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Business Intelligence (Bl)

@[ Introduction to Bl and Data Science

2 [ Descriptive Analytics
3 [ Predictive Analytics
4 [ Prescriptive Analytics
5 [ Big Data Analytics
6 [ Future Trends
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Business Intelligence, Analytics, and Data Science:
A Managerial Perspective, 4th Edition,
Ramesh Sharda, Dursun Delen, and Efraim Turban,
Pearson, 2017.

BUSINESS
INTELLIGENCE,
ANALYTICS, ®
AND DATA
SCIENCE e
A Manageria .

P SpeClny

| ! e -
L]
§°
Ramaesn Sharda . .
Dursun Dolon '0 .

Efraim Turban

P

Source: https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288



https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288

Big Data, Data Mining, and Machine Learning: Value Creation for
Business Leaders and Practitioners,
Jared Dean,
Wiley, 2014.

woMACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners

Jared Dean s

Source: https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041



https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041

Social Network Based Big Data Analysis and Applications,
Lecture Notes in Social Networks,
Mehmet Kaya, Jalal Kawash, Suheil Khoury, Min-Yuh Day,
Springer International Publishing, 2018.

Lecture Notes in Social Networks

Mehmet Kaya - Jalal Kawash
Suheil Khoury - Min-Yuh Day Editors

Social Network
Based Big Data

Analysis and
Applications

@ Springer

Source: https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952
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Al, Big Data, Cloud Computing
Evolution of Decision Support,
Business Intelligence, and Analytics
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson 11



Value Creation by Big Data Analytics

(Grover et al., 2018)

Value
Manifestation

Strategy Leadership Trust
Technological and Industry Context

Moderating Factors

Governance Support
Competitive Dynamics

Data-Driven Culture

Capability Realization Process

| Capability Building Process >

Direct value from BDA

-

BDA Infrastructure

v' Big Data Asset
v Analytics Portfolio

v" Human Talent

Ability to integrate,
-' disseminate,
explore, and

@alyze bigdata j

BDA N

Capabilities

Y Y

1

Investments --- Assets -----

YV V.V V

Fm——————————————

| Value Creation

Mechanisms
Transparency and access
Discovery and
experimentation
Prediction and optimization
Customization and targeting
Learning and crowdsourcing
Continuous monitoring and
proactive adaptation

Business
Processes
Improvement

Market

Organization
Performance

Products &

Innovation

Consumer
Experience &

Enhancement

Value Targets

Services

Impact

-IO Functional Value

¢ Symbolic Value

‘ Learning by Doing (Coevolutionary Adaptation)

-+ Capabilities

_______ Applications
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Evolution of top keywords in
“BD & BI” publications

 Management <Big Data * Cloud * Knowledge
* Text Mining Analytics Computing Management
« Data Mining *Social Media < Data
« Data Science +Business Warehouse
Analytics
* Information
System

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,

Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10
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Framework for BD and Bl Research

(c Data Collection » Business A
 Data Storage » Medicate
« Data Analytics » Supply Chain
* Infrastructure » Engineering
* Services
\ Application /
4 Management N

» Adoption of BD/BI
» Cost Benefit
 Security/Privacy

* Value Creation
* Individual Impact
» Organizational Impact

\.* Social Impact * Human Resource y

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,
Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10
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Business Intelligence and Big Data analytics
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Definition
of
Artificial Intelligence
(A.l.)



Artificial Intelligence

“ .. the sclence and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)



Artificial Intelligence

“... technology that
thinks and acts
like humans”



Artificial Intelligence

“.. intelligence
exhibited by machines
or software”



4 Approaches of Al

Thinking Humanly

Thinking Rationally

Acting Humanly

Acting Rationally

21



4 Approaches of Al

2.
Thinking Humanly:
The Cognitive
Modeling Approach

3.
Thinking Rationally:
The “Laws of Thought”
Approach

1.

Acting Humanly:
The Turing Test
Approach s

4.
Acting Rationally:
The Rational Agent
Approach

22



Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

Natural Language Processing (NLP)
Knowledge Representation
Automated Reasoning

Machine Learning (ML)

Computer Vision

Robotics

23



Boston Dynamics: Atlas

> Pl o) 0:22/0:54

#13 ON TRENDING
What's new, Atlas?

https://www.youtube.com/watch?v=fRj3404hN4|
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https://www.youtube.com/watch?v=fRj34o4hN4I

Humanoid Robot: Sophia

INVESTMENTY VW

INITIATIMERF™ 5 O:N (I

A et B

s l ‘ ST'.ENT
) INITIATIVE

INVESTMENT | ENT

INITIATIVE NITIATIVE
| FUTURE / - x.a.f?
INVESTHAENT RdALL ”

b -
st A N/ v "r- SSI™2

> Pl o) 1:29/504 (cc K SC

https://www.youtube.com/watch?v=S5t6 K9iwcdw
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https://www.youtube.com/watch?v=S5t6K9iwcdw

Can a robot pass a university entrance exam?
Noriko Arai at TED2017

|deas worth spreading DISCOVER

11:25 )

https://www.ted.com/talks/noriko arai can a robot pass a university entrance exam
https://www.youtube.com/watch?v=XQZjkPyJ8KU

ATT
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https://www.ted.com/talks/noriko_arai_can_a_robot_pass_a_university_entrance_exam
https://www.youtube.com/watch?v=XQZjkPyJ8KU

Artificial Intelligence (A.l.) Timeline

A.l. TIMELINE & -
m ‘:\ ‘A’-,'

1950 1955 1961 1964 1966 A.l. 1997 1998

Computer scientist Term ‘artificial First industrial robot, Pioneering chatbot The "first electronic WI NTER Deep Blue, a chess- Cynthia Breazeal at MIT
Alan Turing proposes a  intelligence’ is coined Unimate, goes to work  developed by Joseph person’ from Stanford, Many false starts and playing computer from  introduces KISmet, an
test for machine by computer scientist,  at GM replacing Weizenbaum at MIT Shakey is a general- dead-ends leave Al out |BM defeats world chess emotionally intelligent
intelligence. If a John McCarthy to humans on the holds conversations purpose mobile robot ;1o 014 champion Garry robot insofar as it
machine can trick describe “the science assembly line with humans that reasons about Kasparov detects and responds
humans into thinking it  and engineering of its own actions to people’s feelings

is human, then it has making intelligent

intelligence machines”

<0+ AlphaGo

1999 2002 2011 2011 2014 2014 2016 2017

Sony launches first First mass produced Apple integrates Siri, IBM’s question Eugene Goostman, a Amazon launches Alexa, Microsoft's chatbotTay = Google’s A.l. AlphaGo
consumer robot pet dog autonomous robotic an intelligent virtual answering computer chatbot passes the an intelligent virtual goes rogue on social beats world champion
AIBO (Al robot) with vacuum cleaner from assistant with a voice Watson wins first place  Turing Test with a third  assistant with a voice media making Ke Jie in the complex
skills and personality iRobot learns to navigate interface, into the on popular $1M prize of judges believing interface that completes inflammatory and board game of Go,
that develop overtime  and clean homes iPhone 4S television quiz show Eugene is human shopping tasks offensive racist notable for its vast
Jeopardy comments number (2179) of

possible positions




Artificial Intelligence
Machine Learning & Deep Learning

ARTIFICIAL
INTELUGENCE

e IR MACHINE
LEARNING

DEEP

A

1950's 1960’s 1970’s 1980's 1990's 2000's 2010's

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Source: https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/



Al, ML, DL

4 Artificial Intelligence (Al) A
4 Machine Learning (ML) A
Supervised Unsupervised
Learning Learning
Deep Learning (DL)
RNN LSTM GRU
. GAN )

Semi-supervised l Reinforcement

k Learning Learning ) )




Artificial Intelligence (Al)
is many things

DEEP
LEARNING

.(;i‘t,'\:’ \;‘x:: ,'\
RECOMMENDATION “\
ENGINES

N1

PREDICTIVE
ANALYTICS

NLP/TEXT MINING

= ,;,0\
o7 %7 -

EVIDENCE
BASED

MACHINE
LEARNING SYSTEMS

a

o2%%e oo °
R '0_.0.9 000
o ¥ .e

PRESCRIPTIVE
ANALYTICS

NATURAL LANGUAGE GENERATION

Ecosystem of Al




Artificial Intelligence (Al)
Intelligent Document Recognition algorithms

31



Subjective Popularity

Deep Learning Evolution

Vapnik, Cortes
J.R. Quinian
Breiman
Freund, Schapire
W
Linnainmaa 1970
Werbos
‘b& Decision Tree, ID3 :
N :
o géb @ - |
o° .~
& &
o"e' ‘99 LeCun
. Perceptron Rumelhart, Hinton, Williams
@ | Hetch, Nielsen
Hochreiter et. al.

Hinton

twofks Bengio

Neural Mt J. Schmidhuber LeCun

* ' IDSIA Andrew Ng.
Created by erogol

. | I I I I | | [ |
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 Zd1 0 2015



Machine Learning Models

Deep Learning Kernel

Association rules Ensemble

Dimensionality reduction

Decision tree

Clustering Regression Analysis

Bayesian Instance based

33



3 Machine Learning Algorithms

TEMPORAL

DIFFERENCE

RENFORCEMENT LEARNING

G-LEARNING

K-MEANS

DEEP BELIEF
NETWORKS

CLUSTERING

UNSUPERVISED
LEARNING

PRINCIPAL
COMPONENT
ANALYSIS DIMENSIONALITY

REDUCTION

LINEAR
DISCRIMINANT

ANALYSIS
GENERALIZED

DISCRIMINANT
ANALYSIS

LEARNING

CONVOLUTIONAL
NEURAL NETWORK

REGRESSION

SUPERVISED
LEARNING

RANDOM
FOREST

LINEAR
REGRESSION

CLASSIFICATION NAIVE BAYES

CONDITIONAL
DECISION TREE

K-NEAREST NEIGHBORS

RECURSIVE NEURAL
NETWORK

MACHINE LEARNING
-+
DEEP LEARNING

EMAILS CDR

oc B ¥

SOCIAL
MEDIA WEB LOGS  SALES

ISCOVERY




Machine Learning (ML) / Deep Learning (DL)

-

Machine
Learning
(ML)

o

Supervised
Learning

1

Unsupervised
Learning

|

1

Reinforcement
Learning

|

Decision Tree
~ Classifiers |

Linear
~ Classifiers

Rule-based
~ Classifiers

[ Probabilistic |

~ Classifiers |

35






Evolution of Business Intelligence (Bl)

Ouerymg and ETL
reporting

! I

Metadata —»| Data warehouse

DSS
EIS/ESS !
Financial Data marts Spreadsheets
reporting (MS Excel)
OLAP
\ v
Digital cockpits
—
and dashboards Business S\\ ///

/
Scorecardsand| ~———— ¥ || Intelligence =\ . /X

dashboards

Workflow / A

Alerts and
notifications

Data & text

mining Predictive Broadcasting
analytics tools

Portals

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson 37



A High-Level Architecture of Bl

Data Warehouse Business Analytics
Environment Environment Strategy

BPM strategies

Build the data warehouse Access

— - Data
> _ Ol“ganIZIrjg warehouse Manipulation, results
— - Summarizing p .
- Standardizing
S

User interface
Future component: = -
Intelligent systems P

- Dashboard

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson

Performance and

)
Data : . .
Technical staff Business users Managers/executives
Sources -

38



Questions

Enablers

Outcomes

Three Types of Analytics

Business Analytics

Descriptive Predictive Prescriptive

What happened? What will happen? What should | do?
What is happening? Why will it happen? Why should | do it?

v’ Business reporting v Data mining v/ Optimization
v' Dashboards v/ Text mining v/ Simulation
v/ Scorecards v Web/media mining v’ Decision modeling
v' Data warehousing v' Forecasting v Expert systems
Well-defined Accurate projections Best possible
business problems of future events and business decisions
and opportunities outcomes and actions

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Analytics Ecosystem

Data
Management
Infrastructure

Providers

Data
Generation

Infrastructure
Providers

Regulators and
Policy Makers

Data
Warehouse

Analytics

Analytics- Analytics Industry Providers
é:OEUSEd User Analysts &
ortware N Organization Influencers
Developers/ APplication ’
Developers:

Industry Specific
or General

Academic
Institutions and
Certification
Agencies

Middleware
Providers

Data Service
Providers

40



Job Titles of Analytics

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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A Data to Knowledge Continuum

ERP| crRm

\_ A
A t
Internet/Social Media /D,
ata Protection
Instagram \ =
Pinterest Facebook
Twitter m Linkedin
Snapchat YouTube
Flicker Google+
Foursqare Tumbir

\ Reddit

Machines/Internet of Things

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Big Data
Analytics
and
Data Mining




Big Data4V

It's estimated that

2005 2.5 QUINTILLION BYTES

[ 2.3 TRILLION GIGABYTES ]
of data are created each day

40 ZETTABYTES

[43 TRILLION GIGABYTES ]

of data will be created by
2020, an increase of 300

times from 2005 202

The
FOURV’s
of Big
Data

From traffic patterns and music downloads to web
history and medical records, data is recorded,
stored, and analyzed to enable the technology
and services that the world relies on every day.
But what exactly is big data, and how can these
massive amounts of data be used?

6 BILLION
PEOPLE

have cell
phones

Most companies in the
U.S. have at least

100 TERABYTES
[ 100,000 GIGABYTES ]
of data stored

WORLD POPULATION: 7 BILLION As a leader in the sector, IBM data scientists
break big data into four dimensions: Volume,

Velocity, Variety and Veracity

Modern cars have close to

100 SENSORS

The New York Stock Exchange Depending on the industry and organization, big

captures data encompasses information from multiple
] TB UF TRADE ( that monitor items such as internal and external sources such as transactions,
INFORMATION (\ fuel level and tire pressure social media, enterprise content, sensors and

mobile devices. Companies can leverage data to

during each trading session adapt their products and services to better meet

customer needs, optimize operations and
infrastructure, and find new sources of revenue.

Velocity = B

By 2015
ANALYSIS OF 4.4 MILLION IT JOBS
STREAMING DATA

will be created globally to support big data,
with 1.9 million in the United States

By 2016, it is projected
there will be

18.9 BILLION
NETWORK
CONNECTIONS

YYYYYYYYYYY
sz fR4d e R R R EE

As of 2011, the global size of
data in healthcare was
estimated to be

By 2014, it's anticipated
there will be

420 MILLION
150 EXABYTES WEARABLE, WIRELESS
{161 BILLION GIGABYTES ] HEALTH MONITORS

&2
&.

4 BILLION+
HOURS OF VIDEO

are watched on
YouTube each month

You
You
m
‘

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

&

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

Poor data quality costs the US

R

economy around
$3.1 TRILLION A YE

they use to make decisions .

Veracity

UNCERTAINTY
OF DATA

in one survey were unsure of
how much of their data was
inaccurate

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS

Source: https://www-01.ibm.com/software/data/bigdata/







Stephan Kudyba (2014),
Big Data, Mining, and Analytics:
Components of Strategic Decision Making, Auerbach Publications

Big Data,
Mining, and
Analytics

y i *Stephan u
SSEoreword by Tom Davenport,.

Source: http://www.amazon.com/gp/product/1466568704
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Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Raw
Data

Big Data

Transformation

y

Middleware dee
Transformed| MapReduce
Pi
Extract Data Hivge
» Transform >
Load Jaql
03 Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others

Big Data

Platforms & Tools

CSV, Tables

7~

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Reports

47



Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Big Data
Transformation

Big Data
Platforms & Tools

Big Data
Analytics
Applications

Queries

Reports

Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Social Big Data Mining

(Hiroshi Ishikawa, 2015)

Social Big Data
Mining

Hiroshi Ishikawa

Source: http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X
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http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X
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Architecture for

Social Big Data Mining

Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection

* Discovery of relationships
among heterogeneous data
Large-scale visualization

* Parallel distrusted processing

AN Integrated analysis/

’ q
\)\\\\L--__b>‘£&———’#’////f/
\ \

1
1
y \ ] \Conceptual Layer
T Y J ! :
! \ 1 Vo )
/ ‘\ " \vl g
/ V! /- Data )
! 1 e ,
/ v Mining
\
; V] _—
/" Multivariate % ! Application

specific task

Logical Layer

Software Social Data

S ——————
S e —— -y

» Hardware

— Physical Layer\'

Analysts

I
I

I

I

I

I

I

I

I

* Construction and :
confirmation :
of individual :
hypothesis :

* Description and :
execution of :
application-specific |

I

task I

I

I

I

I

I

J
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Business Intelligence (BIl) Infrastructure

Extract, transform,
load

Historical
Data

Casual users
* Queries
* Reports

e Dashboards

Web Dat

/ Power users

* Queries
* Reports

e Data mining :

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 51



A

and Data Mining

Increasing potential

to support
business decisions End User

Data Presentation Business
L . Analyst
Visualization Techniques
Data Mining | Data
Information Discovery | Analyst

—————————————————— J

Data Exploration
Statistical Summary, Querying, and Reporting

/ Data Preprocessing/Integration, Data Warehouses \
DBA

Data Sources
Paper, Files, Web documents, Scientific experiments, Database Systems

52



Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Mathematical
Modeling

Databases

Management Science &
Information Systems



Data Mining.
Core Analytics Process
The KDD Process for

Extracting Useful Knowledge
from Volumes of Data



Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996).
The KDD Process for
Extracting Useful Knowledge
from Volumes of Data.
Communications of the ACM, 39(11), 27-34.

ledge Discovery in Databases creates the context for
developing the tools needed to control the flood of dat
"

organizations that depend on ever wing databases ¢

wtion.

manufacturing, scientific, and personal inforr

The KDD Process
for Extracting Usetul
Knoxxledge from
Volumes of Data

As WE MARCH INTO THE AGE

of digial information, the

problem of dac overkoad

looms ominously ahead

Our ability o amlyze and Greg P

undersand massive

dacsers lags far behind

our abiliey o gather and

moce the daa A new gen-

eraton of compuctonal wxhniques and many more applicaions generaie

and wools is required 1o support the sreams of digicl records archived in

extraction of useful knowledge from  huge daabases, somedmes in socalled

the rapidly growing volumes of da.  dac warchouses.

These wxchniques and wols are the Current hardware and daabase wch-

subject of the emerging fiekd of knowl-  nology allow efficient and inexpensive

edge discovery in daabases (KDD) and  reliable daa siorage and access. Howev-

data mining,. er, whedher the coneext is busines,
large dambases of digial informa-  medicne, sdence, or government, the

ton are ubiquitous. Dac from the dacses themselves (in raw form) are of

neighborhood store’s checkout regis-  lide direct value. Whae is of value is the

ier, your bank's credic card awthoniz-  knowledge that @n be inferred from

ton device, records in your doclor's  the dam and put 1 use. For example,

office, paerns in your telephone calls,  the markedng cacbase of 2 consumer
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Data Mining

Knowledge Discovery in Databases (KDD) Process
(Fayyad et al., 1996)

Pre- Trans- : Data : Interpretation/
Selection @ processing s formation Mlnln -Evaluauon W
: : l

Target Preprocessed | Transformed Patterns Knowledge
Data Data Data

Source: Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996). The KDD Process for Extracting Useful Knowledge from Volumes of Data.
Communications of the ACM, 39(11), 27-34. 56



Knowledge Discovery (KDD) Process

(

Data mining: Pattern Evaluation
core of knowledge discovery process I

Data Miy
A

Task-relevant Data '
Data Warehouse Kkzction

A
I
I
I
Data Cleaning : |l
________ I .
4‘(&1 Integration :

Databases

Source: Han & Kamber (2006)

Jor

s
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Data Mining Processing Pipeline
(Charu Aggarwal, 2015)

Data
Collection

Data Preprocessing

Feature e
) and
Extraction .
Integration

Analytical Processing

Building

Block 1

Building
Block 2

Output
—» for

Analyst

Source: Charu Aggarwal (2015), Data Mining: The Textbook Hardcover, Springer
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A Taxonomy for Data Mining Tasks

[Data Mining ] Learning Method :{ Popular Algorithms
_—r . Classification and Regression Trees,
> ‘ FEelEiEn ] Supervised ANN, SVM, Genetic Algorithms
( ) o
| Classification Supervised DEEEE trges, ANN/MLP’ Sl g
L ) sets, Genetic Algorithms
( ) q q q q
. . Linear/Nonlinear Regression, Regression
»LRegreSS|on ) Supervised trees, ANN/MLP, SVM
»[Association ] Unsupervised Apriory, OneR, ZeroR, Eclat
r 1 0 . . . 0
‘| Link analysis Unsupervised Expectation Maximization, Apriory
L J Algorithm, Graph-based Matching
( )
P Sequence analysis Unsupervised Apriory Algorithm, FP-Growth technique
. J
‘-»[Clustering ] Unsupervised K-means, ANN/SOM
Outlier analysis ] Unsupervised K-means, Expectation Maximization (EM)




Cloud Computing



£Y Google Cloud



Google Cloud Big Data

nalytics

Capture Process Store Analyze
Cloud Cloud . BigQuery BigQuery @® Data
(@9 storage Q ; .
Pub/Sub Dataprep (Tables) analytics @» Studio
Cloud Data Cloud g:g:]:ble SQL
Transfer Dataflow (NosQL)
| | ;ﬁ‘ +ableauw
Cloud 3 AP ACHE
loT Core HERSE Cloud MicroStrategy
Dataflow
|
Cloud looker
Google Cloud
0\ Ads Dataproc Stprage 3
(Files)
l Qlik@
Google
0 Marketing Spoﬁ © o)
Platform R S 6 Cloud re’dash
Dataproc
| iCharts
YouTube
u SpcﬁzI
’ | Firebase
ML Cloud
Engine Datalab
. Stackdriver -2
Up Jupyter
o=

informatica % Segment x;ﬁ:nty talen

alooma

£Y Google Cloud

l

Cloud Composer
(orchestration)

Source: https://cloud.google.com/solutions/big-data/

Business
Analysts

Data
Scientists
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Google Cloud
Machine learning and Cloud Al

PN Data
ML Activity Machine Learning Engine
Ingest — Explore = Prepare = Preprocess > Train

: Hypertune
GCP Services i

T p Test

ransfer -

Service Dataprep @ Dataflow |

@9 BigQuery : |
Cloud @
Storage @ Dataflow Dataproc Predict (Batch) Predict (Online)

@ Dataproc BigQuery l T

i:: Apps

£Y Google Cloud

Source: https://cloud.google.com/solutions/big-data/overview/machine-learning-cloud-ai/
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Google Colab

& C' @ Secure | https://colab.research.google.com/notebooks/welcome.ipynb % @ O
Hello, Colaborator

Co ) y R GD SHARE 6
File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL 4% COPY TODRIVE CONNECT + /2 EDITING A

Table of contents Code snippets Files X

Getting Started Welcome to Colaboratory!

Colaboratory is a free Jupyter notebook environment that requires no setup and runs entirely in the cloud. See our

Highlighted Features
FAQ for more info.

TensorFlow execution

GitHub Getting Started

« Overview of Colaboratory
» Loading and saving data: Local files, Drive, Sheets, Google Cloud Storage
« |mporting libraries and installing dependencies

Visualization

Forms
+ Using Google Cloud BigQuery
Examples » Forms, Charts, Markdown, & Widgets
» TensorFlow with GPU
Local runtime support » Machine Learning Crash Course: Intro to Pandas & First Steps with TensorFlow
SECTION

~ Highlighted Features

Seedbank

Looking for Colab notebooks to learn from? Check out Seedbank, a place to discover interactive machine learning examples.
v TensorFlow execution

Colaboratory allows you to execute TensorFlow code in your browser with a single click. The example below adds two matrices.
[1. j | 1.] " [1. 2 3.] _ [2. 3. 4.]

https://colab.research.google.com/notebooks/welcome.ipynb 64
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dWS

ssEsEEEEEEEEEEEEY,

*

E Compute .
Developer Tools

* Machine Learning ;

‘assmssssmmmEmmEns

il

Business Productivity

Cloud Computing
AWS
Amazon Web Services

sENENEEEENEEEENEEEN, ‘I'---l---l---lIIl.

& 8 &
: 5 :
. Storage . E‘ Database : Migration
o
Management Tools Media Services Security, Identity &
Compliance
L[] =3 oy
Mobile Services AR & VR Application Integration

i

4 oie

Desktop & App Streaming Internet of Things Game Development

Source: https://aws.amazon.com/

&

Networking & Content
Delivery

ssEsEEEEEEEEEEEEY,

*

esEEmEEEEEE,
Yansnnnnnnn®

Analytics

*

‘assmsssmmmsEmmEns

Customer Engagement

AWS Cost Management
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&

Machine )
Learning  Analytics
Data Lake

L —
~

On-premises

Data Movement

Real-time Data
Movement

S Data Lakes and Analytics on AWS

Data Movement

Import your data from on-premises,
and in real-time.

Data Lake

Store any type of data securely, from
gigabytes to exabytes.

Analytics
Analyze your data with a broad
selection of analytic tools and engines.

Machine Learning
Forecast future outcomes, and
prescribe actions.

https://aws.amazon.com/big-data/datalakes-and-analytics/
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AWS AWS Products
Analytics

e Amazon Athena Amazon Redshift

— Query data in S3 using SQL — Fast, simple, cost-effective data
* Amazon CloudSearch warehousing

— Managed search service Amazon QuickSight
e« Amazon EMR — Fast business analytics service

AWS Data Pipeline

— Orchestration service for periodic,
data-driven workflows

AWS Glue
— Prepare and load data

— Hosted Hadoop framework
e Amazon Elasticsearch Service

— Run and scale Elasticsearch
clusters

e Amazon Kinesis

— Analyze real-time video and
data streams

https://aws.amazon.com/ 67
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V

Machine Learning on AWS

Machine learning in the hands of
every developer and data scientist

Build

Connect to other AWS services
and transform data in
SageMaker notebooks

Use SageMaker's algorithms and
frameworks, or bring your own, for

L — @ —

Train

Tune

SageMaker automatically tunes
your model by adjusting multiple

distributed training combinations of algorithm parameters

Source: https://aws.amazon.com/machine-learning/

i

L

Deploy

Once training is completed, models can
be deployed to SageMaker endpoints,
for real-time predictions
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dws Cloud Computing
AWS Cloud Practitioner
AWS Solutions Architect
AWS Certified Big Data Specialty

dWs a CERTIFIED Role-Based Certifications Specialty Certifications

: L, AWS Certified L, AWS Certified Ly AWS Certified ﬁ‘éﬁggﬂﬁe‘j
Professional Solutions Architect a DevOps Engineer a DevOps Engineer Networkin
| - Professional | - Professional | - Professional - Specialty 9
| > AWS Certified o AWS Certified o AWS Certified : AWS Certified
Associate a Solutions Architect a Developer a SysOps Administrator Big Data
| - Associate | - Associate | - Associate - Specialty
. . AWS Certified AWS Certified AWS Certified AWS Certified )
Foundational (v '::‘szdcsrt'ﬁtifl N [V Cloud Practitioner [V Cloud Practitioner I:V Cloud Practitioner Security
oud Practitioner - Specialty
I —
@ \ </> | {i}; Specialty Certification requires
L _| ] Cloud Practitioner or
/X . Associate-level certification
Cloud Practitioner Architect Developer Operations

Source: https://aws.amazon.com/certification/ 69
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Summary
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* Big Data
* Cloud Computing
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