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Machine Learning, Sentiment Analysis, Event

Stream Processing e Criatividade

— As novas armas de geracao de valor!
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Machine Learning

€.\ Dan Ariely M Follow
k % l January 6, 2013 - @ '

Big data is like teenage sex: everyone talks about it, nobody really knows
how to do it, everyone thinks everyone else is doing it, so everyone claims
they are doing it ..

Like - Comment - Share
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Machine Learning

Wikipedia:

“Machine learning is a scientific discipline that deals with the
construction and study of algorithms that can learn from
data. Such algorithms operate by building a model based on
inputs and using that to make predictions or decisions, rather
than following only explicitly programmed instructions.”
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Machine Learning

In 2006, the IEEE * Conference on Data Mining identified the top 10 ML
algorithms as:

C4.5 (Decision Trees)

k-Means (clustering)

Support Vector Machines (SVM)
Apriori

Expectation Maximization (EM)
PageRank

AdaBoost

k-Nearest Neighbors (kNN)
Naive Bayes

O 0 N O U A W

10. Classification and Regression Tree (CART)

Source: http://www.datasciencecentral.com/profiles/blogs/top-10-machine-learning-algorithms
* Institute of Electrical and Electronics Engineers
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Machine Learning

And a 2015 answer provides the following:
Linear regression

Logistic regression

k-means

SVMs

Random Forests

Matrix Factorization/SVD

Gradient Boosted Decision Trees/Machines
Naive Bayes

O 0 N O Uk WD

Artificial Neural Networks

=
o

For the last one I'd let you pick one of the following:
Bayesian Networks

Elastic Nets

Any other clustering algo besides k-means

LDA

Conditional Random Fields

AN A o

HDPs or other Bayesian non-parametric model
Source: http://www.datasciencecentral.com/profiles/blogs/top-10-machine-learning-algorithms

* Institute of Electrical and Electronics Engineers
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Machine Learning

Deep Boltzmann Machine (DBM)
-
Deep Belief Networks (DEMN) \ .
i Deep Learning
Convolutional Meural Network (CNN) }—\
)
Stacked Auto-Encoders  /
Random Forest

Gradient Boosting Machines (GEM)
Boosting

|
i

Bootstrapped Aggregation (Bagging) \{ Ensemble
AdaBoost

i
|

Gradient Boosted Regression Trees (GERT) /

Stacked Generalization (Blending)

Radial Basis Function Network (REFN)
Perceptron

Neural Networks |
Back-Propagation }— [

Hopfield Network /
Ridge Regression

Least Absolute Shrinkage and Selection Operator (LASS0) |
Elastic Met

Least Angle Regression (LARS)
Cubist

One Rule (OneR)

—— | Rule System /
Zero Rule (ZeroR) }—/
—_ e

Repeated Incremental Pruning to Produce Error Reduction (RIPPER)  /
Linear Regression

Ordinary Least Squares Regression (OLSR)
Stepwise Regression

Multivariate Adaptive Regression Splines (MARS)
Locally Estimated Scatterplot Smoothing (LOESS) Y
Logistic Regression J-"
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Regression

Naive Bayes
.{ Averaged One-Dependence Estimators (AODE)

E
Bayesian Belief Network (BEN)

Bayesian - -
Gaussian Maive Bayes

I\ Multinomial Naive Bayes
"\ Bayesian Network (BN)
Classification and Regression Tree (CART)

\

.'f Iterative Dichotomiser 3 (ID3)

Principal Component Regression (PCR)
. Partial Least Squares Discriminant Analysis

I..' .'I

'\. |
i i -
\ / [ cas
\ / " 5.0
"-.. Decision Tree |——
\ / Chi-squared Automatic Interaction Detection (CHAID)
\ IlIl IIII _r'l . -
\ ,f . Decision 5tump
\‘\\ ".II ;; |\ Conditional Decision Trees
\ o\ [ M5
\ ."I f.’ Principal Component Analysis (PCA)
" [ a'f f Partial Least Squares Regression (PLSR
— |
[ Sammon Mapping
Machme Learning Al mhms "J' |
—— g __gf__ [ Multidimensional Scaling (MDS)
i (I \
_;’f { L \. "[ Projection Pursuit
) \ /_—
-

. Mixture Discriminant Analysis (MDA)
' Quadratic Discriminant Analysis (QDA)
Regularized Discriminant Analysis (RDA)

\ ,"- Flexible Discriminant Analysis (FDA)
\ 1
'\ Linear Discriminant Analysis (LDA)

k-Nearest Neighbour (kNN)
P
[ Learning Vector Quantization (LVQ)

\ ' Instance Based |
\ \—{ Self-Organizing Map (50M)
!

\_ Locally Weighted Learning (LWL)

k-Means
e
[ k-Medians

' Clustering o
—{ Expectation Maximization
1

\_ Hierarchical Clustering

Source: MachinelLearningMastery.com
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Machine Learning

CONS

v" Unfamilar with broader audiance, (more) difficult to explain

v" Black box approach (you are rejected: The computer says NO)
v’ Often relations can already be modeled with classical regression models

v" It allows you to not think about the business problem

PROS

v’ Often less data prep (manual tuning) neccesary (just throw it in the algorithm...)

v’ Interactions often “automatically” taken into account
v" Superior for Text mining, Image & Speech recognition
v’ Better lift possible

v’ It allows you to not think about the business problem

Source: SAS
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Machine Learning

Many different techniques
Easy to use GUI’s combined with flexible coding
High performance scalability

Easy Deployable
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Machine Learning, Sentiment Analysis

Provides a choice of approaches to sentiment analysis:

» Statistical modeling: Provides predefined default parameters — that
can also be configured — to identify the document sentiment from
text.

* Linguistic rules: Lets subject-matter experts define the elements to
be examined for sentiment assessment.

* Hybrid approach: Provides the unique ability to use both statistical
rigor and linguistic rules to define sentiment models driving more
detailed sentiment evaluations.

Source: SAS
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Machine Learning, Sentiment Analysis
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Machine Learning, Sentiment Analysis

SAS * Sentiment Analysis Workbench
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Machine Learning, Sentiment Analysis

M Positive WM Negative M Overall

BEST MODEL is Smoothed Relative Frequency and Chi
Square

Smoothed Relative Frequency No Feature Ranking

92.01%

7211%

876%

Smoothed Relative Frequency Risk Ratio

93.35%

53.80%

2306%

Smoothed Relative Frequency Chi Square

00.3%

82.00%

83.19%

Smoothed Relative Frequency Information Gain

V086%

B sSAS FORUM
PORTUGAL 2016

81.63%

83.19%

Source: SAS
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Machine Learning, Sentiment Analysis, Event
Stream Processing

Tech MM Chart of the Day

Global Internet Device Installed Base Forecast
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Machine Learning, Sentiment Analysis, Event
Stream Processing
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Machine Learning, Sentiment Analysis, Event
Stream Processing

SAS® Event Stream Processing Model

Streaming Events | \‘| \
o - Conti

nuous
Query

Subscribe

SAS® LASR ANALYTIC SERVER

SAS In-Memory

7 SAS-generated
Insights
N

mun""h—

- @ B

=W
Enrlchment Analytic Business
Data Models Rules Source: SAS
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Machine Learning, Sentiment Analysis, Event
rocessing
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Machine Learning, Sentiment Analysis, Event
Stream Processing

SAS EVENT STREAM PROCESSING CONNECTORS & ADAPTERS

PUB/SUB APl connect to any system with Java or C

Public, documented and easy to use

Adapters are standalone processes and can be networked
Publish to ESP Source windows — Subscribe to any ESP window
All Connectors & Adapters are built using the Pub/Sub AP

v

&

OUT OF THE BOX

*SAS® HDAT *HTTP RESTful *ESP Project

*JMS *OSlsoft Pl *RabbitMQ

*IBM WebSphere MQ *Axeda *Solace

*Tibco RendezVous *Teradata *Tervela

*Syslog * *SMTP ** *Google Protobuff

*Network Sniffer* *ESP to ESP *Twitter*
*Publish only

**Subscribe only

Source: SAS
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Machine Learning, Sentiment Analysis, Event
Stream Processing

Event Stream
Processing

Sentiment

Machine .
Learning Analysis
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Machine Learning, Sentiment Analysis, Event
Stream Processing e Criatividade

Servicos Marketing
Customer Campaign Product
Irlfestyle Effectiveness Recommendation
Life-stage

Customer
Satisfaction

Customer
Retention

B SAS FORUM
PORTUGAL 2016

Lifetime
Value

Channel
Optimization

Cross Sell
Up Sell

Market
Segmentation

Customer
Segmentation

Vendas

Propensity To
Buy

Customer
Acquisition

Pricing
Analysis

Operacgoes

Identity Theft

Fraud
Prevention

Intrusion
Detection

Financas
: Financial
Default Risk
Forecast
Late Payments Profit/ Lf)ss
Analysis
Resource Risk
Planning Management
Regulatory
Compliance
Hab

Tec
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Machine Learning, Sentiment Analysis, Event

Stream Processing e Criatividade
Data Science Is Multidisciplinary

By Brendan Tierney, 201
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Machine Learning, Sentiment Analysis, Event
Stream Processing e Criatividade

Categories of data scientists:

Statistics

Mathematics

Data engineering, Hadoop, database/memory/file systems optimization and architecture
Machine learning / computer science

Business

Software engineering (they know a few programming languages)

Visualization

Spatial data (GIS)

Source: Adapted from http://www.datasciencecentral.com/profiles/blogs/six-categories-of-data-

scientists
Habb Tec
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Machine Learning, Sentiment Analysis, Event
Stream Processing e Criatividade

There are other ways to categorize data scientists. A different categorization
would be creative versus mundane.

The "creative"” category has a better future, as “mundane” can be outsourced
(anything published in textbooks or on the web can be automated or

outsourced - job security is based on how much you know that no one else
know or can easily learn).

Most data scientists, like geologists helping predict earthquakes, or chemists

designing new molecules for big pharma, are scientists, and they belong to
the user category.

Source: Adapted from http://www.datasciencecentral.com/profiles/blogs/six-categories-of-data-
scientists Habh Tec
' SAS FORUM Business & Intelligence
PORTUGAL 2016




Machine Learning, Sentiment Analysis, Event
Stream Processing e Criatividade

Natural Language
Feature Processing
Engineering

Artificial Graph

S Statistics - Analytics
Method Intelligence

Data

Warehousing
Mashups

Analytics Predictive

Simulation Modeling Information Retrieval

Data & Text
Mining Machine Leaming Data Management

Business Intelligence

Databases

Privacy & Security

Big Data

Programming

scientific
Mindset curious i
Computer . . |
Science Data SClent|St creftive
business- ~

Cloud Computing _ Pragmatic

thinking
Distributed Systems Visualization

Technology & .
Infrastructure Art & DeSIgn
Communication

Data Product Design

Ethics

Entrepreneurship

Domain Knowledge

Source: Recovery Decision Science Blog
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Machine Learning, Sentiment Analysis, Event
Stream Processing e Criatividade

“I think of ‘data science’ as a flag that Data SCieﬂtiStS?

was planted at the intersection of
several different disciplines that have

not always existed in the same place,” engineering math and
statistics

Mason says. “Statistics, computer
science, domain expertise, and what |
usually call ‘hacking,” though | don’t
mean the ‘evil’ kind of hacking. | mean
the ability to take all those statistics and
computer science, mash them together
and actually make something work.”

Source: http://www.forbes.com/sites/danwoods/2012/03/08/hilary-
mason-what-is-a-data-scientist/#31f6cc2765d5 a“W““e“SQ m e"'“* n e rd S
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Machine Learning, Sentiment Analysis, Event
Stream Processing e Criatividade

HOME COMPUTING MICRO

Microsoft yanks new Al Twitter bot after EII Modets?  Makets Tech Pursuits Poifics Opinion Businesswesk

it begins spreading Nazi propaganda

By Joel Hruska on March 24, 2016 at 3:50 pm 69 Comments

nores ISR

Iash Crash of the Pound
Baffles Traders With
Algorithms Being Blamed

by  NettyIdayulIsmail Lukanyo Mnyanda
¥ @Nettylsmail ¥ LukanyoMnyanda

f v »

Thanks for reading wc“w&e”iu.

Yesterday, Microsoft debuted Tay, a new Al twitter bot meant to “conduct research on

conversational understanding.” The bot targeted the 18-24 age range and was built using
“relevant public data and by using Al and editorial developed by a staff including ?
improvisational comedians. Public data that's been anonymized is Tay's primary data

source. That data has been modeled, cleaned and filtered by the team developing Tay.”

B TayTweets & 2+ Follow
Ay AUTOMATING TINDER WITH EIGENFACES
@ReynTheo HITLER DID NOTHING WRONG!

While my friends were getting sucked into "swiping" all day on their phones with
Tinder, I eventually got fed up and designed a piece of software that automates
everything on Tinder.
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Machine Learning, Sentiment Analysis, Event
Stream Processing e Criatividade
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