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Introduccion

Esta workshop se enmarca dentro del programa educativo
Oracle Academy.

Oracle Academy ofrece una solucién completa de recursos
para la educacion en TI, con el objetivo de ayudar a los
estudiantes a prepararse para su futuro profesional.

PUE es el partner escogido por Oracle para la difusion y
gestion de su iniciativa Oracle Academy en Espana.

Son ya mas de 125 centros que participan activamente en
este proyecto y reciben soporte activo por parte de PUE
para la correcta implantacion de los recursos docentes
que tienen a su disposicion.
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Introduccion

Objetivo:
Mostrar el nuevo curso disponible en Oracle Academy,
Artificial Intelligence with Machine Learning in Java.

Disponible dentro de la plataforma Oracle iLearning para
las instituciones educativas homologadas en el programa
Oracle Academy.

El curso ofrece una introduccién o iniciacién a los conceptos
base del proceso de Aprendizaje Automatico dentro del
campo de la Inteligencia Artificial, mientras se disefa un
sencillo modelo o solucion de “Machine Learning” con Java.
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Introduccion

Con la inscripcién a este workshop habréis recibido acceso
gratuito a formacion online en formato de autoaprendizaje
a una serie de cursos oficiales de Java y bases de
datos Oracle.

Objetivo:

Poder evaluar algunos de los recursos e-learning que Oracle
Academy pone a disposicién de centros y profesores para la
formacidon de sus alumnos, de manera oficial, en desarrollo
en Java y disefio y programacion de Bases de Datos Oracle.
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Programa Oracle Academy
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& Recursos
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Bienvenido(a) Jordi & Cuenta ? Ayuda

(= Cerrar sesién

Espariol v B Q Buscar en el sitio de Oracl

Pagina de inicio de Oracle Academy

Bienvenida

Membresia Encuesta

Capacitacion

Recursos Descuentos

Integrated Cloud Applications & Platform Services

Contactenos  Avisos legales | Términos de uso | Privacidad | Acerca de Cracle
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Plan de estudios


https://academy.oracle.com/

B ociemos
Programa Oracle Academy

h ? ¢Como darme de alta?
o"

m www.pue.es/oracle-academy
N pueacademy@pue.es

O
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Oracle Academy: Plan de estudios

Workshops disponibles

Greenfoot L/

Creating Java Programs with Greenfoot

: ,F I N c H Solve it with SQL
/&
Vo
7%

ROBOT

Programming the Finch Robot in Greenfoot Programming the Finch Robot in Java
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Recording Criminal’s Details

Back at the secret Lair. .

When we catch
a criminal we
record all this
information
. about them.

I have created a
database to store
the known details
of all the criminals
\_in the city.

(@ | Sy N B ACADEMY  syswi2

introduction to SQL

6iminal Properties: \

Name

Age
Height
Hair_Color

Eye Color
Facial_Hair
Tattoos
Glasses
Scars

Feet Size /




Suspect Examples

We will take the
information and
add it to our
SQL database
system so that
there will be no
escape for them
in the future.

Name : Clayton Lara
Sex . Female

Age : 29

Height : Tall
Hair_Color: Blonde
Eye_Color: Brown
Facial_Hair: No
Tattoos : No
Glasses : No
Scars: Yes

Feet Size: Large /

(@ =J.Van MW ACADEMY  syyswi2

Introduction to SQL

Name : Josh Stone
Sex : Male

ge .42
Height : Medium
Hair_Color: Black
Eye Color: Blue
Facial_Hair: Yes
Tattoos : Yes
Glasses : Yes
Scars : No

Feet Size . Medium J

016, Oracte and/or 1= affillates. All rights resarved




It's the hotline from police headquarters...

e

J The first thief
is not only Male
with scars on

his hands but in
addition he has
either Black or
Brown Hair
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Introduction to SQL

" Hello SQLman,

we have a
third clue.
L

S

™ Excellent, added to our
existing clues we can

really narrow down the
suspect list!!

Thank you officer T will
have my team narrow
down the list of
suspects even more.

It looks like we
now have three
clues!

For this we need
to learn more
about Conditions
using Logical
Operators.



Running SQL Commands

These are the 3 main components of
APEX that we will be working with. "
Click the
Execute them in the given order to return Ron
the data you asked for from the table. Lollan
ORACLE Application Express ¥
Enter the —
COMM&V\J QL Commands hen M Al
n the
commend
cdi{ov" ::;ic:u;pocu;
\
Results Explain Describe Saved SQL History
SUSPECT ID NAME SEX AGE HEIGHT HAIR COLOR EYE COLOR FACIAL HAIR TATTOOS GLASSES SCARS
View the Ko
210 VSN Female 21 Short Blonde Blue No Yes No Yes
ovtput rennings
on fl'\@ 211 Mia Greer Female 78 Short Black Brown Ye NO No =
QQSUI£$ 212 .B"":m Male 18 Short Slack Green Yes No Yes Yes
teble.
ORACLE ACADEMY SWSWL2 Copyright 22016, Oracle and/or Its affillates. All rights reservad 20

Introduction to SQL
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Oracle Academy: Plan de estudios

Cursos disponibles

1 G
Sava  =Java  =lava | =ava

FOUNDATIONS FUNDAMENTALS PROGRAMMING PROGRAMMING

Java Foundations Java Fundamentals Java Programming Artificial Intelligence with
Machine Learning in Java

q =
ORACLE NN ) * ORACLE =
-=i ORACLE ° - —

Database Foundations Database Design and Programming with PL/SQL APEX

Programming with SQL Application Development
Foundations
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AiML: Artificial Intelligence with ML

-
ACADEMY www.oracle_com/facademy C u rso AI M L

Artificial Intelligence with Machine Learning in Java — Course Objectives ESte c_:urso amplla Ias habllldades que adq_UIeren |OS
overview estudiantes en los cursos de Java Foundations, Java
e ot i e g S et Fundamentals y Java Programming.

Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages:

= English

Se introduce a los estudiantes en los conceptos basicos
e e e de aprendizaje automatico (Machine Learning) dentro
Target Audiences de |a I A.

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Duration
= Recommended total course time: 40 hours”

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required

#»  Fundamental knowledge of object-oriented concepts. data structures, mmm%@y and syntax in Java

Los alumnos aprenden terminologia y conceptos
basicos de ML, ademas de los pasos necesarios para
crear desde cero una solucion o modelo simple de
Machine Learning.

Suggested .
»  (Oracle Academy Curmriculum - Java Foundations

=  Oracle Academy Curmriculum - Java Programming

[ — Idioma: Inglés
Tiempo: 40 horas (recomendado)

#  Advanced computer programming courses

PUE ACADEMY 2 Day ACADEMY



AiML: Artificial Intelligence with ML

-
ACADEMY www.oracle_com/facademy C u rso AI M L

Artificial Intelligence with Machine Learning in Java — Course Objectives EI CL_JrSO !10 re_q_u_lere nlnglfln COﬂOCl.mlentO preVIO de
overview Inteligencia Artificial o Machine Learning.

This course of study builds on the skills gained by students in Java Foundations and Java Programming. Students are introduced to
Machine Learning concepts within Artificial Intelligence and will leam terminclogy, syntax, and the steps required to create 3 Machine
Leaming solution in Java using hands-on, engaging activities.

Available Curticulum Languages: Se requieren conocimientos previos de programacion

en Java, y se recomienda estar familiarizado —aunque

T e no es obligatorio- con el uso de estructuras de datos
Target Audiences y recursividad.

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Duration
= Recommended total course time: 40 hours”

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required

#»  Fundamental knowledge of object-oriented concepts. data structures, mmm%@y and syntax in Java

El objetivo final del curso es entender e implementar
desde cero un modelo sencillo de Machine Learning
utilizando un algoritmo de tipo arbol de decision.

Suggested .
»  (Oracle Academy Curmriculum - Java Foundations

=  Oracle Academy Curmriculum - Java Programming

Suggested Next Courses

#  Advanced computer programming courses

PUE ACADEMY 2 Day ACADEMY



AiML: Artificial Intelligence with ML

R Course Syllabus

Avtificial Infellicence with Machine Learning | et El curso esta formado por 4 médulos o secciones con
ificial Intelligence with Machine Learning in Java — Course Objectives . i . i . ~
Overview contenido interactivo de autoaprendizaje y pequenas
e e e s S e, practicas relacionadas para construir un proyecto final.

Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages:
= English

puration Section 1: Introduction
[ e s Section 2: Machine Learning

*Course fime includes instruction, seif-studywhomewark, practices, projects and assesement

Target Ausences Section 3: Trees and Recursion
Section 4: Entropy and the ID3 Algorithm

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites

Required 7}
#  Fundamental knowledge of cbject-oriented concepts, data structures, recursion, E\%m and syntax in Java
—

Suggested

»  Oracle Academy Curriculum - Java Foundation:

=  Oracle Academy Curmriculum - Java Programming
Suggested Mext Courses

#  Advanced computer programming courses

PUE ACADEMY 2 Day ACADEMY



AiML: Artificial Intelligence with ML

R Course Syllabus

Section 1: Introduction

Artificial Intelligence with Machine Learning in Java — Course Objectives

Overview
This course of study builds on the skills gained by students in Java Foundations and Java Programmi ing. Students are introduced to 1 1 ( O 1
Machine Learning concepts within Artificial Intelligence and will leam terminclogy, syntax, and the sleps requirsd to create a Machine L] O u rS e V e rv I e W

Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages: « Understand the nature of the course
T s * Understand the delivery mechanism

Duration
= Recommended total course time: 40 hours”

*Course fime includes instruction, seif-studywhomewark, practices, projects and assesement

1. 2 Introduction to Al
Define artificial intelligence
« Define machine learning
« Give examples of using artificial intelligence
+ Define data exhaust

Target Audiences

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites

Required
#»  Fundamental knowledge of object-oriented concepts. data structures, mmm%@y and syntax in Java

Suggested .

»  (Oracle Academy Curmriculum - Java Foundations
=  Oracle Academy Curmriculum - Java Programming

1.3 Data and Information
« Define data
 Define information
 Differentiate between data and information

Suggested Next Courses

#  Advanced computer programming courses

PUE ACADEMY 2 Day ACADEMY



AiML: Artificial Intelligence with ML

R Course Syllabus

Section 1: Introduction

Artificial Intelligence with Machine Learning in Java — Course Objectives

Overview

This course of study builds on the skills gained b dents in Java Foundations and Java Programmi ing. Students are introduced

Machine Learning ;:neeprs within Arnﬁc?:I Inlellls:nmee ::1 will learm nermanudngy Eymtan, ;:gme steps requlredlfn create 3 Machﬁe 1 4 C a te g O rl Z I n g D a ta
Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages: Defl ne su pe er Sed |ea rn | ng
e » Define unsupervised learning

Duration

* Recommended total course time: 40 hours™ ° Define ClaSSiﬁcation
*Course time includes instruction, seff-sfudyhomework, practices, projects and assesement ° Deflne reg reSSIOH
Target Audiences

 Define structured and unstructured data

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required
#  Fundamental knowledge of cbject-oriented concepts, data structures, recursion, E\%m and syntax in Java
—
Suggested

»  (Oracle Academy Curmriculum - Java Foundations
=  Oracle Academy Curmriculum - Java Programming

Suggested Mext Courses

#  Advanced computer programming courses
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AiML: Artificial Intelligence with ML

R Course Syllabus

Section 2: Machine Learning

Artificial Intelligence with Machine Learning in Java — Course Objectives

Overview
This course of study builds on the skills gained by students in Java Foundations and Java Programming. Students are introduced to 2 1 W h n ?
Machine Learning concepts within Artificial Intelligence and will leam terminclogy, syntax, and the steps required to create 3 Machine L] y O W .

Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages: « State the reasons behind the growth in Al
o * Understand the growth in processing power

Duration
* Recommended total course time: 40 hours"

*Course fime includes instruction, seif-studywhomewark, practices, projects and assesement

oot Autincee 2.2 Machine Learning Workflow
o * Understand the use of models within machine learning
T o R « Understand the CRISP-DM Model

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required
—
=

#  Fundamental knowledge of cbject-oriented concepts, data structures, recursion, and syntax in Java

Suggested
»  (Oracle Academy Curmriculum - Java Foundations
=  Oracle Academy Curmriculum - Java Programming

Suggested Mext Courses

#  Advanced computer programming courses
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AiML: Artificial Intelligence with ML

R Course Syllabus

Section 3: Trees and Recursion

Artificial Intelligence with Machine Learning in Java — Course Objectives

Overview
This course of study builds on the skills gained by students in Java Foundations and Java Programming. Students are introduced to 3 1 B 1 n I
Machine Learning concepts within Artificial Intelligence and will leam terminclogy, syntax, and the steps required to create 3 Machine L] I a ry re e S

Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages: ° U n d e rSta n d a n Od e
* Understand a binary tree
Duroatlo:emmmendedtmlmurselime: 40 hours" ® Create a NOde Class

*Course fime includes instruction, seif-studywhomewark, practices, projects and assesement

Target Audiences

3.2 Recursion
» Define recursion
* Understand recursive methods
« State the advantages and disadvantages of recursion

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required
—
=

#  Fundamental knowledge of cbject-oriented concepts, data structures, recursion, and syntax in Java

Suggested
»  (Oracle Academy Curmriculum - Java Foundations
=  Oracle Academy Curmriculum - Java Programming

Suggested Mext Courses

#  Advanced computer programming courses
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AiML: Artificial Intelligence with ML

R Course Syllabus

Section 3: Trees and Recursion

Artificial Intelligence with Machine Learning in Java — Course Objectives

Overview
This course of study builds on the skills gained by students in Java Foundations and Java Programming. Students are introduced to 3 3 I I I
Machine Learning concepts within Artificial Intelligence and will leam terminclogy, syntax, and the steps required to create 3 Machine L] re e ra V e rS a

Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages: ° Descrlbe tree traversal
TS » Define pre-order traversal

Duration

- Rmcormesmseccn couese s 4D ues » Define post-order traversal
*Course m includes intnsohon, st studhomeuok, practioss, proects and seessement  Define in-order traversal
Target Audiences

« Create methods for Btree

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required
—
=

3.4 Yes/No Game

' * Describe the use of decision trees

nd ymaxin Jova * Create a yes/no game

« State the problems of creating a manual decision tree

#  Fundamental knowledge of cbject-oriented concepts, data structures, recursion,

Suggested
»  (Oracle Academy Curmriculum - Java Foundations
=  Oracle Academy Curmriculum - Java Programming

Suggested Mext Courses

#  Advanced computer programming courses

PUE ACADEMY 2 Day ACADEMY



AiML: Artificial Intelligence with ML

R Course Syllabus
Section 4: Entropy and the ID3 Algorithm

Artificial Intelligence with Machine Learning in Java — Course Objectives
Overview

e ot i e g S et 4.1 Decision Tree Algorithms
Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages: + State a number of decision tree algorithms
T s + Identify the ID3 algorithm

Duration
* Recommended total course time: 40 hours"

*Course fime includes instruction, seif-studywhomewark, practices, projects and assesement

4, 2 Information Entropy
Define information entropy
* Understand variance
* Calculate information entropy
« Understand information entropy

Target Audiences

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required
#  Fundamental knowledge of cbject-oriented concepts, data structures, recursion, E\%m and syntax in Java
—

Suggested
»  (Oracle Academy Curmriculum - Java Foundations
=  Oracle Academy Curmriculum - Java Programming

Suggested Mext Courses

#  Advanced computer programming courses

PUE ACADEMY 2 Day ACADEMY



AiML: Artificial Intelligence with ML

R Course Syllabus
Section 4: Entropy and the ID3 Algorithm

Artificial Intelligence with Machine Learning in Java — Course Objectives
Overview

This course of study builds on the skills gained by students in Java Foundations and Java Programming. Students are introduced to 4 3 I D 3 W k d E m I
Machine Leaming concepts within Artificial Intelligence and will leam terminology, syntax, and the steps required to ereate a Machine L] O r e X a p e

Leaming solution in Java using hands-on, engaging activities.

Available Curriculum Languages: ° CalCU|ate entropy
N » Calculate gain

Duration

. Recommendeota curse ime: 40 hurs « Manually work through the ID3 algorithm

*Course fime includes instruction, seif-studywhomewark, practices, projects and assesement

Target Audiences

4.4 Create an ID3 Tree

« Understand non binary tree structure
* Create a non-binary tree structure

Educators
#  Technical, vocational, and 2- and 4-year college and university faculty members who teach computer programming.

Students
*  Students with fundamental knowiedge of object-oriented concepts, data struc.ure minclogy, and
whao wish leam the concepts of Machine Leaming within Artificial Intelligence us

Prerequisites :
Required
—
=

#  Fundamental knowledge of cbject-oriented concepts, data structures, recursion, and syntax in Java

Suggested
»  (Oracle Academy Curmriculum - Java Foundations
=  Oracle Academy Curmriculum - Java Programming

Suggested Mext Courses

#  Advanced computer programming courses

PUE ACADEMY 2 Day ACADEMY



AIML.: Artificial Intelligence with ML

(@ =)\al W Academy (@ =)\ al W Academy

AWARD of COURSE COMPLETION AWARD of ACHIEVEMENT
Artificial Intelligence with Machine Learning in Java PRESENTED TO
PRESENTED TO «Name»
«Name» FOR SUCCESSFULLY COMPLETING THE ORACLE ACADEMY

Artificial Intelligence with Machine Learning in Java
FOR SATISFACTORY COMPLETION OF ALL

COURSEWORK AND TRAINING FINAL EXAM
«Date» «Date»
Oracle Academy Instructor Oracle Academy Instructor
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ORACLE Academy Bienvenido(a) Jordi & Cuenta ?Ayuda @ Cerrar sesion Q_ Buscar en el sitio de Oracl

Miembro institucional Pagina de inicio de Oracle Academy

LD Plan de estudios / Certificados para estudiantes

Certificados de finalizacién para estudiantes

Tenemos el agrado de ofrecerle certificados de Oracle Academy que puede entregarles a los alumnos que completen los cursos y exdmenes finales de Oracle Academy. Los certificados de finalizacion
iLearning de curso estén pensados para entregérselos a los alumnos que aprueben exitosamente el curso correspondiente. Los certificados de examen final se deben entregar a los alumnos que aprueben

Membresia

Plan de estudios

o exitosamente el examen final. Los alumnos que aprueben ambos pueden recibir los dos certificados.
Application Express

Certificados para estudiantes Para crear los certificados:

* Descargue el archivo zip correspondiente aqui abajo.
* Lea las instrucciones de otorgamiento.
¢ Imprima los certificados en el papel de su eleccion.

™ Capacitacion

& Recursos

¥ Descuentos

Curso Certificado de finalizacion de curso Certificado de examen final
Oracle Application Express - Application Development Descargar & Descargar L2
Database Design and Programming with PL/SQL Descargar o Descargar
Database Design and Programming with SQL Descargar .2 Descargar &=
Database Foundations Descargar EA Descargar E.A
Java Foundations Descargar .3 Descargar &
Java Fundamentals Descargar & Descargar &
Java Programming Descargar & Descargar L2
Artificial Intelligence with Machine Learning in Java Descargar X Descargar x

AIML.: Artificial Intelligence with ML



AiML: Artificial Intelligence with ML

Sessionl Session2 Session3 Sessiond Session5

Week 1 Introduction

Week 2
Week 3
Week 4
Week 5
Week 6
Week 7
Week 8

Week 9
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To do

PUE *

ACADEMY Day

8 de mayo - Madrid 2019

W #PUEAcademyDay19

Doing

e —

PUE ACADEMY #= Day

2} Agenda

1.- Introduccion

2.- Programa Oracle Academy

3.- Oracle Academy: Plan de estudios

4.- AiML: Artificial Intelligence with ML

5.- Demo: Plataforma Oracle iLearning
6.- Hands-On Labs

@) =J-\e =8 ACADEMY



ORACLE -
Academy

Catdlogo | Inicio )| Perfil )

ColoRIoH Bienvenido a Oracle iLearning ABaGIce
Usuario: . ﬁ B 2 o xx N EVYE
Contrasena: APEX UPDATE
[} Recordar Contrasefia i comma'nd known issue
: ‘ B resolution
{Contrasefia Olvidada? ™ January 7, 2019: New
Language Release -

Java Fundamentals -
Indonesian

L | **NEW**
Be sure to check
"Include Completed
Offerings" and Select
"All" ltems Per Page on
this Oracle iLearning
Home page

¥ =NEW**
Member Resource

Center including Oracle
Oracle iLearning es un sistema de gestion de formacion (LMS) de empresas y un componente principal de Oracle E-Business Suite. Oracle Academy Education
iLearning proporciona una infraestructura completa para que las organizaciones gestionen, proporcionen y realicen un seguimiento de la formacién )
en entornos basados en clases y en linea. Utilice Oracle iLeaming para: Bytes now available!

« Consolidar las iniciativas de formacion en un sistema de gestion de formacion escalable y asequible * 2018 - 2019 Curriculum
« Disefiar y entregar contenido de formacion con rapidez Release Information

« Proporcionar la mezcla 6ptima de formacion en clase y en linea
« Medir |a eficacia de las iniciativas de formacion

« Realizar una integracion con una solucion global de E-Business

http://ilearning.oracle.com/ilearn/en/learner/jsp/login.jsp?site=0racleAcad



http://ilearning.oracle.com/ilearn/en/learner/jsp/login.jsp?site=OracleAcad

ORACLE

Academy

o ?

R

Administrador Ayuda Desconexidn

Catalogo Perfil Gestor

Buscar Catalogo

I - |

) Frase Exacta
Busqueda Avanzada...

Examinar Catalogo

ﬁ Mi Formacion

Reanudar Ultima

Filtro | | [ Incluir Ofertas Terminadas “
Elementos por Pagina: 5 | 10 | 20 | Todo

Ya esta inscrito en las ofertas que aparecen a continuacidn. La oferta puede ser una oferta autdémoma o formar parte de una ruta de formacién o de una formacidn integrada.

®

nterior 1-13de 13 Siguiente ®

' e M

Java Fundamentals 2018 - Alumno - Espafiol (Java Fundamentals 2018 - Student - Spanish) 04-ago-2018 1 de 29 Terminado “
Java Foundations 2018 - Student - English 04-ago-2018 4 de 36 Terminado “
Java Foundations 2018 - Teacher - English ™ 04-ago-2018 No Intentado “
Java Foundations 2018 - Alumno - Espafiol (Java Foundations 2018 - Student - Spanish) 04-ago-2018 1 de 36 Terminado “
Member Resource Center 06-dic-2018 No Intentado “
How to Assign Yourself Curriculum 14-mar-2019 No Intentado “
Java Fundamentals 2018 - Student - English 02-abr-2019  |1de 29 Terminado| [P
Java Programming 2018 - Student - English 02-abr-2019 1 de 35 Terminado “
Artificial Intelligence with Machine L earning in Java 2018 - Student - English 02-abr-2019 1 de 14 Terminado “
Artificial Intelligence with Machine Learning_in Java 2018 - Teacher - English " 02-abr-2019 6 de 14 Terminado —
Java Foundations 2018 - Profesor - Espafiol (Java Foundations 2018 - Teacher - Spanish) " 02-abr-2019 No Intentado “
Java Fundamentals 2018 - Teacher - English " 02-abr-2019 No Intentado “
Java Programming 2018 - Teacher - English ™ 02-abr-2019 No Intentado “

Jordi Arific Santos

-

Anuncios

¥ =NEW*"
APEX UPDATE
command known issue
resolution

¥ January 7, 2019: New
Language Release -
Java Fundamentals -
Indonesian

¥ ~*NEW*"
Be sure to check
"Include Completed
Offerings” and Select
"All" ltems Per Page on
this Oracle iLearning
Home page

¥ ~*NEW*"
Member Resource
Center including Oracle
Academy Education
Bytes now available!

* 2018 - 2019 Curriculum
Release Information




ORACLE w 72 (R

AC a d e m y Administrador Ayuda Desconexion

Catélogo |/ Inigio ), Perfil | Gestor |

Vision General I Rutas de Formacion Formacion No Planificada Formacion Planificada I Chats I Foros I Historial

f Jordi Arifio Santos

nicio = Detalles sobre la Oferta

Anuncios de Ofertas

@ Aviso : Estado de la Inscripcion

. ; ] ™ Semester Exam Option
Inscripcién obligatoria.

[J| eStudy Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English | Anular Inscripcion |

Idioma: English | Estado de la Inscripcion: Reservado | Version: 1.0

Recomendar Este Curso

Estructura del Curso

B0 Artificial Intelligence with Machine Learning_in Java 2018 - Teacher - English [Estado: No Terminado | Hora: 00:34:12]
El- @ Artificial Intelligence with Machine | earning_in Java 2018 English Teacher Curriculum [Estado: Terminade | Hora: 00:31:41]
1-@ B3 Section 0 - Course Resources - Teacher [Estado: Terminado | Hora: 00:15:47]
@ I3 Section 1 - Introduction - Teacher [Estado: Terminado | Hora: 00:04:14]
@ W3 Section 2 - Machine | earning - Teacher [Estado: Terminado | Hora: 00:01:45]

@ B3 Section 3 - Trees and Recursion - Teacher [Estado: Terminado | Hora: 00:01:03]
m ® ' Section 4 - Entropy and the ID3 Algorithm - Teacher [Estado: Terminado | Hora: 00:08:52]

B0 Artificial Intelligence with Machine Learning_in Java 2018 English Quizzes and Exams [Estado: Mo Terminado | Hora: 00:02:31]

E-© Sections 1 & 2 Quiz [Estado: No Terminado | Hora: 00:00:54]
E-© Sections 3 & 4 Quiz [Estado: No Terminado | Hora: 00:00:44]
E-© AIML Final Exam [Estado: No Terminado | Hora: 00:00:53]

Estudiantes Inscritos

Se han inscrito en esta oferta mas de 100 estudiantes, por lo que no se muestran los nombres de cada uno de ellos

Creorucr J Tl e |



",],I Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English Estructura del Curso ' f

Efdiace Soe o/l Artificial Intelligence with Machine Learning in Java
[ Artificial Intelligence with Machine Learning in Section O = Course Resources

5 @ Artificial Intelligence with Machine Learning

m @ Section 0 - Course Resources - Teacher'

[J-@ Section 1 - Introduction - Teacher

[J- @ Section 2 - Machine Learning - Teacher

[]+@ Section 3 - Trees and Recursion - Teacher

[J- @ Section 4 - Entropy and the ID3 Algorithn
- Artificial Intelligence with Machine Learning

-4 Sections 1 & 2 Quiz

[+ Sections 3 & 4 Quiz

- AIML Final Exam

o] e

Home Covrse Covrse Dowmload
Information Center

L
(@] =7 el =8 ACADEMY
Copyright © 2017, Oracle and/or its affiliates. All rights reserved




Estructura del Curso ) ﬁ

[.1,"' Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English

ErtER del Ciie o[ Artificial Intelligence with Machine Learning in Java
@ Artificial Inteliigence with Machine Learning in SeCtlon 0 » Course Resources

()~ @ Artificial Intelligence with Machine Learning

m @ Section 0 - Course Resources - Teacher

[J- @ Section 1 - Introduction - Teacher

[J- @ Section 2 - Machine Learning - Teacher / i & r 3
/ I\ i
[J-@ Section 3 - Trees and Recursion - Teacher | 4 o . "% !i-m:-"
Covrse Icons vsed n 2ll Sections for Online Resovrces. —_— —

[J- @ Section 4 - Entropy and the ID3 Algorithn

514 Artificial Intelligence with Machine Learning

”'2:&:""5;;2“?2 Teacher only icons ave clisp|aye<! with ved backgvow\d
+= ections iz .
B e Student icons (2vaileble for teachers 2lso) 2ve displayed in yellow ~ ° ‘ R
1L} q eb L P PDF
"\/ H e l—-,I

Click 2w icon Lo see wmove mformation.

A 4

&) B (<2

Home Course Course Download
Information Center

»
(@ =Fa\al B =3 ACADEMY
Copyright © 2017, Oracle and/or its affiliates. All rights reserved.




Estructura del Curso ’ m‘

[.[,I Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English

Pl col Ealse o/l Artificial Intelligence with Machine Learning in Java
B4 Artificial Intelligence with Machine Learning in SeCtlon 0 - Course Resources

5@ Artificial Inteliigence with Machine Learning

m @ Section 0 - Course Resources - Teacher

[J-@ Section 1 - Introduction - Teacher

[}~ 4@ Section 2 - Machine Learning - Teacher r COUV‘SC DOUV\IO&A COV\{QV‘ ﬂ

[} @ Section 3 - Trees and Recursion - Teacher

[}~ @ Section 4 - Entropy and the ID3 Algorithn

3@ Artificial Inteliigence with Machine Learning
[#}-4) Sections 1 & Z Quiz

-4 Sections 3 & 4 Quiz

[} AIML Final Exam Course Ovacle Course Interactive
Resovrces }Lcaw\ins Pocuments Lessons
Resovrces (Offline) (Offlime)
b S

»
(@) =J @ M =3 ACADEMY
Copyright @ 2017, Oracle and/or its affiliates. All rights reserved




Estructura del Curso ’ m

"‘[,‘~ Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English

Sstructars def Gurso o/l Artificial Intelligence with Machine Learning in Java
E+ Artificial Intelligence with Machine Learning in Section 0 - Course Resources

[}~ @ Artificial Intelligence with Machine Leaming

m @ Section 0 - Course Resources - Teacher

[}~ @ Section 1 - Introduction - Teacher

[]-@ Section 2 - Machine Learning - Teacher

[}~ @ Section 3 - Trees and Recursion - Teacher

[J@ Section 4 - Entropy and the ID3 Algorithn
-4 Artificial Intelligence with Machine Learning

-4 Sections 1 & 2 Quiz

L1 Sectices3 & Ak = Course Ob jectives

-4 AIML Final Exam

Course Map

-
(@) =J\@l B =3 ACADEMY
Copyright © 2017, Oracle and/or its affiliates, All rights reserved




/' Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English Estructura del Curso } fr

Ebructutaicel Curso a/BA rtificial Intelligence with Machine Learning in Java
[}~ Artificial Intelligence with Machine Learning in Section 0 - Course Resources

[ @ Artificial Inteliigence with Machine Learning

m @ Section 0 - Course Resources - Teacher

[J--@ Section 1 - Introduction - Teacher

[}~ @ Section 2 - Machine Learning - Teacher
[ Section 3 - Trees and Recursion - Teacher
[}~ @ Section 4 - Entropy and the ID3 Algorithn

3+ Artificial Intelligence with Machine Learning
[}~ Sections 1 & Z Quiz

[F-4 Sections 3 & 4 Quiz : How {.o run Ovaclc |Lcarmv\3 Qcpor{,s
(-4 AiML Final Exam

J How Lo Create and Hanagc Ovacle

iLearning Student Accounts

(@ =7 \al =3 ACADEMY

Copyright © 2017, Oracle and/or its affiliates. All rights reserved




Estructura del Curso ’ ﬁ

",],." Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English

Eie s e oIl Artificial Intelligence with Machine Learning in Java
£} Artificial Intelligence with Machine Learning in Section 0 - Course Resources

[}~ @ Artificial Intelligence with Machine Learning

m @ Section 0 - Course Resources - Teacher

[J-@ Section 1 - Introduction - Teacher

[]- @ Section 2 - Machine Learning - Teacher

[} @ Section 3 - Trees and Recursion - Teacher

[J- @ Section 4 - Entropy and the ID3 Algorithn
-4 Artificial Intelligence with Machine Learning

[ Sections 1 & 2 Quiz

=0 All Slides - PDF/Notes

-4 Sections 3 & 4 Quiz o 2 .
o == Best viewed in Adobe Acrobat Reader

: All Student Guides - PDF/Notes

.
(@ =JNel M= ACADEMY
Copyright © 2017, Oracle and/or its affiliates. All rights reserved




.[,4 Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English Estructura del Curso ) f

=structura del Curso X

Artificial Intelligence with Machine Learning in Java

=€ Artificial Intelligence with Machine Learning in Section 0 = Cou rse Resou rces

5~ @ Artificial Intelligence with Machine Learning

m @ Section 0 - Course Resources - Teacher

[]- @ Section 1 - Introduction - Teacher

[} @ Section 2 - Machine Learning - Teacher
[]- @ Section 3 - Trees and Recursion - Teacher
Interactive Lessons

for Offline Vicu'mg

[J- @ Section 4 - Entropy and the ID3 Algorithn
B Artificial Intelligence with Machine Learning

@ Sections 1 & 2 Quiz

[#- 4 Sections 3 & 4 Quiz

1. Choose 2 Sectlion

2. Download Zup

S Unzip

4. View n Adobe
Acvobat Reader

- AiML Final Exam

.
(@) =J e B =3 ACADEMY
Copyright @ 2017, Oracle and/or its affiliates. All rights reserved




'! Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English Estructura del Curso ‘ )

Estructura del Curso X

Artificial Intelligence with Machine Learning in Java
- Artificial Intelligence with Machin Section 3 = Trees and Recursion

1@ Artificial Intelligence with Mac

[J-@ Section 0 - Course Resource

[J- @ Section 1 - Introduction - Ti

[~ @ Section 2 - Machine Learnir

[J--@ Section 4 - Entropy and the
- Artificial Intelligence with Mac

[--€) Sections 1 & 2 Quiz

F-Q Sections 3 & 4 Quiz

(- AIML Final Exam

(@) =) el =3 ACADEMY

Copyright © 2017, Oracle and/or its affiliates. All rights reserved




[.1,] Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English

Estructura del Curso X

- Artificial Intelligence with Machin
[}~ @ Artificial Intelligence with Mac
[J--@ Section O - Course Resource
[]- @ Section 1 - Introduction - Ty
[]- @ Section 2 - Machine Learnir
[J- @ Section 4 - Entropy and the
B Artificial Intelligence with Mac
[ Sections 1 & 2 Quiz
-4 Sections 3 & 4 Quiz
- AIML Final Exam

Artificial Intelligence with Machine Learning in Java

Section 3 - Trees and Recursion

Estructura del Curso ‘ ’

Section Information - Click 2n icon to see information 2bout this section’s prac{ices, Projccks, and quizzcs.

CE———
E/ Section Practices

Section Pro)zc{s

Section Quizzes and Exams

(@) =) el =3 ACADEMY

N

Copyright © 2017, Oracle and/or its affiliates. All rights reserved.



Estructura del Curso X

G- @ Artificial Intelligence withMac|

- © Artificial Intelligence with Mac
(-4 Sections 1 & 2 Quiz
-4 Sections 3 & 4 Quiz.

e Learning in Java 2018 - Teacher - English

Artificial Intelligence with Machine Learning in Java

Section 3 - Trees and Recursion

Section In“orml’.ion

Section Practices

(@») =) \al =3 ACADEMY

i & (s

Praclice Activities ave imcluded in Lesson Slides
Lesson L: Trace Bimevy Trees
Cveate 2 h{oéc cless n Jave for Binary Trees
Lesson 2: Crezte Recursive Methods for Facior-al and Fibonacei Numbers
Lesson 3: Create Code for Recursive Tree Traversel
Create Code to Print Ovipu{ for Tvee Traversal
Lesson & Create 2 Yes/No Game
Create 2 Mawval Decisision Tree

Copyright @ 2017, Oracle and/or its affiliates. All rights reserved.




'] Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English Estructura del Curso { '

Estructura del Curso X

Artificial Intelligence with Machine Learning in Java
Section 3 - Trees and Recursion

5 Artificial Intelligence with Machin
£} @ Artificial Intelligence with Mac
[J--@ Section 0 - Course Resource
[]- @ Section 1 - Introduction - T¢
[} @ Section 2 - Machine Learnir Lesson ToPics:

m @ Section 3 - Trees and Reci

[} @ Section 4 - Entropy and the

5¢C{_|OV\ 3 - TVQQS 8V\Cl RQCUV“:,)OV\
[+ Artificial Intelligence with Mac

(2}~ Sections 1 & 2 Quiz * Lesson L - Bmavy Trees

[£}-4 Sections 3 & 4 Quiz * Lesson 2 - Recursion
1@ AIML Final Exam o Lesson 3 - Tree Traverss

¢ Lesson b - Yes/No Game

(@ =) \al =3 ACADEMY ‘ i N

Copyright @ 2017, Oracle and/or its affiliates. All rights reserved.




[ \[,1 Artificial Intelligence with Machine Learning in Java 2018 - Teacher - English Estructura del Curso ‘ ’

et ol e B Artificial Intelligence with Machine Learning in Java
514 Artificial Intelligence with Machin SeCtlon 3 - Trees and ReCUf'Slon

5 @ Artificial Inteliigence with Mac

[} 4@ Section 0 - Course Resource

[J-@ Section 1 - Introduction - T¢

[J- @ Section 2 - Machine Learnir TCBCL\@V‘ RQ&OWCOS @
=
[} Section 4 - Entropy and the
5@ Artificial Inteliigence with Mac

[z} Sections 1 & Z Quiz s
-4 Sections 3 & 4 Quiz

(-4 AiML Final Exam
Student Resovrces

3-4 Yes/No Game

. S = —
(@) =J Vel =l ACADEMY ‘ =N i = |
o Copyright @ 2017, Oracle and/or its affiliates. All rights reserved.




AiML 3-1 1§|

Binary Trees

[

Slide Title

oo Artificial Intelligence with
gl [\achine Learning

Decision Tree Algorithms 3 i 1

Binary Trees

Objectives

Binary Trees

Binary Trees

Binary Trees

Binary Trees

Binary Trees

Binary Trees

Binary Trees

Binary Trees

Binary Trees Structure

Task - Binary Tree Creation

; C ht © 2018, Oracle and/or its affiliates. All right: d
- 0 rngnt e sl , Oracie anajor Its attinates rghts reserve:
Solution - Node Class pyrig a £ erve

20006




AiML 3-1

Binary Trees

Slide Title

o Oracle Academy

o Artificial Intelligence with Ma...

o Objectives

o Decision Tree Algorithms

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees Structure

o Task - Binary Tree Creation

o Solution - Node Class

Objectives

This lesson covers the following objectives:
* Understand a node
* Understand a binary tree

* Create a Node class

® AiML 3-1
(@) A ACADEMY
R CLE SMRFyErees Copyright @ 2018, Oracle and/or its affiliates, All rights reserved. 3
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Binary Trees

Slide Title

o Oracle Academy

o Artificial Intelligence with Ma...

o Objectives

o Decision Tree Algorithms

o Binary Trees

©  Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees Structure

o Task - Binary Tree Creation

o Solution - Node Class

£l

Binary Trees

* The first node is called the
root node, and is the
building block of all other
nodes.

* Apart from the root node
every other node must be
directly connected to a
parent node.

. AIML 3-1
ORACI—E ACADEMY Binary Trees

Root

Copyright © 2018, Oracle and/or its affiliates. All rights reserved 6
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Binary Trees

I Binary Trees

o Oracle Academy

o Artificial Intelligence with Ma... ® EaCh nOde can have O’ 1 -
" Objectives or 2 child nodes. Siplings

o Decision Tree Algorithms

* |f a node has no children,
it is called a leaf.

o Binary Trees

o Binary Trees

* Two nodes that have the
same parent are called
siblings.

o Binary Trees

o Binary Trees

o Binary Trees

©  Binary Trees

o Binary Trees

o Binary Trees

o Binary Trees Structure

Leaf

o Task - Binary Tree Creation

B AIML 3-1
(@ = @ M=l ACADEMY g1
Yy Irees ~ y : din= .
5 Copyright @ 2018, Oracle and/or its affiliates. All rights reserved 7
o Solution - Node Class . pyrig forits a e g serve
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Binary Trees

Solution — Node Class

o Oracle Academy

o Atificial Intelligence with Ma... public class Node {
B Olifectives int data;
Node left;
Node right;

1 Decision Tree Algorithms

o Binary Trees

By Tiees public Node(int data) {
o Binary Trees this.data = data;
left = null;
right = null;

o Binary Trees

1 Binary Trees

I Binary Trees

o Binary Trees

o Binary Trees
O Binary Trees Structure

o Task - Binary Tree Creation

o AIML 3-1
- ORACI_E ACADEMY Binary Trees Copyright @ 2018, Oracle and/or its affiliates. All rights reserved 15
o Solution - Node Class




Binary Trees

AiML 3-1

Slide Title

o Binary Trees

o Binary Trees

©  Binary Trees

)  Binary Trees

©  Binary Trees

0 Binary Trees

1 Binary Trees Structure

o Task - Binary Tree Creation

' Solution - Node Class

1 Tree Methods

o Task - Define Methods

. Solution - Methods

o Solution - Methods

o Summary

- Oracle Academy

Q]

Summary

In this lesson, you should have learned how to:
* Understand a node
* Understand a binary tree

* Create a Node class

(@ =J-\al =8 ACADEMY

Copyright © 2018, Oracle and/or its affiliates, All rights reserved.
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Yes/No Game

Slide Title

e Artificial Intelligence with
gl \achine Learning in Java

Decision Trees Revisited 3“4

Yes/No Game

Objectives

Task - Yes or No Game

Yes/No Game Flow

Yes/No Game Flow

Yes/No Game Flow

\
\

Yes/No Game Flow

Task - Create Yes/No Game

=
=
=

\
\

—
™

Decision Trees Continued
Task - Manual Decision Trees P...
Manual Decision Trees

Decision Trees Data Set

P Copyri © 2018 cle ar d/U its affillates. All rights r rved
_ opyright © 2018, Ora c e I 2 4 /
lay OutdOOf Sport E S aies BNLs reserve

o000




AiML 3-4

]

Yes/No Game

I Objectives

T Oracle Academy

S r——— This lesson covers the following objectives:

o Objectives

* Describe the use of decision trees

o Decision Trees Revisited

* Create a yes/no game

o Taek-Yem o o Gare
© Yes/No Game Flow » State the problems of creating a manual decision tree
e e

o Yes/No Game Flow
N ——

o Task - Create Yes/No Game
o Decision Trees Continued

o Task - Manual Decision Trees P...

o Manual Decision Trees

o Decision Trees Data Set

. AiML 3-4
ORACI—E ACADEMY Yes/No Game Copyright © 2018, Oracle and/or its affiliates. All rights reserved. 3

o Play Outdoor Sport




AiML 3-4

©]

Yes/No Game

I Task — Create Yes/No Game

o Oracle Academy

o Artficial Intlligence with M. . * As more users play, the program "learns” more about
o Objectives animaIS.

| RS * Your task is to write this game. Good luck.
o Task - Yes or No Game
o Yes/No Game Flow

o Yes/No Game Flow

o Yes/No Game Flow

o Yes/No Game Flow

o Task - Create Yes/No Game

o Decision Trees Continued

o Task - Manual Decision Trees P...
o Manual Decision Trees

o Decision Trees Data Set

. AIML 3-4
ORA ACADEMY
5 Play Outdoor Sport - R CLG Yes/N Same Copyright @ 2018, Oracle and/or its affillates. All rights reserved. 10
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Yes/No Game

Slide Title

o Yes/No Game Flow

o Yes/No Game Flow

o Yes/No Game Flow

o Task - Create Yes/No Game

i Decision Trees Continued

o Task - Manual Decision Trees P...

o Manual Decision Trees

o Decision Trees Data Set

o Play Outdoor Sport

o Play Sport

o Decision Trees

o Manual Decision Tree Creation

©  Automatic Decision Trees

o Summary

o Oracle Academy

Play Outdoor Sport
Outlook | Temperature |
Hot

1

ES .
_ Overcast
Overcast
_ Overcast
Overcast

(@) =) Vel =8 ACADEMY

Hot

Hot

Mild
Cold
Cold
Cold
Mild
Cold
Mild
Mild
Mild
Hot

Mild

AiML 3-4
Yes/No Game

Humidity | Wind | Play? |
No

High Weak

High Strong No
High Weak Yes
High Weak Yes
Normal Weak Yes
Normal Strong No
Normal Strong Yes
High Weak No
Normal Weak Yes
Normal Weak Yes
Normal Strong Yes
High Strong Yes
Normal Weak Yes
High Strong No

Copyright © 2018, Oracle and/or its affliates. Al rights reserved. 15
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£

Yes/No Game

Side Tite Summa ry

o Yes/No Game Flow

© Yes/MNo Game Flow In this lesson, you should have learned how to:

o Yes/No Game Flow

* Describe the use of decision trees

o Task - Create Yes/No Game

o) Dachion roes Comermsnd * Create a yes/no game

Tk Ml Decision Trees P » State the problems of creating a manual decision tree

o Manual Decision Trees

o Decision Trees Data Set

o Play Outdoor Sport

o Play Sport

o Decision Trees

o Manual Decision Tree Creation

o Automatic Decision Trees

o Summary

™ AiML 3-4
(@) A ACADEMY ¢
o Oracle Academy R CLE Yes/No Game Copyright © 2018, Oracle and/or its affiliates. All rights reserved, 20
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ACADEMY Day N

8 de mayo - Madrid 2019

To do | Doing MDone Ag en d a

e —

1.- Introduccion

2.- Programa Oracle Academy

= 3.- Oracle Academy: Plan de estudios

] 4.- AIML: Artificial Intelligence with ML
“=IF] 5.- Demo: Plataforma Oracle iLearning
= 6.- Hands-On Labs

PUE ACADEMY 2 Day AcADEMY



;Inteligencia Artificial, Machine Learning
0 Deep Learning?

¢ Que significa cada una?

Machine Learning: Deep Learning:

Inteligencia Artificial:

Maquinas simulando el Es la capacidad de las Algoritmos que permiten
comportamiento y razonamiento | computadoras para aprender clasuﬁc{:ar y relacionar grfalndes
de los humanos. Para ello, por si mismas a partir de datos ‘volumenes informacion

usan diferentes técnicas, y experiencia. En su uso mas imitando las redes neuronales.
entre ellas, Machine Learning. | complejo utiliza Deep Learning.
Ejemplo: los asistentes de Ejemplo: Elandlisis predictivoen  Ejemplo: Chatbotsy opciones
% voz Sirl y Alexa. los vehfcu[os.autélnomos avanzadas de traduccion,
y la personalizacion de incluso con
contenidos segun patrones reconocimiento del

de comportamiento. dialecto.
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Machine Learning Workflow

CRISP Flow

Business
Understanding

Data

Deployment Understanding

— AEZESTEEASERAVERASER \ W 1 y
ik /
(@) =J\el . =8 ACADEMY
.

CRISP-DM (Cross-Industry Standard Process for Data Mining)

Data Preparation

Modelling

PUE ACADEMY = Day
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W #PUEAcademyDay19
Machine Learning Workflow

CRISP - Overview

Business understanding

Data understanding

Data preparation

Modelling

(@)= J-\al . =8 ACADEMY

PUE ACADEMY = Day

Deployment

CRISP-DM (Cross-Industry Standard Process for Data Mining)



Meaningful Customer Retention

Compression

Structure Image
Discovery Classification

Big Data Dimensionality Feature Identity Fraud

Visualization Reduction Elicitation Detection Diagnostics

Advertising Popularity

“°‘°"‘s";:t"e",:; Unsupervised Supervised ARGRCO0N

Learning Learning Weather

Forecasting
Clustering Regression
Targeted

Marketing Market :

Forecasting
Population e
gz;:::‘::’ﬁm Real-Time Game Al Srowth fi?:?:;??tancy
Decisions Prediction

Reinforcement

Learning

Robot

: Skill Acquisition
Navigation

Learning Tasks



How Supervised Machine Learning Works
STEP | STEP 2

Provide the machine learning algorithm categorized or Feed the machine new, unlabeled information to see if it tags
“labeled” input and output data from to learn new data appropriately. If not, continue refining the algorithm

Latel Y \ \
e (T )

' N4 M @ Q '\ NUTCATS
|| MACHINE | MACHINE [ M D
== p

TYPES OF PROBLEMS TO WHICH IT'S SUITED

+ CLASSIFICATION REGRESSION

b » Sorting items Identifying real values
% b 4 ® into categories (dollars, weight, etc.)




H din d S- O N La bS Machine Learning

Training l
Data Feature
: | I
e TN TERR N emem e e mn m m o we  om m m m om n  e  m  we — ———————-
Predicting
(@] =J\al M =8 ACADEMY New Feature
Data ™= ” Extraction
7

PUE ACADEMY = Day
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Machine Learning

Training
{ Machine Learning
'P“btz)ed] Labeled Feanure Algorithm
|| ) PubMed extraction |
‘ - . i
Abstracts .
N
/

— Testing
““ Unlabeled

[El~eBmeg | pibMed : :
| == = |
!“!l' =——| Abstracts N !_:] .
li l[ln .A.hkd = =
-'- : )‘ —\ . ,‘,' :,
= » ] / —
Feature
extraction

Classifier model

Predictions



How Unsupervised Machine Learning Works
STEPI STEP 2

Provide the machine learning algorithm uncategorized, Observe and learn from the
unlabeled input data to see what patterns it finds patterns the machine identifies

L SIMILAR GROUP |
- ) e 7)
d o
i I AN SIMILARGRUUPZ

\ | D4
@A - — MACHINE MACHINE
—) \—

TYPES OF PROBLEMS TO WHICH IT’S SUITED

CLUSTERING ANOMALY DETECTION

Identifying similarities in groups Identifying abnormalities in data
For Example: Are there patterns in For Example: |s a hacker intruding in
the data to indicate certain patients our network?

will respond better to this treatment

than others?




INPUT RAW DATA

OuUTPUT

[ Algorithm ]
® Unknown Output (_..

@ No Training Data Set

_,ga_,@_,go , .

o @

o o [Interpretatinn] [ Processing ]

Model Training

Model Trained



kaggIe Search kaggle Q Competitions Datasets Kemels Discussion Learn e« -

The Home of Data Science
& Machine Learning

jobs
Kaggle helps you learn, work, and play

poard

Host a competition

Competitions » Datasets » Kernels »

Climb the world’s most elite Explore and analyze a

manrnhina laoarninag

Run code in the cloud and

rallantinn of hinh ciiality roaroiva ~nmmiiinityv foodhank


https://www.kaggle.com/
https://www.kaggle.com/
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Labels
—

—mm Crdithatee Losoroued?

Data Source

Young Fair

Young No No Good No

Young Yes No Good Yes

Middle No No Good No

Middle Yes Yes Excellent Yes

Old Yes No Good Yes

Old No No Fair No
) E—)

Independent Data Dependent

Data
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Data Source

Labels (Classification)

No No

Young No Fair

Young No No Good No

) Young Yes No Good Yes

Middle No No Good No

Middle Yes Yes Excellent Yes

—" ZEZEEEERGERNENNN \ old Yes No Good Yes

(@) =J\el . =8 ACADEMY

Independent Data Dependent
Instance Data

PUE ACADEMY = Day
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Data Source

Play Outdoor Sport
m-mmm

_ Sunny Ho High Weak
_ Sunny Hot High Strong No
_ Overcast Hot High Weak Yes
I --in Mild High Weak Yes
— _ Rain Cold Normal Weak Yes
----- —_““-\ _ Rain Cold Normal Strong No
Overcast Cold Normal Strong Yes
_ Sunny Mild High Weak No
_ Sunny Cold Normal Weak Yes
lld _ Rain Mild Normal Weak Yes
_ Sunny Mild Normal Strong Yes
_ Overcast Mild High Strong Yes
_ Overcast Hot Normal Weak Yes
_ Rain Mild High Strong No

PUE ACADEMY = Day
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Weka 3: Machine Learning Software

@relation Weather

@attribute Outlook {Sunny, Overcast, Rain}
@attribute Temperature {Hot, Mild, Cold}
@attribute Humidity {High, Normal}
@attribute Wind {Weak, Strong}

@attribute Play {Yes, No} S
@data

Sunny,Hot,High,Weak,No

Sunny,Hot,High,Strong,No

Overcast,Hot,High,Weak,Yes

Rain,Mild,High,Weak,Yes

Rain,Cold,Normal,Weak,Yes

Rain,Cold,Normal,Strong,No

Overcast,Cold,Normal,Strong,Yes

Sunny,Mild,High,Weak,No

Sunny,Cold,Normal,Weak,Yes

Rain,Mild,Normal,Weak,Yes

Sunny,Mild,Normal,Strong,Yes

Overcast,Mild,High,Strong,Yes

Overcast,Hot,Normal,Weak,Yes

Rain,Mild,High,Strong,No
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Weka 3: Machine Learning Software

@relation Titanic-Passengers

@attribute Class {"1st","2nd","3rd","crew"
@attribute Age {"Adult","Child"}
@attribute Sex {"Male","Female"}
@attribute Survived {"Yes","No"}

. N = //
titanic.arff
@data
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
ACADENIY 1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,No
1st,Adult,Male,No
1st,Adult,Male,No
1st,Adult,Male,No
1st,Adult,Male,No

PUE ACADEMY ’~ Day ??‘.C,Adult,Male,No
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Play Outdoor Sport

machine

N learning
. y feature | _ ' algorithm
extractor

model

— o l » feature _ clasifier 5
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Arboles de Decision

(Decision Tree Algorithms) en Machine Learning.

Algunos de los mas populares son:

« Iterative Dichotomiser3 (ID3)
« Classification and Regression Tree (CART)
« C4.5

« Chi-squared Automatic Interaction Detection (CHAID)

« Decision Stump
« Conditional Decision Trees

?

DECISION TR EE DECISION TREE

W #PUEAcademyDay19

Existen muchos algoritmos de tipo Arbol de Decisidn

DECISION TR EE
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HandS'On La bS Algoritmo ID3
ID3

ID3 (Examples, Target_Attribute, Attributes)

Create a root node for the tree

If all examples are positive, Return the single-node tree Root, with label = +.

If all examples are negative, Return the single-node tree Root, with label = -.

If number of predicting attributes is empty, then Return the single node tree Root,
| with label = most common value of the target attribute in the examples.
Otherwise Begin

A & The Attribute that best classifies examples.

Decision Tree attribute for Root = A.

For each possible value, v, of A,

Add a new tree branch below Root, corresponding to the test A=v..
Let Examples(v,) be the subset of examples that have the value v, for A

If Examples(v,) is empty
ORACLE EbE L Then below this new branch add a leaf node with label = most common target value

in the examples
Else below this new branch add the subtree ID3 (Examples(v;), Target_Attribute,

Attributes — {A})
End
Return Root

Se usara, como punto de partida, un pequefio dataset para
recorrer paso a paso cada una de las fases del algoritmo ID3

PUE ACADEMY - Day y comprender todo el proceso de creacion del arbol.
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Yes/No Game

FZESSEEEEREEENEEER \

(@] =J\al M =8 ACADEMY

Arboles binarios

PUE ACADEMY = Day
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Yes/No Game

Computer > File to read the knowledge base from?
Human > resources\kbs\got

Computer > Topic: 'Game of Thrones character'

Computer > Are you thinking in a 'Game of Thrones character'? (Y/N)

Human > Y

Computer > Is a man? (Y/N)

Human > Y

Computer > She/He/It is 'Tyrion Lannister'? (Y/N)
Human > N

ORACLE i Topic: Game of Thrones character
Computer: © wins
Human: 1 wins
Computer > Who/what were you thinking of?
Human > John Snow
Computer > Please enter a yes/no question that would distinguish
"John Snow' from 'Tyrion Lannister'
Human > Is a King?
Computer > For 'John Snow' the answer would be (Y/N)

PUE ACADEMY = Day Human > Y
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Yes/No Game

Computer > Topic: 'Game of Thrones character'

Computer > Are you thinking in a 'Game of Thrones character'? (Y/N)
Human > Y

Computer > Is a man? (Y/N)

Human > Y

Computer > Is a King? (Y/N)

Human > Y

Computer > She/He/It is 'John Snow'? (Y/N)

Human > N

ORACLE FLEN Topic: Game of Thrones character
Computer: 0 wins

Human: 2 wins

Computer > Who/what were you thinking of?

Human > Robert Baratheon

Computer > Please enter a yes/no question that would distinguish
'Robert Baratheon' from 'John Snow'

Human > Is alive?

Computer > For 'Robert Baratheon' the answer would be (Y/N)

PUE ACADEMY = Day Human > N
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Hands-On Labs Yes/No Game

Is your object living?
NO

(@) = J-Va| =8 ACADEMY

PUE ACADEMY = Day
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Yes/No Game

(left = "yes”)

right = “np")

left = "pes") overall root fright = "m0
(@) =7 -Va =8l ACADEMY ;
| Isit an animal? |
e H.H

. Canitfly? | . Does i have wheels? |

'—/| N
bird ' Does it have atad? | | Isknce?

[Decsitmoss? | [ spider |
i cal i [ o]

PUE ACADEMY = Day
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Yes/No Game

Animales

Es un animal acuatico?

Es un animal muy inteligente?
Delfin

Es un animal muy peligroso?

: Tienen cuerpo gelatinoso?

: Medusa

: Tiburon

Se alimentan de placton?

: Tiene la boca en forma de trompeta?
: Caballito de mar

Pez

Es un animal de rio?

: Cocodrilo

Ballena

Es un reptil?

: Cambia de color?

: Camaleon

Se arrastra por el suelo?
Serpiente

Lagarto

Es un mamifero?

: Se cuelga por los arboles?

: Mono

Es de la familia de los felinos?
: Caza animales de tamano mediano o grande para comer?

(@) =J\el . =8 ACADEMY

PUE ACADEMY = Day
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Yes/No Game

Game of Thrones character
Q: Is a man?

A: John Nieve

A: Danerys

Game of Thrones character
Is a man?

Is a King?

Is alive?

John Snow

Robert Baratheon
Tyrion Lannister

Is youngth?

Danerys

Cersei Lannister

>r>O>>>rOO0o~oO0

W #PUEAcademyDayl19
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Yes/No Game

FZESSEEEEREEENEEER \

(@] =J\al M =8 ACADEMY

Arboles binarios

PUE ACADEMY = Day
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Yes/No Game

_—

Root

FZESSEEEEREEENEEER \

(@] =J\al M =8 ACADEMY

Arboles binarios

PUE ACADEMY = Day
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Yes/No Game

Siblings

FZESSEEEEREEENEEER \

(@] =J\al M =8 ACADEMY

Leaf

Arboles binarios
PUE ACADEMY = Day
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Binary Tree Structure
Node

- «
?

Null

public class TreeNode<T> {

private T content;
private TreeNode<T> leftNode;
private TreeNode<T> rightNode;

ACADEMY
ORACLE public TreeNode(T content, TreeNode<T> leftNode,

TreeNode<T> rightNode) {
this.setContent(content);
this.setLeftNode(leftNode);
this.setRightNode(rightNode);

}

public TreeNode(T content) {
this(content, null, null);

PUE ACADEMY 2~ Day ’
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Binary Tree Structure

public class BinaryTree<T> {

private TreeNode<T> root;
private TreeNode<T> current;

public BinaryTree(TreeNode<T> root) {
this.setRoot(root);
this.setCurrent(root);

}

public BinaryTree(T content) {
this(new TreeNode(content));

}

(@) =J\el . =8 ACADEMY public String preOrder() {

return this.getRoot().preOrder();
}

public String postOrder() {
return this.getRoot().postOrder();

}

public String inOrder() {
return this.getRoot().inOrder();

}
PUE ACADEMY = Day
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Pre-Order Traversal

Se accede primero a un node antes de
acceder a sus correspondientes nodos
hijos.

Se procesan primero los nodos de la
izquierda.

(@) =J\el . =8 ACADEMY

1,2,4,5,7,3,6
PUE ACADEMY  Day
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Post-Order Traversal

Se acceden primero a los nodos hijos
antes de acceder al correspondiente
padre.

Se procesan primero los nodos de la
izquierda.

(@) =J\el . =8 ACADEMY

4,7,5,2,6,3,1
PUE ACADEMY  Day
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Se acceden primero al correspondiente
sub-arbol izquierdo de un nodo padre.

Ha ndS'On La bS In-Order Traversal

Luego al correspondiente nodo padre y
finalmente al sub-arbol derecho.

(@) =J\el . =8 ACADEMY

4,2,7,5,1,3,6

PUE ACADEMY = Day
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Dataset o conjunto de datos

Play Outdoor Sport
m-mmm

Sunny Ho High Weak

Sunny Hot High Strong No
Overcast Hot High Weak Yes
Rain Mild High Weak Yes
Rain Cold Normal Weak Yes
Rain Cold Normal Strong No

Overcast Cold Normal Strong Yes
Sunny Mild High Weak No
Sunny Cold Normal Weak Yes
Rain Mild Normal Weak Yes
Sunny Mild Normal Strong Yes
Overcast Mild High Strong Yes
Overcast Hot Normal Weak Yes
Rain Mild High Strong No

(@) =J\el . =8 ACADEMY

PUE ACADEMY = Day
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Play Outdoor Sport

machine

N learning
. y feature | _ ' algorithm
extractor

model

— o l » feature _ clasifier 5

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Outlook

(1,2,3,4,5,6,7,8,9
,10,11,12,13,14)

/ | \
Sunny Overcast Rain
v ~
e ZZESHEEAVERAERSSER \ Humid Ity Yes Wind
1,2,8,9,11 3;7;12;13 4,5,6,10,14
(@) =J:\a l=W ACADEMY high normal strong weak
‘ y'd ‘ u X u
No Yes No Yes
1,2,8 911 6,14 4,5,10

PUE ACADEMY = Day
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Algoritmo ID3
ID3

ID3 (Examples, Target_Attribute, Attributes)
Create a root node for the tree ‘
If all examples are positive, Return the single-node tree Root, with label = +.

If all examples are negative, Return the single-node tree Root, with label = -.
If number of predicting attributes is empty, then Return the single node tree Root,
with label = most common value of the target attribute in the examples.
Otherwise Begin
A & The Attribute that best classifies examples.
Decision Tree attribute for Root = A.
For each possible value, v, of A,
Add a new tree branch below Root, corresponding to the test A=v..
Let Examples(v,) be the subset of examples that have the value v, for A

If Examples(v,) is empty
ORACLE EHLEL Then below this new branch add a leaf node with label = most common target value

in the examples
Else below this new branch add the subtree ID3 (Examples(v,), Target_Attribute,
Attributes — {A})
End
Return Root

PUE ACADEMY = Day
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Entropia y ganancia

G s ; ISl . -
Entropy(S) = — 2 p(x)log,p(x) Gain (S,A) = Entropy(S) — Z Wﬁntr()p)' (Sy)
x=1 ve Values(A) )
Entropy(S) = Ivesl 042 (P). x) = Pnolog:(Pno)

Entropy(S) = — (;—.‘) «log, (ﬁ) ~ ('1;1) « log, ( )
Entropy(8) = —(0.643) » (—0.637) — (0.357) « (—1.485)
Entropy(S) = —(—0.410) — (=0.530)

Entropy(s) = (0.410) + (0.530)

Entropy(S) = 0.94

. ; IS |
Gain (S, outlook) = 0.94 — Z - Entropy (S,)

ve Values(A)

Gain (S, outlook)

&) ny hY wrea S at
= 0.94 — (w) ! E”["“’).}"(S\'unn,\') - (%) ! E““Ul’}'(sm-mnm) - (} };;HI) r”““,)‘(qmuu

(@) =J-\a . =8 ACADEMY

|5} 4 15
Gain (S, outlook) = 0.94 (%) » Entropy(Ssunny) (ll—:) « Entropy(Sovercast) (I—lzl) * Entropy(Spain)

Gain (S, outlook)
= 0.94 — (0.357) » Entropy(Ssunny) — (0.286) + Entropy(Sovercast) — (0.357) « Entropy(Sgain)

Gain (S, outlook) = 0,94 — (0.357) » 0.971 — (0.286) « 0 — (0.357) » 0.971

Gain (S, outlook) = 0.94 — 0.347 — 0 — 0.347

PUE ACADEMY # Day Gain (S, outlook) = 0.246
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Entropia de la Informacion

La entropia de la informacion es un concepto definido por los
matematicos en 1949, y se refiere a la incertidumbre en los
datos.

Los datos con un alto nivel de incertidumbre (o entropia)
contendran mas informacion util que podra ser utilizada.

La entropia de la informacion se mide como:

n
Entropy(S) = — Z p(x)log,p(x)
x=1

Esta ecuacion devolvera cuanta informacion se puede esperar
de una accién dada.

Cuanto mayor sea el nimero, mas informacion obtenemos.

WRENG RIGHT

L
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Entropia de la Informacion

1.15
110
1.05
08 B e B—
. # a4
0.80 / \\

ot L ~
0.70 if R
0.65 / \

] / \

0455 / \
050 f_/ \ e
%) — K
0.35 / \

Q.30 / \

Q.25 / \

0.20 / \
Q.13 // \\
a.1o / \

0.05

Entropy

0.00

A L | ACADEMY Probability

Entropy(S) = — Z p(x)log,p(x)

x=1

PUE ACADEMY = Day
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Entropia de la Informacion
Tenemos bolsa con 10 canicas verdes

Calcular la entropia asociada a la
accion de sacar una canica.

n
Entropy(S) = — ) p(x)log;p(x)
x=1

Entropy(S) = —p(x)log,p(x)
Entropy(S) = —1log,1
Entropy(S) = —1x0
Entropy(S) = 0

Obtenemos una entropia de 0.
El nivel de incertidumbre es minimo, por lo que podemos

obtener poca informacién de este conjunto de datos. Por lo
tanto, no es un buen conjunto de entrenamiento.
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Entropia de la Informacion

Tenemos bolsa con 5 canicas verdes
y 5 canicas rojas.

Calcular la entropia asociada a la
accion de sacar una canica.

n 23R
Entropy(S) = — Z p(x)log,p(x) n=>2
x=1

Entropy(S) = —p(green)log,p(green) — p(red)log,p(red)

_‘ g 5\ (5 g
Entropy(S) = — T log, o1 \Tg log, 10

Entropy(S) = —(0.5) * (—1) — (0.5) * (—1)
Entropy(S) = (0.5) + (0.5)
Entropy(S) = 1

Este es un valor de entropia mas alto, por lo que tenemos
un mejor conjunto de entrenamiento para el aprendizaje.



Hands-On Labs Arbol de decisién ID3

Play Outdoor Sport
m-mmm

_ Sunny Ho High Weak
_ Sunny Hot High Strong No
_ Overcast Hot High Weak Yes
I --in Mild High Weak Yes
— _ Rain Cold Normal Weak Yes
----- —_““-\ _ Rain Cold Normal Strong No
Overcast Cold Normal Strong Yes
_ Sunny Mild High Weak No
_ Sunny Cold Normal Weak Yes
lld _ Rain Mild Normal Weak Yes
_ Sunny Mild Normal Strong Yes
_ Overcast Mild High Strong Yes
_ Overcast Hot Normal Weak Yes
_ Rain Mild High Strong No

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Outlook

(1,2,3,4,5,6,7,8,9
,10,11,12,13,14)

/ | \
Sunny Overcast Rain
v ~
e ZZESHEEAVERAERSSER \ Humid Ity Yes Wind
1,2,8,9,11 3;7;12;13 4,5,6,10,14
(@) =J:\a l=W ACADEMY high normal strong weak
‘ y'd ‘ u X u
No Yes No Yes
1,2,8 911 6,14 4,5,10

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Paso 1
Calculamos la entropia asociada al atributo de salida: Play
n
Play?
Entropy(S) = — Z p(x)log,p(x) ND_
x=1 No
Entropy (Play): 9-Yes, and 5-No :ES
es
—F FEL mEEE \ Entropy(S) = —pyeslogz (pyes) — Pnologz(Pno) Yes
9 9 5 5
Entropy(s) = — (37) * 1og2 (55) = (35) * 092 () -
Entropy(S) = —(0.643) * (—0.637) — (0.357) * (—1.485) NES
o
i | ACADEMY Entropy(S) = —(—0.410) — (=0.530) ‘e
Entropy(S) = (0.410) + (0.530) Yes
Entropy(S) = 0.94 Yas
Yes
Yes
No

PUE ACADEMY = Day



Hands-On Labs Arbol de decisi6n ID3

Paso 2

Ahora calculamos el valor de ganancia de informacion
(gain) para cada uno de los atributos o features de nuestro
conjunto de datos.

Asi podremos elegir porqué atributo o feature se puede
hacer un mejor split en nuestro arbol.

tum  Jouteok Tremperurs [umidity_lwind___lpwr?
T B Hot High Weak

Sunny Hot High Strong No
Overcast Hot High Weak Yes
Rain Mild High Weak Yes
Rain Cold Normal Weak Yes
Rain Cold Normal Strong No

(@) =J\el . =8 ACADEMY

Overcast Cold Normal Strong Yes
Sunny Mild High Weak No
Sunny Cold Normal Weak Yes
N Rain Mild Normal Weak Yes
Sunny Mild Normal Strong Yes
Overcast Mild High Strong Yes
Overcast Hot Normal Weak Yes
Rain Mild High Strong No

Entropy(S) = 0.94

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Outlook

(1,2,3,4,5,6,7,8,9
,10,11,12,13,14)

/ | \
Sunny Overcast Rain
v ~
e ZZESHEEAVERAERSSER \ Humid Ity Yes Wind
1,2,8,9,11 3;7;12;13 4,5,6,10,14
(@) =J:\a l=W ACADEMY high normal strong weak
‘ y'd ‘ u X u
No Yes No Yes
1,2,8 911 6,14 4,5,10

PUE ACADEMY = Day



H dln d S'O N La bS Ganancia de la informacién

El calculo de la ganancia de informacion —-gain- mide la
cantidad de entropia que se reduce en el dataset, al
particionar o clasificar a partir de un atributo especifico (A).

Syl

Gain (S,A) = Entropy(S) — z ﬁEntmpy(Su)
ve Values(A)

Cuanto mayor sea el nUmero de ganancia obtenido, mejor
se clasificaran los datos a partir de ese atributo.

Clave: Calcular la entropia para cada posible valor del
A ] ACADEMY atributo y luego calcular la ganancia para ese atributo.

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Play Outdoor Sport
m-mmm

_ Sunny Ho High Weak
_ Sunny Hot High Strong No
_ Overcast Hot High Weak Yes
I --in Mild High Weak Yes
— _ Rain Cold Normal Weak Yes
----- —_““-\ _ Rain Cold Normal Strong No
Overcast Cold Normal Strong Yes
_ Sunny Mild High Weak No
_ Sunny Cold Normal Weak Yes
lld _ Rain Mild Normal Weak Yes
_ Sunny Mild Normal Strong Yes
_ Overcast Mild High Strong Yes
_ Overcast Hot Normal Weak Yes
_ Rain Mild High Strong No

PUE ACADEMY = Day



Hands-On Labs

SEEESTEERFRRARERNEEN \

(@) =J-Vel Il =8 ACADEMY

PUE ACADEMY = Day

W #PUEAcademyDayl19

Entropy(S) = 0.94

A: Outlook

Arbol de decisién ID3

Sunny
Overcast 4 0
Rain 3 2

4
5
Outlook |

Entropy(Sunny) = _pyeslo.QZ (pyes) — Pnologz2(Pno) Sunny

2 2 3 3 S
Entropy(2+,3 =) = ~()log: (3) = ©)log: (3) AN
Entropy(Overcast) = —pyesl0ga(Pyes) = Prologa(Pno) 727
aln
Entropy(4+,0 —) = —(- )logz( ) (= )1093( ) =
. Overcast
Entrop}/(Ram) - _pve\‘IOQZ (pvcs‘) o pnologz(pnu) Sunny
Entropy(3+,2 =) = —(= )10573( )_( )Iogz( ) Surmy
Rain
Entropy(Sunny) = 0.971 Z“""V t
vVercas
Entropy(Overcast) = 0 —
Entropy(Rain) = 0.971 Rain



Hands-On Labs

SEEESTEERFRRARERNEEN \

(@) =) \a . =3 ACADEMY

PUE ACADEMY = Day

W #PUEAcademyDayl19

Entropy(S) = 0.94

A: Outlook #Play: Yes # Play: No
2 3 5

Arbol de decisién ID3

Sunny
Overcast 4 (%] 4
Rain 3 2 5
. |5y |
Gain (S,A) = Entropy(S) — TlEntropy (Sy)

ve Values(A)

5 - 5
Gain (S, outlook) = 0.94 — ([1_4|) « Entropy(Ssunny) — (|1_4|) * Entropy(Sovercast) — (%) * Entropy(Srain)

Gain (S, outlook) = 0.94 — (0.357) + 0.971 — (0.286) + 0 — (0.357) = 0.971
Gain (S, outlook) = 0.94 — 0.347 — 0 — 0.347

Gain (S, outlook) = 0.246



Hands-On Labs Arbol de decisién ID3

Play Outdoor Sport
m-mmm

_ Sunny Ho High Weak
_ Sunny Hot High Strong No
_ Overcast Hot High Weak Yes
I --in Mild High Weak Yes
— _ Rain Cold Normal Weak Yes
----- —_““-\ _ Rain Cold Normal Strong No
Overcast Cold Normal Strong Yes
_ Sunny Mild High Weak No
_ Sunny Cold Normal Weak Yes
lld _ Rain Mild Normal Weak Yes
_ Sunny Mild Normal Strong Yes
_ Overcast Mild High Strong Yes
_ Overcast Hot Normal Weak Yes
_ Rain Mild High Strong No

PUE ACADEMY = Day



W #PUEAcademyDay19

Hands-On Labs Arbol de decisién ID3
Entropy(S) = 0.94
Cold
Mild 4 2 6
Hot 2 2 4

Ent'rop)’(cmd) = —p’)’(,‘slogl(p\’eb) o pnulogz(pno)
Entropy(3+,1-) = —(Dlog, (3) — Plog, (5)

SEEESTEERFRRARERNEEN \

(@) =J-Vel Il =8 ACADEMY

Entropy(mild) = —Pyesl‘)gz(l’yc s) ~ Prologz(Pno)
Entropy(4+,2 —) = —(= )logz( )—( )lo gz( )

Entropy(hot) = —pycslogz(pycs) — Pnologz (Pno)
2 2 2 2
Entropy(2+,2 -) = —(3)log, (;) — (3)log; (g)

Entropy(cold) = 0.811
-Entropy(mild) = 0.918

PUE ACADEMY = Day Entropy(hot) = 1.0



Hands-On Labs Arbol de decisién ID3

Entropy(S) = 0.94

A: Temperature #Play: Yes # Play: No
3 1 4

Cold

Mild 4 2 6

Hot 2 2 4
. |5y

Gain (S,A) = Entropy(S) — TlEntropy (Sy)

ve Values(A)

|4]

6 4
Gain (S, temperature ) = 0.94 — (E) « Entropy(Scota) — <|1—4|) * Entropy(Smita) — <I17r|> * Entropy(Snot)

(@) =) \a . =3 ACADEMY

Gain (S, temperature ) = 0.94 — (0.286) = 0.811 — (0.429) = 0.918 — (0.286) * 1.0
Gain (S, temperature ) = 0.94 — 0.232 — 0.394 — 0.286

Gain (S, temperature ) = 0.028

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Play Outdoor Sport
m-mmm

_ Sunny Ho High Weak
_ Sunny Hot High Strong No
_ Overcast Hot High Weak Yes
I --in Mild High Weak Yes
— _ Rain Cold Normal Weak Yes
----- —_““-\ _ Rain Cold Normal Strong No
Overcast Cold Normal Strong Yes
_ Sunny Mild High Weak No
_ Sunny Cold Normal Weak Yes
lld _ Rain Mild Normal Weak Yes
_ Sunny Mild Normal Strong Yes
_ Overcast Mild High Strong Yes
_ Overcast Hot Normal Weak Yes
_ Rain Mild High Strong No

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Entropy(S) = 0.94

A: Humidity #Play: Yes # Play: No
High 3 4 7
Normal 6 1 7

Entropy(high) = —pycslogz (pyes) — Pnolog; (Pno)
3 3 4 4
Entropy(3+,4 —) = —(5)log, (;) — (5)log; (;)

SEEESTEERFRRARERNEEN \

Entropy(normal) = —pyeslog'z (pycs) = pnnlogz (pnu)
6 6 1 1
Entropy(5+,2 =) = ~@)log, (3) - G)log: (5)

(@) =J-Vel Il =8 ACADEMY

Entropy(high) = 0.985
Entropy(normal) = 0.592

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Entropy(S) = 0.94
High 3 4 7
Normal 6 1 7

|5y |

Gain (S,A) = Entropy(S) — Z TlEntropy (Sy)
ve Values(A)

7 7
Gain (S, humidity) = 0.94 — (%) * Entrop)"(.S',,,g,,) - (ll—i) * Entropy(S,ormat)

(@) =J-Vel Il =8 ACADEMY

Gain (S, humidity) = 0.94 — (0.5) * (0.985) — (0.5) * (0.592)
Gain (S, humidity) = 0.94 — 0.493 — (0.296)

Gain (S, humidity) = 0.151

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Play Outdoor Sport
m-mmm

_ Sunny Ho High Weak
_ Sunny Hot High Strong No
_ Overcast Hot High Weak Yes
I --in Mild High Weak Yes
— _ Rain Cold Normal Weak Yes
----- —_““-\ _ Rain Cold Normal Strong No
Overcast Cold Normal Strong Yes
_ Sunny Mild High Weak No
_ Sunny Cold Normal Weak Yes
lld _ Rain Mild Normal Weak Yes
_ Sunny Mild Normal Strong Yes
_ Overcast Mild High Strong Yes
_ Overcast Hot Normal Weak Yes
_ Rain Mild High Strong No

PUE ACADEMY = Day



W #PUEAcademyDay19

H an C| S- O N La bS Arbol de decision ID3
Entropy(S) = 0.94
6 2 8

Weak
Strong 3 3 6
Entropy(weak) = _pyeslo.gz(pyes) — Prol0g2(Pno)

Entropy(6+,2 =) = -(2)1092 (2) = (5)1092 (ﬁ)

Ent?'Op}’(StI‘Ol]g) - —p}'U-"“log'Z(p}’US) - PnulOQz (pnu)
3 3 3 3
Entropy(3+,3 —) = —(>)log; (;) — (Dlog; (g)

SEEESTEERFRRARERNEEN \

(@) =J-Vel Il =8 ACADEMY

Entropy(strong) = 1.0
Entropy(weak) = 0.811

PUE ACADEMY = Day



W #PUEAcademyDay19

H an C| S- O N La bS Arbol de decision ID3
Entropy(S) = 0.94
6 2 8

Weak
Strong 3 3 6

|5y |

Gain (S,A) = Entropy(S) — Z TlEntropy (Sy)
ve Values(A)

SEEESTEERFRRARERNEEN \

(@) =J-Vel Il =8 ACADEMY

. . , 18] . 6] 2
Gain (S,wind) = 0.94 — T x* Entropy(Sweak) — 12 * Entmpy(.%sm),,y)

Gain (S, wind) = 0.94 — (0.571) * (0.811) — (0.429) * (1.0)
Gain (S, wind) = 0.94 — 0.463 — (0.429)

Gain (S,wind) = 0.048

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3
Gain (S, Outlook)=0.246 =

Gain (S, Temperature)=0.028
Gain (S, Humidity)=0.151
Gain (S, Wind)=0.048

Outlook
1,2,3,4,5,6,7,8,9,10,11,12,13,14

SEEESTEERFRRARERNEEN \

(@) =) \a . =3 ACADEMY

/ |
Sunny Overcast Rain
¥ \ N
1,2,8,9,11 3,7,12,13 4.5,6,10,14

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Play Outdoor Sport
m-mmm

_ Sunny Ho High Weak
_ Sunny Hot High Strong No
_ Overcast Hot High Weak Yes
I --in Mild High Weak Yes
— _ Rain Cold Normal Weak Yes
----- —_““-\ _ Rain Cold Normal Strong No
Overcast Cold Normal Strong Yes
_ Sunny Mild High Weak No
_ Sunny Cold Normal Weak Yes
lld _ Rain Mild Normal Weak Yes
_ Sunny Mild Normal Strong Yes
_ Overcast Mild High Strong Yes
_ Overcast Hot Normal Weak Yes
_ Rain Mild High Strong No

PUE ACADEMY = Day



Hands-On Labs :

Arbol de decision ID3

Outlook
1,2,3,4,5,6,7,8,9,10,11,12,13,14

/ |

Sunny Overcast Rain
AEELUATANIIEE \ v ! =

1,2,8,9,11 3,7,12,13 4,5,6,10,14
(@) =J\al . =3 ACADEMY

fow [outoaremperure numiding lwind__Jpiar

High Weak
Hot High Strong No
Mild High Weak No
Cold Normal Weak Yes
Mild Normal Strong Yes

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Outlook
1,2,3,4,5,6,7,8,9,10,11,12,13,14

/ |

Sunny Overcast Rain
L B ¥ v Ny

1,2,8,9,11 3,7,12,13 4,5,6,10,14
(@) =J\al . =3 ACADEMY

Row |Outlook | Temperature | Humidity |Wind | Play? mm

- Supn Hot High Weak No Hot High Weak No
2 S Hot High Strong No EHot High Strong No
3 Su Mild High Weak No Mild High Weak No
3 Cold Normal Weak Yes m Cold Normal ~ Weak Yes
EEOl sunny  Miild Normal  Strong Yes S Mild Normal  Strong Yes

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

¢Qué atributo seleccionamos ahora para continuar
bajando por nuestro arbol?

- Hot High Weak No 1,2,3,4,5,6,7,8,9,10,11,12,13,14

Hot High Strong No o .

¢ / N
Mild High Weak No ’ | My
Sunny Overcast Rain
m Cold Normal Weak Yes v ‘ e
. 1,2,8,9,11 3,7,12,13 4,5,6,10,14

11 VG Normal  Strong VYes

FZESSEEEEREEENEEER \

ACADEMY Entropy(S) = _PJ;eglng (py;?S) - znologz (p'r;o)
Entropy(s) = — (z) * loga (5) — (3) * logz (3)

Entropy(S) = 0.971

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

¢Qué atributo seleccionamos ahora para continuar
bajando por nuestro arbol?

Ell ot High Weak No 1,2,3,4,5,6,7,8,9,10,11,12,13,14
Hot High Strong No
L
Mild High Weak No | \
Sunny Overcast Rain
m Cold Normal Weak Yes ¥ L “u
- 1,2,8,9,11 3,7,12,13 4,5,6,10,14
11 VG Normal  Strong VYes

Cold
ACADEMY
ORACLE Mild ) " >

Hot 1 (%] 1

- [Shotl ISmital IScotal . :
Gain (S, temperature) = 0.972 — (+’l) * Entropy(Spot) — (%’“ = Entropy(Smita) — -—‘:_”—' * Entropy(Scora)
2 < | o)

Gain (S, temperature) = 0.572

PUE ACADEMY = Day Y asi para el resto de atributos ...



Hands-On Labs Arbol de decisién ID3

Gain (S,wind) = 0.021

Gain (S, humidity) = 0.972 4=
Gain (S, temperature) = 0.572

Outlook

(1,2,3,4,5,6,7,8,9,10,1
1,12,13,14)

/ | \
Sunny Overcast Rain
‘ s L/ | ~a
(@] =7\l =W ACADEMY 1,2,8,9,11 3,7,12,13 4,5,6,10,14
Humidity
normal

Ry

9,11

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Outlook
(1,2:3:4.5.6.7,8.9.,10,1
1,12,13;14)
Rt I g
Sunny Overcast Rain
‘ a2 | v | ~a
—— ZZEZSEEASERATERANER \ 1,2,8,9,11 3,1,12,13 4,5,6,10,14
Humidity
ORACLE LN ¥ *
normal
.« _
9,11 Row Temperature Humidity Wind Play?
1 Hot High Weak No
2 Hot High Strong No
8 Mild High Weak No

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Outlook
(1,2,3,4,56,7,8,9.1
0,11,12,13,14)
ST ! =Y
Sunny Overcast Rain
= / v A
SEEEEEEEEEEEERERR \ Humidity 3,7,12,13 4,5,6,10,14
1,2:8.9,11
(@) =) \a . =3 ACADEMY > <
high normal
. row Temperature Humidity Wind Play?
9 Cold Normal Weak Yes
11 Mild Normal Strong Yes

PUE ACADEMY = Day



W #PUEAcademyDay19

Han C| s-0On La bS Arbol de decision ID3

Outlook
(1.2,2,4,5,6,7,8,9
,10,11,12.13.14)
% i ! s~
Sunny Overcast Rain
‘ \/ , ~
———F ZZESEEEFEEAERANNG \ Humidity Yes 4,5,6,10,14

1,2,8,9,11 31213

> N
ORACLE EILb:E 0 :
high normal
« 'Y P

Num Outlook Temperature Humidity Wind Play?

No Yes _
3 Overcast Hot High Weak Yes
7 Overcast Cold Normal Stron Yes

1,2,8 9,11 g
12 Overcast  Mild High Strong Yes
13 Overcast Hot Normal Weak Yes

PUE ACADEMY = Day



Hands-On Labs Arbol de decisién ID3

Outlook

(1,2,3,4,5,6,7,8,9
,10,11,12,13,14)

/ | \
Sunny Overcast Rain
v ~
e ZZESHEEAVERAERSSER \ Humid Ity Yes Wind
1,2,8,9,11 3;7;12;13 4,5,6,10,14
(@) =J:\a l=W ACADEMY high normal strong weak
‘ y'd ‘ u X u
No Yes No Yes
1,2,8 911 6,14 4,5,10

PUE ACADEMY = Day



Hands-On Labs

Algoritmo ID3
ID3

ID3 (Examples, Target_Attribute, Attributes)
Create a root node for the tree
If all examples are positive, Return the single-node tree Root, with label = +.
If all examples are negative, Return the single-node tree Root, with label = -.
If number of predicting attributes is empty, then Return the single node tree Root,
with label = most common value of the target attribute in the examples.
Otherwise Begin
A & The Attribute that best classifies examples.
Decision Tree attribute for Root = A.
For each possible value, v, of A,
Add a new tree branch below Root, corresponding to the test A=v..
Let Examples(v,) be the subset of examples that have the value v, for A

If Examples(v,) is empty
ORACLE EHLEL Then below this new branch add a leaf node with label = most common target value

in the examples
Else below this new branch add the subtree ID3 (Examples(v;), Target_Attribute,
Attributes — {A})
End
Return Root

No es tan complicado!! Ahora a implementario!!

PUE ACADEMY = Day



Hands-On Labs Tarea final

Implementar el algoritmo de aprendizaje automatico ID3.

El correspondiente arbol de decision sera almacenado en
una estructura de tipo arbol, que habra que implementar.

No se trata de un arbol binario, ya que un nodo podra tener
2 0 mas nodos hijos.

(@) =J\el . =8 ACADEMY

PUE ACADEMY = Day



Hands-On Labs

Implementar la clase Node

public class Node {
private List<Node> children = new ArraylList<Node>();
private Node parent;
private String data;
private NodeType type;

public Node() {

}

SEEESTEERFRRARERNEEN \

public Node(String data) {

setdata(data);
(@) =J\el . =8 ACADEMY }

public enum NodeType {
ROOTNODE ,
LEAFNODE,
BRANCH

PUE ACADEMY = Day




Hands-On Labs

SEEESTEERFRRARERNEEN \

(@) =) \a . =3 ACADEMY

PUE ACADEMY = Day

Implementar la clase Tree

W #PUEAcademyDayl19

public class Tree {
private Node root;

public Node getRoot() {
return this.root;

}

public void setRoot(Node root) {
this.root = root;

¥

public boolean isEmpty() {
return (root == null);

}

public void print() {
root.print("",true);

}




Hands-On Labs

Implementar la clase Tree

Outlook
Sunny Overcast Rain
Pl Y Y
Humidity Yes Wind

oy’ SEFESTEEREERANRRISER \ L— Qutlook
Rain
L— wind
— Weak
@ | Sy. e M ACADEMY L— vYes
— Strong
L— No
Overcast
L— ves
— Sunny
L— Humidity
—— High
L— No
—— Normal
PUE ACADEMY * Day e




Hands-On Labs

(@)= J-\a =8 ACADEMY

PUE ACADEMY = Day

W #PUEAcademyDay19

Weka 3: Machine Learning Software

@relation Weather

@attribute Outlook {Sunny, Overcast, Rain}
@attribute Temperature {Hot, Mild, Cold}
@attribute Humidity {High, Normal}
@attribute Wind {Weak, Strong}

@attribute Play {Yes, No} S
@data

Sunny,Hot,High,Weak,No

Sunny,Hot,High,Strong,No

Overcast,Hot,High,Weak,Yes

Rain,Mild,High,Weak,Yes

Rain,Cold,Normal,Weak,Yes

Rain,Cold,Normal,Strong,No

Overcast,Cold,Normal,Strong,Yes

Sunny,Mild,High,Weak,No

Sunny,Cold,Normal,Weak,Yes

Rain,Mild,Normal,Weak,Yes

Sunny,Mild,Normal,Strong,Yes

Overcast,Mild,High,Strong,Yes

Overcast,Hot,Normal,Weak,Yes

Rain,Mild,High,Strong,No



Hands-On Labs

(@) =) \a . =3 ACADEMY

PUE ACADEMY = Day

W #PUEAcademyDayl19
Weka 3: Machine Learning Software

& Weka Classifier Tree Visualizer; 16:32:27 - trees.J48 (weather) - O e
Tree View
Cutlook
= Sunny = Chwercast = Rain

/ \

Hurnidity es (4.0 Wind

N N

= High = Marmal ='Weak = Strong

Na (3.0) Yes (2.0) Yes (3.0) Na (2.0)

=== Summary ===

Correctly Classified Instances 14 100 %

Incorrectly Classified Instances W] 0 %



Software

Ha ndS'On La bS Weka 3: Machine Learning

=== Run information ===

Scheme: weka.classifiers.trees.J48 -C 0.25 -M 2
Eelation: weather
Instances: 14
Attributes: S
Cutlock
Temperature
Humidity
— Wind
Play
O ZIETOIULIRRABIERN \ Test mode: evaluate on training data

Cutloock = Sunny

| Humidity = High: No (3.0)
ORACI—E ACADEMY | Humidity = Normal: Yes (2.0)

Cutlook = Overcast: Yes (4.0)

Ccutlook = Rain

| Wind = Weak: Ye= (2.0)

| Wind = Strong: Mo (2.0)
Numkber of Leaves : 3
Size of the trees : 8

PUE ACADEMY = Day

Time taken to build model: 0.01 seconds



Hands-On Labs

Weka 3: Machine Learning Software

@relation Titanic-Passengers

@attribute Class {"1st","2nd","3rd","crew"
@attribute Age {"Adult","Child"}
@attribute Sex {"Male","Female"}
@attribute Survived {"Yes","No"}

. N = //
titanic.arff
@data
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
ACADENIY 1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,Yes
1st,Adult,Male,No
1st,Adult,Male,No
1st,Adult,Male,No
1st,Adult,Male,No
1st,Adult,Male,No

PUE ACADEMY ’~ Day ??‘.C,Adult,Male,No




Hands-On Labs - -

Weka 3: Machine Learning Software

& Weka Classifier Tree Visualizer: 16:48:26 - trees. )48 (Titanic-Passengers) — Oa *
IWEVEW
Sex
/\
= Male = Female
/ \
Class Class
M\ /\
=1st =2nd =3rd =crew =1st =2nd =3rd =crew
Age Age Mo (510.0/88.0) Mo (BB2.0/1592.0) |Yes 145.0/4.0) Yes (106.0/13.0) Mo (196.0/90.0) Yes (23.0/3.0) ‘

ORACI_E ACADEMY = Adult/}ChiId = Adult/}ChiId

/N /N

ND(1?5.DJ’5?.D)‘ YES(S.D)‘ ND(1BB.DI14.D)‘ Yes(11.D)‘

=== Summary ===

c tly <1 1fied Inst 1740 T9.035 %
PUE ACADEMY A Day orrectly assi :T_EI nstances o o

Incorrectly Classifised Instances



Hands-On Labs

£2222 SESERR \

(@) =) \a . =3 ACADEMY

PUE ACADEMY = Day

W #PUEAcademyDayl19

Weka 3: Machine Learning Software

=== Run information ===

Scheme: weka.classifiers.trees.J48 —-C 0.25 -M 2
Relation: Titanic-Passengers
Instances: 2201
Lttributes: 4
Class
Age
Sex
Surviwved
Test modes: evaluate on training data

Sex = Mals

| Class = 1st

| | Zge = Adult: Mo (175.0/57.0)
[ [ Age = Child: Yes (5.0)

| Class = Znd

| | BLge = Adult: No (16B8.0/14.0)
[ [ Zge = Child: Yes (11.0)

| Class = 3rd: No (510.0/88.0)

[ Class = crew: No (862.0/1%2.0)
Sex = Female

[ Class = l=st: Yes (145.0/4.0)

| Class = 2nd: Yes (106.0/13.0)

| Class = 3rd: Mo (1%6.0/90.0)

[ Class = crew: Yes (23.0/3.0)

Number of Leaves : 10

Size of the tree : 15



Hands-On Labs Weka 3: Machine Learning Software

Total number of examples

¢ >
Training Set Test Set
Training folds Test fold
I A 1 -
1" iteration — E;

SEEESTEERFRRARERNEEN \

E
2" iteration . —= & =

e i3
ORAC Le R 3" jreration . ‘2 63 iy

10™ iteration - :b E' 0

Test mode: 10-fold cross—walidation

Correctly Classified Instances S 64.2857 %

PUE ACADEMY # Day Incorrectly Classified Instances g 15.7143 %



Hands-On Labs

Weka 3: Machine Learning Software

Total Number
<—— of Dataset —-

o e i1 e T T e E T
SZTEETERACRRAGRAN \ Number of

Experiments
(@) =) \a . =3 ACADEMY

Training data

Test data

PUE ACADEMY = Day



PUE D " : W #PUEAcademyDay19
ACADEMY Day 0

8 de mayo - Madrid 2019

==t iMuchas gracias!

jordi.arino@pue.es
@jordiAS2K

O

#PUEAcademyDay19

PUE ACADEMY 2 Day AcADEMY
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ACADEMY Day 0

8 de mayo - Madrid 2019

¢Alguna pregunta?

www.pue.es/oracle-academy
pueacademy@pue.es

O

#PUEAcademyDay19

PUE ACADEMY 2 Day AcADEMY



@ ) =J-\N@ =8 ACADEMY




iGracias!

PUE % YW #PUEAcademyDay19

ACADEMY Day 24 pueacademy@pue.es
. BCN: 93206 02 49

. MAD: 91 162 06 69
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