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(Course Orientation for Big Data Marketing Research)
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(Data Science and Big Data Marketing)
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(Big Data Marketing Analytics and Research)

5 2016/10/14 Rl =45 (Measuring the Construct)
6 2016/10/21 B|& ¥+ % (Measurement and Scaling)
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10 2016/11/18 #A ¥+ 3RK% (Midterm Presentation)

11 2016/11/25 #-Z£3E H 8 K B3 57
(Social Computing and Big Data Analytics)

12 2016/12/02 #4888 4 #7 (Social Network Analysis)
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Outline

* Social Computing
* Big Data Analysis



HEHBERALRFTIHE
HBEEFMEER H

REwAEE
(1) " AL BEIE B2 | (Social Media)
(BLE R%5)

(2) " EHAH4 | (Data Science)
(fti/)‘ﬁ )

(3) " o #FE AT, (Analytics Technology)
(2 K52) (BT K5

(4) " A2 & B | (Domain Application)
(BT K5 (BUE RE)



1. " AABEE A | (Social Media)
(B K %)

o I AR BRI ES B R
7 X



2. " &M%, (Data Science)
(BLia R%2)

« #£3T Data Thinking #v EDA % >
YLDSP & B R &1



3. | ¥ #F 45 | (Analytics Technology)
(=2 K &) (Rix KE)
c IR ERW SN TRk AiEAEATHEL T

 XF AR o ARAT A

—* G WG HT (%K)

—* A e a4 E R (5 K2

—* A FHEE I T B (5 KEE)

—* LF IR 5 A BT A (R K &)




4. "4 A | (Domain Application)
(/ﬁ/lji‘ﬁi’) (ELE ji’@‘)
e &% Domain Knowledge * H BEiF3 T &FEH
¥ TS EIE oM F
—* A B R AT 8 AT (R K &)
—* FEBFE RS B R AT (T R &)

10



Social
Computing




Social
Network
Analysis




Social Computing

*Social Network Analysis
*Link mining

* Community Detection
*Social Recommendation



Business Insights
with
Social Analytics



Analyzing the Social Web:
Social Network Analysis



Jennifer Golbeck (2013), Analyzing the Social Web, Morgan Kaufmann

Analyzmg the
Social'Web

Jennifer Golbeck

Source: http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311 16




Devangana Khokhar (2015),
Gephi Cookbook, packt Publishing

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 -
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Vertices (Nodes)




Edge




Edges
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Undirected Graph




Directed Graph




Measurements
of
Social Network
Analysis



Exploratory Network Analysis

Q interact in real time

see the network
“ 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 31




Looking for a “Simple Small Truth”?
What Data Visualization Should Do?

.
. . o ICIC A W) B P
CRE I . . < 3 . .
. . .. .. .
.. .
. diq o o .
- . . a9 .
. e Vat .. .

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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Measurements



Looking for Orderness in Data

Make varying 3 cursors simultaneously to
extract meaningful patterns

MICRO level . MACRO level at different levels
1 dimension N dimensions ) . .
+ on multlple dimensions

T+0 T+N

+ at time scale

http://sebastien.pro/gephi-icwsm-tutorial.pdf 34




“Zoom” cursor on Quantitative Data

Centrality

MICRO level . MACRO level

%
%ﬁf _—

Global

- connectivity

- density

- centralization

Local

- communities

- bridges between communities
- local centers vs periphery
Individual

- centrality

- distances

- neighborhood

- location

- local authority vs hub

http://sebastien.pro/gephi-icwsm-tutorial.pdf
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“Crossing” cursor on Quantitative Data

1 dimension . N dimensions

Social

- who with whom H

- communities

- brokerage o

- influence and power

- hOmOphIIy Authors Keywords
Semantic

- topics \f’ ',(L < ’?f .%

- thematic ClUSterS Keyword -

Geographic o :,: oo
- spatial phenomena

http://sebastien.pro/gephi-icwsm-tutorial.pdf 36




“Timeline” cursor on Temporal Data

T+0 . T+N

Evolution of social ties
O
Evolution of communities
Evolution of topics
2000 2001 2002

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

2010
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# nodes
1-100
100 - 1,000

1,000 - 50,000

> 50,000

SNA Guideline

lists + edges in bonus, focus on qualitative data

How attributes explain the structure?
» easy to read, “obvious” patterns
» focus on entities (in context)

» metrics are tools to describe the graph (centrality, bridging...

» links help to build and interpret categories of entities
challenge: mix attribute crossing and connectivity

How the structure explains attributes?
» hard to read, problem of “hidden signals”:

track patterns with various layouts and filtering
» focus on structures

» metrics are tools to build the graph (cosine similarity...)
» categories help to understand the structure
challenge: pattern recognition

require high computational power

http://sebastien.pro/gephi-icwsm-tutorial.pdf
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Degree
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Degree
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Density




Density

Edges (Links): 5
Total Possible Edges: 10
Density: 5/10 = 0.5

42



Density

Nodes (n): 10

Edges (Links): 13

Total Possible Edges: (n * (n-1))/2=(10*9)/ 2 =45
Density: 13/45 = 0.29

43



Diameter

diameter (d)



Diameter

45



Diameter
Geodesic Path (Shortest Path)

A-> | : Diameter =4



Which Node is Most Important?




Centrality

* |mportant or prominent actors are those that
are linked or involved with other actors

extensively.

* A person with extensive contacts (links) or
communications with many other people in
the organization is considered more important
than a person with relatively fewer contacts.

* The links can also be called ties.
A central actor is one involved in many ties.

48



Social Network Analysis (SNA)

* Degree Centrality
* Betweenness Centrality
* Closeness Centrality



Degree
Centrality




Social Network Analysis:
Degree Centrality




Social Network Analysis:
Degree Centrality

Standardized

Node | Score
Score

A 2 |2/10=0.2

B 2 |2/10=0.2

3/10=0.3

3/10=0.3

2/10=0.2

4/10=0.4

3/10=0.3

1/10=0.1

— | —|IT || ™ |{m|O
R (LW h[NN|W|w

1/10=0.1
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Betweenness
Centrality




Betweenness centrality:

Connectivity

Number of shortest paths
going through the actor



Betweenness Centrality

C,(i)= Zgik(i)/gjk

j<k

Where g, = the number of shortest paths connecting jk
g;x(1) = the number that actor i 1s on.

Normalized Betweenness Centrality

C'y (i)=C5(D)i[(n-1)(n—2)/2]

Number of pairs of vertices
excluding the vertex itself

55



Betweenness Centrality

A:
B->C: 0/
B->D: 0/

B->E: 0/1
C->D: 0/7
C—>E: 0/

D->E: 0/1

Total:

A: Betweenness Centrality = 0

56



Betweenness Centrality

B:

A—->C: 0/
A->D: 1/1
A-E: 1/
C->D: 1/
C-2>E: 1/
D->E: 1/1

Y

Total: 5

B: Betweenness Centrality = 5

57



Betweenness Centrality

C.

Total:

C: Betweenness Centrality = 0

A—->B: 0/1 =
A->D: 0/1 =
A-2E: 0/1 =
B->D: 0/1 =
B2>E: 0/1 =
D-2>E: 0/1 =

58



Betweenness Centrality

w >

o O

moao
© oo
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Which Node is Most Important?

60



Which Node is Most Important?
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Betweenness Centrality

CB(i):Zgik(i)/gjk

j<k

o P



Betweenness Centrality

A:
B->C: 0/
B->D: 0/

B->E: 0/1
C->D: 0/7
C—>E: 0/

D->E: 0/1

Total:

A: Betweenness Centrality = 0
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Closeness
Centrality




Social Network Analysis:
Closeness Centrality

C-2>A:
C->B:
C->D:
C->E:
C->F:
C->G:
C->H:
C->1I:
C->1J:

WWNRNRRRR

Total=15

C: Closeness Centrality = 15/9 = 1.67
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Social Network Analysis:
Closeness Centrality

G2A:
G—>B:
G->C:
G->D:
G>E:
G2>F:
G2>H:
GC>1:
G=>]:

NNPREFERFRPRENEDNNDN

Total=14
G: Closeness Centrality = 14/9 = 1.56

66



Social Network Analysis:
Closeness Centrality

H>A:
H->B:
H->C:
H->D:
H->E:
H>F:
H->G:
H->1:
H—>]:

R PR NNDNDND W W

Total=17
H: Closeness Centrality = 17/9 = 1.89
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Social Network Analysis:
Closeness Centrality

G: Closeness Centrality = 14/9 =1 56@
C: Closeness Centrality = 15/9 =1 67@
H: Closeness Centrality = 17/9 = 1.89 €
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Big Data
Analytics



Big Data4 'V

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/







History of Data Science

Computer Science = Turing machines = Text/ string search
= Information Theory = 1974 Peter Naur “Concise Survey of Computer
= Weiner & Cybernetics = Sort & Search Algorithms — Methods", Data Science, Datalogy
= Von Neumann Architecture. Dijkstra, Kruskal, Shell Sort, ... * Knuth — Art of Computer Programming.
@ * Heuristics — Simulated Annealing, ...

= Liebniz — Binary Logic. « Babbage, Lovelace

= Boolean Algebra
= Punch cards.

= Database Marketing
= Data Mining, Knowledge Discovery

= Graph Algorithms . R . .
= “Data science, classification, and related methods."”

= Multigrid methods

= First IBM = Tree based methods. = 1989 First KDD Workshop
Computers = Gregory Piatetsky-Shapiro.
Data Technology * DBMS. (o) A~
/'.9\ (@) = Removable Disk drives U? Baakion § —{® ) @ @-
. Catrography\'/ « William Playfair * Relational DBMS. F Sg?_ g%p()ppy = William Cleveland: Data Science
= Astronomical Charts. « Charles Minard /-\High level Iangua9§§ * Leo Breimann: Statistical Modeling: 2 Cul}ﬂes— =
= Florence Nightingale. = — (@) {(®) @ @ — —
" Ty f‘\; ,.\ = Jacques B:rtin . uft - Grammar of Graphics /
Visualization"—" 4 ‘ ! Edward Tufte. , \ord Cloud, Tag Cloud. 4
* Optimization Methods « Applications to Military, ‘@ @) A\.} 5.3 o ——
= Fourier and other transforms ; = Assignment Problems o
Matrix & G lizati manufacturing, « Automation
= Matrix eneralizations it 7N\ =)
Communications. " e B}
= Calculus * Non-euclidean geometries. = Sche @ @/ \!/ @ ]
= Logarithms
* Newton-Raphson. = 1962 John W. Tukey, Future o Y /e
—@ 4/.\\f Data Analysis @) &> e = :
. . = Decision Science
Mathematics/ OR 1976 — SAS Institute = Pattorn recognition -~ -
= 1977 The International Association for « Machine learnin
= Theoretical Foundations of Modern St Statistical Computing (IASC). 9:
= Hypothesis, DOE
* Mathematical Statistics. . )
= Simulation, Markov
* Probability . R ion. Least = Bayesian Methods = Computational Statistics.
= Correlation Seg:::mn, eas = Time Series Methods (Box Cox,
» Bayes Theorem. q Survival, etc.)

= Time Series. = Stochastic Methods.

4/.\
Statistics

72



Volume

Big Data Technologies are Enabling
a New Approach

Real-time
Applications

Data warehouses
Event

In-memory processing
databases tools

S A a B |

Response time

Source: http://www.doclens.com/119898/think-1-13-big-datas-impact-on-analytics/ 73



Big Data
Analytics
and
Data Mining




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

Big Data,
Mining, and
Analytics

: ‘Fore

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

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

y

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Big Data Big Data
Transformation Platforms & Tools
f
Middleware N
Raw Transformed IVIapR.ed uce
Data | Extract Data P.'g
» Transform > Hive
Load Jaq|
Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others
CSV, Tables L

Reports

76



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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N N R R R R N R RN R R R N N R RN R M M Ny,

Architecture for
Social Big Data Mining

Analysts

Enabling Technologies

* Integrated analysis model

Integrated analysis . '
'Iv(‘ g y AA Explanation by Model
\ r /
/ \ \
I 1 1 Conceptual Layer
L 1 " 1 I' i\
l ‘ 'l L\ y ] ‘ .
N I > . T r H v/ 3 * Construction and
| ?tura _ang:age rocessing ! \ i ,‘! Data ) confirmation
An ormaltloDn xtr.actlon i \ { e ) of individual
Dr\oma y eftecltl:J.n i ! \ ! K,g/ hypothesis
* Discovery of relationships \ . \ P
1 . » Application * Description and
among heterogeneous data / Multivariate | ¢ bP ) P

execution of
application-specific
task

. specific task -

Large-scale visualization analysis

Logical Layer

Parallel distrusted processing Social Data

Software

S ————

- Hardware

- Physical Layer /

79



Business Intelligence (BIl) Infrastructure

Extract, transform,
load

Historical

Casual users
* Queries
* Reports

e Dashboards

Web Dat

/ Power users

* Queries
* Reports

r- Data mining :

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 80



Creating Value with Big Data Analytics:
Making Smarter Marketing Decisions,
Peter C. Verhoef and Edwin Kooge, Routledge, 2016

Creating Value
with BIg Data
Analytics

Making smarter marketing decisions

81



Big Data Value Creation Model

Creating Value with Big Data Analytics:
Making Smarter Marketing Decisions

( Y ( \ o .\ (o R
Big Data Big Data Big Data Analytics Big Data
Assets Capabilities Value

. o [ N
[ Decision
People | | Systems support Value to
Insights the firm

@@ N o]\ Actions/ - -
campaigns , ,

@ ( Value to

@ Models Information | the
zati based customer
Organization
process l[ ganizatio L products/ L )
_ solutions )
\ J \ J k ) \ J
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Digital Data Platform for Enterprises
Big Data Analytics

Enterprise Applications g)
Operational Customer Organization Document Sales
Benchmark focus Connections Search Forecast

Security (Authentication, Authorization, Auditing, Encryption, Protection)

Variety of ’ Ingestion Processing Storage Analytics  Visualization
Sources layer Layer £F ..o Layer Layer - Apps
y y e Layer gy Yer sk, _App

) o -

Dat Traditi | I RS S
o Data Mining Hadoop R L
Connectors Analytics

. Data Search Based e 4
Data Extraction NoSQL Analytics
Real-time Predictive
ata Ol Batch Ad-hoc

Data Governance and Monitoring (Workflow, lifecycle management,@

RDBMS

In-Memory

VvV vV Vv

scheduler, manage)
Digital Data Driven Platform for Enterprises

Source: https://blog.persistent.com/index.php/2015/05/05/is-your-enterprise-data-platform-ready-for-the-dive-into-digital-transformation/



A Marketing Mix Framework for
Big Data Management

Application

People (" Product )/ Promotion ) " Price [ Place A
Demographics * Product * Promotional * Transactional * Location-based
Social Networks Characteristics Data Data social networks
Customer Review * Product Category * Survey Data * Survey Data * Survey Data
Click Stream * Customer Review
Survey Data * Survey Data
Clustering * Association * Regression * Regression * Regression
Classification * Clustering + Association * Association * Classification

* Topic Modeling * Collaborative
Filtering
Customer * Product Ontology *+ Promotional * Pricing Strategy * Location-based
Segmentation * Product Marketing Analysis Advertising
Customer Reputation Analysis * Competitor * Community
Profiling * Recommender Analysis Dynamic Analysis
Systems

g

© =,

=

=%

N

Source: Fan, S., Lau, R. Y., & Zhao, J. L. (2015). Demystifying big data analytics for business intelligence through the lens of marketing mix.
Big Data Research,2(1), 28-32.

;
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A resource-based view of the
impact of Big Data on competitive advantage

PRLO (- B
Consumer
A0 O ]
o & r gy G A .-!““C"I”dl Consumer Sustainable
....... ‘ I\ N S - Data r W l'Blghts —» C“npc"nvc
Aculvmxcs Advantage
: 1 - Unstructured
Data
e /
Big Data Promotion
ST
Physical Capiml\ ( \ ]
Human Capital
Resources Creative intensity
Organizational \ J
|Capital Resources Resource Charactenistics
\Z =

Firm’s Resources



LeCun, Yann,
Yoshua Bengio,
and Geoffrey Hinton.

‘Deep learning:

Nature 521, no. 7553 (2015): 436-
444,



REVIEW

doi:10.1038/naturel4539

Deep learning

Yann LeCun'?, Yoshua Bengio® & Geoffrey Hinton**

Deep learning allows computational models that are composed of multiple processing layers to learn representations of
data with multiple levels of abstraction. These methods have dramatically improved the state-of-the-art in speech rec-
ognition, visual object recognition, object detection and many other domains such as drug discovery and genomics. Deep
learning discovers intricate structure in large data sets by using the backpropagation algorithm to indicate how a machine
should change its internal parameters that are used to compute the representation in each layer from the representation in
the previous layer. Deep convolutional nets have brought about breakthroughs in processing images, video, speech and
audio, whereas recurrent nets have shone light on sequential data such as text and speech.

society: from web searches to content filtering on social net-

works to recommendations on e-commerce websites, and

it is increasingly present in consumer products such as cameras and

smartphones. Machine-learning systems are used to identify objects

in images, transcribe speech into text, match news items, posts or

products with users’ interests, and select relevant results of search.

Increasingly, these applications make use of a class of techniques called
deep learning.

Conventional machine-learning techniques were limited in their

ability to process natural data in their raw form. For decades, con-

M achine-learning technology powers many aspects of modern

intricate structures in high-dimensional data and is therefore applica-
ble to many domains of science, business and government. In addition
to beating records in image recognition' " and speech recognition®”, it
has beaten other machine-learning techniques at predicting the activ-
ity of potential drug molecules®, analysing particle accelerator data™"’,
reconstructing brain circuits*’, and predicting the effects of mutations
in non-coding DNA on gene expression and disease’*"’. Perhaps more
surprisingly, deep learning has produced extremely promising results
for various tasks in natural language understanding'’, particularly
topic classification, sentiment analysis, question answering'* and lan-

guage translation'*".
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Sebastian Raschka (2015),

Python Machine Learning,
Packt Publishing

-
Copyrighted Matedal SN

Community Experience Distilled

Python Machine Learning
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Sunila Gollapudi (2016),

Practical Machine Learning,
Packt Publishing
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Machine Learning Models

Deep Learning Kernel

Ensemble

Association rules

Decision tree

Dimensionality reduction

Clustering Regression Analysis

Bayesian Instance based

90



Data Scientist
;L B3, &2

Rk

What makes a data scientist?

The big data phencmencn trained & Dright SpOtgh On !hose who Derionm deep NoAMation analyss
And Can Combing Quartative and stataSical mOdelng expertine with Dusingess acumen and a takert for
fncing hidden patierns. Here's & Closer look,
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Intelligence from Big Data

Deep Learn




Data Scientist.

The Sexiest Job
of the 21st Century

(Davenport & Patil, 2012)(HBR)



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
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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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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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Key Outputs from a
Successful Analytics Project

' Code NUN Presentation for Analysts
B3 Technical Specs NN Presentation for Project Sponsors

Project Manager Business Intelligence Analyst

7 ¥ ¥

—
¢ ‘—'
J

Database

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

Big Data vs. Data Analytics
Data Science VS Big Data VS Data Analytics

DATA IS GROWING FASTER THAN EVER BEFORE.

Each person-
1.7 megabytes

created ,, |




Data Science vs. Big Data vs. Data Analytics
WHAT ARE THEY?

s a field that comprises of
everything that related to data cleansing,

preparation, and analysis. IS something that can be used to
analyze insights which can lead to better
decision and strategic business moves.,

Involves automating insights into
a certain dataset as well as supposes the usage of
queries and data aggregation procedures.




What are they used?

Data Science algorithms are Big Data is used in Data Analytics is used
used in industries like: industries like: in industries like:

Internet searches Financial Services Healthcare

=

En
Mana .
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Data Science

What are the Skills Required?

DATA SCIENTIST BIG DATA SPECIALIST DATA ANALYST
In-depth knowledge in Analytical skills Programming skills
SAS and/or R _ ,

Creativity Statistical skills
Python coding
Mathematics and Mathematics
Hadoop platform
tatistical skills Machine learning skills
SQL database/coding _
Computer science Jata wrangling skills
w Working with : 4 :
Business skills Communication and Data

unstructured data |
Visualization skills

Jata Intuition




DATA SCIENTIST ‘
o
BIG DATA SPECIALIST o ‘

$S113,436
per year.

$62,066
per year.

DATA ANALYST ‘

$60,476
per year.




Big Data Landscape 2016
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Summary

* Social Computing
* Big Data Analysis
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