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SCIENCE

Source: Palmer, Shelly. Data Science for the C-Suite.
New York: Digital Living Press, 2015. Print.
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Backblaze Average Cost per GB for Hard Drives

By Quarter: Q1 2009 - Q2 2017
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https://www.backblaze.com/blog/hard-drive-cost-per-gigabyte/

NOs vivemos em um mundo interconectado...

2

https://msb.georgetown.edu/newsroem/news/global-supply-chain-research



https://msb.georgetown.edu/newsroom/news/global-supply-chain-research

... que depende de alguns pontos principais.
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Uma rede complexa de interacdes econdmicas!
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N1 joct/25/thailand - Hoods-hatd-drive-shortage

Thailand's devastating floods are hitting
PC hard drive supplies, warn analysts

Country is centre of world hard drive manufacture but factories
have been seriously affected by floods, which could affect supplies
early in 2012
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-

The floods in Thailand which have caused widespread chaos in the country,
leading to the deaths of more than 350 people after months of unusually
heavy rainfall, will also have effects further afield, in a sign of the
connectedness of the world economy.



$ BACKBLAZE Personal Backup Busir

We didn’t plan for rain in Thailand

We started drive farming in November 2011. The reason was simple, the supply of the 3TB hard
drives used in our Storage Pods had dried up - or more correctly was under water. The tragic
flooding in Thailand began in August 2011 and by early-October had submerged houses, schools

and factories. Over 800 people died and many more were homeless and hungry, with over 1

million people thrown out of work. As the water receded, the human cost of the flooding was
obvious and the economic impact was slowly coming into focus. In late-October, it was

estimated that up to 50% of the worldwide hard drive manufacturing capacity was lost or

damaged. The impact of the lost capacity was immediate as hard drive prices nearly tripled
overnight.



Temos muitos dados

SOURCESIDC, RADICATI GROUR FACEBCOK, TR RESEARCH, PEW INTERNET

Digital Information Created Each Year, Globally

2,000 BILLION GIGABYTES
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Na verdade, muito mais

10,000

GIGABYTES OF DATA CREATED (IN BILLIONS)

5,000

1.8 trillion gigabytes of data was
created in 2011...

More than 90% is unstructured data
Approx. 500 quadrillion files
Quantity doubles every 2 years

2005 2010

Source: IDC 2011
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E a quantidade esta s6 aumentando

Annual Size of the Global Datasphere

175 ZB




Principais abordagens da Ciéncia de Dados

Exploratoria N&o-supervisionado Supervisionado
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Analise Exploratoria de Dados

A arte de fazer gréficos e sumarizacdes para entender o que esta acontecendo...

Tina’s Monthly Living Expenses

. Rent
. Food

B clothing
Bus fare

W utilities
Other

Class Age Sex Survived




Saber SQL é muito importante!

1SELECT COUNT(%x) as nmbr,
2 dest

3FROM flight_delays
4GROUP BY dest

SHAVING COUNT(x) > 10000;

AV

Messages

nmbr  dest
19272 ANC E
21588ELP
10273 CAE
60050 BNA
10707 SGF
15901K0A
10660 CID
57537 SMF
27522 0MA
14025LGB
27925TUS

21810 SDF
98278 NGE

https://www.khanacademy.org/computing/computer-programming/sal



https://www.khanacademy.org/computing/computer-programming/sql
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https://venngage.com/hlog/misleading-graphs/



https://venngage.com/blog/misleading-graphs/

Aprendizado Nao-supervisionado

Encontrar grupos/padrdes nos dados

Name  Gender Age

Tyrion M 30 2
Jon M 18 7

Robb M 17 300

Sansa F 16 5

1) Colete seus dados
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2) Represente os dados na sua forma N-dimensional preferida



K-medians
DBSCAN

K-means
GMM

tmo preferido

3) Encontre clusters com seu algor



l House Stark
undead
Marketing
Fraude
Produtos
Riscos
Targaryen

4) Interprete seus clusters com seu parceiro de negocio favorito



~

5) As vezes as coisas dao errado



6) Nao desanime e tente outra vez!

Voo WSSO B PG R o IR |-
ilw 1 1VL L1 I\I\JUIIIH

Normalizacao

PCA
tSNE

K-means

S AN

INi1ricuiIil 1o

DBSCAN
GMM

Marketing
Fraude

DvAdiitAa~

(R VAT RC NS

Riscos




Aprendizado Supervisionado

Construir uma maquina preditiva

Name  Gender Age

Tyrion M 30 2 SIM
Jon M 18 7 SIM
Robb M 17 300 NAO

Sansa F 16 5 NAO

1) Colete seus dados, juntamente com algo que vocé quer prever



Name  Gender Age

Tyrion M 30 2 SIM

Jon M 18 7 SIM

Robb M 17 300 NAO

Sansa F 16 5 NAO
\ v )

2) Tenha varios tipos de colunas!



Name  Gender Age

Tyrion M 30 2 SIM
Jon M 18 7 SIM
Robb M 17 300 NAO —
Sansa F 16 5 NAO
—

3) Tenha variabilidade na Resposta!



Name  Gender Age

Tyrion M 30 2 SIM
Jon M 18 7 SIM
—_ Robb M 17 300 NAO
Sansa F 16 5 NAO
Sy

4) Tenha volume de dados!



High

* on real-world data sets
L Lasso
Linear/Logistic
Regression
— Decision Trees r
g Bagging T l&
Naive B
= R moyes Random Forest®
- 1Splines
e ‘ P Nearest Boosting
. ; Neighbors
% ‘ war\‘\‘“g & Gaussian/
| X ific ‘ Dirichlet
L — | u“scien'nf;ed‘ ,‘ Provesses ﬁ
e ° | SVM
‘k opmw““ 1 Neural Nets 2 w 54
Low DEE— Deep Learning
Low » High
Accuracy

5) Treine seu algoritmo preditivo favorito nos dados!



1. Randomly split training
instances into training &
testing subsets

2. Train a ML
model on the
training subset

training \ .

3. Make
predictions on
testing subset

testing | -° testing
Features & Target ‘ > | predictions

- *
e ®
....
-
..

4. Compare testing
predictions to testing
Target to assess accuracy

6) Mas acompanhe a performance em outros dados
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Underfitted

AValues
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Good Fit/Robust

7) As vezes as coisas ddo errado

AValues

Overfitted
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Case 1 - Validacao de Cheques

digital de ponta a ponta

DEPOSITO DE CHEQUES

NO PASSADO

Deposito e verificacao manuais

0% XXKRX KXKRA

A A

ARKKNKNNH

. HOJE

: Deposito pelo app

90%

| dereducao no custo

| total por deposito

EM BREVE

Verificacao utilizando

inteligéncia artificial

’ ’
Machine learning Deep learning para
para validacao reconhecimento
formalistica de assinatura

Verificacao de dos elementos
em 105 1
Humano avalia somente duvidas no modelo




Case 1 — Validacao de Cheques

Dados Algoritmo Objetivo

G B A
755}”// St (B

e FL Ag

A=
- L4
#ELie CDOODSwiede LEiwl SEm?

Marcar a
Assinaturas Deep Learning assinatura como
Verdadeiras e verdadeira ou

Falsas falsa no chque
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O pulo do gato
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gw Acrescentar
(’/ = tracos e formas

geometricas

|df sdf adf af

aa asfrihr Acrescentar
» eert texto
Acrescentar

ruido, rotacionar

v

Modificar os dados de treinamento para se aproximar da realidade



The usage of U-Net for pre-processing document
images

Diandra A. A. Kubo, Tiago S. de Nazare, Priscila L. R. Aguirre, Bruno D. Oliveira, Felipe S. L. G. Duarte
Data Science Team Itai Unibanco
{diandra.kubo, tiago.nazare, priscila.aguirre, bruno.domingues-oliveira, felipe.duarte } @itau-unibanco.com.br

Abstract—When processing documents in real-world scenarios,
it is common to deal with artifacts that may hamper document
analysis, such as stamps, noise and strange backgrounds. Aiming
to mitigate these problems, we propose the use of U-Net, a
very successful biomedical image segmentation network, for
handwritten and machine text segmentation. In order to do
so, we trained a model for each type of text. One of the
main advantages presented is that the models are trained on
artificial data, avoiding the wearisome task of data labeling.
For the machine text segmentation model, we test its impacts
on both word and character recognition when combined with
the Tesseract OCR model. For the handwritten segmentation
model, we present qualitative results. Initial experiments indicate
that both models are able to improve results in their respective
applications.

I. INTRODUCTION

Recent advances in machine vision techniques allowed the
usage of models to solve real-world problems such as image
classification [1], object detection [2], signature verification |3]
and optical character recognition (OCR) [4]. Despite such
progress, in most cases, the impacts that image quality can
have on performance is overlooked, therefore models are still
limited with regards to their applicability in practical situations
where images obtained in unconstrained scenarios [5].

When a document is scanned by a sensor and converted to a
digital image, some noise can be inherited in this process. The

and post-processing are the steps to be tackled when consi-
dering performance boosting for such applications. The major
issue when using OCR techniques is the high variability in
page layout and design, due to different document production
processes [6].

When dealing with documents images, another recurring ap-
plication is detecting the number of signatures in a document,
finding their relative position on the page and who they belong
to. This step depends on the correct extraction of possible
signatures [8], detecting its locations and cleaning any noise
surrounding them. On real-word applications, this is a complex
problem [9], due to the variety of background and artifacts a
document may present, such as stamps that might overlap the
signature to be recognized.

Motivated by those gaps, in this paper, we propose a new
framework for pre-processing document images using U-Net
in two scenarios: (i) segmentation of machine-made text to
improve OCR performance and (ii) extraction of handwritten
text to help in applications such as signature verification.
Our initial results show that U-Net can greatly improve in
both character and word recognition when combined with
Tesseract for the OCR task. Also, we present some images that
indicate that this method can also be helpful when segmenting
signatures (and other handwritten texts).




Case 2 — Prevendo quem morre no Titanic

(@ Getting Started Prediction Competition

Titanic: Machine Learning from Disaster

Start here! Predict survival on the Titanic and get familiar with ML basics

-

-

. Kaggle - 11,172 teams - Ongoing




Dados

Variable Definition Key
survival Survival 0=No,1=Yes
pclass Ticket class 1=1st,2 =2nd, 3 = 3rd
sex Sex
Age Age in years
sibsp # of siblings / spouses aboard the
Titanic
parch # of parents / children aboard the
Titanic
ticket Ticket number
fare Passenger fare



Um possivel algoritmo

.:Decision tree classifying survivors of the Titanic disaster. Raffael Vogler / joyofdata.de

{Doctor, Mister, Reverend, Soldier} {Master, Miss, Missis

2
class class
p <0.001 <0.001

2.3) 1

9]
G;)T\E’%"g: Master {Miss, Missis}
©q s /
7 R

Node3(n'=41,8)1 Node4(n=120)1 Node 8 (n =10 1 Node10(n=5,6)1 Node11(n=7’,0)1 Node 13 n=18)1 Node14(n=1,8)1 Node15(n=181)1
o o o o o o o o
0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8
0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6
04 04 04 04 04 04 04 04
0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
12 0o - 0 ¥ (A 0o - -0 - 0o - g 0

more info at: www.joyofdata.de/blog/titanic-challenge-kaggle-svms-kernlab-decision-trees-party




Para quem quiser aprender mais

coursera m

UDACITY
V w - f . ' — Navegar Cloncta de Dados Analise de Dados
N y . - g
: g R A : - - Fiale
o] SR | - P - ™ 2 , Programa de cursos integrados Ciéncia de
L-a.:"in b - 7— =
—? g Dados
W i ._- : Inicie uma carreira em Oéncla de Dados. A ten-course introduction to data sclence, developed and taught by
|leading professors
e
Cadastre-se mmm Auxilio financeiro disponivel

Inicia am jun 16

= BN B F Data science
Be in Demand
courses on edX

Learnthe latest tech skills
to advance your career.
Data science is a multifaceted field used to gain insights from

complex data.

Start your future today with a Nanodegree program

in Data Science.



E para quem quiser se arriscar, kaggle.com

@

TWO S)MA

@

Two Sigma: Using News to Predict Stock Movements

LUise nows ananytcs 10 prodict stock pros performance
»

Jigsaw Unintended Bias in Toxicity Classification
Detact toxicoty acrons & Gwers= range of conversations
*

Predicting Molecular Properties

Can you measure the magnet Interachons between & pav of atoms™

»

Open Images 2019 - Object Detection
Detert objects i vanec and compiex images
L

Open Images 2019 - Visual Relationship
Detect pairs of obyects i particular relationstgs
“

Data Science for Good: City of Los Angeles

Help the City of Los Angeles 1o structure and analyze 3 job descriptons

.

15 Active Competitions

$100,000
2927 teams

$65,000
2924 teams

$30,000

934 teams

$25,000
77 1eams

$25,000
37 teams

$15,000

Aviso: problemas do kaggle diferem muito da vida real
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Saddam Hussein, 1991 @ @

"Internet" 25 A
The Internet (not to scale) ARPANET, 1973 “No, that research looks better”



Saddam,
during the
Gulf War

First day
Bombings
of the war

TURKEY

IRAN

|RAQ o Stratagic Air
Campaign Target
AL & F-117 Attack
Eiz’ r Tomahawk Missile
Baghdad - - Attack
ann’ \ﬁf_
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INITIAL AIR ATTACKS
Early Morning, January 17

Che New 1Jork Eimes

January 17, 1991

WAR IN THE GULF: The Overview; IRAQIS FIRE MISSILES AT ISRAELI
CITIES AFTER SECOND DAY OF ALLIED BOMBING; U.S.
DISCOURAGES AN ISRAELI RESPONSE

Speaking away from television cameras on the understanding that they not be quoted by name,
other American officials acknowledged that the early air strikes had not entirely achieved their

mission of severing President Saddam Hussein's command and Communications networks. A

The lntemet

“Can the Internet really resist enemy attack?

It looks that way. (...) It turned out that the Iragis were
using commercially available network routers with
standard Internet routing and recovery technology.(...)

It's nice to know that it works, although perhaps this
was not the most opportune way to find out.”

The Internet For Dummies, 1993. Levine, John. Young, Margaret.



Complex Network

“a graph with non-trivial features - features that do not
occyr in simplejnetworks such as lattices or random graphs
buy often occurjin graphs modelling|real systems”

YOU DON'T

s




Preferential Attachment

In real networks new nodes tend to link to the more connected nodes.

2/8

3/8

2/8

1/8

https://en.wikipedia.org/wiki/Barab%C3%A1si%E2%80%93Albert_model



https://en.wikipedia.org/wiki/Barab%C3%A1si%E2%80%93Albert_model

Typical Graph Problem Typical Complex Network Problem

Science

Focus on efficiently computing something of the Focus on discovering interesting features of the
graph and efficiently storing it; nodes, vertices, or entire graph;
“How to calculate this optimal path?” “Is this a resilient military communication network?”
“How can | find the friends of my college friends “Who is the most influential person in my company?”

who are single and know R?”

APACHE‘%i

™




Case | — Google & PageRank

—

Consulta |

Cléncia ¢ Tecnologia
ingtitytos, Centros ge Pesquisa

Cultura

Museus, Musica, Personatidades

Esportes
Automabisma, Fytabol
Estados, Prefeituras

Informatica
65 Errpeisas, Software

Lazer

Bare: @ Postaurantes, Turismo, TV

£ g fio & @ =D~
B @0 pr RS

Referéncia

Bilotecss, Diconires @

Propaganda, Tradutores

Industria & Comércio
Aytgodresis, Talmunicaghas

Noticlas
Qassifcagos, Jomals, Revistas

Hospitais, Instituicbes

Socledade
Malo amblents, ONGS, PEssodss

Finding something online was

hard

a

Larry Page and Sergey Brin
publish the PageRank algorithm

-+ Google

Profit
(?277)



Case | — Google & PageRank

Nowadays, there are billions of websites and links to calculate the PageRank.

How Do They Do it?

| don’t know! But,

PageRank in SQL

X Decembey 2000
Cne of the most profoandd ddems i the fast X0 vears is PageRark, the ootginad akzorittun of Google's search engine

Page Ramk starte with a sitnpibe and cdever ides the importunce of » page s Setermnied by how maeny pages Bok 1o 1t nnd o impeortant they
e, 1t a link anaresis algorivthes aod it ranks pages by bow mpoetaes they are to she eozlie coliection

B ot hiey womnds, ety o sonsioe pog) @b thads nhoyg) | Sk bo ot bt Gkt puagn (ke o Wilsipedba arpieled
st of the source s importance shotld transfer over to the target

The only thimgs you need are poges and their Goks. #'s o praph stroctar

SQL and Graphs

A grapds can be stored ln SOE using 2 tahles Nodes and Edges

CHEATY TaBLE sty

Ney clusturnd (hpareatmnndd, Turgetnedels)
G

© Targotdeld - Lgwre 4o2f relireruns

http://devnambi.com/2013/pagerank/




Case Il — Facebook & Node Features

Today is Election Day

VOTE

4

VOTE

Voting is boring

Today is Election Day

Informational message

What's this? e close

Find your polling place on the U.S.

Politics Page and dick the "I Voted"  Peopie on Facebook Voted
button to tell your friends you voted.

Social message

What's this? e close

Find your polling place on the U.S. E

Politics Page and dick the "I Voted"  People on Facebook Voted
button to tell your friends you voted.

[Ki Jaime Settle, Jason Jones, and 18 other
friends have voted.
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Direct effect of treatment
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Social Social
message message
Versus versus
informational control
message

Self-
reported polling
voting place

Search for Validated Validated

voting voting

Showing a picture of your friends saying “l voted” increases
turnout: more than 60,000 voted because of the experiment

http://www.nature.com/news/facebook-experiment-boosts-us-voter-turnout-1.11401




Como Processar Redes Complexas

START

Does it fit in
your RAM
memory?

Can you send oné
subgraph to each
container?

Qneoz.j

(hopefully)

Use special
processing

SEETKE

(cross your fingers)




RedeS pa ' Se al’riscar https://snap.stanford.edu/data/

By Jure Leskovec STANFORD

UNIVERSITY

. .o'. Stanford Large Network Dataset Collection

. * 9 » Social networks © online social networks, edges represent interactions between people
P S NAP o » Networks with ground-truth communities © ground-truth network communities in social and information networks
¢ o ] « Communication networks © email communication networks with edges representing communication
« Citation networks - nodes represent papers, edges represent citations
® ¢ ® ® » Collaboration networks : nodes represent scientists, edges represent collaborations (co-autheoring a paper)

Y s \Web graphs : nodes represent webpages and edges are hyperlinks
* Amazon networks © nodes represent products and edges link commonly co-purchased products

SNAP for Gt , s Internet networks - nodes represent computers and edges communication
SNAP for Python , s Road networks : nodes represent intersections and edges roads connecting the intersections
SNAP Datasets > = Autonomous systems : graphs of the internet
BIOSNAP Datasets » Signed networks : networks with positive and negative edges (friend/foe, trust/distrust)
What's new « Location-based online social networks : Social networks with geographic check-ins
E:EZE » Wikipedia networks, articles, and metadata : Talk, editing, voting, and article data from Wikipedia
Projects , s Temporal networks : networks where edges have timestamps
Citing SNAP « Twitter and Memetracker : Memetracker phrases, links and 467 million Tweets
Links s Online communities - Data from online communities such as Reddit and Flickr
gbo'-“ s Online reviews : Data from online review systems such as BeerAdvocate and Amazon
ontact us

SNAP networks are also available from SuiteSparse Matrix Collection by Tim Davis.


https://snap.stanford.edu/data/

Redes Ciencia
Complexas de Dados




Indegree Outdegree Pagerank

0.042884981

Se seus dados possuem algum tipo de

relacionamendo (personagens, cenas em

comum) descreva eles como um grafo

Jon 3 17 0.035828696
Robb 2 12 0.030171146
Sansa 2 10 0.030009716

Profit k

——

Machine Learning

Algorithm

http://www.lyonwj.com/2016/06/26/graph-of-thrones-neo4j-social-network-analysis/



Name Gender Age ... Kills
Tyrion M 30 2
Jon M 18 7
Robb M 17 300
Sansa F 16 5

Crie um grafo em que as linhas sdo
0s nds e os links sao uma medida de
similaridade

Jon
Tyrion

Compartilha

+2 features Robb
—

Sansa

v

Knn ou outro
algoritmo baseado
em distancia



Step 1 Step 2 Step n

Simule o efeito de uma regra de propagacao
de um evento pelo grafo. Use o resultado
final como predicao.

Predicao



Contact mel!

* hugolouzada --em-- gmail.com

* https://www.linkedin.com/in/vhlouzada

Extra stuff!

* node2vec: Scalable Feature Learning for Networks,
http://snap.stanford.edu/node2vec/

* Fraud Prevention with Spark and Graph Analysis, https://youtu.be/0OVO-tsOdsbl

* GraphFrames: Spark package for graphs, https://graphframes.github.io

* Robustness of airport networks, https://doi.org/10.1371/journal.pone.0118635



http://snap.stanford.edu/node2vec/
https://youtu.be/0VO-ts0dsbI
https://graphframes.github.io/
https://doi.org/10.1371/journal.pone.0118635
mailto:hugolouzada@gmail.com
https://www.linkedin.com/in/vhlouzada

Obrigado!

We are hiring!

Mande seu CV para atratividade@itau-unibanco.com.br



mailto:cientistadedados@itau-unibanco.com.br

