acertou 2 bichos misteriosos do nosso total de 3.




curiosidade

O algoritmo “Naive Bayes” € um
classificador probabilistico baseado no
“Teorema de Bayes”, o qual foi criado
por Thomas Bayes (1701 - 1761) para
tentar provar a existéncia de Deus.

Hoje, usado para identificar se
determinado e-mail € um SPAM!

# Criar um classificador

nbayes = NBayes::Base.new

# Treinar o classificador com exemplos - as palavras da String sdo
#divididas em um array

nbayes.train( "You need to buy some Viagra".split(/\s+/), 'SPAM" )
nbayes.train( "This is not spam, just a letter to Bob.".split(\s+/), 'HAM")
nbayes.train( "Hey Oasic, Do you offer consulting?".split(\s+/), 'HAM' )
nbayes.train( "You should buy this stock".split(/\s+/), 'SPAM'" )

# Dividir mensagem que precisa ser classificada

tokens = "Now is the time to buy Viagra cheaply and
discreetly".split(/\s+/)

result = @nbayes.classify(tokens)

# Imprime a classe em que o texto foi classificado. (SPAM ou HAM)
p result.max_class

# Imprime a probabilidade da mensagem ser SPAM

p resultSPAM']

# Imprime a probabilidade da mensagem ser HAM

p resultHAM']



. 100 pessoas realizaram o teste.

exemplo

20% das pessoas que realizaram o teste possuiam a doencga.
. 90% das pessoas que possuiam a doenca, receberam positivo no teste.

. 30% das pessoas que nao possuiam a doenca, receberam positivo no teste.

Se uma nova pessoa realizar o teste e receber um resultado
positivo, qual a probabilidade de ela possuir a doenga?

O algoritmo de Naive Bayes consiste em encontrar uma
probabilidade a posteriori (parte do efeito para a causa, ou seja,
possuir a doenga, dado que recebeu um resultado positivo),
multiplicando a probabilidade a priori (da causa para o efeito, ou,
possuir a doenga) pela probabilidade de “receber um resultado
positivo, dado que tem a doencga”.

Devemos também computar a probabilidade a posteriori da
negacgao (Nao possuir a doenga, dado que recebeu um resultado
Positivo).

Naive Baves - titanic disaster (base disponivel no Orange)

P(doencalpositivo) = 20% * 90% =
0,2*0,9=0,18

P(doencga|negativo) = 80% * 30% =
0,8%0,3=0,24

normalizando:

P(doencalpositivo) = 0,18/(0,18+0,24) =
0,4285

P(ndo doencalpositivo) = 0,24/(0,18+0,24)
=0,5714

se o resultado do teste da nova pessoa for
positivo, ela possui aproximadamente 43%
(0,4285) de chance de estar doente.


https://github.com/ashishpatel26/Titanic-Machine-Learning-from-Disaster

DATA MINING
FRUITFUL&FUN

Orange is a component-based visual
programming software package for data
visualization, machine learning, data
mining, and data analysis.

open-source software GPL

Python

scientific computing: numpy, scipy and
scikit-learn

interface: Qt framework

Slovenia

Initial release: 1996
Last release: 2020

drag and drop
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blog

It's Sailing Time (Again)

By:BLAZ, Aug 11,2017

Every fall | teach a course on Introduction to Data Mining. And while the course is really on
statistical learning and its applications, | also venture into classification trees. For several reasons.
First, I can introduce information gain and with it feature scoring and ranking. Second, classificatio
trees are one of the first machine learning approaches co-invented by engineers (Ross Quinlan) an
statisticians (Leo Breiman, Jerome Friedman, Charles J. Stone, Richard A. Olshen). And finally,
because they make the base of random forests, one of the most accurate machine learning models
for smaller and mid-size data sets.

Related: Introduction to Data Mining Course in Houston

Lecture on classification trees has to start with the data. Years back | have crafted adata seton
sailing. Every data set has to have a story. Here isone:

Sara likes weekend sailing. Though, not under any condition. Past twenty Wednesdays |
have asked her if she will have any company, what kind of boat she can rent, and | have
checked the weather forecast. Then, on Saturday, | wrote down if she actually went to the
Sea.

Data on Sara's sailing contains three attributes (Outlook, Company, Sailboat) and a class (Sail).

ece Data Table
Sail Outlook Company Sailboat
1 rainy big | big
2 rainy tbig :small
3 rainy med big
4 rainy med small
5 7sunny big big
6 sunny big small
7 sunny " med Ibia

L J— o Y. AUB FTELS, FEU LU, 2U£L
. i Explaining Predictive Models
T
Oafﬂnnx: e l i New Orange Explain add-on for understanding predictions and predictive models.
iow
Sehkptonlion) . ——r Categories: model i inable Al | | explain TS
YoarsSincelastPromoti.. o o e e Read More
(]
YearsAtCompany eripmsenss -+
OistanceFromtome. -*
G2 o1 6 o1 o2
Impact on model output

Ajds Pretnar, Jan 27,2021
bserving Word Distribution

w to inspect word distribution in a corpus with a clever combination of widgets
Jrange.

tegories: ini d ibutic bar plot d doud

ad More

By: Aida Pretnar, Jan 11,2021

Orange in Classroom

Orange is actively used in classrooms at over two hundred universities from
around the world.

Categories: Orange education teaching  university

https://orangedatamining.com/blog
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download

Screenshots Workflows Download Blog Docs Workshops

Download the latest version for Windows

https://orangedatamining.com/download/
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Install

Windows: double click - next - next - ok

Linux:

sudo apt install virtualenv build-essential python3-dev

virtualenv --python=python3 --system-site-packages orange3venv
pip install PyQt5 PyQtWebEngine

source bin/activate

pip install orange3




anaconda

A Home

‘ Environments
= Projects (beta)
‘ Learning

an Community

Documentation
Developer Blog

Feedback
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) ANACONDA NAVIGATOR
Applications on

glueviz

=

20

Multidimensional data visualization across
files. Explore relationships within and among
related datasets.

]

rstudio

1.1.383

Aset of integrated tools designed to help
you be more productive with R. Includes R
essentials and notebooks.

Channels

—_
Jupyter
N
notebook

A 500

Web-based, interactive computing noteb¢ ok
environment. Edit and run human-readatiie
docs while describing the data analysis

orange3

341

Component based data mining framework.

Data visualization and data analysis for
novice and expert. Interactive workflows
with a large toolbox.

[~

qtconsole

A 430

Qt GUI that supports inline figures, proper
nultiline editing with syntax highlighting,
graphical calltips, and more.

spyder

2314
Scientific PYthon Development
EnviRonment. Powerful Python IDE with
advanced editing, interactive testing,
debugging and introspection features
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Scatter-Plot - Grafico de dispersao

https://orange3.readthedocs.io/projects/orange-visual-programming/en/latest/widgets/visualize/scatterplot.html

Scatter plot visualization with explorative
analysis and intelligent data visualization
enhancements.
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VizRank: Data Visualization Guided by Machine
Learning
Gregor Leban and Blaz Zupan and Gaj Vidmar
and Ivan Bratko (2006) VizRank: Data
Visualization Guided by Machine Learning. Data
Mining and Knowledge Discovery, 13 (2). pp.
119-136.


http://eprints.fri.uni-lj.si/210/
http://eprints.fri.uni-lj.si/210/
https://orange3.readthedocs.io/projects/orange-visual-programming/en/latest/widgets/visualize/scatterplot.html
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Sieve Diagram

Sieve Diagram

summarizes the relationship
between the categorical variables
using frequencies

It was proposed by Riedwyl and
Schupbach in a technical report in
1983 and later called a parquet
diagram (Riedwyl and Schipbach
1994).

#¥ Sieve Diagram

i O X

iris

V’ X [ m sepal length

b4 | |Score Combinatjonsl

=6.45

5.85-6.45

sepal length

5.15-5.85

<5.15

N = 150
x2=111.27, p=0.000

Iris-setosa

Iris-versicolor

iris

Iris-virginica



https://orange3.readthedocs.io/projects/orange-visual-programming/en/latest/widgets/visualize/sievediagram.html

end basic
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Atividade 1

monet or manet - inceptionv3 (google)

the lost monet - model pre trained painters



https://www.youtube.com/watch?v=R5uchDa_ba4
https://www.youtube.com/watch?v=6srGs5w9x8w

end atividade 1



Machine Learning: cat or dog?

dataset

https://www.kaggle.com/tongpython/cat-and-dog

https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-
bedginners-perspective-be8dbaf22dd8.



https://www.kaggle.com/tongpython/cat-and-dog
https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8
https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8
https://becominghuman.ai/building-an-image-classifier-using-deep-learning-in-python-totally-from-a-beginners-perspective-be8dbaf22dd8

solve an image classification problem

CAT
LABELED ek
(PHOTOS ) Cf@t
+ GOT

como uma rede neural aprende

training an artificial neural network on few thousand images of cats and dogs
and make the Neural Network learn to predict which class the image belongs to,
next time it sees an image having a cat or dog in it.



https://www.youtube.com/watch?v=mWD8wWwZpi8

rede neural
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Arquitetura da rede LeNet5

primeira aplicacao com sucesso
de uma CNN foi desenvolvida por
Yann LeCun em 1998



http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf

colored images - rgb

3 . 3 Colour Channels

N
N

Height: 4 Units
(Pixels)

Width: 4 Units
(Pixels)

[90, 0, 53]

= [249, 215, 203]

_—e.
[213, 60, 67]




Pixel representation of filter Visualization of a curve detector filter

Visualization of the filter on the image




Convolucoes

https://medium.com/neuronio-br/ent

endendo-redes-convolucionais-cnn

s-d10359f21184
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Input Channel #3 (Blue)

Kernel Channel #3

|
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|

Bias=1

Output

filtros = kernel formados por
pesos e atualizados por
backpropagation

input neurons
Qoses first hidden layer
00009 e —m—0
O

00600

Entrada de 28x28 dimensdes com receptive field de area 5x5.



https://medium.com/neuronio-br/entendendo-redes-convolucionais-cnns-d10359f21184
https://medium.com/neuronio-br/entendendo-redes-convolucionais-cnns-d10359f21184
https://medium.com/neuronio-br/entendendo-redes-convolucionais-cnns-d10359f21184

1 - The input image is
the image being
detected. The feature
detector is a matrix,
usually 3x3. A feature
detector is also
referred to as a kernel
or a filter.

CNN (Convolutional Neural Network)

The process of building a Convolutional Neural Network always involves four major steps.

Step - 1 : Convolution
Step - 2 : Pooling
Step - 3 : Flattening

Step - 4 : Full connection

compile and Train model

Convolution

o|o|o|lo|o|o|©O

o|lo|»|O|O|»]|O
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Input Image

new predictions from trained model

Pooling

Flattening
E——

OO0OO00O0O

Convolutional Layer

Flattening

Pooling Layer




Predictions
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Neural Network
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folders named “training_set” and “test_set”

g Ca) Import Images - train ? X
3 training_set v .@‘ Reload
* Info
@ ; 8005 images / 2 categories
Import Images - tr
?2 | [ 8005
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B
% B4 Image Embeddi.. __— O X

: .l-. ‘ Q‘ Settings
Import Images | tralg { ' Py rEmbC( dings — Data Image attribute: image v
&1 A ' D Embedder: Inception v3 v
Google's Inception ;3 model trained on ImageNet.
Image Embeddlng C% AppiyETomatcaly
Z & cancel

2 | #8005 [ 8005

[Google’s Inception v3](https://arxiv.org/abs/1512.00567)

Image embedding through deep neural networks.
Inputs: Images: List of images. e
Outputs: Embeddings: Images represented with a vector of numbers.

Skipped Images: List of images where embeddings were not calculated.

Image Embedding reads images and uploads them to a remote server or evaluate them locally. Deep
learning models are used to calculate a feature vector for each image. It returns an enhanced data
table with additional columns (image descriptors).

https://orange3-imageanalytics.readthedocs.io/en/latest/widgets/imageembedding.html httDS ://ke ras. io/a D |/a pp | icati ons/i nce DtiO nv3/



https://arxiv.org/abs/1512.00567
https://keras.io/api/applications/inceptionv3/
https://orange3-imageanalytics.readthedocs.io/en/latest/widgets/imageembedding.html

Inception V3 (GoogLeNet)

[inception v3] C. Szegedy, W. Liu, Y. Jia, P.
Sermanet, S. Reed,D. Anguelov, D. Erhan, V.
Vanhoucke, and A. Rabinovich.Going deeper with
convolutions. InProceedings of the
IEEEConference on Computer Vision and Pattern

Grid Size Reduction
(with some modifications)
Input 299:3 Output 8x8x2048

Grid Size Reduction

2x Inception Module C

Sx Inceptlon Module A

YN X\@@“@K

AvgPool 299:299;3

MaxPool

Concat

Dropout >
Fully connected

Softmax b

Inception-v3 Architecture (Batch Norm and Rel U are used after Conv)

4x Inception Module B

Final part 8x8x2048 -> 1001

Auxiliary Classifier

https://cloud.google.com/tpu/docs/inception-v3-advanced

Recognition,pages 1-9, 2015


https://cloud.google.com/tpu/docs/inception-v3-advanced

™ Data Table

Info

8005 instances (no missing data)
2048 features

Target with 2 values

5 meta attributes

Variables
[ show variable labels (if present)

[ visualize numeric values
[~ Color by instance dasses

Selection
[ select full rows

Import Images - traif

|

&

01i%aainl

Image Embedding

Data Table

- C
category image name image size width height n0 nl n2
hidde True True True
origin Ioads/gfange testft
s image
1 EE cats\cat.1pg 16880 300 280 0475604 0432614 069527
2 Jeats o cats\cat.10jpg 34315 489 499 031333 0.241181 0.432035
3 leats 100 el WM LT 499 0.629442 0.265338 0.541589
4 |eats 0 cat 1000 e e e e e 149 0.663272 0333273 113996
s Jeats 0 cat1001 i T s | R 0.345729 0.111364 0.275736
6 — cat.1002 0.371487 0.147471 0.492729 0.140827 0.976613 407 0.576950 0.631882 0.716025
0.147725 0.00344998 0.0549949 0.0806171 0.0727724
> 7. _ cat.1003 0.427751 0.181229 0.813569 0.211402 0.264475 269 0.366972 0.44163 0.867934
5 Jeats | catlo04 0640509 0 oz owses  omsat 375 0.432891 0.0436033 0.38925
e S 0.243388 0356838 0.0456228 0.112791 0.293549 -—- R — e — - —————-
0.072368 0.0131649 0.373584 0.0435946 0.241524
0.0247444 0.0243987 0.082787 0.0150555 0.595918
0.329187 0.0473317 0.243795 0.254472 0.0699269

https://orange3-imageanalytics.readthedocs.io/en/latest/widgets/imageembedding.html



https://orange3-imageanalytics.readthedocs.io/en/latest/widgets/imageembedding.html
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https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/evaluation.testing.html

https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/evaluation.cd.html

Test and Score

Tests learning algorithms on data.

Inputs

e Data: input dataset
e Test Data: separate data for testing
e  Learner: learning algorithm(s)

Outputs

e  Evaluation Results: results of testing
classification algorithms

The widget tests learning algorithms.
Different sampling schemes are available,
including using separate test data.

i Testand Score
i Click on the table header to select shown ok, gotit

Sampling columns

® Cross validation Model AUC CA F1  Precision Recall
Number of folds: | 10 & Neural Network 1.000 0.994 0.994 0994 0.99%4
Stratified Logistic Regression 1.000 0.994 0.994 0994 0.99%4

(O Random sampling
Repeat trainftest: | 10 v
Training set size: |66 % v
Stratified

O Leave one out

Model Comparison by AUC

(O Teston train data Neural N...  Logistic ... —
(O Teston test data Neural Network 0.569
Target Glass Logistic Regression 0431
[taverans aver Aacenc) ol -
beddi %
Image Embedding \ PR e
Lehrner % o® Evaluatior] Results, v Data [—'
f ? vien
/ A xue @
Test and Score Confusion Matrix Image Viewer (1)

&
Logistic Regression £
]

°
e
’ y
Neural Network

https://orangedatamining.com/widget-catalog/evaluate/testandscore/



https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/evaluation.testing.html
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/evaluation.cd.html

Test and Score

kNN Running
44%
§
. @
SVM

Maniral Naturnark

Data Table

s }“ﬁ"."i“(

Image Viewer (:

Model Comparison by AUC

kNN
SVM
Neural Network

Logistic Regression

Evaluation Results
v
Model AUC CA F1  Precision Recall
kNN 0.997 0.993 0.993 0.993 0.993
SVM 1.000 0.994 0.994 0.994 0.9%4
Neural Network 1.000 0.994 0.9%4 0.994 0.9%4
Logistic Regression 1.000 0.994 0.994 0.994 0.994
Model AUC CA F1  Precision Recall
kNN 0.997 0.993 0.993 0993 0.993
SVM 1.000 0.994 0.99%4 0994 0.994
Random Forest 0.999 0.991 0.991 0.991 0.991
Neural Network 1.000 0.994 0.994 0.994 0.9%4
Naive Bayes 0.989 0.984 0.984 0.985 0.984
Logistic Regression 1.000 0.994 0.994 0.994 0.994
Model Comparison by AUC
kNN SVM Rando..  Neural.. NaiveB.. Logistic..
kNN 0.006 0.025 0.006 1.000 0.007
SVM 0.9%4 0.938 0.618 1.000 0.641
Random Forest 0.975 0.062 0.068 1.000 0.050
Neural Network 0.994 0.382 0.932 1.000 0.569
Naive Bayes 0.000 0.000 0.000 0.000 0.000
Logistic Regression 0.993 0.359 0.950 0.431 1.000




\ ol

Image Embedding

Neural Network
Random Forest Naive Bayes

s e

Model AUC CA F1  Precision Recall
kNN 0.997 0.993 0.993 0.993 0.993
SVM 1.000 0.994 0.9%4 0.994 0.994
Random Forest 0.999 0,991 0.991 0.991 0.991
Neural Network 1.000 0.994 0.994 0.994 0.994
Naive Bayes 0.985 0.984 0.984 0.985 0.984
Logistic Regression 1.000 0.994 0.9%4 0.994 0.994
Model Comparison by AUC

kNN SVM Rando... Neural...  NaiveB.. Logistic...

kNN 0.006 0.025 0.006 1.000 0.007
SVM 0.994 0.938 0.618 1.000 0.641
Random Forest 0.975 0.062 0.068 1.000 0.050
Neural Network 0.994 0.382 0.932 1.000 0.569
Naive Bayes 0.000 0.000 0.000 0.000 0.000
Logistic Regression 0.993 0.359 0.950 0.431 1.000




Area under ROC is the area under the
receiver-operating curve.
Classification accuracy is the
proportion of correctly classified
examples.

E-1is a weighted harmonic mean of
precision and recall (see below).
Precision is the proportion of true
positives among instances classified
as positive, e.g. the proportion of Iris
virginica correctly identified as Iris
virginica.

Recall is the proportion of true
positives among all positive instances
in the data, e.g. the number of sick
among all diagnosed as sick.

4 Testand Score
Sampling
(® Cross validation
Number of folds: |10
Stratified

Cross validation by feature

() Random sampling
Repeat train/test: | 10
Training set size: |66 %
Stratified

(O Leave one out

(O Test on train data

(O Test on test data

Target Class

I fAverane nuer rlacesc)

v I

i Click on the table header to select shown ok, gotit
columns

Precision Recall
0.994 0.994
0.994 0.9%4

Model
Neural Network

Logistic Regression

AUC CA
1.000 0.994 0.994
1.000 0.994 0.994

F1

Model Comparison by AUC

Neural Network

Logistic Regression

Neural N...

0.431

Logistic ...
0.569



http://gim.unmc.edu/dxtests/roc3.htm
https://en.wikipedia.org/wiki/Accuracy_and_precision
https://en.wikipedia.org/wiki/F1_score
https://en.wikipedia.org/wiki/Precision_and_recall
https://en.wikipedia.org/wiki/Precision_and_recall

e Area under ROC is the area under the
receiver-operating curve.

Comparing ROC Curves
1
.90-1 = excellent (A) 09 -
_ 08 -
.80-.90 = good (B) i g
.70-.80 = fair (C) s 06 1 /
2 05 - ;
.60-.70 = poor (D) Sosl [/
o
_ . o 03 —_Waorthless
.50-.60 = fail (F) < =
01 Excellent
columns 0 010203040506 070809 1
Model AUC False positive rate

Neural Network 1.000
Logistic Regression 1.000




e Classification accuracy is the

proportion of correctly classified W
CA
examples.
0.994 ¢
0.994 ¢

accuracy is closeness of the
measurements to a specific value,
while precision is the closeness of
the measurements to each other.




Precision is the proportion of
true positives among
instances classified as
positive, e.g. the proportion of
Iris virginica correctly

identified as Iris virginica.

Recall is the proportion of
true positives among all
positive instances in the data,
e.g. the number of sick
among all diagnosed as sick.

relevant elements

false negatives

selected elements

Precision =

true negatives

Ok, gotit -

Precision Recall
4 0.994 0.9%4
4 0994 0.9%4

Both precision and recall are
therefore based on relevance.




Precision is the proportion
of true positives among
instances  classified as
positive, e.g. the proportion
of Iris virginica correctly
identified as Iris virginica.

precision (also  called
positive predictive value) is
the fraction of relevant
instances among the
retrieved instances

Negative Predictive Value

Positive Predictive Value

at prevalence 3 at prevalence

1 atp e 2 atpr 3
73%
79% 83% 74%
100%

If cut-off decreases + NPVT and PPV!
If cut-off increases + NPV! and PPV1

At the same cut-off:
If positives T (T disease prevalence), PPVT and NPV!
If positives | (I disease prevalence), PPV! and NPVT

Prevalence 3

TOverlap between positives
and negatives — PPV and NPV




F-score or F-measure is a e F-1is a weighted

measure of a test's accuracy. harmonic mean of

precision and recall .

The traditional F-measure or balanced F-score (Fq score) is the harmonic mean of precision and recall:

P 2 _o precision - recall tp
"7 recall ! + precision-! ~  precision + recall tp + %(fp +fn)

The highest possible value of

an F-score is 1.0, indicating Ok, got it .

perfect precision and recall, 5 | 780 | [iDieciton:| Bacall
and the lowest possible value is B e ik g
0, if either the precision or the : ' '
recall is zero. The F, score is 94 0994 0994 0.59%4
also known as the Dice similarity

coefficient (DSC)
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Logistic Regression

regressao logistica (ou, classificador de maxima entropia) € uma

técnica estatistica que tem como objetivo produzir, a partir de um

; it conjunto de observacées, um modelo que permita a predigao de valores

https://www.youtube.com/watc tomados por uma variavel categorica, frequentemente binaria, a partir
E— de uma série de variaveis explicativas continuas e/ou binaria

Seja p(x) a probabilidade de éxito quando o valor da variavel preditiva é x.

Entao, 1 eBo+Bi1z

w — p— .
p( ) 1+e—(B(J+Bl"") 1+€B(>+Bl.r

https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/classification.html?highlight=loqistic#loqgistic-regression



https://www.youtube.com/watch?v=DMDY0Gar7Fw
https://www.youtube.com/watch?v=DMDY0Gar7Fw
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/classification.html?highlight=logistic#logistic-regression
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& Test and Score i ' '
Logistic Regression £ Confusion Matrix Image Viewer (1)
['7]
. #
g: Multi-layer Perceptron regressor.
Neural Network This  model optimizes the

squared-loss using LBFGS or
stochastic gradient descent.

https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/regression.htmli?highlight=neural#neural-network



https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/regression.html?highlight=neural#neural-network

Deep Learning

Neural Network

computador aprende a realizar uma
tarefa analisando exemplos de
treinamento, que normalmente sao
indicados manualmente com
antecedéncia.

Camada de Camada de Camadade
Entrada Oculta Saida

y(n),

I'=[l, 1,] = Vetor de Entrada
0= [01 ] = Vetor de Saida ) LAYER LAYER b

e Processamento de linguagem
natural,;

e Reconhecimento de fala e
imagens;

e Previsao de valores.




Deep Learning

Neural Network

(XW)w=y
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https://www.youtube.com/watch?v=tYXGzQs310q



https://www.youtube.com/watch?v=tYXGzQs31Og

Neural Network

Rede Neural Artificial (Perceptron Multilayer)

— > @

— @

— > @

Jogando!

o 0o 0 0 0 &
™

Dino:

Estacionando:



https://www.youtube.com/watch?v=NZlIYr1slAk
https://www.youtube.com/watch?v=r8KWciNmEGw

kNN - K-nearest neighbors

dada uma instancia de teste Xg O algoritmo encontra os k wzmhos
mais proximos de x_ no conjunto de treinamento. Em seguida, a
classe de x_¢é dada pela classe que ocorrer com maior frequéncia

AEEEEEEEEEEEEEE entre 0s k vizinhos.
ANNNNAANEENINNANnAEn
BB EEEPEAPIREIPEEE
S El1 K1 E1 El El E1 1 E El Bl El K E El S . ~ . .. . o
et 4 Na figura, sdo mostrados os cinco vizinhos mais proximos da
HEESEHBBOHEEEBEEER . " . . ) R ) - -
TR ] Instancia de teste x . Dessas cinco instancias, 4 s&o da classe "+
ettt btattd  (vermelha) e 1 da classe “0” (azul). Ao aplicar o kNN, com k=5, a
instancia X, é classificada como sendo da classe vermelha, pois
essa classe possui mais representantes na vizinhanga de x .
n
D S / ; 2 . 2 : )2
g =/(Pr—@)"+ -+ (P — )" = (Pi — @)

\p2

http://docs.biolab.si/orange/2/reference/rst/Orange.classification.knn.html#Orange.classification.knn.kNNClassifier. __call



http://docs.biolab.si/orange/2/reference/rst/Orange.classification.knn.html#Orange.classification.knn.kNNClassifier.__call__

kNN - K-nearest neighbors

kn n COlab MACHINE LEARNING - Predictive Analysis

After performing the exploratory analysis, what is basically, evaluate and reaching some conclusions looking to the charts of distribution and
scatter of the data.

Now, the predictive analysis is going to be performed not by a person itself but with the aid of a mathematical
L L 1 1 L learning.
s0 [ 64 I s I as I 12 I Versicolor, The problem is going to be solved through the KNN algorithm. The best pratices are going to be performed and explained.

Scikit-learn is the library used here for machine learning in Python. From it several modulus are imported as needed.

e [0 ls,o' [ e

T I T \ Scikit-learn is an open source machine learning library that supports supervised and unsupervised learning. It also provides various
\ Sepal tools for model fitting, data prep ing, model ion and ion, and many other utilities.

/ Class labels

Features (targets)

(attributes, measurements, dimensions)

~ TRAIN and TEST Data

The first step to perform a predictive analysis through a Machine Learning algorithm is to separate the data in two parts. One to be trained, so
the coeficients are calculated to the best fit to this data, according to the algorithm chosen. The second part is reserved to be tested, so it is
possible to evaluate the accuracy of the method with a different data, so that you can extrapolate to any data.

sepal_width

To perform some extra checks to the Dataframe, the Pandas library itself mu ﬁ/
work on any data it is essencial to do a prelimiary analysis of the data: the tyf 25 ;
missing values. Then, take the first conclusions and correct any issue* in app 20, J

x
*this is not the case of this well-known data but the checks are to be performed ai %(L
[ 1 import pandas as pd ,
P
[ ] pd.value_counts(iris.species)

3 -
.
P
25 T
setosa 50 20 /&*{
versicolor 50 ; o~
S v
6

species
o stosa
o versicolor
o virginica

petal_length

IR

virginica 50
Name: species, dtype: int64

petal_width

The dataset is made of 150 flowers (150 rows), 50 of each specie. L

4 3 4 6
sepal length sepal_width petal_length petal_width

Atividade com knn no colab



https://colab.research.google.com/drive/1wtuOgCjxDKHthwbHo9sLZeyWeVBLMPg-?usp=sharing
https://colab.research.google.com/drive/111jIlf_InYwSaTV44nzVA_t9R2nFiubi?usp=sharing

SVM - Support Vector Machine

SVM é um algoritmo de aprendizado de maquina
supervisionado que pode ser usado para desafios de
classificacao ou regressao.

Para treinamento e classificacao de um dataset.

SVM é uma fronteira que melhor segrega as duas classes
(hiperplano/ linha).

https://orange3.readthedocs.io/projects/orange-visual-programming/en/latest/widgets/model/svm.html


https://orange3.readthedocs.io/projects/orange-visual-programming/en/latest/widgets/model/svm.html

SVM - scikit - python

colab - svm

CLASSIFICACAO com Maquinas de Vetores de Suporte (SVM) | Machine Learning #05

Classes linearmente separaveis podem ser entendidas, grosso modo, como classes que podem ser facilmente separadas
com uma linha reta.

In [1]: from sklearn import datasets 25
import pandas as pd
import seaborn as sns
In (2]: iris = datasets.load iris()
iris_df = pd. ata=iris.data, columns=iris.feature names
iris_df['label’] = iris.target 20
iris_df('species’] = pd.Categorical.from codes(iris.target, iris.target_names)
In [3): iris df.head()
out[3]:
sepal length (cm) ~ sepal width (cm) _petal length (cm) _ petal width (cm) %
° 51 35 14 02 o 2N
N
1 49 30 14 02 o H
2 a7 32 13 02 0 seosa e
3 46 a1 15 02 0 setosa 10
4 50 36 14 02 0 setosa
In s
0s
00



https://nbviewer.jupyter.org/github/programacaodinamica/machine-learning/blob/master/notebooks/Introdu%C3%A7%C3%A3o%20ao%20Scikit-Learn.ipynb
https://www.youtube.com/watch?v=ba7tMJZbGyA
https://nbviewer.jupyter.org/github/programacaodinamica/machine-learning/blob/master/notebooks/M%C3%A1quinas%20de%20Vetores%20de%20Suporte%20%28SVM%29.ipynb

SVM - scikit - python

SVM no site do scikit-learn

supervised learning methods used for classification, regression and
outliers detection.



https://scikit-learn.org/stable/modules/svm.html

SVM - scikit - python

SVM no colab

Python Data Science handbook

i) from ipywidgets import interact, fixed

interact(plot_svm, N=[10, 200], ax=fixed(None));

6

© fig, ax = plt.subplots(3, 5)
for i, axi in enumerate(ax.flat):
axi.imshow(faces.images[i], cmap='bone')
axi.set(xticks=[], yticks=[],
xlabel=faces.target names[faces.target[i]])

“ColinPowell  George W Bush  George W Bush  George WBush  Hugo Chavez
.

oizumi George W Bush

E

George W Bush Donald Runeied George W Bush  George W Bush  George W Bush

George W Bush Juni Tony Biaic Aviel Sharon

—

min, M || w > + ) (1 = yi(xi, w))

i=1

© from sklearn.metrics import confusion matrix

res = confusion matrix(y test, predictions)
print("Confusion Matrix")

print(res)

print(f"Test Set: {len(X test)}")
print(f"Accuracy = {percentage*100} %")

Confusion Matrix
[[63 8]
[ 199]]
Test Set: 171
Accuracy = 94.73684210526315 %



https://colab.research.google.com/drive/1rgue8QTP7P-vepjo8Fu9Whk4DqmIPocH?usp=sharing
https://colab.research.google.com/drive/1PamJFWvx2WhA-MHT_zk2-dUIAFbKi5Qb?usp=sharing

K-Means




Naive Bayes

classificadores probabilisticos simples com base na aplicacao
Bayes ‘teorema com forte independéncia entre as caracteristicas.
A imagem em destaque é a equacao -emque P (A| B) é a
probabilidade posterior, P (B|A) é a probabilidade, P (A) é a
probabilidade prévia e P (B) é preditor de probabilidade prévia.

http://docs.biolab.si/orange/Z/reterence/rsvOrange.classification.bayes.himl#Orange.classitication.bayes.NaiveClassitier._call


http://docs.biolab.si/orange/2/reference/rst/Orange.classification.bayes.html#Orange.classification.bayes.NaiveClassifier.__call__

Arvore de decisio

Uma arvore de decisao € uma ferramenta de apoio que utiliza um grafico
ou modelo de decisdes e suas possiveis consequéncias.

C4.5 tree induction algorithm.

fruit
57.1%, 20/35

calories (per 100g)

<43.0

. e
Treyieners’ EOSE e — vegetable fruit

2% 1318 @ 8.2%

LCEEEESaE) |
)

potassium (mg) vitamit
o 7.0 >237.0 <26.0

Sa gy, “7%@ fruit

SN | 579 100%, 14/14

i
H
A
~

Data Table (1)

https://docs.biolab.si/orange/2/reference/rst/Orange.classification.tree.html



https://docs.biolab.si/orange/2/reference/rst/Orange.classification.tree.html

Supervisionado

O aprendizado supervisionado é baseado na regressao basica
e classificacao. O humano fornece um banco de dados e ensina
amaquina a reconhecer o que € uma bicicleta, por exemplo,
entre padroes e semelhancas. A cor e tamanho pode variar,
mas a maquina aprende que uma bicicleta possui pedais, duas
rodas, guidao e outros elementos-chave.




Nnao supervisionado

. Associacao;

e Clusterizacao.

A associacao: permite o descobrimento de regras e correlacoes, identificando conjuntos de itens
gue frequentemente ocorrem juntos. Os varejistas costumam usar esta analise em carrinhos de
compras, para descobrir itens frequentemente comprados em conjunto, desenvolvendo assim
estratégias mais eficazes de marketing e merchandising.

Na clusterizacdo (ou agrupamento): o conjunto todo em analise sofre segmentacdes em varios
grupos, com base nas semelhancas encontradas. E uma técnica que permite dividir
automaticamente um conjunto de dados em grupos de acordo com medidas de similaridade ou
de distancia.




Nnao supervisionado

a maquina comeca a analisar, sozinha, os dados e a identificar
os padroes — aprendendo a separar o que ¢ uma lata de uma
garrafa, por exemplo.

+Demorado




Performance inicial do agente:

Reforco

|_ooo 5 1|
No Aprendizado por Reforco o modelo aprende executando agoes e avaliando recompensas.

Apds 15 minutos de treinamento:

O agente realiza uma acao num dado ambiente, alterando seu estado inicial, o que gera uma recompensa ao
agente. De forma ciclica, o agente avalia esta recompensa (que pode ser positiva ou negativa) e age
novamente no ambiente, gerando o aprendizado.

e Q-Learning;

e Aproximacao por funcido com atualizacdo por gradiente;

. Multi-Armed Bandits;

Apoés 30 minutos de treinamento: ° Contextual Bandits;

. k-Armed Bandits
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Confusion Matrix

Em analise preditiva, a matriz de confusao (as vezes também chamada de ‘matriz de erro' ou 'tabela de
confusdo') é uma tabela com duas linhas e duas colunas que relata o numero de falsos positivos , falsos
negativos , verdadeiros positivos e verdadeiros negativos . Isso permite uma analise mais detalhada do que a
mera propor¢ao de classificagdes corretas (precisdo). A precisao produzira resultados enganosos se o0 conjunto
de dados estiver desequilibrado; isto €, quando o nimero de observagcbes em diferentes classes variam muito.

Por exemplo, se houver 95 gatos e apenas 5 cachorros nos dados, um determinado classificador pode classificar
todas as observagdes como gatos. A precisdo geral seria de 95%, mas com mais detalhes o classificador teria
uma taxa de reconhecimento de 100% para a classe de gatos, mas uma taxa de reconhecimento de 0% para a
classe de caes.

O F1 Score (ou f-measure) € ainda mais confiavel em tais casos, e aqui renderia mais de 97,4%, enquanto
remove o viés e produz 0 como a probabilidade de uma decisao informada para qualquer forma de suposi¢ao
(supondo gato).

Descomplicando a Matriz de Confusao Colab - Matrix Confusao



https://www.youtube.com/watch?v=vNpD7ctJlvA
https://colab.research.google.com/drive/1Q-Wjy8p3QDuSXzGyBSdnt49IrRgkukhh?usp=sharing

Confusion Matrix

import numpy as np

# 1 para gravida, 0 para n&o gravida
valores reais =1, 0, 1, 0, O, O, 1, O, 1, O]
valores preditos = [1, O, O, 1, O, O, 1, 1, 1, 0]

def get confusion matrix (reais, preditos, labels):

get confusion matrix(reais=valores reais, preditos=valores preditos, labels=[ 1,0])

# array([[3, 1], [2, 4]])

Colab - Matrix Confusao



https://colab.research.google.com/drive/1Q-Wjy8p3QDuSXzGyBSdnt49IrRgkukhh?usp=sharing
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Learners

Logistic Regression
Neural Network
kNN

SVM
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load model and use
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coding an example - cat or dog

Colab + python + keras + matplotlib + numpy = dogs vc cats

2,000 JPG pictures of cats and dogs
base dir = '/tmp/cats and dogs filtered'
train dir = os.path.join(base dir, 'train')

validation dir = os.path.join(base dir, 'validation')

# Directory with our training cat pictures

train cats dir = os.path.join(train dir, 'cats')

# Directory with our training dog pictures

train dogs dir = os.path.join(train dir, 'dogs')

# Directory with our validation cat pictures

validation cats dir = os.path.join(validation dir, 'cats')

# Directory with our validation dog pictures

validation dogs dir = os.path.join(validation dir, 'dogs')


https://colab.research.google.com/github/google/eng-edu/blob/master/ml/pc/exercises/image_classification_part1.ipynb

[7] train cat fnames = os.listdir(train ¢
print(train cat fnames[:10])

train dog fnames = os.listdir(train c

train dog fnames.sort()
print(train dog fnames[:10])

['cat.
['dog.

427.jpg"', 'cat.256.jpg', 'cat.4
0.jpg', 'dog.l.jpg', 'dog.1l0.jf

Let's find out the total number of cat and dog ir

° print('total training cat images:', 1

print('total training dog images:', 1

print('total validation cat images:',

print('total validation dog images:',

total
total
total
total

training cat images: 1000
training dog images: 1000
validation cat images: 500
validation dog images: 500

[11]

from tensorflow.keras import layers
from tensorflow.keras import Model

# Our input feature map is 150x150x3: 150x1
# the three color channels: R, G, and B
img_input = layers.Input (shape=(150, 150, 3

First convolution extracts 16 filters tha
Convolution is followed by max-pooling la
= layers.Conv2D(16, 3, activation='relu')
layers.MaxPooling2D(2) (x)

I

Second convolution extracts 32 filters th
Convolution is followed by max-pooling la
= layers.Conv2D(32, 3, activation='relu')
= layers.MaxPooling2D(2) (x)

R

Third convolution extracts 64 filters tha
Convolution is followed by max-pooling la
= layers.Conv2D(64, 3, activation='relu')

R

= layers.MaxPooling2D(2) (x)

° from tensorflow.keras.preprocessing.image import ImageDataGenerator

# Bll images will be rescaled by 1./255

train datagen = ImageDataGenerator(rescale=1./255)
val_datagen = ImageDataGenerator(rescale=l. /255)

# Flow training images in batches of 20 using train datagen generat
train generator = train datagen.flow from directory(
train dir, # This is the source directory for training ima
target size=(150, 150), # RAll images will be resized to 135
batch size=20,
# Since we use binary crossentropy loss, we need binary lab
class mode='binary')

# Flow validation images in batches of 20 using val datagen generat
validation generator = val datagen.flow from directory(

validation dir,

target size=(150, 150),

batch_size=20,

class_mode='binary')

Found 2000 images belonging to 2 classes.
Found 1000 images belonging to 2 classes.




Training

Let's train on all 2,000 images available, for 15 epochs, and validate on all 1,000 validation images.

(@ bestory = medel.fix generacor Visualizing Intermediate Representations

train generator,
steps_per epoch=100, # 2000 images = batch size * steps
epochs=15,

To get a feel for what kind of features our convnet has learned, one fun thing to do is to visualize h
through the convnet.

validation data=validation generater, Let's pick a random cat or dog image from the training set, and then generate a figure where each |

idati =50 000 i = batch size * st 8 é : 5 ; :
; val;dau;;‘—StEPs 3020008 tmage i gbatclits fze RiR ot cns the row is a specific filter in that output feature map. Rerun this cell to generate intermediate repre
verbose=.

/usr/local/lib/python3.7/dist-packages/tensorflow/python/keras/engine/training.py:] ° import numpy as np

warnings.warn(''Model.fit generator® is deprecated and ' import random
Epoch 1/15 from tensorflow.keras.preprocessing.image import img to array, load img
100/100 - 40s - loss: 0.8383 - acc: 0.5505 - val loss: 0.6629 - val_acc: 0.6150
Epoch 2/15 # Let's define a new Model that will take an image as input, and will output
100/100 - 8s - loss: 0.6415 - acc: 0.6420 - val loss: 0.6087 - val acc: 0.6670 # intermediate representations for all layers in the previous model after
Epoch 3/15 # the first.
100/100 - 8s - loss: 0.5803 - acc: 0.7095 - val loss: 0.6058 - val_acc: 0.6770 successive outputs = [layer.output for layer in model.layers[1:]]
Epoch 4/15 visualization model = Mcdel (img_input, successive_outputs)
100/100 - 8s - loss: 0.5173 - acc: 0.7775 - val_loss: 0.7317 - val acc: 0.6690
Epoch 5/15 # Let's prepare a random input image of a cat or dog from the training set.
100/100 - 8s - loss: 0.4405 - acc: 0.8040 - val loss: 0.7667 - val_acc: 0.6730 cat_img files = [os.path.join(train cats_dir, f) for f in train_cat_fnames]
Epoch 6/15 dog_img files = [os.path.join(train dogs dir, f) for £ in train dog fnames]
100/100 - 8s - loss: 0.3744 - acc: 0.8405 - val loss: 0.8034 - val acc: 0.6960 img_path = random.choice(cat_img files + dog_img files)
Epoch 7/15
100/100 - 8s - loss: 0.2713 - acc: 0.8905 - val loss: 0.8882 - val_acc: 0.6930 imgisiload inglimg path Beargebisizes(l 90,5130) ) g chisid s ia BIly dmage
Epoch 8/15 - - X = img_to_array(img) # Numpy array with shape (150, 150, 3)
100/100 - 8s - loss: 0.2026 - acc: 0.9190 - val loss: 0.8854 - val_acc: 0.7070 x5 xoreshape (/1) tax shape) S Nunpyazraysiichs shapesi(d, $120, $120 83
Epoch 9/15
100/100 - 8s - loss: 0.1391 - acc: 0.9495 - val loss: 1.3200 - val_acc: 0.6850 EiEescalelbat/ =20
Epoch 10/15 x /=255

100/100 - 8s - loss: 0.1057 - acc: 0.9695 - val loss: 1.7593 - val acc: 0.6970
Epoch 11/15

<




2r.py:43: RuntimeWarning: invalid value encounte:

~ Evaluating Accuracy and Loss for the Model

input_2

Let's plot the training/validation accuracy and loss as collected du

° # Retrieve a list of accuracy results on training and
# sets for each training epoch

acc = history.history['acc']
val acc = history.history['val acc']

# Retrieve a list of list results on training and vali
# sets for each training epoch

loss = history.history['loss']

val loss = history.history['val loss']

# Get number of epochs

epochs = range (len(acc))

# Plot training and validation accuracy per epoch
plt.plot(epochs, acc)

plt.plot(epochs, val_acc)

plt.title('Training and validation accuracy')

< 1t.fi

max_pooling2d_4 E iquzetl
# Plot training and validation loss per epoch

1000 1250 1500 plt.plot (epochs, loss)

plt.plot(epochs, val loss)

conv2d_5
> plt.title('Training and validation loss')
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Aprenda no colab:

Exercise 1: Building a Convnet from Scratch

Exercise 2: Reducing Overfitting

Feature Extraction and Fine-Tuning



https://colab.research.google.com/github/google/eng-edu/blob/master/ml/pc/exercises/image_classification_part1.ipynb
https://colab.research.google.com/github/google/eng-edu/blob/master/ml/pc/exercises/image_classification_part1.ipynb
https://colab.research.google.com/github/google/eng-edu/blob/master/ml/pc/exercises/image_classification_part2.ipynb
https://colab.research.google.com/github/google/eng-edu/blob/master/ml/pc/exercises/image_classification_part3.ipynb

Little more



With flowers?

Other




try yourself with other example

now, with this imagens

https://storage.googleapis.com/download.tensorflow.org/exa
mple images/flower photos.tgz

B Import Images - train ? Y8

flower_photos v E & Reload

Info

3670 images / 5 categories

?2 | B 3670



https://storage.googleapis.com/download.tensorflow.org/example_images/flower_photos.tgz
https://storage.googleapis.com/download.tensorflow.org/example_images/flower_photos.tgz

Image Viewer
Import Images
Data Table

oM

Test and Score Confusion Matrix
Running Image Viewer (1)
39%

Image Embedding

Logistic Regression



& Image Viewer - ] X B o o
Image Filename Attribute ~
B image v
Title Attribute
category e Info. - category image name image size. width A
Image Size ?li“f‘: ;n;t:;oes (no missing data) origir ange t?;';/ggwer_ﬁ B
| Al i [aaisy Y 100080576 f52e... daisy\10008057. 26797 320
5 meta attributes Lbdce.. S Oaisy
e 2 [daisy 10140303196 b.. daisy\10140303... 117247 500
] Show varicble lobels (Fpresent) |3 |GRISYAMMMIN 10172567485 27... daisy\10172567... 102862 500
P e 4 |daisy | 10172636503 21... daisy\10172636... 27419 320
I e s s 5 [daisy 102841525 bdb... daisy\10284152... 132803 500
6 |daisy | 1031799732.¢7f.. daisy\10317997... 102618 500
_ _ _ . g ection 7 ldaisy 10391248763 1... daisy\10391248... 51688 320
> . -y ey -y Ssectflows 8 |daisy | 10437754174.22... dais\10437754... 13946 m
> e [daisy N 10437770546 8...  daisy\10437770... 13518 240
10 [daisy | 10437929963 b.. daisy\10437929... 84219 500
11 [daisy’ " 10466290366 cc.. daisy\10466290... 172328 500
12 [daisy ] 10466558316 a7... daisy\10466558. 129584 500
13 |daisy | 10555749515_13... daisy\10555749... 86878 500
2 e e 14 [daisy | 10555815624 d... daisy\10555815... 93133 500
15 [daisy | 10555826524 42... daisy\10555826... 59028 320
16 |daisy | 10559679065.50... daisy\10559679... 100584 500
17 |daisy’ " 105806915 acl... daisy\10580691.. 25620 320
Xk i ieoaaoe 18 |daisy ) 10712722853.56... daisy\10712722... 63389 500
: 19 Idaisu T 107592979 aaad.. daisv\10759297... 31691 20 Vv
Send Automatically < >
M Send Automaticallv




Image Viewer

Import Images
Data Table

M|
[

Image attribute: B image v
Embedder: Inception v3

Google's Inception v3 model trained on ImageNet.

v

Apply Automatically

X cancel

2 | H13540 [ 3500

e

Image Embedding

v.a

Logistic Regression

£ Logistic Regre... ? X

Name

Logistic Regression I

larization type: |Ridge (L2)

Strength:
Weak I Strong
C=1
[ Balance dass distribution

M| applyAutomaticaly |

A - | o

Test and Score

Confusion Matrix

Fm

Image Viewer (1)

i Testand Score

Sampling
® Cross validation
Number of folds:
[ stratified

Cross validation by feature

(O Random sampling
Repeat ranftest:
Training set size: 136 % v

[ stratified

O Leave one out

O Test on train data
O Teston test data

Target Class
T 1

AUC CA
Logistic Regression 0.990 0.913 0.913

F1  Precision Recal

0913 091

Model Comparison by AUC

Logistic ...

Logistic Regression




i Testand Score

Sampling

Click on the table header to select shown
i columns

® Cross vaiidation Model AUC CA  F1 Precision Recall
Number of folds: | 10 v Neural Network 0991 0913 0913 0914 0913
M stratified Logistic Regression  0.990 0.915 0915 0915 0915
o ra n g e Cross vakdaton by feature
—r [ (O Random sampling
we&‘-‘dﬁ// /( - Repeat trainftest: | 10 v
y ( Training setsize: |66 % v
\ \ Dradictione "
( @ 4 # Cor - O
=/ — .
T | . Clicking on cells or in headers outputs the - = =
?/ Loaistit ssaibal ! corresponding data instances Ok; gotit Show: | Number of instances >
@ Image Viewer g g Logistic Regression '
” g / Neural Network Predicted 2
\ g/
Import Images - tral daisy dandelion roses sunflowers tulips b3
'”95 > daisy 590 20 5 9 9 633
dandelion 17 852 2 16 1 898
Image Embetyng >
= roses 4 10 551 1 65 641
£ ( °
« { 2 whtd < sunflowers 2 16 12 655 14 699
B
s/ &
El tulips 5 8 60 16 710 799
4 Tebtggd Score|
e st core/ 618 906 630 707 809 3670
/ \(7& [ predictions [] Probabilities )2 ¥
N Aorky Autematicaly . Select Correct | SelectMidassified Clear Selection
)

| 1 2x3670 [ 173670

T umpure xrnqr Traye CINUEuuny (2
Neural Network % I@

Image Viewer (3)
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Logistic Regression

category image name image size width
s/orange test/flowe
image
[daisy 1031799732 7. daisy\10317997... 102612 500
[daisy 103912487631, dlaisy\10391248... 51688 320
[daisy T 10437754174.22... daisy\10437754. 13946 il
[daisy | 10437770546.8..  dais\10437770... 13518 240
{daisy | 10437929963b... daisy\10437929... 84219 500
[daisy | 10466200366 cc... daisy\10466290... 172328 500
[daisy | 10466558316 a7... daisy\10466558... 129584 500
s - {daisy | 10555749515_13... daisy\10555749... 86878 500
2 [daisy 10555815624 d\... dlaisy\10555815... 93133 500
‘;\& RSN 10555006504 4 daieA 1055500 S8 £V
4 \ PRradictinne

i Confusion Matrix

Learners

Logistic Regression
Neural Network

[ Predictions [] Probabilities
Apply Automatically

2 B | *2x3670 [ 21]3670

. Clicking on cells or in headers outputs the
corresponding data instances

= m] X

Show: }Numberofinstanoes v |

Predicted 2
daisy dandelion roses sunflowers tulips 73
daisy 591 17 5 9 1 633
dandelion 21 848 3 18 8 898
= roses 4 5 563 10 59 641
E sunflowers 5 21 12 644 17 699
tulips 3 8 65 17 706 799

b3 624 899 648 698 801 3670 v

Select Correct | | Select Misdlassified ] Clear Selection
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Data — Images

mer

3
9% )j
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Logistic Regression
Predicted 2
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826 2 20 7 872
>
T 533 13 59 615
16 13 627 13 673
3 10 65 15 680 773
[ Predctions [ 592 879 616 685 768 3540 v
2 [ ey ety Select Correct | Select Misdlassified 11 Clear Selection
2 B | §1x3540 [ 17]3540
mage Viewer (1
Image Viewer (1) Image Filename Attribute
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: category ¥

Image Size

dandelion

dandelion

dandelion

dandelion

dandelion
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coding an example - flowers

Colab + python + keras + matplotlib + numpy - aprendendo e
classificando flores



https://www.tensorflow.org/tutorials/images/classification
https://www.tensorflow.org/tutorials/images/classification

others



9 Geo Map
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Map: Topographic v 2 °
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others examples that i tried

“L Tree Viewer _ o %
- . Tree ~
11nodes, 6 leaves
2 i Display fruit
oo 1 57.1%, 20/35
ik Width:
1 calories (per 100g)
3 th: limited v —
7@7 — Dep Unlmi <430 o
;;i—; ‘, = ‘ Edge width: | Relative to parent i3
ree
: vegetable fruit
sk 72.2%, 13/18 88.2%
[A Induce binary tree S -
Min. number of instances i leaves: 2 i Testand Score potassium (mg) vitamir
e —
200 ot it st s o SE] | | senoho >10 2270 <20
[ Limit the maximal tree depth to: 0= @® Cross validation Model AUC CA Fl Precision Recall
e Number of folds: |10 7 Tree 0732 0686 0687 0689 0686 5/9
] St i ey e )5 Stratified Logistic Regression 0900 0886 0.884 0889 0.886
Cross validation by feature e
[~] Apply Automatically ~ > 1.0
\. \ _/ \& B | #3%)- Boe O Random samping
\ va) - & Repeat trainftest: |10 v
\ $— \
N\ / % Training set size: |66 % v
Stratified > % 5 ¥
. - O Leave one out Mode! Comparison by AUC R e e R e
o — O Test on train data Tree Logistic ...
\ — Predicti
D 75 — redictions O Teston testdata Tree 0.023
, £ Logistic Regre Target Class Logistic . 0977 & Predictions
e & (Average over dasses) sh babilties fo
V| E Model Comparison stadistoinal ! Logistic Regression  Tree name vitamin .
\ Area under ROC 2 ke
Regularization type: |Ridge (2) v el e > 1 fruit fruit ||? 1.0
Data Table (1) o [ Negigble difference: 0.1 :
¢ vegetable ruit ||? X
S 2 vegetabl fruit ||? 15.0
l Table shows probabilities that the score for the model in the row is higher than that of
Weak Strong show the probability that the difference & negligible. . . ?
o 3 fruit fruit ||? 0.0
2 B | #135)-|00|- [ 35]2x35
e — |




others examples that i tried

(=

o
¥ Data Table
Dol

I

D= K

N 5/>

é"

5

Neural Network

‘ NaNV
\( g. Predictions

\< [T

Fle (1) Save Model

& Testand
F— Cideon th abeheader t slctsown. |JFmpeRTY
@© Cross validation Model AUC CA Fl Precision Recal
Number of folds: |10 ~|  |NeurslNetwork 0824 0758 0755 0754 0758
[ stratified Naive Bayes 0818 0736 0739 0745 0736
Cross valdation by feature Logistic Regression 0829 0776 0770 0771 0776
O Random sampling
Test and Score fepesthonie B 2
Training setsize: |66 % v|
[A stratified >
o Model Comparison by AUC
O v o Neural Network Naive Bayes Logistic Regression
Ot o ot Neural Network 0721 0473
Target Class Naive Bayes 0279 0312
Logistic Regression 0527 oess
| p—
& Predictions - o X
Show probatties g Naive Bayes Neural Network | Outcome Pregnancies Glucose BA
‘1’ 1 004:09.. 040:060—1 148 2
2 002.. 8 &
3 183 &
4 8 6
5 137 r
6 116 i
7 . 50
£ 115 )
9 197 o
>[10 125 %
n oo [) 110 %2
12 168 i
13 139 2
1 189 6,
< >
AUC CA Fl Precision Recall
i Jos9 o749 0732 0757 o049
Neural Network 0.893 0827 0224 0824 0827




others examples that i tried

B Image Viewer

Image Filename Attribute
image =,

Titke Attribute
image name

Image Size
Albert Edelfelt Antoine Vollon Anton Karinger Canaletto

T
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'= Image Embedding
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.m\fr
Bl |
) % A
::%:: Import Images ;%\ ||z|

e Image Viewer
Neighbors (1) Image Viewer (1)

=
= 4 7T I s

/o
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|%
2k
gd & Image Viewer (1)
3
hha\?{;"(e:,h "tsnan i ‘ﬁ Image Filename Attribute
\‘\ ' k) image ™,
. ) G \ / ;
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F (%ﬁjk-f‘/l@ , !
K image name bd
B4 | send Automatically - i . Image Size
Neighbors (1) Image Viewer (1)
- | Claude Monet Dario de Regoyos

2@ | A5 B-1s




€€ Hierarchicsl Clustering

triage

others examples that i tried
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Conclusion




Actual

Actual

KNN

cats
cats 3957
dogs 14

3 3971

SVM

cats
dogs
2

Predicted

dogs 3
43 4000

3991

4034

Predicted

cats

18 3987

3987

NEURAL NETWORK

Actual
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Predicted
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Random Forest
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Paint Da

14 Paintvata

[\ oaa f
K-means '
ata
& Scatter Plot -
foe @ Ie) Box Plot
o S
I Find Informative Projections ] O (€]
Attributes 0.8
Color: Cluster v (] e)
iz orf c1 5
o
Label: (No labels) v > 5 C1 c2 C3 c4 i
= [
D Label only selection and subset >
0.6
Symbol size: | 0 2 4 6 8 10
2 = 2
Opacity: [ | X 10.14 (p=0.017, dof=3)
Jittering: I il

Names 1
Variable X: o
Variable Y: % +
Labels + + +
08} /
wa + B Do ff] 2
|c LRC
++ e \
- + 2 Scatter Plot
06} +
F[E=E
&
= +
| >
Select 0.4 =, +
x
% k-Means ? X
- Da“’ | Number of Clusters Silhouette Scores

OFied: [ 303 2 0313

E ktens @ . s 0

Preprocessing

[4 Normalize columns 5 0370
Initialization > |6 0351
|Initialize with KMeans ++ v 7 0368
8 0.326

Re-runs:

Maximum iterations:

Apply Automatically

2B | N1 B4

[ Jitter v

[] show color regions

Zoom/Select

] @l [a

File

Select Rows

Data Table (1)




Agrupamento - K-means - Iris

 Scatter Plot - a X
= e 4.4 (@)
is X (@ sepal length v
3
s Find Informative Projections | 4
) =
Fie -
- O ize: (5ame size) v 3.4
=
sbel PP
iri | length | width tal length tal width Ga! 2
= i o ekl et [ Label only selection and subset ~ ~
1 [ 51 35 14 02 3
2 [issetosa 49 30 14 02 | smbolsie: ] i
2.8 ) ¢
. e 48 3 5 02
littering: I 26 (
s lissetosa 54 ) ¢
Cl
7 lssetosa | 45 LAY © tissetosa
o s 50 s \B g
] " o
|
Data Table (1)
o [m] X
Cluster Silhouette sepal length sepal width pe A
1 0.706706 5.1 35
2 0.683687 49 3.0
3] 0.700571 47 32
4 46 3.1
1t)
5 0.704669 5.0 3.6
6 0.677309 5.4 39
7 0.701974 46 34
8 0.707426 5.0 34




Agrupamento - K-means - Iris

jons

Find Informative Projections
=/ =
g _ S Attribules

; %W~  Scatter Plot G

4 "Q:q-' - _ Dal Color: I iris v‘
o L T——
AR Shape I(Same shape) V]
kMeans \%/
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o X g
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Predicted

Iris-setosa Iris-versicolor Iris-virginica

confusion matrix

Iris-setosa 50 0 0

| | n
Iris-versicolor 0 46 4

Actual

Iris-virginica 0 3 47

b3 50 49 51

random forest e logic regression

Method AUC CA F
Logistic Regression 0.970 0.960 0.960 0.962

RF Classification Learner 0.965 0.953 0.953 0.953

https://orange3.readthedocs.io/projects/orange-data-mi
ning-library/en/latest/reference/regression.html#random

-forest
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https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/regression.html#random-forest
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/regression.html#random-forest
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/regression.html#random-forest
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videos

@@ (@
| Comys Viewer Wokamu.‘: Word Cloud (1)
moods on twitter § 4

8
https:/www.youtube.com/watch?v=1stp41wz3LA

Preprocess Ti

/ /, Nt N L e Jha ~ Comy
O (@)= (@)~ (@

Sontiment Anslysis  Select Columns

classify tree - fish - reptile - bird - insect
https://www.youtube.com/watch?v=eTe8r5tnfRA&list=PLZ3VIXyVA52 XSu059rS9eqi7P2nY6Qe9&
‘ index=7
Class X { _::wo -
47 (@) U S
8 . . uxw @ S
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. % - B BE = Ead
ol vl % https://www.youtube.com/watch?v=BO0LUIMxéqgs ;?;‘9' o B \r“_-;. L
© e
st svm - unicamp - orange

Audio Player

https://www.youtube.com/watch?v=1KFx3861Djs



https://www.youtube.com/watch?v=1stp41wz3LA
https://www.youtube.com/watch?v=eTe8r5tnfRA&list=PLZ3V9XyVA52_XSu059rS9eqi7P2nY6Qe9&index=7
https://www.youtube.com/watch?v=eTe8r5tnfRA&list=PLZ3V9XyVA52_XSu059rS9eqi7P2nY6Qe9&index=7
https://www.youtube.com/watch?v=BO0LUlMx6qs
https://www.youtube.com/watch?v=1KFx3861Djs

Canaletto Nikola Petrov Peder Severin Dario de
Kroyer Regoyos

Albert Edelfelt Rudolf Bernt Monet Jan Hackaert
r
h ; ‘ -
Johann Antoine Volion Claude Monet Dominik
Christian Skutecky
Vollerdt
< prons ®®®  Neighbors
K3
H U
Neighbors. 16 data instances on input.
No reference.
Settings

Distance: Cosine

Exclude references:

videos - image challenge

monet or manet - inceptionv3 (google)

the lost monet - model pre trained painters

Ward
Anvotation
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Pruning
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Maxdepth: 10

Selection

Manual
O Height ratio: 82.9%
TopN: 3

Monet
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https://www.youtube.com/watch?v=R5uchDa_ba4
https://www.youtube.com/watch?v=6srGs5w9x8w

links

Detecting Pneumonia in Chest X-Ray Images under Orange Machine Learning/Deep
Learning Platform

https://towardsdatascience.com/detecting-pneumonia-in-chest-x-ray-images-under-orange-machine-learning-
deep-learning-platform-dd7bécaébd4c

FpR R
- p Rl
R
il B



https://towardsdatascience.com/detecting-pneumonia-in-chest-x-ray-images-under-orange-machine-learning-deep-learning-platform-dd7b6ca6bd4c
https://towardsdatascience.com/detecting-pneumonia-in-chest-x-ray-images-under-orange-machine-learning-deep-learning-platform-dd7b6ca6bd4c

curiosity

article in nature communications: Democratized image analytics by visual programming
through integration of deep models and small-scale machine learning.
https://www.nature.com/articles/s41467-019-12397-x

Use of Orange Data Mining Toolbox for Data Analysis in Clinical Decision Making: The Diagnosis of Diabetes

Disease.
https://www.researchgate.net/publication/329707993 Use of Orange Data Mining Toolbox for Data Analysis in Clinical Decision Making The

Diagnosis of Diabetes Disease

Analysis of Heart Disease using in Data Mining Tools Orange and Weka
https://globaljournals.org/GJCST Volume18/4-Analysis-of-Heart-Disease.pdf



https://www.nature.com/articles/s41467-019-12397-x
https://www.researchgate.net/publication/329707993_Use_of_Orange_Data_Mining_Toolbox_for_Data_Analysis_in_Clinical_Decision_Making_The_Diagnosis_of_Diabetes_Disease
https://www.researchgate.net/publication/329707993_Use_of_Orange_Data_Mining_Toolbox_for_Data_Analysis_in_Clinical_Decision_Making_The_Diagnosis_of_Diabetes_Disease
https://globaljournals.org/GJCST_Volume18/4-Analysis-of-Heart-Disease.pdf

sources

https://orangedatamining.com/



https://orangedatamining.com/

colab - CIFAR10



Convolutional Neural Network (CNN) - CIFAR10

https://www.cs.toronto.edu/~kriz/cifar.html

CIFAR-10 dataset consists of 60000
32x32 colour images in 10 classes,

[ 1 import tensorflow as tf

from tensorflow.keras import datasets, layers, models
import matplotlib.pyplot as plt

~ Download and prepare the CIFAR10 dataset

The CIFAR10 dataset contains 60,000 color images in 10 classes, with 6,000 images in each class. The dataset is divided into 50,000 training

images and 10,000 testing images. The classes are mutually exclusive and there is no overlap between them. Wlth 6000 |mages per CIaSS. There are
[ 1 (train_images, train_labels), (test images, test labels) = datasets.cifarle.load data() " 50000 tralnlng |mages and 10000 teSt
# Normalize pixel values to be between 0 and 1 Create the COnVOIUt'Onal base Ima eS
train_images, test images = train_images / 255.0, test _images / 255.0 g "

~ Verify the data The 6 lines of code below define the convolutional base using a common pattern: a stack of Conv2D and MaxPooling2D [:

To verify that the dataset looks correct, let's plot the first 25 images from the training set and display the class n As input, a CNN takes tensors of shape (image_height, image_width, color_channels), ignoring the batch size. If you are ne
: : dimensions, color_channels refers to (R,G,B). In this example, you will configure your CNN to process inputs of shape (32,
@ class_names = ['airplane', 'automobile', 'bird', 'cat', 'deer’,
‘dog*, 'frog*, ‘horse', ‘ship’, ‘truck'] format of CIFAR images. You can do this by passing the argument input shape to your first layer.

plt.figure(figsize=(10,10))
for i in range(25):

535??%2;1?(5'“” @t) model = models.Sequential() ~ Compile and train the model
model.add(layers.Conv2D(32, (3, 3),
model.add(layers.MaxPooling2D((2, 2 [ 1 model.compile(optimizer="'adam’,
model.add (laye rs.Conv2D ( 64 3 (3 . 3) A 1055ftf.keras.losstlas.SparseCategoricalCrossentropy(from
model.add (layers.MaxPooling2D( (2, 2 metries=laccuracyl)
model.add (layers .Conv2D(64, (3, 3), history = model.fit(train_images, train_labels, epochs=10,

validation_data=(test images, test labels))
~ Evaluate the model

[ 1 plt.plot(history.history['accuracy'], label='accuracy')
plt.plot(history.history['val accuracy'], label = 'val accuracy')
plt.xlabel( 'Epoch')
plt.ylabel('Accuracy"')

https://colab.research.google.com/drive/1Le ag2T Lo i e SN
NmL RnkXr-5t10oua8qiF68WfK?usp=sharing

test loss, test acc = model.evaluate(test images, test labels, verbo

[ 1 print(test_acc)

Your simple CNN has achieved a test accuracy of over 70%. Not bad for a few lines of code! For ano
quickstart for experts example that uses the Keras subclassing APl and tf.GradientTape.


https://colab.research.google.com/drive/1Le_aq2TNmLRnkXr-5t10oua8qiF68WfK?usp=sharing
https://colab.research.google.com/drive/1Le_aq2TNmLRnkXr-5t10oua8qiF68WfK?usp=sharing
https://www.cs.toronto.edu/~kriz/cifar.html

fim
colab
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https://www.knime.com/
https://www.devmedia.com.br/redes-bayesianas-exemplo-de-aplicacao/2803
https://www.norsys.com/netica.html
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https://www.cs.waikato.ac.nz/ml/weka/
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Modelo Preditivo - Parte 1 - Prevendo a demanda por aluguel de bicicletas usando R e Azure Machine
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https://powerbi.microsoft.com/pt-br/
https://www.tableau.com
https://www.linkedin.com/pulse/modelo-preditivo-parte-1-prevendo-demanda-por-de-r-e-tiengo-junior
https://www.linkedin.com/pulse/modelo-preditivo-parte-1-prevendo-demanda-por-de-r-e-tiengo-junior

open IA

instituicdo sem fins lucrativos de pesquisa em inteligéncia artificial (1A),
que tem como objetivo promover e desenvolver |IA amigavel, de tal
forma a beneficiar a humanidade como um todo

Inteligéncia Artificial brincando
de Pique-Esconde



https://www.youtube.com/watch?v=46SLsu4ihqA
https://www.youtube.com/watch?v=46SLsu4ihqA

Teachable Machine


https://teachablemachine.withgoogle.com/
https://www.youtube.com/watch?v=T2qQGqZxkD0

Class 1

4000 Image Samples

Ck &
Webcam Upload
Class 2
File X
(3}
Choose images from your files,
or drag & drop here
o
Import images from
Google Drive

Ma- [

Images will be cropped to square

4005 Image Samples
Training

-

Preview T Export Model

Train Model

You must train a model on the left

. before you can preview it here.
Advanced

2. Train your Model X

Now that you have two classes, you
can train your model here (or add
more classes).

Add a class



155 min depois...

Training
Accuracy per class
Train Model CLASS  ACCURACY # SAMPLES
Class1  0.96 600
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modelo gerado

Tensorflow.js (@) Tensorflow (§) Tensorflow Lite ()
et
init()">Start</butt

net/npm/@tens 1/dist/tf.min.js

3/dist/teach

script>

vr.net/npm/@teach

const URL = "https://teachablemachine.w

google.com/models/q6FVCD

let model, webcam, labelContainer, maxPredictions;

async function init() {
const modelURL = URL +
const metadataURL = URL

model = await tmImage.load(modelURL, metadataURL);
maxPredictions = model.getTotalClasses();

https://teachablemachine.withgoogle.com/models/g6FVCD1jo/



https://teachablemachine.withgoogle.com/models/q6FVCD1jo/

modelo gerado

EXpOrt your modael 1o use It In projects.

Tensorflow.js @ Tensorflow @ Tensorflow Lite @

Model conversion type:

@ Keras O Savedmodel &, Download my model

Converts your model to a keras .h5 model. Note the conversion happens in the cloud, but your training data is
not being uploaded, only your trained model.

Code snippets to use your model:

Keras Contribute on Github O

import tensorflow.keras c°PYlD
from PIL import Image, ImageOps
import numpy as np

# Disable scientific notation for clarity
np.set_printoptions(suppress=True)

# Load the model

madal = tanearflaw Laras madale Taad madall'Larae madal hR'\

modelo - teachable machine

colab - teachable machine



https://teachablemachine.withgoogle.com/models/q6FVCD1jo/
https://colab.research.google.com/drive/1I1BZteqHItlDSaqSsoVnpoaBv3Svr6tK?usp=sharing

FIM
Teachable Machine
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datasets

7 datasets gratuitos para inspirar seu portfélio de Ciéncia de Dados

UCI ML - iris dataset



https://medium.com/programacaodinamica/7-datasets-gratuitos-para-inspirar-seu-portf%C3%B3lio-de-ci%C3%AAncia-de-dados-d6962bea8376
http://archive.ics.uci.edu/ml/datasets/Iris

fique de olho

pytorch

openvino

Caffe

Tensorflow - keras



https://pytorch.org/
https://docs.openvinotoolkit.org/latest/index.html
https://caffe2.ai/
https://www.tensorflow.org/

aprenda+

colab intro redes neurais

colab - intro deep learning - boston housing price - handwrite

colab - intro scikit - iris

Prevendo aluguel de bicicleta

Prevendo valor - aluguel RJ

Prevendo valor passagem - NZ

Prevendo passagens ORANGE



https://colab.research.google.com/notebooks/mlcc/intro_to_neural_nets.ipynb
https://colab.research.google.com/github/lexfridman/mit-deep-learning/blob/master/tutorial_deep_learning_basics/deep_learning_basics.ipynb
https://colab.research.google.com/github/jakevdp/PythonDataScienceHandbook/blob/master/notebooks/05.02-Introducing-Scikit-Learn.ipynb
https://minerandodados.com.br/prevendo-a-demanda-de-alugueis-de-bicicletas-com-machine-learning/
https://www.kaggle.com/rbarbera/rio-brasil-modelo-preditivo-precos-imoveis
https://www.kaggle.com/shashwatwork/airfares-in-new-zealand
https://www.youtube.com/watch?v=rDEbKU9vDos

orange no python


https://colab.research.google.com/drive/1zbdbTeDWmBzpEA9VpDhWddW0IFZAUDYp?usp=sharing

'pip install Orange3

import Orange

data = Orange.data.Table ("housing™")

learner = Orange.regression.linear.LinearRegressionLearner ()

model = learner (data)

print ("pred obs")
for d in datal[:3]:
print ("%.1f %.1f" % (model(d), d.get class()))

pred obs
30.0 24.0
25.0 21.6
30.6 34.7




https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/distance.html

'pip install Orange3

import Orange

from Orange.data import Table

from Orange.distance import Euclidean
iris = Table('iris"')

dist matrix = Euclidean(iris)

# Distance between first two examples

dist matrix.X[0, 1]

0.5385164807134628



https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/distance.html

iris = Orange.data.Table("iris.tab")
nb = Orange.classification.bayes.Naivelearner(iris)

sepal_length, probabilities = zip(*nb.conditional distributions[@].items())
p_setosa, p_versicolor, p_virginica = zip(*probabilities)

pylab.xlabel("sepal length")

pylab.ylabel("probability”)

pylab.plot(sepal_length, p _setosa, label="setosa", linewidth=2)
pylab.plot(sepal _length, p versicolor, label="versicolor”, linewidth=2)
pylab.plot(sepal length, p _virginica, label="virginica", linewidth=2)

pylab.legend(loc="best")
pylab.savefig("bayes-iris.png")
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data = Orange.data.Table("housing.tab")

tree = Orange.regression.tree.TreeLearner(data, m_pruning=2., min_instances=20)
print tree.to string()

The script outputs the tree:
RM<=6.941: 19.9
RM=6.941
| RM<=7.437
| | CRIM>7.393: 14.4
| | CRIM<=7.393
| | | DIS<=1.886: 45.7
| | | DIS>1.886: 32.7
| RM>7.437
| | TAX<=534.500: 45.9
I

| TAX>534.5600: 21.9

data = Orange.data.Table("housing.tab")

tree = Orange.regression.tree.TreeLearner(data, m pruning=2., min_instances=20)
print tree.to string()

The script outputs the tree:

RM<=6.941: 19.9

RM>6.941

| RM<=7.437

| | CRIM>7.393: 14.4

| |  CRIM<=7.393

| | | DIS<=1.886: 45.7
| |  DIS>1.886: 32.7
| RM>7.437

| |  TAX<=534.500: 45.9

| |  TAX>534.500: 21.9

Bttps://docs.biolab.si/oranqe/2/tutoriaI/rst/reqression.htmI



https://docs.biolab.si/orange/2/tutorial/rst/regression.html

>>> from Orange import data, distance

>>> from Orange.clustering import hierarchical

>>> data = data.Table('iris')

>>> dist matrix = distance.Euclidean(data)

>>> hierar = hierarchical.HierarchicalClustering(n clusters=3)
>>> hierar.linkage = hierarchical.AVERAGE

>>> hierar.fit(dist matrix)

>>> hierar.labels

array([ 1.,
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https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/clustering.hierarchical.html#example



https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/clustering.hierarchical.html#example

Linear Regression

>>> from Orange.regression.linear import LinearRegressionlLearner

>>> mpg = Orange.data.Table( 'auto-mpg')

>>> mean_ = LinearRegressionLearner()

>>> model = mean (mpg[40:110])

>>> print(model)

LinearModel LinearRegression(copy X=True, fit intercept=True, normal:
>>> mpg[20]

Value('mpg', 25.0)

>>> model(mpg[0])

Value('mpg', 24.6)

https://orange3.readthedocs.io/projects/orange-data-mining-lib
rary/en/latest/reference/regression.html#linear-regression


https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/regression.html#linear-regression
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/regression.html#linear-regression

cross validation

data = Orange.data.Table("titanic")

Ir = Orange.classification.LogisticRegressionLearner()

res = Orange.evaluation.CrossValidation(data, [Ir], k=5)
print("Accuracy: %.3f" % Orange.evaluation.scoring.CA(res)[0])
print"AUC:  %.3f" % Orange.evaluation.scoring.AUC(res)[0])

A - 0.779 https://orange3.readthedocs.io/projects/orang
ccuracy: U. e-data-mining-library/en/latest/tutorial/classifi
AUC: 0.704 cation.html#learners-and-classifiers



https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/tutorial/classification.html#learners-and-classifiers
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/tutorial/classification.html#learners-and-classifiers
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/tutorial/classification.html#learners-and-classifiers

https://orange3.readthedocs.io/proj
ects/orange-data-mining-library/en/I

atest/reference/classification.htmil#
classification-tree

classification tree

>>>
>>>
>>>
>>>
>>>
>>>
>>>

[50.

[ ©
[ ©
[ ©

[ ©.

import Orange
iris = Orange.data.Table('iris")
tr = Orange.classification.TreelLearner()
classifier = tr(data)
printed tree = classifier.print tree()
for i in printed tree.split('\n'):
print(i)

0. 0.] petal length = 1.9
. 50. 50.] petal length > 1.9
. 49, <] petal width = 1.7
. 47 petal length = 4.9
[0. petal length > 4.9
[0. petal width =

]

]

] T
[0. . petal width > 1.5

]

]

v

ODONNON -

1
1
[O. sepal lengt
[0. sepal lengt
petal width > 1.7

h = 6.
h > 6.
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https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/classification.html#classification-tree
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/classification.html#classification-tree
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/classification.html#classification-tree
https://orange3.readthedocs.io/projects/orange-data-mining-library/en/latest/reference/classification.html#classification-tree

python no orange



import numpy as np

out_data = in_data.copy()

#copy, otherwise input data will be overwritten
np.round(out_data.X, ©, out_data.X)

IE%% %
D) —~®) (&
File Python Script Box Plot

Python Script

import numpy as np

out_data = in_data.copy()

np.round(out_data.X, 0, out_data.X)

print (out_data)

Console

1.000, 1.000, 8.000, 1.000, 2.000,
0.000, 1.000, 7.000, 1.000, 2.000,
0.000, 1.000, 10.000, 1.000, 2.000,

1.000, 1.000, 9.000, 1.000, 2.000,

1.000, 1.000, 9.000, 1.000, 2.000,
>>>

[14.000, €6.000, 2.000, 20.000, 95.000, 2.000, 1.000,
740.000 | 3],
(13.000, 4.000, 2.000, 23.000, 102.000, 2.000, 1.000,
750.000 | 3],
[13.000, 4.000, 2.000, 20.000, 120.000, 2.000, 1.000,
835.000 | 3),
[13.000, 3.000, 2.000, 20.000, 120.000, 2.000, 1.000,
840.000 | 3],
[14.000, 4.000, 3.000, 24.000, 96.000, 2.000, 1.000,
560.000 | 3)
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Ocean |IA



https://machinelearningforkids.co.uk/#!/worksheets
https://studio.code.org/s/oceans/lessons/1/levels/2

