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FA2 < % (Syllabus)

¥ = (Week) P #F (Date) P % (Subject/Topics)

1 2016/02/17 Course Orientation for Social Computing and
Big Data Analytics
(R385 2 2 Bolh A 47 3R 4 5)

2 2016/02/24 Data Science and Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data

(T3 2 ey 4
Bk A4 AL ERT A

3 2016/03/02 Fundamental Big Data: MapReduce Paradigm,
Hadoop and Spark Ecosystem

(= #cdp A #_: MapReducet # -

Hadoop¥? Spark# #g % %t)



A2 < % (Syllabus)

¥ = (Week) P #F (Date) P % (Subject/Topics)

4 2016/03/09 Big Data Processing Platforms with SMACK:
Spark, Mesos, Akka, Cassandra and Kafka
(~ #cdp adZ T 5 SMACK

Spark, Mesos, Akka, Cassandra, Kafka)

5 2016/03/16 Big Data Analytics with Numpy in Python
(Python Numpy = #icd ~ 17)

6 2016/03/23 Finance Big Data Analytics with Pandas in Python
(Python Pandas P4 7% = #cdz 4 7)

7 2016/03/30 Text Mining Techniques and

Natural Language Processing
(2 F 45 2 T HAFE P 2RE S D)
8 2016/04/06 Off-campus study (¥ % = FcE B p )



A2 < % (Syllabus)

¥ = (Week) P #F (Date) P % (Subject/Topics)
9 2016/04/13 Social Media Marketing Analytics
(AL F Y 7 40 4 47)
10 2016/04/20 #p* 3£ (Midterm Project Report)
11 2016/04/27 Deep Learning with Theano and Keras in Python
(Python Theano v Keras /% & & % )
12 2016/05/04 Deep Learning with Google TensorFlow
(Google TensorFlow ;& & & %)

13 2016/05/11 Sentiment Analysis on Social Media with

Deep Learning
(R F ¥ AP ~ 17)



¥ =% (Week)

14
15
16

17
18

A2 < % (Syllabus)

2016/05/18
2016/05/25
2016/06/01

2016/06/08
2016/06/15

p #p (Date) P % (Subject/Topics)

Social Network Analysis (4 ¢ 3 3 4 7)
Measurements of Social Network (7+ € 4 % & 7])
Tools of Social Network Analysis

(A€ P i1 2

Final Project Presentation | (f X 3¢ 2. 1)

Final Project Presentation Il (#f 23R 2 1)



Social Media
Marketing Analytics



Digital Marketing Analytics:
Making Sense of Consumer Data in a Digital World,
Chuck Hemann and Ken Burbary, Que. 2013

Global Head of Socal Media
Ford Motor Company

Digital Marketing
Analytics

Making Sense of Consumer Data in a Digital World

Source: http://www.amazon.com/Digital-Marketing-Analytics-Consumer-Biz-Tech/dp/0789750309




Consumer
Psychology
and
Behavior

on
Social Media



How consumers
think, feel, and act



Analyzing Consumer Markets

 The aim of marketing is to meet and satisfy

target customers’ needs and wants better
than competitors.

* Marketers must have a thorough
understanding of

how consumers think, feel, and act

and offer clear value to each and every target
consumer.

10



Customer Perceived Value,
Customer Satisfaction, and Loyalty

Customer
Perceived
Performance

N

“

Customer

Customer [ Customer

Perceived Satisfaction Loyalty

Value

Customer
Expectations

Source: Philip Kotler & Kevin Lane Keller, Marketing Management, 14th ed., Pearson, 2012 11



Social Media Marketing Analytics

Social Media Listening
Search Analytics

Content Analytics

Engagement Analytics

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 12



The Convergence of
Paid, Owned & Earned Media

Promoted
Brand
Paid Media Content Owned Media
Traditional Ads Corporate Ads

Sponsored .
Customer Brands that

ask for shared

Press Coverage

Earned Media
Organic

Source: “The Converged Media Imperative: How Brands Will Combine Paid, Owned and Earned Media”,
Altimeter Group, July 19, 2012)

http://www.altimetergroup.com/2012/07/the-converged-media-imperative/ 13



Converged Media
Top 11 Success Criteria

Social Listening / Analysis of Crowd

C: Production

A: Strategy —— 6. Aligned Content / Creative across Channels
1. Understand Corverged Media t— 7. Real-time Capabilities
2. Plan a Stable Foundation — 8. Channel Flexible

— 9. Influencer Relations

B: Organization D: Analysis
—— 3. Ability to Achieve Earned at Scale t+— 10. Social Listening / Analysis of Crowd
—— 4. Align Teams & Departments —— 11. System for |dentifying & Measuring KPIs
— 5. Align Agencies & Vendors

Source: “The Converged Media Imperative: How Brands Will Combine Paid, Owned and Earned Media”,
Altimeter Group, July 19, 2012)

http://www.altimetergroup.com/2012/07/the-converged-media-imperative/ 14



Content Tool Stack Hierarchy

Figure 3 Content Teol Stack Hierarchy

Workflow
Tools that aid in processes associated with content
strategy including creating govemnance documentation
(style, editing and brand guidelines), content audits,
production, review, approval and publishing processes, etc

Distribution
Tools that help content publishers find audiences via,
for example, suggested headlines or stories across
publisher sites or social networks.

Audience & Targetin
Tools to help identify who the target audience(s) is/are, where they
are online, and the types of content that would attract them.

Analytics
Independent of basic web analytics packages, content tools often contain
their own specific analytics and dashboards.These can be wide ranging
and are, of course, closely aligned with tool functionality.

Q
O
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Optimization
Tools designed for ongoing optimization of content marketing results over time.

Curation & Aggregation
Tools or processes that aid in the discovery, compiling, organizing, presenting,
and publishing of existing content in a meaningful way
that is on-brand and relevant to campaign goal.

Creation
Tools that aid in developing, building, and deploying consistent content.

Source: Atimater Group

Source: Rebecca Lieb, "Content marketing in 2015 -- research, not predictions", December 16, 2014
http://www.imediaconnection.com/content/37909.asp




Competitive Intelligence

* Gather competitive intelligence data

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 16



Google Alexa Compete

* Which audience segments are competitors
reaching that you are not?

 What keywords are successful for your
competitors?

 What sources are driving traffic to your
competitors’ websites?

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013



Competitive Intelligence

Facebook competitive analysis
Facebook content analysis
YouTube competitive analysis
YouTube channel analysis
Twitter profile analysis

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 18



Web Analytics (Clickstream)

* Content Analytics
* Mobile Analytics

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 19



Mobile Analytics

Where is my mobile traffic coming from?
What content are mobile users most interested in?

How is my mobile app being used?
What’s working?
What isn’t?

Which mobile platforms work best with my site?

How does mobile user’s engagement with my site
compare to traditional web users’ engagement?

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013



Identifying a
Social Media Listening Tool

Data Capture

Spam Prevention

Integration with Other Data Sources
Cost

Mobile Capability

APl Access

Consistent User Interface

Workflow Functionality

Historical Data

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Search Analytics

* Free Tools for Collecting Insights Through
— Search Data
— Google Trends
— YouTube Trends
— The Google AdWords Keyword Tool
— Yahoo! Clues

* Paid Tools for Collecting Insights Through
Search Data

* The BrightEdge SEO Platform

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Owned Social Metrics

* Facebook page
 Twitter account
* YouTube channel

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 23



Own Social Media Metrics:
Facebook

Total likes

Reach
— Organic
— Paid reach

— Viral reach

Engaged users

People taking about this (PTAT)
Likes, comments, and shares by post

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Own Social Media Metrics:
Twitter

Followers

Retweets

Replies

Clicks and click-through rate (CTR)
Impressions

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Own Social Media Metrics:
YouTube

Views
Subscribers
Likes/dislikes
Comments
Favorites
Sharing

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Own Social Media Metrics:
SlideShare

Followers
Views
Comments
Shares

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Own Social Media Metrics:
Pinterest

Followers
Number of boards
Number of pins
Likes

Repins

Comments

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 08



Own Social Media Metrics:
Google+

* Number of people who have an account
circled

* +1s

* Comments

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 29



Earned Social Media Metrics

e Earned conversations
* In-network conversations

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 30



Earned Social Media Metrics:
Earned conversations

Share of voice

Share of conversation
Sentiment

Message resonance

Overall conversation volume

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Demystifying Web Data

Visits

Unique page views
Bounce rate

Pages per visit
Traffic sources
Conversion

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consu

mer

Data in a Digital World, Que. 2013

32



Searching for the Right Metrics

Paid Searches Organic Searches

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 33



Paid Searches

Impressions

Clicks

Click-through rate (CTR)
Cost per click (CPC)
Impression share

Sales or revenue per click
Average position

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013



Organic Searches

Known and unknown keywords

Known and unknown branded keywords
Total visits

Total conversions from known keywords
Average search position

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013



Aligning Digital and Traditional
Analytics

* Primary Research
— Brand reputation
— Message resonance
— Executive reputation
— Advertising performance

* Traditional Media Monitoring
* Traditional CRM Data

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 36



Social Media Listening Evolution

Location of conversations
Sentiment

Key message penetration

Key influencers

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 37



Social Analytics Lifecycle (5 Stages)

1. Discover

2. Analyze

3. Segment

45 Strategy

5. Execution

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 38
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Social Ap

alytics Lifecycle (5 Stages)

_______________________________ |
e o - — — — - Y

2. Analyze

3. Segment

45 Strategy

5. Execution

Source: Chuck Hemann and Ken

Social Web

(blogs, social networks, forums/
message boards,
Video/phone sharing)

Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 39



Social Analytics Lifecycle (5 Stages)

Social Web

(blogs, social networks, forums/message boards,
Video/phone sharing)

1. Discover

Distillrelevant'signalifromisocialinoise

3. Segment

45 Strategy

¥

5. Execution

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 40



Social Analytics Lifecycle (5 Stages)

Social Web

(blogs, social networks, forums/message boards,
Video/phone sharing)

1. Discover

2. Analyze

Distillrelevant'signalifromisocialinoise

|

|

|
—————————&.—-——-——/\

DatarSegmentation
(Eilter; Group;lag; Assign)
i —

— . 2
Strategic
.g CO”?S _ Customer Care
Planning Communication
\_

3. Segment

__\

\

7’
l
l
l
l

45 Strategy
Product Marketing & Sl
‘ Development Advertising SIS
\_ J )
5. Execution
Strategic Tactical
S— _J

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 41



Social Analytics Lifecycle (5 Stages)

Social Web

(blogs, social networks, forums/message boards,
Video/phone sharing)

Distillrelevant'signalifromisocialinoise

DataSegmentation
(Eilter; Group;lag; Assign)

Insights drive focused business strategies

5. Execution

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013

_—_J
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Social Analytics Lifecycle (5 Stages)

‘|

2. Analyze

3. Segment

A

., Discover

Social Web

(blogs, social networks, forums/message boards,
Video/phone sharing)

Distillrelevant'signalifromisocialinoise

DataSegmentation
(Eilter; Group;lag; Assign)

. Strategy.

Insights drive focused business strategies

N\

Campaigns
Future - Customer

Ml el Satisfaction

Innovation . : Management
Direction Improvements

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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Social Analytics Lifecycle (5 Stages)

1. Discover

2. Analyze

3. Segment

45 Strategy

5. Execution

Social Web

(blogs, social networks, forums/message boards,
Video/phone sharing)

Distillrelevant'signalifromisocialinoise

DataSegmentation
(Eilter; Group;lag; Assign)

Insights drive focused business strategies

\

Campaigns
Future - Customer

Ml el Satisfaction

Innovation . : Management
Direction Improvements

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013
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How consumers
think, feel, and act



Emotions

b NG
\ ’ p .
¥ _J'l

Anger

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 46




Maslow’s Hierarchy of Needs

Source: Philip Kotler & Kevin Lane Keller, Marketing Management, 14th ed., Pearson, 2012
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Maslow’s hierarchy of human needs
(Maslow, 1943)

Self-
actualization

Esteem \

Lo \

Saiey \
/ Survival \

Source: Backer & Saren (2009), Marketing Theory: A Student Text, 2"® Edition, Sage
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Maslow’s Hierarchy of Needs

Self-fulfillment

needs

Psychological
needs

Belongingness and love needs:
intimate relationships, friends

Source: http://sixstoriesup.com/social-psyche-what-makes-us-go-social/
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Social Media Hierarchy of Needs

Hierarchy of Needs

)
o Self
Actualization

Maslow’s Social Media

Optimization &
Monetization

Personal
Branding

Community
Building

Love &
Belonging

S
/ Safety &

Security Structure

Existence

Physiological
Rl (Presence)

Social Media Hierarchy of Needs - by John Antonios

50



Social Media Hierarchy of Needs

Self actualization /\Cm’*‘"b’& nse-making

ﬁ Esteem l ’ R p ect of and by others
Love/ Belong'ng / L Friendship and family
Safety /

Phy3i0|09iCV \osic human needs

u&
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The Social Feedback Cycle
Consumer Behavior on Social Media

Marketer-Generated User-Generated

P

Form
Use Opinion falk

\

Awareness | Consideration

—

Source: Evans et al. (2010), Social Media Marketing: The Next Generation of Business Engagement
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The New Customer Influence Path

Awareness

¢ (MTube

' | LINEI ‘ IM
Consideration :I ~ \
- ) / i
/
N\ > 4
- N e .- = ™ -l

Source: Evans et al. (2010), Social Media Marketing: The Next Generation of Business Engagement
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K Example of Opinion: X

N ~

review segment on iPhone

“I bought an iPhone a few days ago.
It was such a nice phone.

The touch screen was really cool.
The voice quality was clear too.

However, my mother was mad with me as | did not tell
her before | bought it.

She also thought the phone was too expensive, and
wanted me to return it to the shop. ...”

54



Example of Opinion:
review segment on iPhone

“(1) I bought an iPhone a few days ago.

(2) It was such a nice phone.

® & +Positive

(3) The touch screen was really cool. N Opinion

(4) The voice quality was clear too.

(5) However, my mother was mad with me as | did not
tell her before | bought it.

(6) She also thought the phone was too expensive, and
wanted me to return it to the shop. ... SR Negative
V- Opinion

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 55



Attensity: Track social sentiment across brands and competitors
http://www.attensity.com/

o
[!] Attensity Home Page | At

C A [0 wwwattensity.com/home/ Ye@mme

B |5

HTTEnIITv Select your language  English N Contact Resources Support Blog Q

Products Solutions Services Customers Partners

— Your real-time
Social Analytics Wlndow intO the

Social Response so c i a I We b @

Customer Analytics “Teaming with a leading analytics provider like

Attensity offers Yahoo! a great opportunity to ke
deliver the key news and analysis that matter.” o |
L
Industry Solutions - Yahoo! L E=
2
Why Attensity : n
L
ore P
— o
About Attensity Watch Video
Attensity is the leading provider Command Center Video

‘ Attensity for Marketing ‘ of social analytics and

) ) engagement solutions
Mectlveness of your social Success Story u
tegIES: JetBlue Airways S o

: Listen. e
www.attensity.com/home/#fragment-1 jence. J NOWNI OAD NOW A ]

" e o

m

http://www.youtube.com/watch?v=4goxmBEg2|w#!




Sentiment Analysis
VS.
Subjectivity Analysis

Sentiment Subjectivity
Analysis Analysis
Positive
Subjective
Negative

Neutral Objective
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Example of SentiWordNet

POS ID PosScore NegScore SynsetTerms Gloss

00217728 0.75 0 beautiful#l delighting the senses or
exciting intellectual or emotional admiration; "a beautiful child";
"beautiful country"; "a beautiful painting"”; "a beautiful theory";
beautiful party”

00227507 0.75 0 best#1 (superlative of ‘good') having the
most positive qualities; "the best film of the year"; "the best solution";
"the best time for planting"; "wore his best suit”

00042614 0 0.625 unhappily#2 sadly#1 inan
unfortunate way; "sadly he died before he could see his grandchild”
00093270 0 0.875 woefully#1 sadly#3 lamentably#1

deplorably#1 in an unfortunate or deplorable manner; "he was sadly
neglected"; "it was woefully inadequate”

00404501 0 0.25 sadly#2 with sadness; in a sad manner;
"*She died last night,' he said sadly"
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