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Outline

3

• Big	Data	Sentiment	Analysis	
• Social	Computing
• International	Research	
Collaboration	and	Mobility



Big	Data	
Sentiment	
Analysis
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Big	Data	
Analytics
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Big	Data	4	V

6Source: https://www-01.ibm.com/software/data/bigdata/



Value
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History	of	Data	Science

8Source: http://www.kdnuggets.com/2015/02/history-data-science-infographic.html



Big	Data	Technologies	are	Enabling	
a	New	Approach

9Source: http://www.doclens.com/119898/think-1-13-big-datas-impact-on-analytics/



Big	Data	
Analytics	

and
Data	Mining
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Stephan	Kudyba (2014),	
Big	Data,	Mining,	and	Analytics:	

Components	of	Strategic	Decision	Making,	Auerbach Publications

11Source: http://www.amazon.com/gp/product/1466568704



Architecture	of	Big	Data	Analytics

12Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Architecture	of	Big	Data	Analytics

13Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications

Data	
Mining

OLAP

Reports

QueriesHadoop
MapReduce

Pig
Hive
Jaql

Zookeeper
Hbase

Cassandra
Oozie
Avro

Mahout
Others

Middleware

Extract	
Transform	

Load

Data	
Warehouse

Traditional	
Format	

CSV,	Tables

*	Internal

*	External

*	Multiple	
formats

*	Multiple	
locations

*	Multiple	
applications

Big	Data	
Sources

Big	Data	
Transformation

Big	Data	
Platforms	&	Tools

Big	Data	
Analytics	

Applications

Big	Data	
Analytics	

Transformed	
Data

Raw	
Data

Data	Mining
Big	Data	
Analytics	

Applications



Social	Big	Data	Mining
(Hiroshi	Ishikawa,	2015)

14Source: http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X



Architecture	for	
Social	Big	Data	Mining

(Hiroshi	Ishikawa,	2015)
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Source:	Hiroshi	Ishikawa	(2015),	Social	Big	Data	Mining,	CRC	Press



Business	Intelligence	(BI)	Infrastructure

16Source:	Kenneth	C.	Laudon	&	Jane	P.	Laudon	(2014),	Management	Information	Systems:	Managing	the	Digital	Firm,	Thirteenth	Edition,	Pearson.	



LeCun,	Yann,	
Yoshua	Bengio,	

and	Geoffrey	Hinton.	

"Deep	learning."	
Nature	521,	no.	7553	(2015):	436-

444.
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18Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444.



Sebastian	Raschka	(2015),	
Python	Machine	Learning,	

Packt	Publishing

19Source: http://www.amazon.com/Python-Machine-Learning-Sebastian-Raschka/dp/1783555130



Sunila	Gollapudi	(2016),	

Practical	Machine	Learning,	
Packt	Publishing

20Source: http://www.amazon.com/Practical-Machine-Learning-Sunila-Gollapudi/dp/178439968X



Machine	Learning	Models

21

Deep	Learning
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Source: Sunila Gollapudi (2016),	Practical	Machine	Learning,	Packt Publishing
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Data	Scientist
資料科學家

Source: http://www.ibmbigdatahub.com/infographic/what-makes-data-scientist



Deep	Learning
Intelligence	from	Big	Data

23Source: https://www.vlab.org/events/deep-learning/



Big	Data

24Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Data	Scientist:
The	Sexiest	Job	

of	the	21st	Century
(Davenport	&	Patil,	2012)(HBR)

25Source: Davenport, T. H., & Patil, D. J. (2012). Data Scientist. Harvard business review



26Source: Davenport, T. H., & Patil, D. J. (2012). Data Scientist. Harvard business review
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Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Key	Roles	for	a	
Successful	Analytics	Project

28Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Key	Outputs	from	a	
Successful	Analytics	Project

29Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Data	Science	vs.	
Big	Data	vs.	Data	Analytics

30Source: https://www.simplilearn.com/data-science-vs-big-data-vs-data-analytics-article



31Source: https://www.simplilearn.com/data-science-vs-big-data-vs-data-analytics-article

Data	Science	vs.	Big	Data	vs.	Data	Analytics



What	are	they	used?

32Source: https://www.simplilearn.com/data-science-vs-big-data-vs-data-analytics-article



Data	Science
What	are	the	Skills	Required?

33Source: https://www.simplilearn.com/data-science-vs-big-data-vs-data-analytics-article



34Source: https://www.simplilearn.com/data-science-vs-big-data-vs-data-analytics-article



Internet	Evolution
Internet	of	People	(IoP):	Social	Media

Internet	of	Things	(IoT):	Machine	to	Machine

35
Source: Marc Jadoul (2015), The IoT: The next step in internet evolution, March 11, 2015 

http://www2.alcatel-lucent.com/techzine/iot-internet-of-things-next-step-evolution/



Social	Media

36Source: http://hungrywolfmarketing.com/2013/09/09/what-are-your-social-marketing-goals/



Emotions

37Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,
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Example	of	Opinion:
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	I	did	not	tell	
her	before	I	bought	it.	

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

38Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



“(1)	I	bought	an	iPhone a	few	days	ago.	
(2)	It	was	such	a	nice phone.
(3)	The	touch	screen	was	really	cool.	
(4)	The	voice	quality	was	clear too.
(5)	However,	my	mother	was	mad	with	me	as	I	did	not	
tell	her	before	I	bought	it.	

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

39Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,

+Positive 
Opinion

-Negative 
Opinion

Example	of	Opinion:
review	segment	on	iPhone



How	consumers	
think,	feel,	and	act

40Source:	Philip	Kotler &	Kevin	Lane	Keller,	Marketing	Management,	14th	ed.,	Pearson,	2012



Emotions

41Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,
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Maslow’s	Hierarchy	of	Needs

42Source:	Philip	Kotler &	Kevin	Lane	Keller,	Marketing	Management,	14th	ed.,	Pearson,	2012



Maslow’s	hierarchy	of	human	needs	
(Maslow,	1943)

43Source:	Backer	&	Saren	(2009),	Marketing	Theory:	A	Student	Text,	2nd Edition,	Sage



44Source: http://sixstoriesup.com/social-psyche-what-makes-us-go-social/

Maslow’s	Hierarchy	of	Needs



Social	Media	Hierarchy	of	Needs

45Source: http://2.bp.blogspot.com/_Rta1VZltiMk/TPavcanFtfI/AAAAAAAAACo/OBGnRL5arSU/s1600/social-media-heirarchy-of-needs1.jpg



46Source: http://www.pinterest.com/pin/18647785930903585/

Social	Media	Hierarchy	of	Needs



The	Social	Feedback	Cycle
Consumer	Behavior	on	Social	Media

47
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Form 

OpinionPurchase Talk

User-GeneratedMarketer-Generated

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



The	New	Customer	Influence	Path

48

Awareness Consideration Purchase

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



Architectures	
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Sentiment	
Analytics
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Bing	Liu	(2015),	
Sentiment	Analysis:	

Mining	Opinions,	Sentiments,	and	Emotions,	
Cambridge	University	Press

50http://www.amazon.com/Sentiment-Analysis-Opinions-Sentiments-Emotions/dp/1107017890



Sentiment	Analysis	Architecture	

51
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	

52
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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Lexicon-Based	Model

53
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	Analysis	Tasks

54
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	Analysis
vs.

Subjectivity	Analysis

55
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Levels	of	Sentiment	Analysis	

56
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

Sentiment	Analysis

Word	
level

Sentiment	
Analysis

Sentence
level

Sentiment	
Analysis

Document	
level

Sentiment	
Analysis

Feature	
level

Sentiment	
Analysis



Sentiment	Analysis

57
Source: Kumar Ravi and Vadlamani Ravi (2015), "A survey on opinion mining and sentiment analysis: tasks, approaches and applications." 

Knowledge-Based Systems, 89, pp.14-46.
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Sentiment	Classification	Techniques

58
Source: Jesus Serrano-Guerrero, Jose A. Olivas, Francisco P. Romero, and Enrique Herrera-Viedma (2015), 

"Sentiment analysis: A review and comparative analysis of web services," Information Sciences, 311, pp. 18-38.
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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

59Source: 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

60Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Sentiment	Analysis

• Sentiment
– A	thought,	view,	or	attitude,	especially	one	based	
mainly	on	emotion	instead	of	reason

• 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

61



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

62



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

63



Problem	statement	of	
Opinion	Mining

• Two	aspects	of	abstraction
– Opinion	definition

• What	is	an	opinion?
• What	is	the	structured	definition	of	opinion?

– Opinion	summarization
• 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.

64Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



What	is	an	opinion?
• Id:	Abc123 on	5-1-2008 “I 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	I	did	not	tell	her	
before	I	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

• Is	each	sentence	+	or	-?
– Entity	and	feature/aspect	level

65Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Entity	and	aspect/feature	level
• Id:	Abc123 on	5-1-2008 “I 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	I	did	not	tell	her	
before	I	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

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



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.”

67Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Subjective	and	Objective
• Objective

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

– “I	returned the	phone	yesterday.”
– Objective	sentences	can	implicitly	indicate	opinions

• “The	earphone broke in	two	days.”
• 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”
• è Subjective	analysis

68Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Sentiment	Analysis
vs.

Subjectivity	Analysis

69
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A	(regular)	opinion
• 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.

• Sentiment	orientation	of	an	opinion
– Positive,	negative,	or	neutral	(no	opinion)
– Also	called:

• Opinion	orientation
• Semantic	orientation
• Sentiment	polarity

70Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



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

71Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Opinion Definition
• An	opinion	is	a	quintuple
(ej,	ajk,	soijkl,	hi,	tl)
where
– ej is	a	target	entity.
– ajk is	an	aspect/feature	of	the	entity	ej .
– soijkl is	the	sentiment value	of	the	opinion from	the	
opinion	holder	on	feature	of	entity	at	time.
soijkl is	+ve,	-ve,	or	neu,	or	more	granular	ratings

– hi is	an	opinion	holder.
– tl is	the	time when	the	opinion	is	expressed.

• (ej,	ajk)	is	also	called	opinion	target
72Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Terminologies

• Entity:	object
• Aspect:	feature,	attribute,	facet
• Opinion	holder:	opinion	source

• Topic:	entity,	aspect

• Product	features,	political	issues

73Source: 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.

74Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Classification	Based	on	
Supervised	Learning

• Sentiment	classification
– Supervised	learning	Problem
– Three	classes

• Positive
• Negative
• Neutral

75Source: 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

76Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



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

77Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



A	Brief	Summary	of	Sentiment	Analysis	Methods

78
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.,



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.”

79
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.,



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

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.,



Conversion	of	text	representation

81
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
a 00217728 0.75 0 beautiful#1 delighting	the	senses	or	

exciting	intellectual	or	emotional	admiration;	"a	beautiful	child";	
"beautiful	country";	"a	beautiful	painting";	"a	beautiful	theory";	"a	
beautiful	party“

a 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“

r 00042614 0 0.625 unhappily#2	sadly#1 in	an	
unfortunate	way;	"sadly	he	died	before	he	could	see	his	grandchild“

r 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“

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

83

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.

Source: Cambria, Erik, Soujanya Poria, Rajiv Bajpai, and Björn Schuller. "SenticNet 4: A semantic resource for sentiment analysis 
based on conceptual primitives." In the 26th International Conference on Computational Linguistics (COLING), Osaka. 2016.



Polarity	Detection	with	SenticNet

84
Source: Cambria, Erik, Soujanya Poria, Rajiv Bajpai, and Björn Schuller. "SenticNet 4: A semantic resource for sentiment analysis 

based on conceptual primitives." In the 26th International Conference on Computational Linguistics (COLING), Osaka. 2016.

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



85
Source: Cambria, Erik, Soujanya Poria, Rajiv Bajpai, and Björn Schuller. "SenticNet 4: A semantic resource for sentiment analysis 

based on conceptual primitives." In the 26th International Conference on Computational Linguistics (COLING), Osaka. 2016.

Polarity	Detection	with	SenticNet



86
Source: Cambria, Erik, Soujanya Poria, Rajiv Bajpai, and Björn Schuller. "SenticNet 4: A semantic resource for sentiment analysis 

based on conceptual primitives." In the 26th International Conference on Computational Linguistics (COLING), Osaka. 2016.

Polarity	Detection	with	SenticNet



87
Source: Cambria, Erik, Soujanya Poria, Rajiv Bajpai, and Björn Schuller. "SenticNet 4: A semantic resource for sentiment analysis 

based on conceptual primitives." In the 26th International Conference on Computational Linguistics (COLING), Osaka. 2016.

Polarity	Detection	with	SenticNet



88
Source: Cambria, Erik, Soujanya Poria, Rajiv Bajpai, and Björn Schuller. "SenticNet 4: A semantic resource for sentiment analysis 

based on conceptual primitives." In the 26th International Conference on Computational Linguistics (COLING), Osaka. 2016.

Polarity	Detection	with	SenticNet



Evaluation	of	
Text	Mining	and	Sentiment	Analysis
• Evaluation	of	Information	Retrieval
• Evaluation	of	Classification	Model	(Prediction)

–Accuracy
–Precision
–Recall
– F-score

89



Deep	Learning	
for	

Sentiment	
Analytics

90



Recursive	Deep	Models	for	Semantic	Compositionality	
Over	a	Sentiment	Treebank

91
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Recursive	Neural	Tensor	Network	(RNTN)

92
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Recursive	Neural	Network	(RNN)	
models	for	sentiment

93
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Recursive	Neural	Tensor	Network
(RNTN)

94
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Roger	Dodger	is	one	of	the	most
compelling	variations	on	this	

theme.

Roger	Dodger	is	one	of	the	least
compelling	variations	on	this	

theme.
95

Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 
Sentiment Treebank", EMNLP 2013



RNTN	for	Sentiment	Analysis

96
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013

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



97
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013

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

RNTN	for	Sentiment	Analysis



Accuracy	for	fine	grained	(5-class)	
and	binary	predictions	

at	the	sentence	level	(root)	and	for	all	nodes

98
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Accuracy	of	negation	detection

99
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Long	Short-Term	Memory	(LSTM)

100Source: https://cs224d.stanford.edu/reports/HongJames.pdf



Deep	Learning	
for	Sentiment	Analysis

CNN	RNTN	LSTM

101Source: https://cs224d.stanford.edu/reports/HongJames.pdf



Performance	Comparison	of	
Sentiment	Analysis	Methods

102
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



Resources	of	
Opinion	Mining

103



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)

104Source: Bo Pang and Lillian Lee (2008), "Opinion mining and sentiment analysis,”  Foundations and Trends in Information Retrieval



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/mpqa/
• NTU	Sentiment	Dictionary	(NTUSD)

– http://nlg18.csie.ntu.edu.tw:8080/opinion/
• Hownet	Sentiment

– http://www.keenage.com/html/c_bulletin_2007.htm
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Example	of	SentiWordNet
POS ID PosScore NegScore SynsetTerms Gloss
a 00217728 0.75 0 beautiful#1 delighting	the	senses	or	

exciting	intellectual	or	emotional	admiration;	"a	beautiful	child";	
"beautiful	country";	"a	beautiful	painting";	"a	beautiful	theory";	"a	
beautiful	party“

a 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“

r 00042614 0 0.625 unhappily#2	sadly#1 in	an	
unfortunate	way;	"sadly	he	died	before	he	could	see	his	grandchild“

r 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“

r 00404501 0 0.25 sadly#2 with	sadness;	in	a	sad	manner;	
"`She	died	last	night,'	he	said	sadly"
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《知網》情感分析用詞語集（beta版）

• “中英文情感分析用詞語集”
–包含詞語約 17887

• “中文情感分析用詞語集”
–包含詞語約 9193

• “英文情感分析用詞語集”
–包含詞語 8945

107Source: http://www.keenage.com/html/c_bulletin_2007.htm



中文情感分析用詞語集

中文正面情感詞語 836

中文負面情感詞語 1254

中文正面評價詞語 3730

中文負面評價詞語 3116

中文程度級別詞語 219

中文主張詞語 38

Total 9193

108Source: http://www.keenage.com/html/c_bulletin_2007.htm



中文情感分析用詞語集

• “正面情感”詞語
–如：
愛，讚賞，快樂，感同身受，好奇，
喝彩，魂牽夢縈，嘉許 ...

• “負面情感”詞語
–如：
哀傷，半信半疑，鄙視，不滿意，不是滋味兒
，後悔，大失所望 ...

109Source: http://www.keenage.com/html/c_bulletin_2007.htm



中文情感分析用詞語集

• “正面評價”詞語
–如：
不可或缺，部優，才高八斗，沉魚落雁，
催人奮進，動聽，對勁兒 ...

• “負面評價”詞語
–如：
醜，苦，超標，華而不實，荒涼，混濁，
畸輕畸重，價高，空洞無物 ...

110Source: http://www.keenage.com/html/c_bulletin_2007.htm



中文情感分析用詞語集
• “程度級別”詞語

– 1.	“極其|extreme	/	最|most”
• 非常，極，極度，無以倫比，最為

– 2.	“很|very”
• 多麼，分外，格外，著實

– …

• “主張”詞語
– 1.	{perception|感知}

• 感覺，覺得，預感
– 2.	{regard|認為}

• 認為，以為，主張
111Source: http://www.keenage.com/html/c_bulletin_2007.htm



Social	
Computing

112



Social	
Network	
Analysis
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Social	Computing
•Social	Network	Analysis
•Link	mining
•Community	Detection
•Social	Recommendation

114



Business	Insights	
with	

Social	Analytics
115



Analyzing	the	Social	Web:
Social	Network	Analysis

116



117Source: http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311

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



Devangana	Khokhar	(2015),	
Gephi	Cookbook,	Packt	Publishing

118Source: http://www.amazon.com/Gephi-Cookbook-Devangana-Khokhar/dp/1783987405



Social	Network	Analysis	(SNA)	
Facebook	TouchGraph
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Graph	
Theory
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Graph
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Graph	
g	=	(V,	E)
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Vertex	(Node)
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Vertices	(Nodes)
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Edge
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Edges
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Arc
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Arcs
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Undirected	Graph

129Source: https://www.youtube.com/watch?v=89mxOdwPfxA
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Directed	Graph

130Source: https://www.youtube.com/watch?v=89mxOdwPfxA
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Measurements	
of	

Social	Network	
Analysis	
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Exploratory	Network	Analysis

132Source: http://sebastien.pro/gephi-icwsm-tutorial.pdf



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

133

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

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



Measurements	

134



135Source: http://sebastien.pro/gephi-icwsm-tutorial.pdf

Looking	for	Orderness	in	Data

Make	varying	3	cursors	simultaneously	to	
extract	meaningful	patterns



“Zoom”	cursor	on	Quantitative	Data

136Source: http://sebastien.pro/gephi-icwsm-tutorial.pdf

Global
- connectivity
- density
- centralization
Local
- communities
- bridges between communities
- local centers vs periphery
Individual
- centrality
- distances
- neighborhood
- location
- local authority vs hub



137Source: http://sebastien.pro/gephi-icwsm-tutorial.pdf

“Crossing”	cursor	on	Quantitative	Data

Social
- who with whom
- communities
- brokerage
- influence and power
- homophily
Semantic
- topics
- thematic clusters
Geographic
- spatial phenomena



138Source: http://sebastien.pro/gephi-icwsm-tutorial.pdf

“Timeline”	cursor	on	Temporal	Data

Evolution of social ties

Evolution of communities

Evolution of topics



SNA	Guideline

139Source: http://sebastien.pro/gephi-icwsm-tutorial.pdf



Degree

140Source: https://www.youtube.com/watch?v=89mxOdwPfxA
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Degree

141Source: https://www.youtube.com/watch?v=89mxOdwPfxA
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Density

142Source: https://www.youtube.com/watch?v=89mxOdwPfxA
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Density

143Source: https://www.youtube.com/watch?v=89mxOdwPfxA
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Edges (Links): 5
Total Possible Edges: 10
Density: 5/10 = 0.5



Density

144

Nodes (n): 10
Edges (Links): 13
Total Possible Edges: (n * (n-1)) / 2 = (10 * 9) / 2 = 45
Density: 13/45 = 0.29
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Diameter
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diameter (d)



Diameter
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Diameter
Geodesic	Path	(Shortest	Path)
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Aà I : Diameter = 4



Which	Node	is	Most	Important?

148
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Centrality
• Important	or	prominent	actors are	those	that	
are	linked	or	involved	with	other	actors	
extensively.	

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

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

149Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data”



Social	Network	Analysis	(SNA)

• Degree	Centrality	
• Betweenness	Centrality
• Closeness	Centrality

150



Degree	
Centrality
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Social	Network	Analysis:
Degree	Centrality
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Social	Network	Analysis:
Degree	Centrality

A

B

D

C

E

F

G H

I

J

Node Score Standardized	
Score

A 2 2/10	=	0.2

B 2 2/10	=	0.2

C 5 5/10	=	0.5

D 3 3/10	=	0.3

E 3 3/10	=	0.3

F 2 2/10	=	0.2

G 4 4/10	=	0.4

H 3 3/10	=	0.3

I 1 1/10	=	0.1

J 1 1/10	=	0.1



Betweenness	
Centrality
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Betweenness	centrality:

Connectivity

Number	of	shortest	paths	
going	through	the	actor

155



Betweenness	Centrality

156

( ) ( )å
<

=
kj

jkikB gigiC /

( ) ( ) ]2/)2)(1/[(' --= nniCiC BB

Where gjk = the number of shortest paths connecting jk
gjk(i) = the number that actor i is on.

Normalized	Betweenness Centrality

Number	of	pairs	of	vertices	
excluding	the	vertex	itself

Source: https://www.youtube.com/watch?v=RXohUeNCJiU



Betweenness	Centrality

157

A

B

D

E

C A: 
BàC: 0/1 = 0
BàD: 0/1 = 0
BàE: 0/1 = 0
CàD: 0/1 = 0
CàE: 0/1 = 0
DàE: 0/1 = 0

Total:           0

A: Betweenness Centrality = 0



Betweenness	Centrality

158

A

B

D

E

C B: 
AàC: 0/1 = 0
AàD: 1/1 = 1
AàE: 1/1 = 1
CàD: 1/1 = 1
CàE: 1/1 = 1
DàE: 1/1 = 1

Total:           5

B: Betweenness Centrality = 5



Betweenness	Centrality

159

A

B

D

E

C C: 
AàB: 0/1 = 0
AàD: 0/1 = 0
AàE: 0/1 = 0
BàD: 0/1 = 0
BàE: 0/1 = 0
DàE: 0/1 = 0

Total:           0

C: Betweenness Centrality = 0



Betweenness	Centrality
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A

B

D

E

C

A: 0
B: 5
C: 0
D: 0
E: 0
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Which	Node	is	Most	Important?
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Which	Node	is	Most	Important?



163

A

D

B

CE
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Betweenness	Centrality

164

A

B

D

E

C A: 
BàC: 0/1 = 0
BàD: 0/1 = 0
BàE: 0/1 = 0
CàD: 0/1 = 0
CàE: 0/1 = 0
DàE: 0/1 = 0

Total:           0

A: Betweenness Centrality = 0



Closeness	
Centrality
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Social	Network	Analysis:
Closeness	Centrality

A

B

D

C

E

F

G H

I

J

CàA: 1
CàB: 1
CàD: 1
CàE: 1
CàF: 2
CàG: 1
CàH: 2
CàI: 3
CàJ: 3

Total=15 

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

A

B

D

C

E

F

G H

I

J

GàA: 2
GàB: 2
GàC: 1
GàD: 2
GàE: 1
GàF: 1
GàH: 1
GàI: 2
GàJ: 2

Total=14 

G: Closeness Centrality = 14/9 = 1.56
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Social	Network	Analysis:
Closeness	Centrality

A

B

D

C

E

F

G H

I

J

HàA: 3
HàB: 3
HàC: 2
HàD: 2
HàE: 2
HàF: 2
HàG: 1
HàI: 1
HàJ: 1

Total=17 

H: Closeness Centrality = 17/9 = 1.89



169

Social	Network	Analysis:
Closeness	Centrality

A

B

D

C

E

F

G H

I

J

H: Closeness Centrality = 17/9 = 1.89

C: Closeness Centrality = 15/9 = 1.67

G: Closeness Centrality = 14/9 = 1.56 1

2
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International	
Research	

Collaboration	
and	

Mobility
170



Application	of	SNA

Social	Network	Analysis	
of	

Research	Collaboration	
in	

Information	Reuse	and	Integration

171Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Example	of	SNA	Data	Source

172Source: http://www.informatik.uni-trier.de/~ley/db/conf/iri/iri2010.html



Research	Question

• RQ1:	What	are	the	
scientific	collaboration	patterns	
in	the	IRI	research	community?

• RQ2:	Who	are	the	
prominent	researchers	
in	the	IRI	community?

173Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Methodology
• Developed	a	simple	web	focused	crawler	program	to	
download	literature	information	about	all	IRI	papers	
published	between	2003	and	2010	from	IEEE	Xplore
and	DBLP.
– 767 paper
– 1599 distinct	author

• Developed	a	program	to	convert	the	list	of	coauthors	
into	the	format	of	a	network	file	which	can	be	
readable	by	social	network	analysis	software.	

• UCINet and	Pajek were	used	in	this	study	for	the	
social	network	analysis.

174Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Top10	prolific	authors
(IRI	2003-2010)

1. Stuart	Harvey	Rubin
2. Taghi	M.	Khoshgoftaar
3. Shu-Ching	Chen
4. Mei-Ling	Shyu
5. Mohamed	E.	Fayad
6. Reda	Alhajj
7. Du	Zhang
8. Wen-Lian	Hsu
9. Jason	Van	Hulse
10.Min-Yuh	Day

175Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Data	Analysis	and	Discussion
• Closeness	Centrality

– Collaborated	widely
• Betweenness	Centrality

– Collaborated	diversely
• Degree	Centrality

– Collaborated	frequently
• Visualization	of	Social	Network	Analysis

– Insight	into	the	structural	characteristics	of	
research	collaboration	networks

176Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Top	20	authors	with	the	highest	closeness scores
Rank ID Closeness Author

1 3 0.024675 Shu-Ching Chen
2 1 0.022830 Stuart Harvey Rubin
3 4 0.022207 Mei-Ling Shyu
4 6 0.020013 Reda Alhajj
5 61 0.019700 Na Zhao
6 260 0.018936 Min Chen
7 151 0.018230 Gordon K. Lee
8 19 0.017962 Chengcui Zhang
9 1043 0.017962 Isai Michel Lombera
10 1027 0.017962 Michael Armella
11 443 0.017448 James B. Law
12 157 0.017082 Keqi Zhang
13 253 0.016731 Shahid Hamid
14 1038 0.016618 Walter Z. Tang
15 959 0.016285 Chengjun Zhan
16 957 0.016285 Lin Luo
17 956 0.016285 Guo Chen
18 955 0.016285 Xin Huang
19 943 0.016285 Sneh Gulati
20 960 0.016071 Sheng-Tun Li

177Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Top	20	authors	with	the	highest	betweeness scores
Rank ID Betweenness Author

1 1 0.000752 Stuart Harvey Rubin
2 3 0.000741 Shu-Ching Chen
3 2 0.000406 Taghi M. Khoshgoftaar
4 66 0.000385 Xingquan Zhu
5 4 0.000376 Mei-Ling Shyu
6 6 0.000296 Reda Alhajj
7 65 0.000256 Xindong Wu
8 19 0.000194 Chengcui Zhang
9 39 0.000185 Wei Dai
10 15 0.000107 Narayan C. Debnath
11 31 0.000094 Qianhui Althea Liang
12 151 0.000094 Gordon K. Lee
13 7 0.000085 Du Zhang
14 30 0.000072 Baowen Xu
15 41 0.000067 Hongji Yang
16 270 0.000060 Zhiwei Xu
17 5 0.000043 Mohamed E. Fayad
18 110 0.000042 Abhijit S. Pandya
19 106 0.000042 Sam Hsu
20 8 0.000042 Wen-Lian Hsu

178Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Top	20	authors	with	the	highest	degree scores
Rank ID Degree Author

1 3 0.035044 Shu-Ching Chen
2 1 0.034418 Stuart Harvey Rubin
3 2 0.030663 Taghi M. Khoshgoftaar
4 6 0.028786 Reda Alhajj
5 8 0.028786 Wen-Lian Hsu
6 10 0.024406 Min-Yuh Day
7 4 0.022528 Mei-Ling Shyu
8 17 0.021277 Richard Tzong-Han Tsai
9 14 0.017522 Eduardo Santana de Almeida
10 16 0.017522 Roumen Kountchev
11 40 0.016896 Hong-Jie Dai
12 15 0.015645 Narayan C. Debnath
13 9 0.015019 Jason Van Hulse
14 25 0.013767 Roumiana Kountcheva
15 28 0.013141 Silvio Romero de Lemos Meira
16 24 0.013141 Vladimir Todorov
17 23 0.013141 Mariofanna G. Milanova
18 5 0.013141 Mohamed E. Fayad
19 19 0.012516 Chengcui Zhang
20 18 0.011890 Waleed W. Smari

179Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



Visualization	of	IRI	(IEEE	IRI	2003-2010)	
co-authorship	network	(global	view)

180Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"



181Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
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Visualization	of	Social	Network	Analysis

182Source: Min-Yuh Day, Sheng-Pao Shih, Weide Chang (2011), 
"Social Network Analysis of Research Collaboration in Information Reuse and Integration"
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Visualization	of	Social	Network	Analysis
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"Social Network Analysis of Research Collaboration in Information Reuse and Integration"

Visualization	of	Social	Network	Analysis



185

Tamkang
University

NTCIR-9,   2011
NTCIR-10, 2013
NTCIR-11, 2014
NTCIR-12, 2016



NTCIR-9	Workshop,	December	6-9,	2011,	Tokyo,	Japan
myday@mail.tku.edu.tw

Department of	Information	Management	
Tamkang University,	Taiwan

Chun	TuMin-Yuh Day

IMTKU	Textual	Entailment	System	for	
Recognizing	Inference	in	Text	

at	NTCIR-9	RITE

Tamkang
University

Tamkang University 2011



IMTKU	Textual	Entailment	System	for	
Recognizing	Inference	in	Text	

at	NTCIR-10	RITE-2

Tamkang
University

myday@mail.tku.edu.tw
NTCIR-10	Conference,	June	18-21,	2013,	Tokyo,	Japan

Department of	Information	Management	
Tamkang University,	Taiwan

Chun	Tu Hou-Cheng	Vong Shih-Wei	Wu Shih-Jhen HuangMin-Yuh Day

Tamkang University 2013



Ya-Jung	WangMin-Yuh Day Che-Wei Hsu

Huai-Wen	Hsu

En-Chun	Tu

IMTKU	Textual	Entailment	System	for	
Recognizing	Inference	in	Text	at	NTCIR-11	RITE-VAL

2014

Yu-Hsuan TaiShang-Yu	Wu Cheng-Chia	Tsai
NTCIR-11	Conference,	December	8-12,	2014,	Tokyo,	Japan

Tamkang University

Yu-An	Lin



IMTKU	Question	Answering	System	for	
World	History	Exams	at	NTCIR-12	QA	Lab2

myday@mail.tku.edu.tw
NTCIR-12 Conference, June 7-10, 2016, Tokyo, Japan

Min-Yuh Day Cheng-Chia	Tsai Wei-Chun	Chung Hsiu-Yuan	Chang Yuan-Jie Tsai Jin-Kun	Lin

Yue-Da	Lin	 Wei-Ming	Chen Yun-Da	Tsai Cheng-Jhih	Han Yi-Jing	LinYu-Ming	Guo

Tzu-Jui Sun

Yi-Heng Chiang	 Ching-Yuan	Chien

Department	of	Information	Management	
Tamkang	University,	Taiwan

Cheng-Hung	Lee

Tamkang University

2016

Sagacity Technology



教育部資通人才培育計畫
社群運算與巨量資料
課程四大模組

(1)「社群媒體」(Social	Media)
(政治大學)

(2)「資料科學」 (Data	Science)
(政治大學)

(3)「分析技術」(Analytics	Technology)
(高雄大學) (淡江大學)	

(4)「領域應用」(Domain	Application)
(淡江大學)	(政治大學)	
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1.「社群媒體」(Social	Media)
(政治大學)		

• 探討社群媒體和資料分析的概念，以個案
方式教學
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2.「資料科學」 (Data	Science)
(政治大學)	

• 探討 Data	Thinking	和 EDA	等，
與DSP或痞客邦合作

192



3.「分析技術」(Analytics	Technology)	
(高雄大學)	(淡江大學)	

• 列舉重要的分析方法，包括社會網絡分析
，文字探勘分析技術簡介。

–*	社會網絡分析 (高雄大學)	
–*	社會網絡量測 (高雄大學)	
–*	社會網絡分析工具 (高雄大學)
–*	文字探勘分析技術簡介 (淡江大學)
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4.「領域應用」(Domain	Application)	
(淡江大學)	(政治大學)	

• 區分 Domain	Knowledge	，聚焦探討各種商
業行銷和輿情分析等

–*	社群媒體行銷分析 (淡江大學)		
–*	社群媒體情感分析 (淡江大學)	
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Summary
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• Big	Data	Sentiment	Analysis	
• Social	Computing
• International	Research	
Collaboration	and	Mobility
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