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Course Schedule

Week Date Subject/Topics

1 2018/09/10 Course Orientation for Big Data Mining
2 2018/09/17 ABC: Al, Big Data, Cloud Computing

3 2018/09/24 Mid-Autumn Festival (Day off)
4

2018/10/01 Data Science and Big Data Analytics: Discovering,
Analyzing, Visualizing and Presenting Data

2018/10/08 Fundamental Big Data: MapReduce Paradigm,
Hadoop and Spark Ecosystem

2018/10/15 Foundations of Big Data Mining in Python
2018/10/22 Supervised Learning: Classification and Prediction
2018/10/29 Unsupervised Learning: Cluster Analysis
2018/11/05 Unsupervised Learning: Association Analysis
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Course Schedule

X Tamkang
g’ University

Week Date Subject/Topics

10
11
12

13
14
15
16
17
18

2018/11/12
2018/11/19
2018/11/26

2018/12/03
2018/12/10
2018/12/17
2018/12/24
2018/12/31
2019/01/07

Midterm Project Report
Machine Learning with Scikit-Learn in Python

Deep Learning for Finance Big Data with
TensorFlow

Convolutional Neural Networks (CNN)
Recurrent Neural Networks (RNN)
Reinforcement Learning (RL)

Social Network Analysis (SNA)

Bridge Holiday (Extra Day Off)

Final Project Presentation



Data Science and
Big Data Analytics:

Discovering,
Analyzing,
Visualizing and
Presenting Data



EMC Education Services,
Data Science and Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data,
Wiley, 2015

EMC

Data Science and
Big Data Analytics

Discovering, Analyzing, Visualizing and Presenting Data

EMC Education Services

http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X



http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X

Data Scientist:

The Sexiest Job of the 21st Century

hen Jonathan Goldman ar-
rived for work in June 2006

Meet the people who

can coax treasure out of
messy, unstructured data.
by Thomas H. Davenport
and D.J. Patil

at LinkedIn, the business
networking site, the place still
felt like a start-up. The com-
pany had just under 8 million
accounts, and the number was
growing quickly as existing mem-
bers invited their friends and col-
leagues to join. But users weren’t
seeking out connections with the people who were already on the site
at the rate executives had expected. Something was apparently miss-
ing in the social experience. As one LinkedIn manager put it, “It was
like arriving at a conference reception and realizing you don’t know
anyone. So you just stand in the comner sipping your drink—and you
probably leave early.”

70 Harvard Business Review October 2012



Data Science



Data Analyst

* Data analyst is just another term for
professionals who were doing Bl in the form of
data compilation, cleaning, reporting, and
perhaps some visualization.

 Their skill sets included Excel, some SQL
knowledge, and reporting.

* You would recognize those capabilities as
descriptive or reporting analytics.



Data Scientist

Data scientist is responsible for predictive analysis, statistical
analysis, and more advanced analytical tools and algorithms.

They may have a deeper knowledge of algorithms and may
recognize them under various labels—data mining, knowledge
discovery, or machine learning.

Some of these professionals may also need deeper
programming knowledge to be able to write code for data
cleaning/analysis in current Web-oriented languages such as
Java or Python and statistical languages such as R.

Many analytics professionals also need to build significant
expertise in statistical modeling, experimentation, and
analysis.
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Data Science and
Business Intelligence

(

Predictive Analytics and Data Mining \\

(Data Science)
Typical * Optimization, predictive modeling,

Technlques fﬂw statistical analysis

and * Structured,/unstructured data, many
Data Types types of sources, very large datasets
Co o What if..?

mmon "
Questions * What's the optimal scenario for our business?

o What will happen next? What if these trends

o= w— — \_ continue? Why Is this happening? ))
’ -_----
4 1
1 Data i ~
| [ Science ' Business Intelligence

Typical

* Standard and ad hoc reporting, dashboards,

1 Business

Techniques alerts, queries, details on demand
and ® Structured data, traditional sources,
Data Types manageable datasets
Common * What happened last quarter?
Questions * How many units sold?

L}
1 Intelligence
i '

~-----'

:‘ Past

A4

Tim

\

* Whare |a the problemT In which sftuationa? /
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Future -
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Data Science and
Business Intelligence

(/¢ b \)
(  Predictive ?B:%ﬁg: g:ge l))ata Mining "\

Exploratory
Typical o Optimization, predictive modeling.

Techniques forecasting, statistical analysis

and * Structured,/unstructured data, mary
Data Types types of sources, very large datasets

© What if_.?
Common | o ymars the optimel scenario for our business?
Questions | vaaiwe n next? What if these trends
=\ continue? Wiy Is this happening? y,

Past . Future
Time

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015 11



Predictive Analytics
and Data Mining
(Data Science)

Structured/unstructured data, many types of sources,
very large datasets

Optimization, predictive modeling, forecasting statistical analysis

What if...?
What's the optimal scenario for our business?
What will happen next?
What if these trends countinue?
Why is this happening?

12



Profile of a Data Scientist

Quantitative
— mathematics or statistics
Technical

—software engineering,
machine learning,
and programming skills

Skeptical mind-set and critical thinking
Curious and creative
Communicative and collaborative

13



Data Scientist Profile

Quantitative

Communicative
and

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Big Data Analytics
Lifecycle




Key Roles for a
Successful Analytics Project

Business Intelligence
Analyst

Business User Project Sponsor Project Manager

AF T+

Database
Administrator (DBA

Data Engineer Data Scientist

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Overview of Data Analytics Lifecycle

Operationalize

5

Communicate

Results

Is the model robust
enough? Have we
failed for sure?

(4

Model

Building

Do | have enough
information to draft
an analytic plan and

share for peer review?

i Do I have
enough good
quality data to
Data Prep start building
the model?

3

Model

Planning

Do | have a good idea
about the type of model
to try? Can | refine the
analytic plan?

17



Overview of Data Analytics Lifecycle

1. Discovery

2. Data preparation

3. Model planning

4. Model building

5. Communicate results
6. Operationalize



Key Outputs from a
Successful Analytics Project

1 Code WM Presentation for Analysts
&= Technical Specs NN Presentation for Project Sponsors

Project Manager Business Intelligence Analyst

7 ¥ ¥

Database Administrator
DBA

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015 19



Example of Analytics Applications in a
Retail Value Chain

Retail Value Chain

Critical needs at every touch point of the Retail Value Chain

» Shelf-space
optimization

* Location analysis

 Shelf and floor
planning

* Promotions
and markdown
optimization

* Trend analysis

» Category
management

* Predicting
trigger events
for sales

» Better forecasts
of demand

» Deliver seamless
customer
experience

* Understand

relative performance

of channels
» Optimize marketing
strategies

1!

Vendors

: Plannlng

* Supply chain
management

* Inventory cost

optimization

* Inventory shortage

and excess
management

* Less unwanted costs

fnﬁ '1 ;

erchandizi

» Targeted promotions
* Customized inventory
* Promotions and
price optimization
» Customized shopping
experience

Buymg

Warehouse

Multichannel

eratuM Customers

* On-time product
availability at low
costs

* Order fulfillment
and clubbing

* Reduced
transportation
costs

« Building retention
and satisfaction

* Understanding
the needs of the
customer better

« Serving high LTV
customers better

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

21



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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Three Types of Analytics

Business Analytics

Descriptive Predictive
(1)}
c
2 What happened? What will happen?
O What is happening?  Why will it happen?
3
» v Business reporting v/ Data mining
% v' Dashboards v/ Text mining
© v Scorecards v Web/media mining
L v Data warehousing v’ Forecasting
(0]
g Well-defined Accurate projections
S business problems of future events and
g and opportunities outcomes

Prescriptive

What should | do?
Why should | do it?

v/ Optimization

v/ Simulation

v’ Decision modeling
v Expert systems

Best possible
business decisions
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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A Data to Knowledge Continuum

Business Process

uoB uoB UoB
- 1o B 2.1 30 [
\ uoB
22 / A

Internet/Social Media
ata Protection

Instagram
Pinterest Facebhook
Twitter LinkedIn

Snapchat @ YouTube

End Users

Flicker Google+
Foursqare Tumblir

N

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

24



A Simple Taxonomy of Data

Data in Analytics

Structured Data Unstructured or Semistructured Data

Categorical Numerical

~—>  Nominal > Interval > Multimedia » Audio
Video

~—>  Ordinal —> Ratio —> XML/JSON

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



Data Preprocessing Steps

) >
"""""
Raw Data

l Sources

Data Consolidation

v Collect data
v Select data
v Integrate data

| B

Data Cleaning

v Impute values
v Reduce noise
v' Eliminate duplicates

| B

Data Transformation

v" Normalize data
v' Discretize data
v" Create attributes

|

Data Reduction

v Reduce dimension
v" Reduce volume
v Balance data

Feedback

N —————————

Well-Formed
Data

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



An Analytics Approach to Predicting Student Attrition

@ ) 0y

Raw Data Sources (Institutional DBs)

vy

Data Preprocessing (collecting, merging,
cleaning, balancing, & transforming)

Experimental Design
(10-fold Cross-Validation)

Decision Tree Neural Networks

2 B

Logistic Regression Support Vector Machine| | '/ .1

Assessment (Confusion Matrix)

en il TN Specificity

| |

| i

| 1w | Fp Accuracy, i N\;‘
| > | Sensitivity, i

' i

|

|

L]
[]
[]

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



Balanced Data Imbalanced Data |

A Graphical Depiction of the
Class Imbalance Problem

Input Data Model Building, Testing,
and Validating

2000 Yes

sorono | B

(Accuracy, Precision+, Precision-)
-[90%, 100%, 500%0)

o2
89

Which one
is better?

(80%, 8000, 800%0)

*Yes: dropped out, No: persisted.

(Accuracy, Precision+, Precision-)

Model Assessment ___

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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Relationship between Statistics and
Descriptive Analytics

Business Analytics

i l

Descriptive Predictive Prescriptive

[ D P [ StatIStIC; ]

A

[Descr'lptwe] [ Inferential ]

29



Understanding the Specifics about
Box-and-Whiskers Plots
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Variable 1 Variable 2

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

Upper
Quartile

Median

Mean

Lower
Quartile

Outliers

Larger than 1.5 times the
upper quartile

Largest value, excluding
larger outliers

250% of data is larger than
this value

50% of data is larger than
this value—middle of data set

Simple average of the data set

250% of data is smaller
than this value

Smallest value, excluding
smaller outliers

Smaller than 1.5 times the
lower quartile




Relationship between
Dispersion and Shape Properties.
i P _
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A Scatter Plot and
a Linear Regression Line

Response Variable: y

:

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

Explanatory Variable: x

32



A Process Flow for Developing
Regression Models.

Tabulated

Data

Data Assessment

v/ Scatter plot
v/ Correlations

l

Model Fitting

v/ Transform data
v/ Estimate parameters

|

Model Assessment

< ———~

< -~

v’ Test assumptions  [-----
v’ Assess model fit

l

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



The Logistic Function

1

S =

1 + e—(B()'*'le)

1 BO + B1 Ix
6 —4 —2 0 2 4 B

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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Predicting NCAA Bowl Game Outcomes
o=

Raw Data Sources

Y Y Y

Data Callection, Organization,
Cleaning, and Transformation

Output: Binary (win/loss) J [Dut:put:: Integer (point difference)

| Regression -

| Classification 2
| Modeling

| Modeling /

y
g

~N

:
[

Built Built
8 . Test Test
Classification >
Models s Models it

Yy

|
|
|
|
|
|
|
| Regression >
|
|
|
|
|
|
|

Y

Compare the Win
Prediction Resultsm

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



N
o

n w » 00 O N 0O O

A Sample Time Series of Data on
Quarterly Sales Volumes

Quarterly Product Sales (in Millions)

Q1 Q2 Q3 Q4
2008

Q1 Q2 Q3 Q4
2009

Q1 Q2 Q3 Q4
2010

Q1 Q2 Q3 Q4
2011

Q1 Q2 Q3 Q4
2012

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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The Role of Information Reporting in
Managerial Decision Making

Exception Event

-»{ UOB 1.0

Symbol | Count | Description

?

B Machine
Failure

Repositories

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

Business Functions

uoB 2.1

uoB 2.2

UOB 3.0 |--»

I~

Mtion

(reporting)

Action
(decision)

Decision
Maker
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A Taxonomy of Charts and Graphs

FRESSVESE 3
.
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1 1 . T 1
Two variables Many Many items Few items Cyclic data Noncyclic data Single or few categories Many categories
per item categories L T ! : g . g

Few categories

1
One variable per item

Among items
|

1
Many periods
L

1
Few periods
]

Over time

Only rzalat:ive Relative a'nd absolute

Only r"elat:ive

i Two Comparison
.4 . | variables
siwaaeas . . What would you like to show
— Relationship - - .
— in your chart or graph?
(o] O ®
o ° Three
et | Variables .
Compaosition
I
Changing over time
|
I 1
Few periods Many periods
| 1

Static

— Distribution —

Few
Single |data
variable | PONts
Many
data
paint

-
-
-
-
-
-

Two . & el
|variables & . " "4
]

Three

differ'enczia matters differ‘encle matters differencle matters differ'en?e matters of t:lotal

Relative e;nd absolute .S‘impleI share

Accumulation or

1
Components of

subtr‘act:it_;m to total compc:nenl:s

Fdadetotits

R S |

+ 1

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017)

, Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson

variables . ‘
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A Gapminder Chart That Shows the
Wealth and Health of Nations

(@ owtouse ) (10 shargoon | (20 Putsoreon | ooy oo

Chart |[  Map |
[ ] o5 |$ographlc regions
£
= 801
»
751
70
- [[] Afghanistan u
2 g0 [[] Abania
b [] aigeria
>
S| 551 [] Andorra
2 - - s [[] Angola
g 501 . [[] Antigua and Barb...
g 451 [[] Argentina
X [[] Armenia
&
3 40 D Aruba
[] Australia
351 [] Austria
[[] Azerbaijan -
301 "1 Rahamas. :
2 [J Deselect al
e o
200 400 1000 2 000 4 000 10 000 20 000 40 000 Size Source(s) f
[ Income per person (GDP/capita, PPP$ inflation-adjusted) v |log ~ Population, total v

£ Source(s) 1.38B
= 1800 1820 1840 1860 1880 1900 1920 1940 1960 1980 2000 m'
= ° | 1 \ \ 1 ( | f ) i Trails 50
Play p» = 0 [¥] b3 K

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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Magic Quadrant for Business
Intelligence and Analytics Platforms

CHALLENGERS LEADERS
@ Tableau @ Microsoft
@ Qlik
MicroStrategy ()
@ Sisense
Birst
@ ThoughtSpot @ Salesforce
@SS
Looker @@ Domo
ion Bui AP
Information Builders @ Oracle@ [ B
TIBCO Software
[ ]
IBM
BOARD International @
[NE]
g Yellowfin @
g Pyramid Analytics @
o Logi Analytics @
>
=
=
2 NICHE PLAYERS VISIONARIES
COMPLETENESS OF VISION > As of February 2018 © Gartner, Inc

Source: https://www.tableau.com/reports/gartner



A Storyline Visualization in Tableau Software

“#| Tableau - Kiva Loan Storypoints v11 W 8.2

| File | Data Worksheet Dashboard Story Format Server Window Help

Sheets :

B} Distribution Dashb...
(@, LineChart
Hg Overview Dashboard o

A Description
Show title

Navigator
Back/forward buttons

Story size
)| Customsize (900x650) ~

B Data Source [0 Kiva Story

# €€ >k 8 8

- - k- B IR I

Kiva is lending more, 75% of the loans are

with women in the smaller than $1,000.
lead.
Loan Amount by Country
®
(U]

© OpenStreetMap contributors

Loan Amount by Sector

5 & 0

v~ —e— - - l-:rI-EL"
ﬁ - T ) - I = Show Me
Small Loans, Big Impact
Most active: women in  Instability in Kenya Kenyan i ’ New Blank Point J
Peru, Cambodia and sent loans down. also led* - —
the Philippines. defaults. Duplicate j
Funded Date:
33105 123112
O—D
a4 ©
. ’ Loan Status:
o (Al ¥
W o - 00
.o’ ’ P Country:
i@
L
. Gender
B Female
Monthly Loan Amount Over Time W Male
S10M
$5M
1111
SOM Gender Female
— — aiven Loan Amount: $4M
CEERRE N N |

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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An Overview of SAS
Visual Analytics Architecture

Central Entry Point

DATA BUILDER

Join data from
multiple sources
Create calculated and
denved columns
Load data

ADMINISTRATOR

Monitor SAS® LASR™
Analytic server
Load/unioad data
Manage secunty

Integration

EXPLORER

Perform ad hoc
analysis and data
discovery

Apply advanced
analytics

SAS® LASR

Role-based Views

DESIGNER

Create dashboard
style reports for web
or mobile

MOBILE Bl

Natwve 105 and
Androsd  applications
that deliver interactive
reports

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




A Screenshot from SAS Visual Analytics

B ) Predictive Analytics: Healt x " [l SAS Visuzl Analytics X, G Exploration 1
€ - C M [O sasvalteradata.ws:7980/SASVisualAnalyticsExplorer/index.jsp we 9OMmMu OS] =

mn Report Viewer 3 * Exploration 1 SS&S

File

Edit Data

Visualization  View  Help

ECIEE T (M) (=] (] i (O (0o (o2 | ) [
| Data wl| ~ | US Sales & Cost S0 x ||@-|Corelaton F . @ x |[B|PF-*|§2|H]
INSIGHT_TOY_DEMO = - g INSIGHT_TOY_DEMO
| | l ] Product Sale, Product Cost of Sale by Facility Region Correlation of selected measures =
1B (® search data ) — Eaciity e
y b, - w Facility C... w
M Product Make 71 ATAZ';T:A ; ’?C'IEWA?G =
M Product Style 335 MENRy ESORL LA
M Sales Re 1909 . O ] . Product Mater... | { Measure: Customer Satisfaction |
o ' O '®) (] Product Quality | | Measure: Sales Rep Rating
o) ransactlon Date 3912 . O ® (€] Sales Rep C... | Comelation: 0.9621 |
8 Transaction Month = ® ce® A ] Sales Rep D - Relaio'nfhip:strong |
m Transaction Weekday 5 ' . . . ® ; Unit Actual -{*% ﬂ.l
& Transaction Year 15 e o °© Unit Capacity | | Ml § [_| Sweden |
| i e o o°° ® Unit Discards (] United King... |
: = Unit Lifespan...
Unit Status 1|z United States
| ®!e " [} Unit Status C... L4 U
1M ography (1) Unit Yield Rate (] Venezuela |
| @ Facility Region os( I}, © OpenStreetiap contibutors 3
|| ¥ & Measure (37) . | visuaitztion
& Customer Distance " 4| Poductco..| N £ Product Sa... | B o)
I & Customer Satisfaction ‘ .4 017 321 .4 — ‘ o Strong _(Missing) .| Drop data items here to
pr— : P . 211544 9 :| filter this visualization.
( aci e E ‘millions’ 4
& Facility Efficiency = _ =
ul| ~ | Sales Forecast = IO .. (W il ~ | Revenue & Cost T = 0O %X
& Facility Employees = = L4 =
< Forecast of Product Sale, Product Material Cost by Product Sale, Product Cost of Sale by
& Product Material Cost Transaction Month Product Line
& Product Price (target) r e
, 400000 =
& Product Quality | R
77777777777777 E' E|200000 ‘ | g
| R — =1 I i
2. vaie Apr2007 Aug2008 Dec2009 Apr2011 Aug2012
| B #% Transaction Month M Product Line
! repes [] Auto-update | Updat)
| e Proquict Material Cost M Product Sale (95% confiden:G M Product Costof Sale Il Product Sale
=
{ | n - P i N

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



A Sample Executive Dashboard

Executive Dashboard Ry

EXI ! SALES SUPPORT

Specify a date range: June, 2005 15 ¥ Juy, 2010 15 %

Wuvmust)j H‘ N‘ wm.«m&(m;' T Vw-erww’uw(tm)

il Margin [l Margin (previous year) ] Monthly Expense Average J Monthly Expense Migh f) Monthly Expense Low

$0.00
Jun 09 Aug 09 Oct09 Dec09 Feb10 Apri0

[l Expense [l Expense (previous year) V ;
s

- ] ! '
B ;W

|
' $10.
E‘ Jun 09 Aug 09 Oct 09 Dec 09 Feb 10 Apr 10

Q Revenue . Revenue (previous year)
$100.00

$50.

g

’\_ "Jun 09 Aug 09 Oct 09 Dec 09 Feb 10 Apr10

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



Smart
Grids

Big Data

Geophysical
Exploration

Medical
Imaging

Video
Rendering

Gene
Sequencing
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More Structured

Big Data Growth
is increasingly unstructured

Structured

“Quasi” Structured
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Typical Analytic Architecture

©® Data
Sources

Departmental
Warehouse

5 Data
: = m Science
<
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Data Evolution and the
Rise of Big Data Sources

MEASURED IN
TERABYTES

178 = 1,000GB

SAPd

ORACLE

1990s
(RDBMS & DATA
WAREHOUSE)

WILL BE MEASURED IN

MEASURED IN
PETABYTES EXABYTES
1PE =« 1.0007TB 1EB =« 1 000P8B

You

2000s 2010s
(CONTENT & DIGITAL ASSET  (NO-SQL & KEY VALUE)
MANAGEMENT)
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Emerging Big Data Ecosystem

Data E @R OoOR B & 2 @

DeviceS cquipuone aPs  MP3  EBOOK ‘.IU(O CABLEBOX ATM  CREDIT CARD COMPUTER  RFID VIDEO MEDICAL
PLAYER GAME READER SURVENILLANGE IMAGING

Analytic Informeatic —
Sorvices Medical | (AR Marleters ——
Law »
Enforcement L N -
-

Data
Aggregators

Users/Buyers

O,

Media
e Private
e, Cradit H
BT Financial Brokers m‘

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015 49



Key Roles for the New
Big Data Ecosystem
| |

Data Scientists

' jected U.S. tale
Deep Analytical Talent "ga::'?fo,ooom memt

Data Savvy Professionals - TS mion

Technology and Data Enablers

Note: Figures above refiect a projected talent gap in US In 2018, as shown In MoK insey May 2011 article “Big Data The Next Frontier for
Innovation, Competition, and Productivity®
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Big Data Solution
EM VA

EG

SAS® Display SAS® SAS' SAS' SAS” Visual
Manager Enterprise Integration  Enterprise Analytics
Guide" Miner”

®
Base SAS & SAS/ACCE§S Interface to In-Memory Data Access
Hadoop el N
s semnces SAS® LASR™ Analytic )
AMBAR) P N Server
FALCON® PIG MCATALOG HBASE
i SQO0P &
OO2IE ® gyt
Lows SAS" High Performance
e “*| rer | oren Analytics
WetHDFS ::: \\i

aMmM.  HORTONWORKS &
Hortonworks  DATA PLATFORM (HDP) :

i S S )

Existing Sources Emerging Sources
(CRM, ERP, Clickstream, Logs) (Sensor, Sentiment, Geo, Unstructured)

SOURCES

http://www.newera-technologies.com/big-data-solution.html 51
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National Cyber Maritime Smarter
Security security security Transport
VISUAL ANALYTICS
DYNAMIC & INTERACTIVE ENHANCE

Dashboard Graph
Map

Understanding Investigation
User Experience

BIG ANALYTICS
QUERY & FILTER DETECT PREDICT DECIDE
Complex queries Anomalies Tending Simulation
R?I? Communities Real-time Optimization
Typologies Prediction

BIG DATA = Real Time
@

Complex by nature

817

DATA

Complex by structure

R
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Architectures of
Big Data Analytics



Traditional Analytics

. Mlart
Operational Data

Sources Data Mart

Analytic

Analytic
Mart

Unstructured, Semi-structured and Streaming
data (i.e. sensor data) handled often outside the
Warehouse flow

Bl and
Analytics

=
&

&
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Hadoop as a “new data” Store

Bl and
Analytics

. & &
LI
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Hadoop as an additional input to the
EDW

Bl and
Analytics

p
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Hadoop Data Platform As a

“staging Layer” as part of a “data Lake”

— Downstream stores could be Hadoop, data appliances or an RDBMS

Data Mart
Data Mart

Bl and
Analytics

& &
& &
& &
& &
& &
& &
& &
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APPLICATIONS

DATA SYSTEMS

SAS Big data Strategy
— SAS areas

~D Datameer () & splunk> MicroStrategy

ditableaw w §Sas RevOLuTioN  [platfora DEV & DATA TOOLS

OPERATIONS TOOLS

TERADATA  ZTY HANA

z ORACLE Syem Center
SQL Server 2012 Data Management TERADATA openstack

Ty
>~

fadd

= B B 2 0B ® pnu

cisco
OLTP, ERP, Documents Web Logs, Social Machine Sensor Geo-location
CRM Systems & Emails Click Streams Networks Generated Data Data

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics 58



SAS Big data Strategy
— SAS areas

Osas T

APPLICATIONS

g r

= TERADATA ETY HANA

& T -

g Z  oracLe S Cene

S SQL Server 012 Data Management TFRi\_[.)i\lﬁ openstack

fadd

— - Qredhat(j
= B #H & B @ pma

cisco

OLTP, ERP, Documents Web Logs, Social Machine Sensor Geo-location
CRM Systems & Emails Click Streams Networks Generated Data Data

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics



SAS® Within the
HADOOP ECOSYSTEM

EG EM VA
) User En?(?rSfi)se SAS® Data En?(?rsjse SAS® Visual S'A‘Sst(@t'.n;.Me?“Ory ‘
Inteqrati : atistics for

l Interface | i ntegration Miner ™ Analytics Haodon @
SAS® User Vetadata SAS Metadata Next-Gen
SAS® User

Data Base SAS & SAS/ACCESS® In-Memory

Access to Hadoop™ Data Access

Data
Processing

SAS Embedded SAS® LASR™
Process .
. : Analytic
Plg Hive Accelerators SR
Impala SAS® High-
Performance
Map Reduce Analytic Procedures
(¢
File "\ HDFS
System /!
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SAS enables the entire lifecycle
around HADOOP

SAS enableS the entire lifecycle around HADOOP

" Done using either the Data Preparation,
0z Data Exploration or Build Model Tools

SAS Visual Analytics oY
Decision Manager QL
IDENTIFY /

FORMULATE
PROBLEM

EVALUATE / ’ . .
MONITOR ‘ DATA SAS Visual Analytics

REsITE PREpARELES 7 SAS Visual Statistics
&<~ SAS In-Memory Statistics for Hadoop

SAS Scoring Accelerator for Hadoop ,,
SAS Code Accelerator for Hadoop ¢/ PR

DATA

EXPLORATION

. Done using either the Data
VALIDATE @ Preparation, Data Exploration

MODEL T or Build Model Tools
& SELECT

@
Decision Manager .@

SAS High Performance Analytics Offerings
@ supported by relevant clients like SAS
WA Enterprise Miner, SAS/STAT etc.
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SAS® VISUAL ANALYTICS

A Single solution for
Data Discovery,
Visualization, analytics and
reporting



SAS® VISUAL ANALYTICS

Example: text analysis gives you insight to

customer experience and opinion

ann 1

Cutiomer, CO0OYIBF, Locasn: Rans. Thay. T ot s for GOC0T00K Iocates i O
Cusomer: COOCZXTC, Locaton: PRswh...
owozvap
02002XTA i Pmbn paced an arce.

usiomer. CODGIXTC, Location: PR .

e,
O0SXTA i P paced an orser.

CO0GDATA i P saced an order

This onde ' fr COOCXTC located i 1.

Thva onser s for OOCEXTG ot i P

00002236 in ot Wor places an onder. -
0000215 m Ptaburgn placed an oncer.
Cutomer CO0CZYAP, Locaton: PSS

Thia order i for COCC2Z 4 locatnd i Fo. 0XDIC i Py placed an e

Cutomer: 00002V4P, Lacatn: PUStagn (Cusiomer: C0CCZXTA, Locatin: PESBITA

Word cloud of Order Note

Cutamar: S000ZZIC, Locason: For Verin..
U00ZIE i Fort Wort laced an e,

S0002XTM i Pasturgh placnt ancrder .
C00GZPON i Bemngram paced an orie

DOO0AAD in Beringhar placed an order.
™ ocatedin P, Tha n

CORDIA Pty o an cnder

Cussamer: 008

oxDIT I
T crderis for CO0O2YAP located I PL. 1.y s or COOCXTA locatecin 1

Cusiomer: 000230, Location: € Paso. 1
Cusiomer; COURXIC, Locaton: PR

0000302 i Tulaa pced an ot 1 .
Comomer: CONMWOL. Losaton: Jackson. T... GO0SXIC i P
00002X70 i Pemenrn

Cuormer: COMIXIC, Locason: PRsAA
munmw-x Fraquency: 7

00002¥4P i P
Z g e an crcer .

(missing)

‘Order Note: 00002X7L in Prisb)
'I'hnﬂ(!l were ordere |

e

Cumamar: S00C2ZIE. Locaton: Fort Werh..
COOUOTEN in Dover piaces an oner. Thay

I

00002V4P i Prabgn paced an orcer
0000ICHIIn Jackaonvie paced an crde.

O0DOKIC i Jackacn paced an orcer. 1

ot 000D, Lot Py This crder i for COOCINA locaind i P

00002¥4V i P paced an order.
Cutiomer, COCU2YAU, Location: Pesun
T coder ' fr COOCXTA located i 1.
s 00001398 in Acain placed an erder. T .
- o 0300 I P placed an arcer.
00006234 i Jackaon paced an arder. 1 .

Cumamer: SO0GIDER, Locaton Tusa 1 o Customer: 000K, Location: Pasuryn.

n

Analytics applied
to text provides
real MEANING

Cusiamer: 0000274l
0000 i Oover
20002X7C
00000088
Cumamer: 00t
Cumormer: 0203M!

[3l[ -] visualization 1 5 -0Xx
Topic: | novelty gift, gift, novelty, customer | v | <l I»
‘Word cloud of Order Note
denver little louis milwaukee
birmingham san francisco jose raleigh  toy game lincoln Neron oakland bms;ms\flri?l:no
baton stPortiand  tucson order  baltimore as vegas unit paso
buffalo neutral . omaha orlando jacksonville
francisco des place risk wo customer h lake order orleans
amonio atlanta game city philadelphia appy san york
re salt
- noveltynovelty gift gift =
Jackson harlott fort worth
charlotte )
moines .comem o e novelty thrift las "ichmond
satisfy thrift st |ocate little rock location st. louis
minneapolis supplier nashville pittsburgh ek new york
i Gl fort tulsa washington miami co:t):gte ¢
ort U L] salt lake cit
T EHEE seattle paul vegas des moines Y

phoenix colorado springs albuquerque unhappy colorado

madison

cleveland Sacramento

$an Jose gan antonio
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Visualization

|

ST I

View

ostof ..

[&[-] us Facilities 3 -
[ Facitity Country Hierarchy
Network Plot of Facility Country Hierarchy
SRR ALBERTA MANTOBA P
'SASKATCHEWAN \ QUEBEC
o
3 onTARIO 3]+ visualization 1 5.0 x
Topic: [novelty gif, gift, novelty, customer | v | «l >
Word cloud of Order Note
denver little louis milwaukee
birmingharm san francisco jose raleigh  toy game lincoln Rarain oakland bmske;ms\f;“elznn
baton stPortland tucson order  paltimore 12s vegas__unit__paso
buffalo neutral worth omaha f e wewsew . =)
francisco des place risk _ customer B T e W e T =
antonio 2@t game city philadelphia appy E
n gl o g, oGt st Pt o b Progist s e ———
reno & ¢ E—
== novelty novelty gifi:
jackson -
charlotte content s
. i . novelty thf -
A moines satisfy thrift neutral o locate ) ‘i
minneapolis supplier nashville  pittsburgh e
baton rouge el paso oo ol washington -
new orleans seattle paul vegas —

phoenix colorado springs albuquerque

Ao BFeacCord i BEmc:

$an Jose san antonio

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics
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Devangana Khokhar (2015),
Gephi Cookbook, packt Publishing

"".‘ 3 ¥ = ‘- a
A 34 -
£ %;M:}Igd Matetlal". P!
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¥ \t; ,f : ". : ..‘v - '
\ 2ok : £ N\
y - . £ 2 . "
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:
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Gephi Cookbook

http://www.amazon.com/Gephi-Cookbook-Devangana-Khokhar/dp/1783987405
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Social Network Analysis (SNA)
Facebook TouchGraph

' i TouchGraph Photos x -
€ - C | [3 box.touchgraph.com/facebook/TGFacebookBrowser.php?&signed_request=Gi-L3_6HrZ0S3SjxAXGdHROrhMzgBjUnvFJ9vE4W6EvVg.ey)hbGdveml0aGOIOUITUFDI e | =

< Tn
[ Profiles | Networks | | ® Show Top | 100] Friends C) Show AllFriends @ Upload‘ ‘Advanced‘ ‘Restan‘
Zoom: ¢ )
Spacing: ¢ V.
None —
-
681
&
Facebook Profile é Peric
— Qﬁs" S
Network |v| IAII lvl @ List O Photo '
Name Rank# a| Friend # R o
Min-Yuh Day 1 681| a
Gladys Hsieh 2 85|=| Aly:s
=P H 3 74
hEEET 4 67 | |
John Lee 5 104
Kevin Tu 6 61
Yung Yu Shih 7 45
Wei Chen 8 107
Chichang Jou 9 50
Allen Green 10 81
=28 11 65
SREEAE 12! 44
Eric Chen 13! 51
SR 14 39 NCCU
Jessica Tien 15 49
2HEE 16 112
Enrico Lu 17! 59
YaHan Hsieh 18 64 poweread by
TEE 19 56 TouchGraph ||
RFERiE 20 80| o]
I!&z&s 21 73l>]| [«] [»]
| @ Done!
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Social Network Analysis

Source: http://www.fmsasg.com/SocialNetworkAnalysis/
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Exploratory Network Analysis

2w
Fattin

M
2l Ml &
Ouster ¢
2lM 8

NI

- ; ; @ interact in real time
see the networ
o Gephi prototype (2008)

1st graph viz tool: Pajek (1996) group, filter, compute metrics...
Vladimir Batagelj, Andrej Mrvar

© build a visual language \*-®

size by rank, color by partition,
label, curved edges, thickness...

http://sebastien.pro/gephi-icwsm-tutorial.pdf 68
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Looking for a “Simple Small Truth”?
What Data Visualization Should Do?

1. Make complex things simple
2. Extract small information from large data
3. Present truth, do not deceive

http://sebastien.pro/gephi-icwsm-tutorial.pdf
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igraph

Products ~ M News © On github

igraph -

igraph is a collection of network analysis tools with the emphasis on
efficiency, portability and ease of use. igraph is open source and free.
igraph can be programmed in R, Python and C/C++.

igraph R package ‘ python-igraph H igraph C library

Rigraph 1.0.0 Recent news
Repositories at Github
R/igraph 0.7.1 o
| R/igraph 1.0.0
C/igraph 0.7.1
R/igraph 0.7.0 JUNESE215
python-igraph 0.7.0 Release Notes
C/igraph 0.7.0 This is a new major release, with a lot of Ul changes. We tried to make it easier to
R/igraph 0.6.5 use, with short and easy to remember, consistent function names. Unfortunately

http://igraph.org/redirect.html 70
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Gephi Download Blog Wiki Forum Support Bug trader

Q

makes graphs handy Home Features Learn Develop Plugins Services Consortium

The Open Graph Viz Platform [*~ ==

Gephi is the leading visualization and =y C ,{;é. e —
exploration software for all kinds of graphs and -
networks. Gephi is open-source and free.

Runs on Windows, Mac 0OS X and Linux. - -
Learn More on Gephi Platform =»

NN,

Download FREE

Release Notes | System Requirements

P Features P Screenshots
P Quick start P Videos

Support us! We are non-profit. Help us to innovate and empower the community by donating only 8C:

Donate

B vise 2 e o]

APPLICATIONS PAPERS
Like Photoshop™ for graphs.

¥ Exploratory Data Analysis: intuition-oriented
analysis by networks manipulations in real time.

ing Mgt Yot
¥ Link Analysis: revealing the underlying structures et

of associations between objects. LATEST NEWS
" Social Network Analysis: easy creation of social u Gephi updates with 0.9.1 version

https://gephi.org/
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Discovering,
Analyzing,
Visualizing and
Presenting Data
with Python
in Google Colab



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 ¢ COPY TO DRIVE CONNECT + 2 EDITING A

Table of contents Code snippets Files X

Getting Started
Highlighted Features
TensorFlow execution
GitHub
Visualization
Forms
Examples
Local runtime support

SECTION

Welcome to Colaboratory!

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

Getting Started

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

« Forms, Charts, Markdown, & Widgets
« TensorFlow with GPU
» Machine Learning Crash Course: Intro to Pandas & First Steps with TensorFlow

~ 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 73
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The Quant Finance PyData Stack

@ PyThalesians  zj,jine DX Analytics

PyAlgoTrade
QuantLib

Quantopian

Ehylables Neto

' StatsModlels @&[ SCi k| Es-ima ge

Statistics in Pytlnon w image processing in python

& matplotlib pandas i
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Python
matplotlib

mat p [ tlib
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https://matplotlib.org/

Python
Pandas

pandas
Vi = 3" x5 4 [ + €4

i K



http://pandas.pydata.org/

Iris flower data set

lor

versico

setosa
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Iris Classfication

Versncolor



iris.data
https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data
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sepal_length

petal_length
- W R o o -~

Iris Data Visualization

| ssiia
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.
‘“% .. 7] o a
o B 1 e
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Al R .
i 4 LX) i
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4 6 8 3 4 2 4 6
sepal_length sepal_width petal_length
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species
® setosa
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petal_width

Source: https://seaborn.pydata.org/generated/seaborn.pairplot.html
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Connect Google Colab in Google Drive

&, My Drive - Google Drive X +

& C @& https://drive.google.com/drive/u/2/my-drive @ w B

L Drive Q_ Search Drive - QO O

o
®

My Drive ~ = 0

Moot LT Quick Access

EEEEY

» B MybDrive
.IIIIIIIIIIIIIIIIIIIIIIIIIIIII..

» CH  Computer: New folder...

v === E.

=%  Shared wit Upload files...

(©  Recent Upload folder... |
YW  Starred Bl Google Docs >
@ Trash Google Sheets > -
[ Google Slides > Name A
& Backups More >
D S e S S E Goog|eF0rms >
-— ul
¢ Storage EY Google Drawings
Files E3 Google My Maps
0 bytes of 15 GB used
UPGRADE STORAGE ——— Ed Google Sites
Store safely Sync seamlessly

+  Connect more apps

enmun
amEB

m Get Backup and Sync for

Mac Access anywhere Share easily

Every filein Drive becomes Give others acoess 10 any file or
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Google Colab

& My Drive - Google Drive X +

< C @ https://drive.google.com/drive/u/2/my-drive

Connect apps to Drive X

X |k

ST

Al -

—& ZIP Extractor
uﬁ Extract ZIP files to Google Drive

Extraction complete. A WA

m Extract amother LUMIN PDF
fasta ] F Vie ¥

™

cloudconvert

& Testzip 6 bx ¥ &

ZIP Extractor
307,585 users

‘da
ejd DocHub Goo;.iFOFmS

Merge PDF - Split PDF - Sejda.com DocHub - Edit and Sign PDF Docu... Google Forms
Ak h Ay (1106) 2,131,600 users 4,803,614 users

Lumin PDF - Beautiful PDF Editor CloudConvert
289,310 users 373,161 users




Google Colab

& My Drive - Google Drive X +

& C @& https://drive.google.com/drive/u/2/my-drive e % B

Connect apps to Drive

Al ~ colab X
"IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIlIIIIIIIIIIIIIIIIIIIIIIIIIIIII..

Colaboratory

offered by https://colab.research.google.com

Productivity
A data analysis tool that combines code, output, and descriptive Sk kK (195)
text into one collaborative document.
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Connect Colaboratory to Google Drive

&, My Drive - Google Drive X +

& (6 @ https://drive.google.com/drive/u/2/my-drive @ Y )

Connect apps to Drive

X

% RATEIT

Productivity

Colaboratory was connected to Google Drive.
Yekokkok (195)

Make Colaboratory the default app for files it can open




Google Colab

& My Drive - Google Drive X +
&« C' @ https://drive.google.com/drive/u/2/my-drive Q w B
L Drive Q_ Search Drive Qo O = O o
My Drive ~ = O
I— New
eEmEsmEmsEEsEsEEsEsEsEEEEEEEEEn, Quick Access
E 4 My Drive .
» O Comput New folder...
(X
e  Shared) Upload files...
@ Recent Upload folder..
K stared E Google Docs >
B  Trash Google Sheets > N
[ Google Slides > Name
@ Backups - More 3 i
NN NN NN NN NN NN NN NN NN NN NN ENEEEEEEEEEES GOOgleFormS >
)  storage Google Drawings

-

Files

0 bytes of 15 GB used

UPGRADE STORAGE

-_— - e

Store safely Sync seamlessly
=

Get Backup and Sync for

Mac

Access anywhere

Every fik ome Give othe
vaila

Share easily

Google My Maps

Google Sites
Colaboratory

u
R I NN NN NI NN NN NN NS EEEEEEEEEEEEEEEEEEERS

-+  Connect more apps
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| Y&

Google Colab

& My Drive - Google Drive X <O UntitledO.ipynb - Colaboratory X +
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-

& Untitled0.ipynb ¢ . .

Bl COMMENT &% SHARE .

File Edit View Insert Runtime Tools Help .
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Google Colab

& My Drive - Google Drive X €O Untitled0.ipynb - Colaboratory X +
(6 @ https://colab.research.google.com/drive/1Qu0onZxHAG6VR2hjTN7FG-YUuEZwfQprp8?authuser=2 Yo &)
& Unti i w
Untitled0.ipynb B COMMENT &% SHARE o

File Edit View Insert E.R.uFlt.ir.n.e': Tools Help

Yasmmmmn"

CODE TEXT 4 ' Runal 38/Ctri+F9 CONNECT ~ / EDITNG A
Run before 38/Ctrl+F8
° Run the focused cell 38/Ctrl+Enter :
Run selection 38/Ctrl+Shift+Enter
Run after 38/Ctrl+F10

Reset all runtimes...

Change runtime type

EEEEEEEEEEEEEEEEEEEEEEEEEEEEmnn?

u
[ ]
[ ]
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Run Jupyter Notebook
Python3 GPU
Google Colab

& My Drive - Google Drive X €O UntitledO.ipynb - Colaboratory X +

C @ https://colab.research.google.com/drive/1QuOonZxHA6VR2hjTN7FG-YUEZwfQprp8?authuser=2

Notebook settings

yEEEEEEEEEEEEEEEEEEEEEEEEE,

Runtime type

Python 3 v

yEEEEEEEEEEEEEEEEEEEEEEEEE,

Hardware accelerator

GPU -0

D Omit code cell output when saving this notebook

CANCEL SAVE




Google Colab Python Hello World
print('Hello World')

€O UntitledO.ipynb - Colaboratory X +

< - C @ https://colab.research.google.com/drive/1Qu0onZxHABVR2hjTN7FG-YUEZwfQprp8?authuser=2#scrollTo=6s-m3sER8G1u w5 =

& UntitledO.ipynb ¥«
Co py

File Edit View Insert Runtime Tools Help

Bl COMMENT 2% SHARE o

CODE TEXT 4 CELL ¥ CELL ~/ CONNECTED + /’ EDITING A

° print('Hello World'). .

[ Hello World
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Co

Data Visualization in Google Colab
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° import seaborn as sns
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iris = sns.l
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g = sns.pairplot(iris, hue="species")

al_length

sep.

Bl coMMENT

+/ CONNECTED ~

7 4 4
; Y
T 1 =
g5 1 vﬂ' { a2
[ . o
54 ,‘\. _
B a O
33- [ - ()
2 4
, | st ]

*e

species
e setosa

w ® \ersicolor

e virginica

a» SHARE °

2 EDITING A

Source: https://seaborn.pydata.org/generated/seaborn.pairplot.html

90



import seaborn as sns
sns.set(style="ticks", color codes=True)

iris =

sns.load dataset("iris")

g = sns.pairplot(iris, hue="species")
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https://colab.research.google.com/drive/1KRqtEUd2Hg4dM2au9bfVQKrxWnWN309-

import numpy as np

import pandas as pd

$matplotlib inline

import matplotlib.pyplot as plt

import seaborn as sns

from pandas.plotting import scatter_matrix

# Load dataset

url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"
names = [ 'sepal-length', 'sepal-width', 'petal-length', 'petal-width', 'class']
df = pd.read_csv(url, names=names)

print (df.head(10))

print (df.tail (10))

print (df.describe())
print(df.info())

print (df.shape)

print (df.groupby('class').size())

plt.rcParams["figure.figsize"] = (10,8)
df .plot (kind='box', subplots=True, layout=(2,2), sharex=False, sharey=False)
plt.show()

df .hist ()
plt.show()

scatter_matrix(df)
plt.show()

sns.pairplot (df, hue="class", size=2)


https://colab.research.google.com/drive/1KRqtEUd2Hg4dM2au9bfVQKrxWnWN3O9-

import numpy as np

import pandas as pd

$matplotlib inline

import matplotlib.pyplot as plt

import seaborn as sns

from pandas.plotting import scatter matrix

# Import Libraries

import numpy as np

import pandas as pd

$gmatplotlib inline

import matplotlib.pyplot as plt

import seaborn as sns

from pandas.plotting import scatter matrix
print (' imported’)

imported



url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"

names = [ 'sepal-length', 'sepal-width', 'petal-length', 'petal-width', 'class' ]

df = pd.read csv(url, names=names)
print (df.head(10))

# Load dataset

url = ”https://archive.ics.uci.edu/ml/machine—learning—databases/iris/iris.dataﬁ

names = [ 'sepal-length', 'sepal-width', 'petal-length', 'petal-width', 'class']
df = pd.read _csv(url, names=names)
print(df.head(10)).

sepal-length sepal-width petal-length petal-width class
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df.tail(10)

print(df.tail(10)).

sepal-length
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df.describe ()

print (df.describe())

sepal-length

count 150.000000
mean 5.843333
std 0.828066
min 4.300000
25% 5.100000
50% 5.800000
75% 6.400000
max 7.900000
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print (df.info())
print (df.shape)

print(df.info()).

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 150 entries, 0 to 149
Data columns (total 5 columns):
sepal-length 150 non-null floaté64

sepal-width 150 non-null floaté64
petal-length 150 non-null floaté64
petal-width 150 non-null floaté64
class 150 non-null object

dtypes: float64(4), object(1l)
memory usage: 5.9+ KB
None

print (df.shape)

(150, 5)



df .groupby('class’').size()

print(df.groupby( 'class’').size())

class

Iris-setosa 50
Iris-versicolor 50
Iris-virginica 50

dtype: int64

98



plt.rcParams|["figure.figsize"] = (10,8)
df ° plOt ( kind='box', subplots=True, layout=(2,2), sharex=False, sharey=False )

plt.show()

plt.rcParams["figure.figsize"] = (10,8)
df.plot(kind='box', subplots=True, layout=(2,2), sharex=False, sharey=False)
plt.show().
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df .hist ()
plt.show()

df.hist()
plt.show().
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scatter matrix(df)
plt.show()

scatter matrix(df)
plt.show().
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sns.pairplot(df, hue="class", size=2)
sns.pairplot(df, hue="class", size=2)

<seaborn.axisgrid.PairGrid at 0x7£1d21267390>
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