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What makes a data scientist?

The big data phenomenon trained a bright spotight on those who perform deep information analysis
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Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications
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Architecture of Big Data Analytics

. Big Data
Big Data Big Data Big Data Analytics
Sources Transformation Platforms & Tools Applications
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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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Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection
Discovery of relationships
among heterogeneous data
Large-scale visualization

* Parallel distrusted processing
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Architecture for
Social Big Data Mining
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Analysts

* Model Construction
* Explanation by Model

Construction and
confirmation

of individual
hypothesis
Description and
execution of
application-specific
task
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The Evolution of Bl Capabilities

Querying and ETL
reporting
Data
Metadzia ’ warehouse
EIS /ESS DSS
Financial Data marts Spreadsheets
reporting (MS Excel)
Digital cockpits
and dashboards —> ot
Business {,
Scorecards and / Intelligence
dashboards
Workflow 4
Alerts and
notifications
Data & text Portals
mining Predictive Broadcasting

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems
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Business Intelligence (BI) Infrastructure

Extract, transform,
load

Casual users
* Queries
* Reports

e Dashboards

Web Dat

/ Power users

* Queries
* Reports

e Data mining :

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 14



Social Media
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Internet Evolution
Internet of People (loP): Social Media
Internet of Things (1oT): Machine to Machine

. Internet of Internet of Internet of Internet of
“Human to human” é “WWw” é “Web 2.0" é “Social media” b “Machine to machine”

» Fixed and mobile « e-mail « e-productivity « Skype « |dentification, tracking,
telephony « Information - e-commerce « Facebook monitoring, metering, ...
« SMS « Entertainment .. « YouTube « Automation, actuation,
... . payment, ...
+smart +smart +smart +smart +smart
networks IT platforms phones and devices, Data and
and services applications objects, data ambient context

Source: Marc Jadoul (2015), The loT: The next step in internet evolution, March 11, 2015
http://www2.alcatel-lucent.com/techzine/iot-internet-of-things-next-step-evolution/ 16




Emotions

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 17




Maslow’s Hierarchy of Needs

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

S ~_
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. ...”

22



Example of Opinion:
review segment on iPhone

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

(2) It was such a nice phone.

o0 ) +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
P Opinion

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 23




Text Mining
Technologies




Steven Struhl (2015),
Practical Text Analytics:
Interpreting Text and Unstructured Data for Business Intelligence
(Marketing Science), Kogan Page

PRACTICAL
TEXT ANALYTICS

http://www.amazon.com/Practical-Text-Analytics-Interpreting-Unstructured/dp/0749474017
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Text Mining Concepts

85-90 percent of all corporate data is in some kind of
unstructured form (e.g., text)

Unstructured corporate data is doubling in size every
18 months

Tapping into these information sources is not an
option, but a need to stay competitive

Answer: text mining

— A semi-automated process of extracting knowledge from
unstructured data sources

— a.k.a. text data mining or knowledge discovery in textual
databases

26



Text mining

Text Data Mining

Intelligent Text Analysis

Knowledge-Discovery in Text (KDT)




Text Mining:
the process of extracting
interesting and non-trivial

information and knowledge
from unstructured text.



Text Mining:
discovery by computer of
new, previously
unknown information,
by automatically

extracting information
from different written resources.



Text Mining
(TM)

Natural Language Processing
(NLP)



An example of Text Mining

Knowledge

4 N
Analyze Text —

~ \_/
Information Q

Management

EXtraCtion Information

\ Y, System

Classification S—

Summarization

f Retri b
etrieve .
nd Clustering
N "~/
preprocess
\document ‘J

.
Document Q

Collection

/
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Overview of
Information Extraction based
Text Mining Framework

Text Data Mining

l
Information
Extraction

-

N
I

|
—{Data Mmmg}v‘

DB
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Text Mining Technologies

Statistics

Machine
Learning

Database
Systems

Natural
Language
Processing

\ 4

Text Mining

\/

Information
Retrieval

A

Pattern
Recognition

Visualization

/
\

Applications

Algorithms

High-
performance
Computing

Adapted from: Jiawei Han and Micheline Kamber (2011), Data Mining: Concepts and Techniques, Third Edition, Elsevier
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Data Mining versus Text Mining

Both seek for novel and useful patterns
Both are semi-automated processes

Difference is the nature of the data:
— Structured versus unstructured data
— Structured data: in databases

— Unstructured data: Word documents, PDF files, text
excerpts, XML files, and so on

Text mining — first, impose structure to the
data, then mine the structured data

34



Data Mining.

Core Analytics Process

The KDD Process for
Extracting Useful Knowledge
from Volumes of Data



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

Knowiedge Discovery in Databases creates the context for

developing the tools needed to control the flood of data facing

As WE MARCH INTO THE AGE
of digial information, the
problem of dac overkad
looms ominously ahead.
Our ability 0 amlyze and Greg
undersand massive
dacsers lags far behind
our abiliey o gather and
moce the daa A new gen-
enruion of compucional wechniques
and 1ools is required 1o support the
exiraction of useful knowledge from
the rapidly growing volumes of da.
These wechniques and wols are the
subject of the emerging field of knowl-
edge discovery in daabases (KDD) and
dawa mining,

large dambases of digial informa-
ton are ubiquitous. Daz from the
neighborhood store’s checkout regis-
ter, your bank's credic card authoniz-
ton device, records in your docilor's
affice, pazerns in your welephone calls,

organizations that depend on ever-growing databases of business,

manufacturing, scentific, and personal information.

The KDD Process
for Extracting Useful
Knowledge from
Volumes of Data

and many more applications generaie
sreams of digicl records archived in
huge dambases, somedmes in socalled
dac warchouses.

Current hardware and daabase wch-
nology allow efficient and inexpensive
relizble daa sworge and access. Howev-
er, whedher the conwext is busines,
medidne, sdence, or government, the
dacises themselves (in raw form) are of
lide direct value. Whae is of value is the
knowledge that can be inferred froe
the dam and put w use. For example,
the marketing cacihase of 2 consumer

COMMSICE TIOE O THE ACH Nombe (Al 3 e 1 RT

TE AT WEE R
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Data Mining

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

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

Target Preprocessed | Transformed Patterns Knowledge
Data Data Data

Source: Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996). The KDD Process for Extracting Useful Knowledge from Volumes of
Data. Communications of the ACM, 39(11), 27-34. 37



Data Mining Processing Pipeline
(Charu Aggarwal, 2015)

Data
Collection

Data Preprocessing

pr
Feature Sl
. and
Extraction .
Integration

Analytical Processing

Building

Building
Block 2

Output
—» for

Analyst

Block 1

Source: Charu Aggarwal (2015), Data Mining: The Textbook Hardcover, Springer



Text Mining Process

Context diagram for the
text mining process

Unstructured data (text)

Software/hardware limitations
Privacy issues
Linguistic limitations

v vV Vv

Structured data (databases)

Extract Context-specific knowledgg’
knowledge
from available
data sources

A0

Tools and techniques
|

39



Text Mining Process

Task 1

L

(Establish the Corpus:w
Collect & Organize the

Domain Specific

Unstructured Data

Task 2

——

The inputs to the process
includes a variety of relevant
unstructured (and semi-
structured) data sources such
as text, XML, HTML, etc.

! Create the Term- )
Document Matrix:
Introduce Structure

to the Corpus

Task 3

4 )
Extract Knowledge:
Discover Novel
Patterns from the
T-D Matrix

Feedback J

.

The output of the Task 1 is a
collection of documents in
some digitized format for
computer processing

Feedback J

T
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

{ ,,,,,,,

The output of the Task 2 is a
flat file called term-document
matrix where the cells are
populated with the term
frequencies

The three-step text mining process

The output of Task 3 is a
number of problem specific
classification, association,
clustering models and
visualizations

40



Text Mining Process

* Step 1: Establish the corpus

— Collect all relevant unstructured data
(e.g., textual documents, XML files, emails, Web
pages, short notes, voice recordings...)

— Digitize, standardize the collection
(e.g., all in ASCII text files)

— Place the collection in a common place
(e.g., in a flat file, or in a directory as separate files)

41



Text Mining Process

* Step 2: Create the Term—by—Document Matrix

X
Terms G‘(\e(\ : e(\(\g
2 \
A\ ‘090’09 0
6\((\ . GO\ “\‘4‘3‘ G\OQ Q
Documents e OO <O 8@ SN

Document 1 1 1

Document 2 1

Document 3 3 1
Document 4 1

Document 5 2 1

Document 6 1 1

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems
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Text Mining Process

* Step 2: Create the Term—by—Document Matrix
(TDM), cont.

— Should all terms be included?
* Stop words, include words
* Synonyms, homonyms
* Stemming
— What is the best representation of the indices
(values in cells)?
* Row counts; binary frequencies; log frequencies;
* Inverse document frequency

43



Text Mining Process

* Step 2: Create the Term—by—Document
Matrix (TDM), cont.

— TDM is a sparse matrix. How can we reduce the
dimensionality of the TDM?
* Manual - a domain expert goes through it

* Eliminate terms with very few occurrences in very few
documents (?)

* Transform the matrix using singular value
decomposition (SVD)

e SVD is similar to principle component analysis

44



Text Mining Process

* Step 3: Extract patterns/knowledge
— Classification (text categorization)
— Clustering (natural groupings of text)

* Improve search recall

* Improve search precision
 Scatter/gather

* Query-specific clustering

— Association
— Trend Analysis (...)

45



Web Mining

 Web mining (or Web data mining) is the process
of discovering intrinsic relationships from Web

data (textual, linkage, or usage)

[ Web Mining ]

(

.

Web Content Mining
Source: unstructured
textual content of the
Web pages (usually in
HTML format)

J

TN

(Web Structure Mining\
Source: the unified
resource locator (URL)
links contained in the

Web pages

.

Web Usage Mining A

Source: the detailed
description of a Web
site’s visits (sequence
of clicks by sessions)

J
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Text Mining Concepts

* Benefits of text mining are obvious especially in
text-rich data environments

— e.g., law (court orders), academic research (research
articles), finance (quarterly reports), medicine (discharge
summaries), biology (molecular interactions), technology
(patent files), marketing (customer comments), etc.

e Electronic communization records (e.g., Email)
— Spam filtering
— Email prioritization and categorization
— Automatic response generation

47



Text Mining Application Area

Information extraction
Topic tracking
Summarization
Categorization
Clustering

Concept linking

Question answering

48



Text Mining Terminology

Unstructured or semistructured data
Corpus (and corpora)

Terms

Concepts

Stemming

Stop words (and include words)
Synonyms (and polysemes)
Tokenizing

49



Text Mining Terminology

Term dictionary

Word frequency
Part-of-speech tagging (POS)
Morphology

Term-by-document matrix (TDM)
— Occurrence matrix

Singular Value Decomposition (SVD)
— Latent Semantic Indexing (LSI)

50



Natural Language Processing (NLP)

e Structuring a collection of text
— Old approach: bag-of-words
— New approach: natural language processing

* NLPis...

— a very important concept in text mining

— a subfield of artificial intelligence and computational
linguistics

— the studies of "understanding" the natural human
language

* Syntax versus semantics based text mining

51



Natural Language Processing (NLP)

* What is “Understanding” ?
— Human understands, what about computers?
— Natural language is vague, context driven

— True understanding requires extensive knowledge of a
topic

— Can/will computers ever understand natural language
the same/accurate way we do?

52



Natural Language Processing (NLP)

* Challengesin NLP
— Part-of-speech tagging
— Text segmentation
— Word sense disambiguation
— Syntax ambiguity
— Imperfect or irregular input
— Speech acts

 Dream of Al community

— to have algorithms that are capable of automatically
reading and obtaining knowledge from text

53



Natural Language Processing (NLP)

e WordNet

— A laboriously hand-coded database of English words,

their definitions, sets of synonyms, and various semantic
relations between synonym sets

— A major resource for NLP
— Need automation to be completed

* Sentiment Analysis

— A technique used to detect favorable and unfavorable
opinions toward specific products and services

— CRM application

54



NLP Task Categories

Information retrieval (IR)
Information extraction (IE)
Named-entity recognition (NER)
Question answering (QA)

Automatic summarization

Natural language generation and understanding (NLU)
Machine translation (ML)

Foreign language reading and writing
Speech recognition

Text proofing

Optical character recognition (OCR)

55
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The Stanford Natural Language Processing Group

home - people - teaching - research - publications - software - events - local

The Stanford NLP Group makes parts of our Natural Language Processing software
available to everyone. These are statistical NLP toolkits for various major
computational linguistics problems. They can be incorporated into applications with
human language technology needs.

All the software we distribute here is written in Java. All recent distributions require
Oracle Java 6+ or OpenJDK 7+. Distribution packages include components for
command-line invocation, jar files, a Java API, and source code. A number of helpful
people have extended our work with bindings or translations for other languages. As a
result, much of this software can also easily be used from Python (or Jython), Ruby,
Perl, Javascript, and F# or other .NET languages.

Supported software distributions | Sta n fo rd N L P

This code is being developed, and we try to answer questions and fix bugs on a best
effort basis.

All these software distributions are open source, licensed under the GNU General S Oftwa re

Public License (v2 or later). Note that this is the full GPL, which allows many free
uses, but does not allow its incorporation into any type of distributed proprietary
software, even in part or in translation. Commercial licensing is also available;
please contact us if you are interested.

Stanford CoreNLP
An integrated suite of natural language processing tools for English and
(mainland) Chinese in Java, including tokenization, part-of-speech
tagging, named entity recognition, parsing, and coreference. See also:
Stanford Deterministic Coreference Resolution, and the online CoreNLP
demo, and the CoreNLP FAQ.

Stanford Parser
Implementations of probabilistic natural language parsers in Java: highly
optimized PCFG and dependency parsers, a lexicalized PCFG parser,
and a deep learning reranker. See also: Online parser demo, the
Stanford Dependencies page, and Parser FAQ.

Stanford POS Tagger

A maximum-entropy (CMM) part-of-speech (POS) tagger for English, 61



Stanford CoreNLP http://nlp.stanford.edu:8080/corenlp/process
Stanford CoreNLP

-

QOutput format: | Visualise :

Please enter your text here:

Stanford University is located in California. It is a great university.

| Submit | | Clear |

Part-of-Speech:

Ve W N g
1 Stanford University is located in California.
BHf2@ U @8 0§

2 It is a greatuniversity:.‘

Named Entity Recognition:

1 Stanford University is located in California.
] 2 Itis a great university.

Coreference:

- f- . - f- o
Core @, Core ‘




Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Part-of-Speech:

NNP  NNP  VBZ
1| Stanford Unlver5|ty is located in California.

PRP Bz[m 1] NN
ol It is a great unlverSIty

J  [IN]  [NNPJ (]

s
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http://nlp.stanford.edu:8080/corenlp/process

It is a great university.

Stanford University is located in California.

Named Entity Recognition:

[Organization

2| Itis a great university .

Location

1| Stanford University is located in California .
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Stanford University is located in California.
It is a great university.

Coreference:

----------------------------------------------

1| Stanford Universit';lh is located in California.

- - -Coref-. @, --Coref-. ‘

It IS éggreat university—..

05



Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Basic dependencies:

PRP

nsubj

@‘—nnNNNP Bz"°°p JJ/pmp"@/F’ODJ*: E]
1| Stanford Unlver5|ty is located in California.

nsubj
cop
det
leﬁTr/—_*amod NN [j

It

is a great university.

00
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Collapsed dependencies:

bj ~
\-/—nsu ja prep in

1 Stanfou;d University is located in Callfornla

nsubj
Emmrz uNNN O

2( It is a great university.

Collapsed CC-processed dependencies:

nsubj prep_in
me— e vz Ny N e

1| Stanford | University is located in California.

nsubj
(o(¢]
e
PRP| VBZ D jf-amod 0

2 It is a great unlvérS|ty

Visualisation provided using the brat visualisation/annotation software.

Copyright © 2011, Stanford University, All Rights Reserved.
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Stanford CoreNLP http://nlp.stanford.edu:8080/corenlp/process

Output format: | Pretty print + |

Please enter your text here:

Stanford University is located in California. It is a great university.

| Submit | | Clear |

Stanford CoreNLP XML Output

Document
| Document Info ]
| Sentences |
Sentence #1
Tokens
| Word || Lemma |[Char begin|[Char end)||POS|| NER |[Normalized NER|[Speaker|
[1 ][stanford |[stanford [0 8 |INNP|{ORGANIZATION|| |PERO |
[2 |[university|[university][9 |LE |INNP|{ORGANIZATION|| |PERO |
3lis e oo 22 |vezjjo I IPERO_ |
[4 ][located |[located |[23 30 W o I PERO |
[slin i 0 B3N o I PERO__|
[6 |[california|[California][34 |44 INNP|[LOCATION || PERO |
1 I a4 les o I PERO__|
Parse tree
(ROOT (S (NP (NNP Stanford) (NNP University)) (VP (VBZ is) (ADJP (J) located) (PP (IN in) (NP (NNP California))))) (. .)))




Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Sentence #1

Tokens

E Word Lemma ||Char begin||Char end||POS NER Normalized NER||Speaker
Z Stanford ||Stanford ||0 8 NNP|[ORGANIZATION PERO
Z University|(University||9 19 NNP||ORGANIZATION PERO

3 [is be 20 22 vBz|[o PERO
4 [[located |[located |[23 30 o PERO

5 |[in in 31 33 IN |[o PERO
E California||California||34 44 NNP||LOCATION PERO
] 44 45 . o PERO
Parse tree

(ROOT (S (NP (NNP Stanford) (NNP University)) (VP (VBZ is) (ADJP (J) located) (PP (IN in) (NP (NNP California))))) (. .)))
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Stanford University is located in California.
It is a great university.

Sentence #2

Tokens

Id| Word || Lemma ||Char begin|/[Char end||POS||NER||Normalized NER||Speaker
1 ||It it 46 48 PRP|(O PERO

2 ||is be 49 51 VBZ||O PERO

3 |a B 52 53 DT |[O PERO

4 ||great great 54 59 ) 0] PERO

5 ||university||university|(60 70 NN ||O PERO

6 |. 70 71 0 PERO
Parse tree

(ROOT (S (NP (PRP It)) (VP (VBZ is) (NP (DT a) (J) great) (NN university))) (. .)))

70
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http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Coreference resolution graph

Sentence|| Head Text Context
] 2 (gov)||Stanford University

2 1 It

2 5 a great university




Tokens

Id Word Lemma Char begin Char end POS NER Normalized NER Speaker
1 Stanford Stanford 0 8 NNP ORGANIZATION PERO

2 University  University 9 19 NNP ORGANIZATION PERO

3 is be 20 22 VBZ O PERO

4 located located 23 30 JJ O PERO

5 in in 31 33 IN O PERO

6 California  California 34 44 NNP LOCATION PERO

7 44 45 . O PERO

Parse tree

(ROOT (S (NP (NNP Stanford) (NNP University)) (VP (VBZ is) (ADJP (JJ located) (PP (IN in) (NP (NNP California))))) (. .)))
Uncollapsed dependencies

root (ROOT-0 , located-4 )

m (Unvrsiy 2, Sianord1 ) Stanford CoreNLP

cop ( located-4 , is-3)

prep ( located-4 , in-5 ) http://nlp.stanford.edu:8080/corenlp/process
pobj (in-5, California—.6 ) ) . . . . :
Collapsed dependencies Stanford University is located in California.
root ( ROOT-0, located-4 : . .

nc;IO( {Jniversity-Z(,)CSataenforci-1) It IS a great unlverSIty'

nsubj ( located-4 , University-2 )

cop ( located-4 , is-3)

prep_in ( located-4 , California-6 )
Collapsed dependencies with CC processed

root ( ROOT-0, located-4 )

nn ( University-2 , Stanford-1)
nsubj ( located-4 , University-2 )
cop ( located-4 , is-3)

prep_in ( located-4 , California-6 )

72
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Output format: | XML =

Please enter your text here:

Stanford University is located in California. It is a great university.

| Submit | | Clear |

<?xml version="1.0" encoding="UTF-8"7>
<?xml-stylesheet href="CoreNLP-to-HTML.xs|" type="text/xs|"?>
<root>
<document>
<sentences>
<sentence id="1">
<tokens>
<token id="1">
<word>Stanford </word>
<lemma>Stanford</lemma>
<CharacterOffsetBegin>0</CharacterOffsetBegin>
<CharacterOffsetEnd>8</CharacterOffsetEnd>
<POS>NNP</POS>
<NER>ORGANIZATION</NER>
<Speaker>PERO</Speaker>
</token>
<token id="2">
<word>University</word>
<lemma>University</lemma>
<CharacterOffsetBegin>9</CharacterOffsetBegin>
<CharacterOffsetEnd>19</CharacterOffsetEnd>
<POS>NNP</POS>
<NER>0ORCANIZATION</NER>
<Speaker>PERO</Speaker>
</token>
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http://money.cnn.com/2014/05/02/technology/gates-microsoft-stock-sale/index.html

[ money.cnn.com/2014/05/02/technology/gates-microsoft-stock-sale/index.html

2K

Bill Gates no longer Microsoft's
biggest shareholder

By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PMET

I3 Recommend (RIS QO SP3aE

Bill Gates sold nearly 8 million shares of Microsoft over the past two days.

: ! K 461 1K 74 25

For the first time in Microsoft's history, founder Bill Gates is no
longer its largest individual shareholder.

In the past two days, Gates has sold nearly 8 million shares of Microsoft (@ MSFT, Fortune

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past
two days.

NEW YORK (CNNMoney)

For the first time in Microsoft's history, founder Bill Gates is no
longer its largest individual shareholder.

In the past two days, Gates has sold nearly 8 million shares of
Microsoft (MSFT, Fortune 500), bringing down his total to roughly
330 million.

That puts him behind Microsoft's former CEO Steve Ballmer who
owns 333 million shares.

Related: Gates reclaims title of world's richest billionaire

Ballmer, who was Microsoft's CEO until earlier this year, was one
of Gates' first hires.

It's a passing of the torch for Gates who has always been the
largest single owner of his company's stock. Gates now spends
his time and personal fortune helping run the Bill & Melinda
Gates foundation.

The foundation has spent $28.3 billion fighting hunger and
poverty since its inception back in 1997.
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Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz % |

Output Format: | highlighted + |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALDMALALONLL LA IAIAA Y 4

| Submit | | Clear |

Bill Gates no longer [JIlageei's biggest shareholder By M. @CNNTech (21 73 EIIED: 5:46 PM ET Bill Gates sold nearly 8 million shares of [[lagerrel over
the past two days. [J[3Q [{8LLd (CNNMoney) For the first time in [[agerrei's history, founder (Il ®ETeR is no longer its largest individual shareholder. In the [Fry e fEue,
Gates has sold nearly 8 million shares of [[lagerel (0eal, Fortune 500), bringing down his total to roughly 330 million. That puts him behind [Jagaqeq's former CEO
I who owns 333 million shares. Related: Gates reclaims title of world's richest billionaire (Bl who was [Jlagerreq's CEO until 1T 1T 7T, was one of
Gates' first hires. It's a passing of the torch for Gates who has always been the largest single owner of his company's stock. Gates now spends his time and personal
fortune helping run the [ 2 [TAMEE #FIE foundation. The foundation has spent [FXJE] [IIIEN fighting hunger and poverty since its inception back in [EEE.

Potential tags:

TIME]
PERSON|
MONEY

Copyright © 2011, Stanford University, All Rights Reserved.
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http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz  + |

v

Qutput Format: | inlinexML % |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALDALAEONLL L RAIAIAA Y Vi

| Submit | | Clear |

Bill Gates no longer <ORGANIZATION>Microsoft</ORGANIZATION>'s biggest shareholder By <PERSON>Patrick M. Sheridan</PERSON> @CNNTech <DATE>May 2,
2014</DATE>: 5:46 PM ET Bill Gates sold nearly 8 million shares of <ORCANIZATION>Microsoft</ORGANIZATION> over the past two days. <LOCATION>NEW
YORK</LOCATION> (CNNMoney) For the first time in <ORGANIZATION>Microsoft</ORGANIZATION>'s history, founder <PERSON>BIll Gates</PERSON> is no longer its
largest individual shareholder. In the <DATE>past two days</DATE>, Gates has sold nearly 8 million shares of <ORGANIZATION>Microsoft</ORGANIZATION>
(<ORGANIZATION>MSFT </ORGANIZATION>, Fortune 500), bringing down his total to roughly 330 million. That puts him behind
<ORGANIZATION>Microsoft</ORGANIZATION>'s former CEO <PERSON>Steve Ballmer</PERSON> who owns 333 million shares. Related: Gates reclaims title of world's
richest billionaire <PERSON>Ballmer</PERSON>, who was <ORGANIZATION>Microsoft</ORCANIZATION>'s CEO until <DATE>earlier this year</DATE>, was one of
Gates' first hires. It's a passing of the torch for Gates who has always been the largest single owner of his company's stock. Gates now spends his time and personal

fortune helping run the <ORGANIZATION>BIll & Melinda Gates</ORGANIZATION> foundation. The foundation has spent <MONEY>$28.3 billion</MONEY> fighting
hunger and poverty since its inception back in <DATE>1997</DATE>.

Copyright ® 2011, Stanford University, All Rights Reserved.
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Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz + |

Output Format: | xml s |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALDALAONLL L RIAIAA A #

| Submit | | Clear |

<wi num="0" entity="0">Bill</wi> <wi num="1" entity="0">Gates</wi> <wi num="2" entity="0">no</wi> <wi num="3" entity="0">longer</wi> <wi num="4"
entity="ORGANIZATION">Microsoft</wi><wi num="5" entity="0">&apos;s</wi> <wi num="6" entity="0">biggest</wi> <wi num="7" entity="0">shareholder</wi> <wi
num="8" entity="0">By</wi> <wi num="9" entity="PERSON">Patrick</wi> <wi num="10" entity="PERSON">M.</wi> <wi num="11" entity="PERSON">Sheridan</wi> <wi
num="12" entity="0">@CNNTech</wi> <wi num="13" entity="DATE">May</wi> <wi num="14" entity="DATE">2 </wi><wi num="15" entity="DATE">,</wi> <wi
num="16" entity="DATE">201 4 </wi><wi num="17" entity="0">:</wi> <wi num="1 8" entity="0">5:46</wi> <wi num="19" entity="0">PM</wi> <wi num="20"
entity="0">ET</wi> <wi num="21" entity="0">Bill</wi> <wi num="22" entity="0">Gates</wi> <wi num="23" entity="0">sold</wi> <wi num="24"
entity="0">nearly</wi> <wi num="25" entity="0">8</wi> <wi num="26" entity="0">million</wi> <wi num="27" entity="0">shares</wi> <wi num="28"
entity="0">of</wi> <wi num="29" entity="ORCGANIZATION">Microsoft</wi> <wi num="30" entity="0">over</wi> <wi num="31" entity="0">the</wi> <wi num="32"
entity="0">past</wi> <wi num="33" entity="0">two</wi> <wi num="34" entity="0">days</wi><wi num="35" entity="0">.</wi> <wi num="0"
entity="LOCATION">NEW</wi> <wi num="1" entity="LOCATION">YORK</wi> <wi num="2" entity="0">-LRB-</wi><wi num="3" entity="0">CNNMoney</wi><wi num="4"
entity="0">-RRB-</wi> <wi num="5" entity="0">For</wi> <wi num="6" entity="0">the</wi> <wi num="7" entity="0">first</wi> <wi num="8" entity="0">time</wi> <wi
num="9" entity="0">in</wi> <wi num="10" entity="ORCANIZATION">Microsoft</wi><wi num="11" entity="0">&apo0s;s</wi> <wi num="12" entity="0">history</wi><wi
num="13" entity="0">,</wi> <wi num="14" entity="0">founder</wi> <wi num="15" entity="PERSON">Bill</wi> <wi num="16" entity="PERSON">Gates</wi> <wi
num="17" entity="0">is</wi> <wi num="1 8" entity="0">no</wi> <wi num="19" entity="0">longer</wi> <wi num="20" entity="0">its</wi> <wi num="21"
entity="0">largest</wi> <wi num="22" entity="0">individual</wi> <wi num="23" entity="0">shareholder</wi><wi num="24" entity="0">.</wi> <wi num="0"
ity="0">|n< > <wi ="1" ity="0"> < > <wi ="2" ity=" "> < > <wi ="3" ity=" "> < i> <wi ="4"
ﬁgﬁ&} _iggta I&Zéﬁl .,¢§1“9'«'n 5( Mp;“jyﬁg}& Jﬁl.fi}gﬁk{ﬁlé 56 f.»‘Zé aum 2" entity="DATE">past</wi> <wi num="3" entity="DATE">two</wi> <wi num

i ntm RN antite-"N""Maracr i 2wl niim "7 antite-"N"Vhacr i 2wl nimm < "] antire-"N"< enld ~ finis
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Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz % |

Output Format: | slashTags + |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALCALALONLL LA IAIAA Y Yz

| Submit | | Clear |

Bill/O Gates/0 no/O longer/0O Microsoft/ORCANIZATION's/O biggest/O shareholder/O By/O Patrick/PERSON M./PERSON Sheridan/PERSON @CNNTech/O May/DATE
2/DATE,/DATE 2014/DATE:/O 5:46/0 PM/O ET/O Bill/O Gates/O sold/O nearly/O 8/0 million/O shares/O of/O Microsoft/ORGANIZATION over/O the/O past/O two/0O
days/0./0 NEW/LOCATION YORK/LOCATION -LRB-/OCNNMoney/O-RRB-/0 For/O the/O first/O time/O in/O Microsoft/ORCANIZATION's/O history/0,/O founder/O
Bill/PERSON Gates/PERSON is/O no/O longer/0O its/O largest/O individual/O shareholder/0O./0 In/O the/O past/DATE two/DATE days/DATE,/O Gates/O has/O sold/O
nearly/O 8/0 million/O shares/O of/O Microsoft/ORGANIZATION -LRB-/OMSFT/ORGANIZATION, /O Fortune/O 500/0-RRB-/0,/0 bringing/0 down/O his/O total/O to/O
roughly/0O 330/0 million/0./0 That/O puts/O him/O behind/O Microsoft/ORGANIZATION's/O former/O CEOQ/O Steve/PERSON Ballmer/PERSON who/O owns/0O 333/0
million/O shares/0./0 Related/0:/0 Gates/O reclaims/O title/O of/O world/0's/O richest/O billionaire/O Ballmer/PERSON, /O who/O was/O
Microsoft/ORGANIZATION's /O CEO/O until/O earlier/DATE this/DATE year/DATE,/O was/0 one/O of/O Gates/0'/0 first/O hires/0./0 It/O's/0 a/0 passing/0 of/0O
the/0O torch/O for/O Gates/O who/O has/O always/O been/O the/O largest/O single/O owner/O of/O his/O company/0's/0 stock/0./0 Gates/O now/O spends/0O
his/0 time/0O and/O personal/O fortune/O helping/0 run/O the/O Bill/ORGANIZATION &/ORCANIZATION Melinda/ORGANIZATION Gates/ORGANIZATION

foundation/0./0 The/0 foundation/O has/O spent/O $/MONEY28.3/MONEY billion/MONEY fighting/O hunger/O and/O poverty/O since/O its/O inception/O back/0O
in/O 1997/DATE./O

Copyright ® 2011, Stanford University, All Rights Reserved.



Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.conll.4class.distsim.crf.ser.gz *

:

Output Format: | highlighted *

Preserve Spacing: | yes * |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

AOALALONLL LML Y Vi

| Submit | | Clear |

G & no longer [lageei's biggest shareholder By [ZXuas LA @CNNTech May 2, 2014: 5:46 PM ET [J][ #FX0R sold nearly 8 million shares of [J[lagerted over
the past two days. N34 1oL For the first time in [[ageqei's history, founder (Il [EIeE is no longer its largest individual shareholder. In the past two days,
IR has sold nearly 8 million shares of [[lagee (MSFT, Fortune 500), bringing down his total to roughly 330 million. That puts him behind [[ageqei's former CEO
Steve] who owns 333 million shares. Related: Gates reclaims title of world's richest billionaire [EI[Iigy, who was [Jlagerei's CEO until earlier this year, was one of
M' first hires. It's a passing of the torch for m who has always been the largest single owner of his company's stock. Gates now spends his time and personal
fortune helping run the Il P [EM%E &I foundation. The foundation has spent $28.3 billion fighting hunger and poverty since its inception back in 1997.

Potential tags:
LOCATION
ORGANIZATION
PERSON|
MISC

Copyright ® 2011, Stanford University, All Rights Reserved.
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Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.all.3class.distsim.crf.ser.gz $ |

v

Output Format: | highlighted * |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ADALAONLL LML A Wz

| Submit | | Clear |

G & no longer [lagei's biggest shareholder By M. @CNNTech May 2, 2014: 5:46 PM ET [J][ #FX0R sold nearly 8 million shares of [agertei over
the past two days. JJ37, [TeLL4 (CNNMoney) For the first time in [Jlageaeq's history, founder [ EXGE is no longer its largest individual shareholder. In the past two days,
TR has sold nearly 8 million shares of et (1.Sal, Fortune 500), bringing down his total to roughly 330 million. That puts him behind [{agei's former CEQ

who owns 333 million shares. Related: Gates reclaims title of world's richest billionaire [EIlia, who was [lateqei's CEO until earlier this year, was one of

Gates' first hires. It's a passing of the torch for Gates who has always been the largest single owner of his company's stock. m now spends his time and personal
fortune helping run the [ 2 [AMEE o foundation. The foundation has spent $28.3 billion fighting hunger and poverty since its inception back in 1997.

Potential tags:
LOCATION
ORGANIZATION
PERSON|

Copyright © 2011, Stanford University, All Rights Reserved.



Classifier: english.muc.7class.distsim.crf.ser.gz
Bill Gates no longer [Jlagaei's biggest shareholder By M TEY @CNNTech 5T A FDOED: 5:46

PM ET Bill Gates sold nearly 8 million shares of [[lagerteli over the past two days. JI3y, [®Ld (CNNMoney)
For the first time in [Jlagaaei's history, founder CI[[ #EXGE is no longer its largest individual shareholder. In
the [F1 715 FETZ, Gates has sold nearly 8 million shares of [lageae (A.aal, Fortune 500), bringing down
his total to roughly 330 million. That puts him behind [Jlagaei's former CEO Sy who owns 333
million shares. Related: Gates reclaims title of world's richest billionaire [EI[lnas, who was [lageei's CEO
until 2T 0 7FT, was one of Gates' first hires. It's a passing of the torch for Gates who has always been
the largest single owner of his company's stock. Gates now spends his time and personal fortune helping

run the ] @ (AMEE &I foundation. The foundation has spent FELJE] FIIIEN fighting hunger and poverty
since its inception back in

Potential tags:

TIME]
PERSON|

D

Classifier: english.all.3class.distsim.crf.ser.gz

H &R no longer [Iagerli's biggest shareholder By M. @CNNTech May 2, 2014: 5:46
PM ET [ #FX0E sold nearly 8 million shares of [[9gertei over the past two days. Jay, 11854 (CNNMoney)
For the first time in Jlageaei's history, founder [l EYeE is no longer its largest individual shareholder. In
the past two days, [l has sold nearly 8 million shares of [lagere (1aal, Fortune 500), bringing down
his total to roughly 330 million. That puts him behind [Jlageen's former CEQO who owns 333
million shares. Related: Gates reclaims title of world's richest billionaire [EIlinas, who was [[lagerei's CEO
until earlier this year, was one of Gates' first hires. It's a passing of the torch for Gates who has always been
the largest single owner of his company's stock. m now spends his time and personal fortune helping
run the ([ P [EAMRE #FIE foundation. The foundation has spent $28.3 billion fighting hunger and poverty
since its inception back in 1997.

#

Potential tags:
LOCATION
ORGANIZATION
PERSON|



Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process
Stanford NER Output Format: inlineXML

Bill Gates no longer <ORGANIZATION>Microsoft</ORGANIZATION>'s biggest
shareholder By <PERSON>Patrick M. Sheridan</PERSON> @CNNTech <DATE>May
2, 2014</DATE>: 5:46 PM ET Bill Gates sold nearly 8 million shares of
<ORGANIZATION>Microsoft</ORGANIZATION> over the past two days.
<LOCATION>NEW YORK</LOCATION> (CNNMoney) For the first time in
<ORGANIZATION>Microsoft</ORGANIZATION>'s history, founder <PERSON>BIill
Gates</PERSON> is no longer its largest individual shareholder. In the <DATE>past two
days</DATE>, Gates has sold nearly 8 million shares of <ORGANIZATION>Microsoft</
ORGANIZATION> (<ORGANIZATION>MSFT</ORGANIZATION>, Fortune 500),
bringing down his total to roughly 330 million. That puts him behind
<ORGANIZATION>Microsoft</ORGANIZATION>'s former CEO <PERSON>Steve
Ballmer</PERSON> who owns 333 million shares. Related: Gates reclaims title of
world's richest billionaire <PERSON>Ballmer</PERSON>, who was
<ORGANIZATION>Microsoft</ORGANIZATION>'s CEO until <DATE>earlier this year</
DATE>, was one of Gates' first hires. It's a passing of the torch for Gates who has
always been the largest single owner of his company's stock. Gates now spends his
time and personal fortune helping run the <ORGANIZATION>BIll & Melinda Gates</
ORGANIZATION> foundation. The foundation has spent <MONEY>$28.3 billion</
MONEY> fighting hunger and poverty since its inception back in <DATE>1997</DATE>.
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Stanford Named Entity Tagger (NER)

http://nip.stanford.edu:8080/ner/process
Stanford NER Output Format: slashTags

Bill/lO Gates/O no/O longer/O Microsoftt ORGANIZATION's/O biggest/O shareholder/O By/O Patrick/
PERSON M./PERSON Sheridan/PERSON @CNNTech/O May/DATE 2/DATE,/DATE 2014/DATE:/O
5:46/0 PM/O ET/O Bill/O Gates/O sold/O nearly/O 8/O million/O shares/O of/O Microsoft/
ORGANIZATION over/O the/O past/O two/O days/O./O NEW/LOCATION YORK/LOCATION -LRB-/
OCNNMoney/O-RRB-/O For/O the/O first/O time/O in/O Microsoft/tORGANIZATION's/O history/O,/O
founder/O BillPERSON Gates/PERSON is/O no/O longer/O its/O largest/O individual/O shareholder/
0./0 In/O the/O past/DATE two/DATE days/DATE,/O Gates/O has/O sold/O nearly/O 8/O million/O
shares/O of/O Microsoft/ ORGANIZATION -LRB-/OMSFT/ORGANIZATION,/O Fortune/O 500/0-RRB-/
O,/0 bringing/O down/O his/O total/O to/O roughly/O 330/0O million/O./O That/O puts/O him/O behind/
O Microsoftt ORGANIZATION's/O former/O CEO/O Steve/PERSON Ballmer/PERSON who/O owns/O
333/0 million/O shares/O./O Related/O:/O Gates/O reclaims/O title/O of/O world/O's/O richest/O
billionaire/O Ballmer/PERSON,/O who/O was/O Microsoftt ORGANIZATION's/O CEO/O until/O earlier/
DATE this/DATE year/DATE,/O was/O one/O of/O Gates/O'/O first/O hires/O./O 1t/O's/O a/O passing/O
of/O the/O torch/O for/O Gates/O who/O has/O always/O been/O the/O largest/O single/O owner/O of/
O his/O company/QO's/O stock/O./O Gates/O now/O spends/O his/O time/O and/O personal/O fortune/
O helping/O run/O the/O BillORGANIZATION & ORGANIZATION Melinda/ORGANIZATION Gates/
ORGANIZATION foundation/O./O The/O foundation/O has/O spent/O $/MONEY?28.3/MONEY billion/
MONEY fighting/O hunger/O and/O poverty/O since/O its/O inception/O back/O in/O 1997/DATE./O
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http://mail.tku.edu.tw/myday/resources/

BRIIKRBEFEESZR
(Department of Information Management, Tamkang University)

5?’%53& = féﬂiﬁiﬁnﬂ %Eﬂﬁﬁlﬁ

(Resources of Natural Language Processing and Information Retrieval)

1. P RAFEBFECKIPH X &R R if
IRIEE L h RS E/ME
IRIEERE R BIRBERMER,
= HHR:2011.03.31,

CKIP: http://ckipsvr.iis.sinica.edu.tw/

2. N REFZE Rt HEEEE 748 1 (The Academia Sinica Bilingual Wordnet)

b R B 2T M5 R EEEE 57148 1 (The Academia Sinica Bilingual Wordnet),

IRENIKREBEAEEHER | (Department of Information Management, Tamkang
University) 22T .,

*X*E 1_L EF'H&E}I:J'LBJE I:FIEE.FI-I-EHEII:I%%@

IZHESEE TR R EE5E48 1(The Academia Sinica Bilingual Wordnet) E
NIEEFIHE(1-10NER) FE&:NT$61,0003T,

{Z# A #1:2011.05.16,

Sinica BOW: http://bow.ling.sinica.edu.tw/
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R ARATRIRAFL TR

http://mail.tku.edu.tw/myday/resources/

3. MR bl E A & R (OpenASQA)
BREEAM PR EREFAHEARMEERREARKERE
RESEE RBRERNER,
=ZREHHEH:2011.05.05,
ASQA: http://asqa.iis.sinica.edu.tw/
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'o"Fg /%@;H'NFF%*ﬁN‘p?LF EI

http://mail.tku.edu.tw/myday/resources/

4. T REFERARTDHIT-CIR)FBS R TEE
e &R
T RKEFIERAE D OEZKTESE [HIT-CIR Chinese Dependency Treebank]
BT REFERAE P DRIZFFMIERIR [HIT-CIR Tongyici Cilin (Extended)]
B S RIERME
A (SplitSentence: Sentence Splitting)
ZE 2T (IRLAS: Lexical Analysis System)
E I SVMToolHIEE1144Z:F (PosTag: Part-of-speech Tagging)
i B2 Al (NER: Named Entity Recognition)
EnRseBEEILKkFRIES# (Parser: Dependency Parsing)
EMRBERIKRERE 594 (GParser: Graph-based DP)
£ EEEE (WSD: Word Sense Disambiguation)
EBEHRIZEEM (SRL: hallow Semantics Labeling)
;éf*-l-%t'ﬁ
B EBTEZEEE (LTML: Language Technology Markup Language)
RE{LIER
LTMLRZE{EXSL

BREEA IR ITKEFERHAEFLHIT-CIR)
RESEE . RERESMER,

2R HA:2011.05.03,

HIT IR: http://ir.hit.edu.cn/
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Bing Liu (2015),
Sentiment Analysis:
Mining Opinions, Sentiments, and Emotions,
Cambridge University Press

SENTIMENT
ANALYSIS

Mining Opmlons Sentlments and Emotions

n !; J
.;: “gf 5. @
S

i :
r @
“! t“zigl @

BING LIU

http://www.amazon.com/Sentiment-Analysis-Opinions-Sentiments-Emotions/dp/1107017890




Sentiment Analysis and
Opinion Mining
e 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,



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, 90



Example of Opinion:
review segment on iPhone

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

(2) It was such a nice phone.

o0 ) +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
P Opinion

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 91




Sentiment Analysis Architecture

Positive Negative Word
tweets tweets features

[ Features
L extractor

. g [ Features
| C'a“'ﬁef]‘ Lo e

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
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Sentiment Classification Based on Emoticons

[ Tweeter ]

[ Tweeter Streaming APl 1.1 ]
v

/ Tweet preprocessing \

[ Based on Positive Emotions ] [ Based on Negative Emotions ]

W N

Generate Training Dataset for Tweet

—

[ Positive tweets ] [Negative tweets]

—_—

* Training Dataset
v
>[ Classifier ]47 -
|
¥

Feature Extraction

~ | Positive Negative ~—~
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Lexicon-Based Model

|

Preassembled 1
Word Lists J

|

-

\.

Merged
Lexicon

~

J

|

Generic
Word Lists

W

|

J

e

\.

Tokenized
Document
Collection

'

~

~

Sentiment Scoring
and Classification:

Polarity

l

a

.

Sentiment
Polarity

N

J
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Sentiment Analysis Tasks

1 ObJect/Feature \
I
_________ /

Opinionated

Document

LCIassiﬁcationJ

/| extraction
~

Subjectivity

r

Sentiment

1

LCIassiﬁcationJ

Oplnlon holder |

. extraction
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Sentiment Analysis
VS.
Subjectivity Analysis

Sentiment Subjectivity
Analysis Analysis
Positive
Subjective
Negative

Neutral Objective

96



Levels of Sentiment Analysis

Sentiment Analysis

Word Sentence j Document Feature
level level level level
Sentiment g Sentiment @ Sentiment g Sentiment
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 97



Sentiment
Analysis

_—_—_—q

gl EII BN =N Il I I S - -

Sentiment Analy5|s

- ( R
— Subj.e.cUV{ty

) Classification ]
. Sen.tl.mer)t

] Classification ]

( . )

Review

—»  Usefulness

_ Measurement |
. Opinion spam

\ Detection )
. Lexmpn

\ Creation )
_, Aspecj,t

{ Extraction )

Application

Polarity
] Determination ]

Vagueness
resolution in
opinionated

. text

Multi- & Cross-
Lingual SC

Cross-domain

SC

Hybrid
. approaches
i
:: Ontology based
iT [ Non-Ontology
based

Approaches

‘Machine Learning
based

- Lexicon based
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Sentiment Classification Techniques

Sentiment
Analysis

>

-
Machine

Learning

\ Approach )

e D
Lexicon-

based

Supervised
Learning

Unsupervised
Learning

( . . )
Dictionary-
based

5 Approach )

>

_ Approach |

Corpus-based
Approach

( )
Decision Tree
Classifiers

Linear
~ Classifiers

" Rule-based
Classifiers

Probabilistic |

>

~ Classifiers

Statistical

Semantic

r Support Vector l
~ Machine (SVM)

: Neural Network1
(NN

L J

: Deep Learning l
(DL)

. J

~\

Naive Bayes
(NB)

B (

Bayesian
Network (BN)

B (

Maximum

Entropy (ME)
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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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Evaluation of
Text Mining and Sentiment Analysis

e Evaluation of Information Retrieval

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

— F-Score
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Business Insights
with
Social Analytics




Social Computing

*Social Network Analysis
*Link mining

* Community Detection
*Social Recommendation



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 105




Social Network Analysis

Source: http://www.fmsasg.com/SocialNetworkAnalysis/ 106




Social Network Analysis
(SNA) Tools

* NetworkX
* igraph

il » Gephi

Netwerks

* UCINet
* Pajek




Gephi

makes graphs handy

Gephi
The Open Graph Viz Platform
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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

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

B |5

m

http://www.youtube.com/watch?v=4goxmBEg2|w#!
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Clarabridge: Sentiment and Text Analytics Software
http://www.clarabridge.com/

] ==
/ ag Sentiment and Text Anal. » "-.\
€ > C A [ www.clarabridge.com T S EWM S B =

-~

Home  About Us News & Events  Blog  Login  Contact Us T

clarabridge >

WHY TEXT ANALYTICS PRODUCT SERVICES CUSTOMERS PARTNERS RESOURCES ABOUT US

The First Sentiment and Text Analytics Solution Built
Specifically for Business.

< The Clarabridge sentiment and text analytics software provides enterprises with a
universal view of their customers.

Lean more about how Clarabridge works >

..............

Clarabridge Text Analytics Choose Your Edition

Clarabridge for Enterprises .
_ Ideal for companies seeking an enterprise class Hypatia Research Group
= — text analvtics solution. presents on Social

http://www.youtube.com/watch?v=IDHudt8M9P0 110




http://www.radian6.com/

. C=ren
/ £» Social Media Monitoring \_}
& C M © www.radian6.com wa B M@ [

Countn 4 18886723426 AboutRadian6 Contact CUSTOMER LOGIN GO B

How We Help B8 What We Sell B3 SeeDemo B3 Free Resources B3 Training & Support E3

m

The Social Enterprise.

RessgEn
Get closer to your customer. - Chat & find
B Lo e B Contact You e
: | [ I : P
4 g :
Live Demo 4
b _ L | —

Sales The social web is a goldmine  Marketing Brands are now the sum Customer Service Take your Newsletter Sign up and
of untapped sales opportunities. of the conversations about them. customer service where your get the regular Radian6 Tube
Let us help you realize your potential. Learn We can help you hear what's being said. consumers are gathering. goods. e
more > Learn more > Respond to issues voiced on the social web. Enter email addres @ 8
Learn more >
e
w

Mashable named Radian6’s Co-founder Chris Ramsey one of five masterminds redefining social media

JUST ot the Skinn - -

http://www.youtube.com/watch?feature=player embedded&v=8i6Exqg3Urg0
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http://www.sas.com/software/customer-intelligence/social-media-analytics/

T — e

/ G Social Media Monitoring \D
€« C A  © www.sas.com/software/customer-intelligence/social-media-analytics/ wa@Manm Q

Log In Worldwide Sites¥ | ContactUs | 8. f[& Follow Us
( N THE
SaS POWER NEWS EVENTS CONSULTING CAREERS RESOURCE CENTER
\ > . | TOKNOW.
Providing software solutions since 1976 [ | SEARCH

Home Products & Solutions Customer Success Partners Company Support & Training

PRODUCTS & SOLUTIONS / SOCIAL MEDIA ANALYTICS

Products and Solutions . SAS® Social Media Analytics

: . . X Questions?
© Industries Integrate, archive, analyze and act on online conversations
© Small and Midsize Business Phon
[ Overview n' Benefits T Features T Demos & Screenshots T System Requirements ] = 2
© Nonprofit Organizations L
° Analytics :
° Business Analytics SAS Social Media Analytics is an enterprise-hosted, on- ’
- , i demand solution that integrates, archives, analyzes and €€ Th i i it'
© Business Intelligence N N ) . : e gl'eat th[ng about SAS is that it's .
Cust it ".g enables organizations to act on intelligence gleaned from | so powerful and has such a broad White Paper
° ustomerintefigence ¢ online conversations on professional and consumer- offering. b} ) Text Analvtics f
- Strategy & Planning ¢ generated media sites. It enables you to attribute online Sicial f:ggf: il
‘e Information & Analytics i conversations to specific parts of your business, allowing —Jonathan Prantner Tl
: . : : - : Manager of Statistics Evolving Tools for
ie Orchestration & Interaction : accelerated responses to marketplace shifts. : W Organic an Evolving Environment
. R : : I
ie Customer Experience i . . . :
° . i Based on your unique business challenges and enterprise :
- Customer Experience Analytics : Y 9 » Read full sto . Download Now
o p - i goals, SAS can provide a tailored implementation that's 3/ :
- Social Media Analytics i hosted and managed by SAS Solutions OnDemand. Z
- Web Analytics : :
© Financial Intelligence Benefits Product Demo SAS® Social Media Analytics
* Foundation Tools = Analyze conversation data. s Overview
N - N : Verview
= Frau & Fnanclel Crimos i * Identify advocates of, and threats to, corporate
® Governance, Risk & Compliance reputation and brand. RESOURCES ...
° High-Performance Analytics . Quantify interaction among traditional media/campaigns » Fact Sheet (PDF)
° Human Capital Intelligence and social media activity. s Solution Brief (PDF)
© Information Management i = Establish a platform for social CRM strategy. 5 White Papers

81T 9 ClNCnahlamant

ST VP S o
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http://www.tweetfeel.com

Ell What do tweeple think al

&« C Nt O www.tweetfeel.com/i
FAQ | Contact Us

Wroes | seacn

Try some Twitter trends:

40 41

Those are all the results available right now. Try again or try another term to see how people feel towards it.
Got questions?

#9A8 RT @jigglinjello: This 12 year old has an wif

)

5‘; So my 9 year old little sister has a Wif bruh?!
<
N\

r“ 1 This 12 year old has an
e, "

P So my sister has a android and i dont even have a phone and she gets a brand new

Yg is funny ass a bitch

& -Ohwell .. a new won't hurt , aha

oFollqw\u Brought to you by Tk Powered by
Read our FAQ Leqgal Stuff 100% Guarantee & Share | CONversition *




eLand

http://www.eland.com.tw/

CCCCC

«eLAND * MAEE ESREMEE. FHREH BRER  Q

B OpViewit B O & &
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OpView

http://www.opview.com.tw/
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http://www.i-buzz.com.tw/

Abounti-BUZZ | WREBA /Bt

W i-BUZZ
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L T B3 W3R W 3
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