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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/

] U vivemos em um mundo interconectado¥
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https://msb.georgetown.edu/newsroem/news/global-supply-chain-research



https://msb.georgetown.edu/newsroom/news/global-supply-chain-research
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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
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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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Annual Size of the Global Datasphere
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A arte de fazer gréficos e sumarizacdes para entender o que esta acontecendoé

Tina’s Monthly Living Expenses

. Rent
. Food

B clothing
Bus fare

W utilities
Other

Class Age Sex Survived




Saberb = [ 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 | t Bupervisionado

Encontrar grupos/padrdes nos dados

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

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
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5) As vezes as coisas dao errado



6) Nao desanime e tente outra vez!
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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
é é

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
é é

\ v J

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
é é
—

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
é é
—

4) Tenha volume de dados!
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* on real-world data sets
L Lasso
Linear/Logistic
Regression
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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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7) As vezes as coisas ddo errado
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digital de ponta a ponta

DEPOSITO DE CHEQUES
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: Deposito pelo app : Verificacao utilizando

NO PASSADO - HOJE

Deposito e verificacao manuais

inteligéncia artificial
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Machine learning Deep learning para
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| dereducao no custo
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O pulo do gato

v

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






