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Big Data Processing Platforms with SMACK:
Spark, Mesos, Akka, Cassandra and Kafka

(R B3E R F-F & SMACK :
Spark, Mesos, Akka, Cassandra, Kafka)

Big Data Analytics with Numpy in Python
(Python Numpy K E3E 5 #7)

Finance Big Data Analytics with Pandas in Python
(Python Pandas B4 #5 K 245 5-#7)

Text Mining Techniques and
Natural Language Processing
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Deep Learning with Theano and Keras in Python
(Python Theano #u Keras ‘RE % 8 )

Deep Learning with Google TensorFlow
(Google TensorFlow ‘R & 2 F)

Sentiment Analysis on Social Media with
Deep Learning

(RS AL BE LR 1 R 0 HT)
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Social Network Analysis (& 48 4% 5-#7)
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Final Project Presentation | (28 K2Rk % 1)
Final Project Presentation Il (¥ X3k % 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



Marketing

“Meeting
needs
profitably”



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.

11



Value

the sum of the
tangible and
intangible
benefits and costs



Value

Total
customer

benefit

Customer
perceived

value

Total
customer

cost

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

ue

Product benefit

Total
customer

benefit

Services benefit

Personnel benefit

Image benefit

Monetary cost

Total
customer

Energy cost cost

Psychological cost

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

Customer
perceived

value
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Model of Consumer Behavior

Marketing
Stimuli

Products &

Services

Price
Distribution
Communications

Other
Stimuli

Economic
Technological
Political
Cultural

Psychology

Motivation
Perception
Learning
Memory

Consumer
Characteristics

e Cultural
e Social
* Personal

Buying
Decision
Process

Problem
Recognition
Information
Search
Evaluation of
Alternatives
Purchase
decision
Post-purchase
behavior

Purchase
Decision

Product choice
Brand choice
Dealer choice

Purchase amount
Purchase timing
Payment method
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Building
Customer Value,
Satisfaction,
and
Loyalty



Customer Perceived Value,
Customer Satisfaction, and Loyalty

Customer
Perceived
Performance

¥ N

Customer Customer
Satisfaction Loyalty

Customer
Perceived

Value

Customer
Expectations

Source: Philip Kotler & Kevin Lane Keller, Marketing Management, 14th ed., Pearson, 2012 17



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 18



The Convergence of
Paid, Owned & Earned Media

Promoted
Brand

Paid Media Content Owned Media
Traditional Ads Corporate Ads

Converged
Media

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/ 19




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 —— 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 Identifying & 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/ 20




Content Tool Stack Hierarchy

Figure 3 Content Teol Stack Hierarchy

Workflow
Tools that aid in processes associated with content
strategy including creating govemance 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
L=
Q
o
QL)
>
=
O
O

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 22



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
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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 24



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 25



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
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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 27



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
e Twitter account
* YouTube channel

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



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 34



Own Social Media Metrics:
Google+

* Number of people who have an account
circled

e +]1s

e Comments

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

35



Earned Social Media Metrics

e Farned conversations

* |In-network conversations

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



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
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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 39



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 40



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
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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 42



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 43



Social Analytics Lifecycle (5 Stages)

1. Discover

2. Analyze

3. Segment

4. Strategy

5. Execution

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 44



’__

Social An

alytics Lifecycle (5 Stages)

_______________________________ |
e e = — — Y

2. Analyze

3. Segment

4., 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 45



Social Analytics Lifecycle (5 Stages)

1. Discover Social Web

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

3. Segment

4. Strategy

¥

5. Execution

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 46



Social Analytics Lifecycle (5 Stages)

Social Web

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

1. Discover

2. Analyze

Distill' relevant signal from social' noise

/
( ) Data Segmentation
l 3. Segment | (Filter, Group, Tag, Assignh)
'\ [P — — 35—
D Strategic Corps
l - o Customer Care
: Planning Communication
4. Strategy I
I Product Marketing & Sl
‘ I Development Advertising SIS
o |
o Ml Stategie Tacical
Strategic Tactical
' —

Source: Chuck Hemann and Ken Burbary, Digital Marketing Analytics: Making Sense of Consumer Data in a Digital World, Que. 2013 47



Social Analytics Lifecycle (5 Stages)

1. Discover

2. Analyze

3. Segment

5. Execution

Social Web

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

Distill' relevant signal from social' noise

Data Segmentation
(Filter, Group, Tag, Assign)

Insights drive focused business strategies

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)

1. Discover

2. Analyze

3.

il

Social Web

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

Distill' relevant signal from social' noise

Segment

Data Segmentation
(Filter, Group, Tag, Assign)

. Strategy

Insights drive focused business strategies

N\

Future Reputation SUREIIC]

Satisfaction
1 i Management
Direction & Improvements

Innovation

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

49



Social Analytics Lifecycle (5 Stages)

1. Discover

2. Analyze

3. Segment

4. Strategy.

5. Execution

Social Web

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

Distill' relevant signal from social' noise

Data Segmentation
(Filter, Group, Tag, Assign)

Insights drive focused business strategies

\

Future Reputation SUREIIC]

Satisfaction
1 i Management
Direction & Improvements

Innovation

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 Media

D Y )

?_ck.J - @WORDPRESS E
Stumb'eUPO M o de|ICIOUS G B .

g - @Eﬁ% QEE Dinte m . ;aigt;)ook
- — Lmkedm @

o= friendsterc) fllckr
‘ slldeshare

Technorati SQUIDOO

NP FELE A Stogun [

51



Emotions

o j 0 )

Anger

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 52




o0 Example of Opinion: X
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. ...”

53



Example of Opinion:
review segment on iPhone

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

(2) It was such a nice phone.

® 0 +Positive
(3) The touch screen was really cool. /) Opinior

(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. ... B ncoative
P Opinion

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 54



How consumers
think, feel, and act



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

Social Media
Self Optimization &
CO Actualization Monetization
Personal
- “mg
Love &
Belonging

Safety &
Security

Y
&
&
o
Physiological

Social Media Hierarchy of Needs - by John Antonios

Maslow’s

Community
Building

-*'“““"
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Social Media Hierarchy of Needs

Self actualization /@)N"O’MW & sense-making

Esteem / U \spod ool et

: s/
Safety / ﬁ
PhysiologicV
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The Social Feedback Cycle
Consumer Behavior on Social Media

Marketer-Generated User-Generated

. - Form
Awareness |Consideration Opinion

/

)

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

61



The New Customer Influence Path

Awareness

4 (11 Tube)

- o A
LINE
Consideration a ~

S\
oy ’/

~~——_'

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

62



Architectures
of
Sentiment
Analytics




Bing Liu (2015),
Sentiment Analysis:
Mining Opinions, Sentiments, and Emotions,
Cambridge University Press

SENTIMENT
ANALYSIS

Mining Opamons Sentlments and Emotions

BING LIU

http://www.amazon.com/Sentiment-Analysis-Opinions-Sentiments-Emotions/dp/1107017890
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Sentiment Analysis and
Opinion Mining
 Computational study of

opinions,

sentiments,

subjectivity,

evaluations,

attitudes,

appraisal,

affects,

views,

emotions,

ets., expressed in text.

— Reviews, blogs, discussions, news, comments, feedback, or any other
documents

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

* Many names and tasks with difference
objective and models
— Sentiment analysis
— Opinion mining
— Sentiment mining
— Subjectivity analysis
— Affect analysis
— Emotion detection

— Opinion spam detection

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 66



Sentiment Analysis

e Sentiment

— A thought, view, or attitude, especially one based
mainly on emotion instead of reason

e Sentiment Analysis
— opinion mining
— use of natural language processing (NLP) and
computational techniques to automate the
extraction or classification of sentiment from
typically unstructured text

67



Applications of Sentiment Analysis

 Consumer information
— Product reviews
 Marketing
— Consumer attitudes
— Trends
* Politics
— Politicians want to know voters’ views

— Voters want to know policitians’ stances and who
else supports them

 Social

— Find like-minded individuals or communities

68



Sentiment detection

 How to interpret features for sentiment
detection?

— Bag of words (IR)
— Annotated lexicons (WordNet, SentiWordNet)
— Syntactic patterns

* Which features to use?
— Words (unigrams)
— Phrases/n-grams
— Sentences

69



Problem statement of
Opinion Mining
 Two aspects of abstraction
— Opinion definition
* What is an opinion?
 What is the structured definition of opinion?
— Opinion summarization

e Opinion are subjective

—An opinion from a single person (unless a VIP)
is often not sufficient for action

* We need opinions from many people,
and thus opinion summarization.

70



What is an opinion?

e |d: Abcl23 on 5-1-2008 “/ bought an iPhone a few days ago. It is
such a nice phone. The touch screen is really cool. The voice
quality is clear too. It is much better than my old Blackberry,
which was a terrible phone and so difficult to type with its tiny
keys. However, my mother was mad with me as | did not tell her
before | bought the phone. She also thought the phone was too

expensive, ...”

* One can look at this review/blog at the
— Document level
* Is this review + or -?
— Sentence level
* |s each sentence + or -?
— Entity and feature/aspect level

71



Entity and aspect/feature level

Id: Abc123 on 5-1-2008 “/ bought an iPhone a few days ago. It is
such a nice phone. The touch screen is really cool. The voice
quality is clear too. It is much better than my old Blackberry,
which was a terrible phone and so difficult to type with its tiny
keys. However, my mother was mad with me as | did not tell her
before | bought the phone. She also thought the phone was too

expensive, ...”

What do we see?
— Opinion targets: entities and their features/aspects
— Sentiments: positive and negative
— Opinion holders: persons who hold the opinions

— Time: when opinion are expressed

72



Two main types of opinions

Regular opinions: Sentiment/Opinion expressions on some

target entities
— Direct opinions: sentiment expressions on one object:
* “The touch screen is really cool”
* “The picture quality of this camera is great”

— Indirect opinions: comparisons, relations expressing
similarities or differences (objective or subjective) of more
than one object

* “phone X is cheaper than phone Y.” (objective)

* “phone X is better than phone Y.” (subjective)
Comparative opinions: comparisons of more than one entity.
— “IPhone is better than Blackberry.”
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Subjective and Objective

* Objective

— An objective sentence expresses some factual information
about the world.

— “l returned the phone yesterday.”
— Objective sentences can implicitly indicate opinions
* “The earphone broke in two days.”
e Subjective

— A subjective sentence expresses some personal feelings or
beliefs.

— “The voice on my phone was not so clear”
— Not every subjective sentence contains an opinion
* “I wanted a phone with good voice quality”
e =>» Subjective analysis
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Sentiment Analysis
VS.
Subjectivity Analysis

Sentiment Subjectivity
Analysis Analysis
Positive
Subjective
Negative

Neutral Objective
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A (regular) opinion

e Opinion (a restricted definition)

— An opinion (regular opinion) is simply a positive or
negative sentiment, view, attitude, emotion, or
appraisal about an entity or an aspect of the entity
from an opinion holder.

e Sentiment orientation of an opinion

— Positive, negative, or neutral (no opinion)
— Also called:

* Opinion orientation
e Semantic orientation

* Sentiment polarity
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Entity and aspect

* Definition of Entity:

— An entity e is a product, person, event,
organization, or topic.

— e is represented as
* A hierarchy of components, sub-components.

* Each node represents a components and is associated
with a set of attributes of the components

* An opinion can be expressed on any node or
attribute of the node

* Aspects(features)
— represent both components and attribute

77



Opinion Definition
* An opinion is a quintuple
(e, Ay, SO, hy t)
where
— e; Is a target entity.
— a; is an aspect/feature of the entity e; .

— S0, is the sentiment value of the opinion from the
opinion holder on feature of entity at time.
50y Is +ve, -ve, or neu, or more granular ratings

— h;is an opinion holder.

— t,is the time when the opinion is expressed.

* (e, a;) is also called opinion target

78



Terminologies

* Entity: object

* Aspect: feature, attribute, facet
* Opinion holder: opinion source
* Topic: entity, aspect

* Product features, political issues

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



Subjectivity and Emotion

* Sentence subjectivity

— An objective sentence presents some factual
information, while a subjective sentence
expresses some personal feelings, views,
emotions, or beliefs.

* Emotion

—Emotions are people’s subjective feelings
and thoughts.

80



Classification Based on
Supervised Learning

e Sentiment classification
— Supervised learning Problem

— Three classes
* Positive
* Negative
* Neutral

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



Opinion words in
Sentiment classification

* topic-based classification
— topic-related words are important
* e.g., politics, sciences, sports
* Sentiment classification
— topic-related words are unimportant

— opinion words (also called sentiment words)

 that indicate positive or negative opinions are
important,
e.g., great, excellent, amazing, horrible, bad, worst
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Features in Opinion Mining

Terms and their frequency
— TF-IDF

Part of speech (POS)
— Adjectives

Opinion words and phrases

— beautiful, wonderful, good, and amazing are positive opinion
words

— bad, poor, and terrible are negative opinion words.

— opinion phrases and idioms,
e.g., cost someone an arm and a leg

Rules of opinions
Negations
Syntactic dependency

83



Sentiment Analysis Architecture

Positive Negative )
tweets tweets

[ Classifier ]4 -<—-

Vishal Kharde and Sheetal Sonawane (2016), "Sentiment Analysis of Twitter Data: A Survey of Techniques,"
International Journal of Computer Applications, Vol 139, No. 11, 2016. pp.5-15 84




Sentiment Classification Based on Emoticons

[ Tweeter ]

[ Tweeter Streaming APl 1.1 ]

—

Based on Positive Emotions

Tweet preprocessing \

Based on Negative Emotions

W

Generate Training Dataset for Tweet

«— |

Positive tweets

—

Training Dataset

.

N

Negative tweets]

\ 4

>[ Classifier }7 Feature Extraction
I

\ 4 4

Positive

Negative @~
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Lexicon-Based Model

|

Preassembled ]
Word Lists J

|

(

\_

Merged
Lexicon

\

J

|

Generic
Word Lists

|

]
)

Vs

Tokenized
Document
Collection

'

[

\

Sentiment Scoring
and Classification:

Polarity
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Sentiment Analysis Tasks

Opinionated
Document

Subjectivity
LCIassificationJ

,  extraction

Opmlon holder |
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Levels of Sentiment Analysis

Sentiment Analysis

Word Sentence g Document Feature
level level level level
SRS BRER N R BRE =l
Analysis Analysis Analysis Analysis

Vishal Kharde and Sheetal Sonawane (2016), "Sentiment Analysis of Twitter Data: A Survey of Techniques,"
International Journal of Computer Applications, Vol 139, No. 11, 2016. pp.5-15 88
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Sentiment Classification Techniques

. Decision Tree

Sentiment
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A Brief Summary of Sentiment Analysis Methods

Study Analysis Sentiment Identification Sentiment Aggregation Nature of
Task Method Level Method Level Measure

Hu and L1, 2011 Polanty | ML (Probabilistic model) Snippet Valence
Liand Wu, 2010 Polanity | Lexicon/Rule Phrase Sum Snippet | Valence
Thelwall etal . 2010 Polanty | Lexicon/Rule Sentence | Max & Min Snippet | Range

Bo1y and Moens, 2009 Both ML (Cascade ensemble) Sentence Valence
Chung 2009 Polanity | Lexicon Phrase Average Sentence | Valence
Wilson, Wiebe, and Hoffmann, 2009 | Both ML (SVM. AdaBoost. Rule_ etc.) | Phrase Valence
Zhang et al.. 2009 Polanity | Lexicon/Rule Sentence | Weighted average | Snippet | Valence
Abbasi, Chen. and Salem. 2008 Polanity | ML (GA + feature selection) Snippet Valence
Subrahmanian and Reforgiato. 2008 | Polanity | Lexicon/Rule Phrase Rule Snippet | Valence
Tan and Zhang 2008 Polanity | ML (SVM, Winnow. NB, etc.) Snippet Valence
Auiroldi, Bai. and Padman. 2007 Polanity | ML (Markov Blanket) Snippet Valence
Das and Chen, 2007 Polanity | ML (Bayesian. Discriminate, etc.) | Snippet | Average Daily Valence
L etal.. 2007 Polanity | ML (PLSA) Snippet Valence
Kennedy and Inkpen. 2006 Polanty | Lexicon/Rule, ML (SVM) Phrase Count Snippet | Valence
Mishne 2006 Polanity | Lexicon Phrase Average Snippet | Valence
Liuetal.. 2005 Polanty | Lexicon/Rule Phrase Distribution Object Range

Mishne 2005 Polanity | ML (SVM) Snippet Valence
Popescu and Etzioni1 2005 Polanty | Lexicon/Rule Phrase Valence
Efron 2004 Polanty | ML (SVN. NB) Snippet Valence
Wilson, Wiebe. and Hwa. 2004 Both ML (SVM. AdaBoost, Rule, etc.) | Sentence Valence
Nigam and Hurst 2004 Polanity | Lexicon/Rule Chunk Rule Sentence | Valence
Dave. Lawrence, and Pennock. 2003 | Polanty | ML (SVM. Rainbow. etc.) Snippet Valence
Nasukawa and Y1 2003 Polanty | Lexicon/Rule Phrase Rule Sentence | Valence
Yietal. 2003 Polanty | Lexicon/Rule Phrase Rule Sentence | Valence
Yu and Hatzivassiloglou 2003 Both ML (NB) + Lexicon/Rule Phrase Average Sentence | Valence
Pang. Lee. and Vaithyanathan 2002 | Polannty | ML (SVM. MaxEnt. NB) Snippet Valence
Subasic and Huettner 2001 Polanty | Lexicon/Fuzzy logic Phrase Average Snippet | Valence
Turney 2001 Polanity | Lexicon/Rule Phrase Average Snippet | Valence

(Both = Subjectivity and Polanty; ML= Machine Learning; Lexicon/Rule= Lexicon enhanced by linguistic rules)
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Word-of-Mouth (WOM)

* “This book is the best written documentary
thus far, yet sadly, there is no soft cover
edition.”

* “This book is the best written documentary
thus far, yet sadly, there is no soft cover
edition.”
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This
book
IS

the
best
written
documentary
thus
far

yet
sadly

there
is

no
soft
cover
edition

Word POS
This DT
book NN
is VBZ
the DT
best JJS
written VBN
documentary NN
thus RB
far RB
yet RB
sadly RB
there EX
is VBZ
no DT
soft JJ
cover NN
edition NN

93



Conversion of text representation

Word Vector
(Wv)

This

book

is

the

best

written

documentary

thus

far

’

yet

SentiWordN&

Polarity Score Vector

Microstate Sequence

sadly

2

there

IS

no

soft

cover

edition

Lookup /

pscore nscore (PSV) (MS)

0 0 Neutral (0) 0

0 0 Neutral (0) 0

0 0 Neutral (0) 0

0 0 Neutral (0) 0
0.75 0 Positive (0.75) 1
0 0 Neutral (0) 0

0 0 Neutral (0) 0
0.375 0 Positive (0.375) 1
0.375 0 Positive (0.375) | Microstate 1

Mapping

0 0.125 | Negative (0.125) -1
0.25 0.5 Negative (0.25) -1
0 0 Neutral (0) 0

0 0 Neutral (0) 0

0 0.75 Negative (0.75) -1

0 0 Neutral (0) 0

0 0 Neutral (0) 0

0 0 Neutral (0) 0

Probability
Distribution
(P)

Probability
Mapping

P(“1")=3/17
P(“-1")=3/17
P(“0”)=11/17

Source: Zhang, Z., Li, X., and Chen, Y. (2012), "Deciphering word-of-mouth in social media: Text-based metrics of consumer reviews,"

ACM Trans. Manage. Inf. Syst. (3:1) 2012, pp 1-23.,




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 in an
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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ke

The car is very old but it is rather not expensive.

The car is very old but it is rather not expensive.

The car is very old but it is rather not expensive.

SenticNet E
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Polarity Detection with SenticNet
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The car is very old but it is rather not expensive.
The car is very old but it Iis rather not expensive.
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Polarity Detection with SenticNet

expensnve . }




the is
T /'y
car p— old
\ 4
very
rather not

AN

/

it

<«— expensive |<

Polarity Detection with SenticNet

Ly

but

'

IS

99



Polarity Detection with SenticNet
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Evaluation of
Text Mining and Sentiment Analysis

* Evaluation of Information Retrieval

* Evaluation of Classification Model (Prediction)
— Accuracy
— Precision

— Recall

— F-score
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Recursive Deep Models for Semantic Compositionality
Over a Sentiment Treebank

Recursive Deep Models for Semantic Compositionality
Over a Sentiment Treebank

Richard Socher, Alex Perelygin, Jean Y. Wu, Jason Chuang,
Christopher D. Manning, Andrew Y. Ng and Christopher Potts
Stanford University, Stanford, CA 94305, USA
richard@socher.org, {aperelyg, jcchuang, ang}@cs.stanford.edu
{jeaneis,manning,cgpotts}@stanford.edu

Abstract

Semantic word spaces have been very use-
ful but cannot express the meaning of longer
phrases in a principled way. Further progress
towards understanding compositionality in
tasks such as sentiment detection requires
richer supervised training and evaluation re-
sources and more powerful models of com-
position. To remedy this, we introduce a
Sentiment Treebank. It includes fine grained
sentiment labels for 215,154 phrases in the
parse trees of 11,855 sentences and presents
new challenges for sentiment composition-

cleverness ° other kind intelligent humor

Figure 1: Example of the Recursive Neural Tensor Net-
work accurately predicting 5 sentiment classes, very neg-

ality. To address them, we introduce the ative to very posmve.(— -0+, * +), at every node of'a
Recursive Neural Tensor Network. When parse tree and capturing the negation and its scope in this
) sentence.

trained on the new treebank, this model out-
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Recursive Neural Tensor Network (RNTN)
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Recursive Neural Network (RNN)
models for sentiment

Gco P2 = g(a,pi1)

not very good...
a b C



Recursive Neural Tensor Network
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Roger Dodger is one of the most
compelling variations on this
theme.

Roger Dodger is one of the least
compelling variations on this
theme.



RNTN for Sentiment Analysis

+ +
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variations OO
(o) S this theme

most compelling
Roger Dodger is one of the most compelling variations on this theme.

109



RNTN for Sentiment Analysis
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Roger Dodger is one of the least compelling variations on this theme.
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Accuracy for fine grained (5-class)
and binary predictions
at the sentence level (root) and for all nodes

Model Fine-grained Positive/Negative
All Root All Root
NB 67.2 41.0 82.6 81.8
SVM 64.3 40.7 84.6 79.4
BiNB 71.0 41.9 82.7 83.1
VecAvg 73.3 32.7 85.1 80.1
RNN 79.0 43.2 86.1 82.4
MV-RNN 18.7 444 86.8 82.9
RNTN 80.7 45.7 87.6 85.4
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Accuracy of negation detection

Model Accuracy
Negated Positive  Negated Negative
biNB 19.0 27.3
RNN 33.3 45.5
MV-RNN 52.4 54.6

RNTN 71.4 31.8
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Long Short-Term Memory (LSTM)

N/ Nty
Input Gate @
N\
Ti— [ » hy
2
that movie was reat <\s>
\ f f '} L
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113



Deep Learning

for Sentiment Analysis

CNN RNTN LSTM

Model

Fine (5-class) Binary

DCNN (Blunsom, et al. 2014) 0.485 0.868
RNTN (Socher, et al. 2013) 0.457 0.854
CNN-non-static (Kim, 2014) 0.480 0.872
CNN-multi-channel (Kim, 2014) 0.474 0.881
DRNN w. pretrained word-embeddings (Irsoy and Cardie, 2014) 0.498 0.866
Paragraph Vector (Le and Mikolov. 2014) 0.487 0.878
Dependency Tree-LSTM (Tai, et al, 2015) 0.484 0.857
Constituency Tree-LSTM (Tai, et al, 2015) 0.439 0.820
Constituency Tree-LSTM (Glove vectors) (Tai, et al, 2015) 0.510 0.880
Paragraph Vector 0.391 0.798
LSTM 0.456 0.843
Deep Recursive-NN 0.469 0.847
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Performance Comparison of
Sentiment Analysis Methods

Method Data Set | Acc. Author
Machine | SVM Movie 86.40% | Pang.
Leaming reviews Lee[23]
CoTraining | Twitter | 82.52% | Liu[14]
SVM
Stanford
Deep Sentimen | 80.70% | Richard[18]
learning t
Treebank
Lexical Product Turkey
based Corpus feViews 74.00%
Amazon™ | --- Taboada[20]
Dictionary | s
Mechani
cal Turk
Ensemble Amazon | 81.00% | Wan.X[16]
Cross-
ngual e | Amazon, | 81.30% | Wan. X [16]
ITI68
IMDb >90% Abbast.A.
EWGA movie
review
CLMM MPQAN | 83.02% | Mengi
TCIR.ISI
Active Book, 80% L1 S
Cross- Leaming DVD. (avg)
domain Electroni Bollegala[22
Thesaurus s, ]
SFA Kitchen Pan S J[15]
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Datasets of Opinion Mining

Blog06
— 25GB TREC test collection

— http://ir.dcs.gla.ac.uk/test collections/access to data.html

Cornell movie-review datasets

— http://www.cs.cornell.edu/people/pabo/movie-review-data/

Customer review datasets
— http://www.cs.uic.edu/~liub/FBS/CustomerReviewData.zip

Multiple-aspect restaurant reviews
— http://people.csail.mit.edu/bsnyder/naacl07

NTCIR multilingual corpus
— NTCIR Multilingual Opinion-Analysis Task (MOAT)
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Lexical Resources of Opinion Mining

* SentiWordnet
— http://sentiwordnet.isti.cnr.it/

* General Inquirer

— http://www.wjh.harvard.edu/~inquirer/

* OpinionFinder’s Subjectivity Lexicon
— http://www.cs.pitt.edu/mpga/
 NTU Sentiment Dictionary (NTUSD)
— http://nlgl8.csie.ntu.edu.tw:8080/opinion/
* Hownet Sentiment
http://www.keenage.com/html/c_bulletin_2007.htm
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Sentiment Analysis Dictionary

NTUSD: SD\NTUSD.rar

HOWNET: SD\HOWNET.rar

SentiWordNet: SD\SentiWordNet3.rar

TYCCL Antonym Negation: SD\TYCCL\TYCCL.rar
DLUTSD : SD\DLUTSD.zip

IMTKU iCosmeSD: SD\iCosmeSD2014.rar
IMTKU iMFinanceSD: SD\iMFinanceSD.zip
IMTKU Antonym: SD\IMTKUAntonym.txt
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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 in an
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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Fake Review
Opinion Spam
Detection




Opinion Spam Detection

* Opinion Spam Detection: Detecting Fake
Reviews and Reviewers
— Spam Review
— Fake Review
— Bogus Review
— Deceptive review
— Opinion Spammer
— Review Spammer
— Fake Reviewer
— Shill (Stooge or Plant)

http://www.cs.uic.edu/~liub/FBS/fake-reviews.html 127




Opinion Spamming
* Opinion Spamming
— "illegal" activities
e e.g., writing fake reviews, also called shilling

— try to mislead readers or automated opinion mining
and sentiment analysis systems by giving
undeserving positive opinions to some target entities
in order to promote the entities and/or by giving
false negative opinions to some other entities in
order to damage their reputations.

http://www.cs.uic.edu/~liub/FBS/fake-reviews.html 128




Forms of Opinion spam

fake reviews (also called bogus reviews)
fake comments
fake blogs

fake social network postings
deceptions
deceptive messages

http://www.cs.uic.edu/~liub/FBS/fake-reviews.html
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Fake Review Detection

e Methods

— supervised learning
— pattern discovery
— graph-based methods
— relational modeling
* Signhals
— Review content
— Reviewer abnormal behaviors
— Product related features

— Relationships

http://www.cs.uic.edu/~liub/FBS/fake-reviews.html 130




Professional Fake Review Writing Services
(some Reputation Management companies)

Post positive reviews
Sponsored reviews
Pay per post

Need someone to write positive reviews about our
company (budget: $250-S750 USD)

Fake review writer

Product review writer for hire

Hire a content writer

Fake Amazon book reviews (hiring book reviewers)
People are just having fun (not serious)

http://www.cs.uic.edu/~liub/FBS/fake-reviews.html 131
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Deceptive Review Spam Detection
Techniques
e Supervised learning techniques

— |abeled data
* Unsupervised learning techniques

— unlabeled data

* Semi-supervised learning techniques

— minimum labeled data
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Comparison of deceptive review spam detection

techniques based on labeled data
Authos  |Keyconcept |Featwres  [leamer |Result

Jindal and Liu (2008)

Text duplication

Lai et al. (2010) Text similarity
Algur et al. (2010) Product feature
similarity

Ott et al. (2011) Content similarity

Ott et al. (2013) Content review(Taking

negative reviews only)

Mukherjee et al Content similarity
(2013)

S EEERS I Pl EE S Stylometric
Long et al. (2014) Ontology
Rout et al. (2017) Content similarity
Rout et al. (2017) and sentiment

Rout et al. (2017) polarity

Review, reviewer and
product centric

Review text

Product features

LIWC + Bigram

n-gram

Behavioral+ Bigrams

Lexical and syntactical

Ontological features
Sentiment Score,
Lingustic features

and unigram

Logistic regression

SVM

Cosine similarity

SVM

SVM

SVM

SVM

Conditional filtering
SVM
Naive Bayes

Decision Tree

78 %(accuracy)

81 %(precision)

43.6 %(precision)

89.6(accuracy)

86 %(accuracy)

86.1 %(accuracy)

84 %(F-score)

75 %(precision)
88.71 %(accuracy)
91.9 %(accuracy)

92.11 %(accuracy)
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Comparison of deceptive review spam detection
techniques based on unlabeled data

Wu et al. (2010)

Raymond et al.
(2011)

Mukherjee et al.
(2013)

Akoglu et al. (2013)

Rout et al. (2017)

Distortion used to
separate out true
positives from false
positives.

Semantic content
overlapping among
reviews

Difference in
behavioral
distributions of
spammers and non-
spammers

Network effect among
reviewer and products

Difference in
behavioral patterns of
reviews

Irish tripAdvisor
Data

Amazon review
dataset

Amazon review
dataset

Software
marketplace
(SWM) dataset

Amazon cell phone

reviews dataset

Proportion of positive
singletons (PPS) and
concentration of
positive singletons(CPS)

cosine similarity
measure

Author features, Review
features

Honesty and goodness
of products, Review
scores

Review data, Reviewer
data and product
information

Clustering

Clustering

Unsupervised
clustering in
bayesian setting

Graph clustering
(Cross-
Association
Clustering)

Clustering
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Comparison of deceptive review spam detection
techniques based on minimum labeled data

Li et al. (2011)

Fusilier et al.
(2013)

Ren et al. (2014)

Review spammer
consistently writes
spam

Learning from
positive example
and set of
unlabeled data

Based on some
truthful reviews
and a lot of
unlabeled reviews
to build an accurate
classifier

Product
reviews
obtained from
Epinions

Ott’s hotel
review dataset

Ott’s hotel
review dataset

Co-training
algorithm

PU-learning

Mixing
population and
individual
property PU
learning(MPIPUL)

Review related 0.631 (F-Score)
features

(Content,

sentiment,

product, data

features) and

reviewer related

features (Profile

and Behavioral

Features)

n-gram 0.84 (F-score)

Similarity weights 83.91 %
(Accuracy)
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