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• Big	Data	Analytics
• FinTech
• Financial	Sentiment	Analysis



Big	Data	
Analytics
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Big	Data	4	V

5Source: https://www-01.ibm.com/software/data/bigdata/
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History	of	Data	Science

7Source: http://www.kdnuggets.com/2015/02/history-data-science-infographic.html



Big	Data	Technologies	are	Enabling	
a	New	Approach

8Source: 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

10Source: http://www.amazon.com/gp/product/1466568704



Architecture	of	Big	Data	Analytics

11Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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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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Social	Big	Data	Mining
(Hiroshi	Ishikawa,	2015)

13Source: 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

15Source:	Kenneth	C.	Laudon	&	Jane	P.	Laudon	(2014),	Management	Information	Systems:	Managing	the	Digital	Firm,	Thirteenth	Edition,	Pearson.	
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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
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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



FinTech
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Financial Technology
FinTech

“providing	
financial	services	
by	making	use	of	
software and	

modern	technology”
37Source: https://www.fintechweekly.com/fintech-definition



Financial	Revolution	with	Fintech

38Source: http://www.hedgethink.com/fintech/european-fintech-top-100/



FinTech:	Financial	Services	Innovation

39Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech:	
Investment	Management

Market	Provisioning



FinTech:	Market	Provisioning

41Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf



FinTech:	Investment	Management

42Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf



43Source: https://www.stockfeel.com.tw/2015年世界經濟論壇－未來的金融服務/



44Source: https://www.stockfeel.com.tw/2015年世界經濟論壇－未來的金融服務/

FinTech



45Source: https://www.stockfeel.com.tw/2015年世界經濟論壇－未來的金融服務/

FinTech:	Market	Provisioning
Smarter,	Faster	Machines



46Source: https://www.stockfeel.com.tw/2015年世界經濟論壇－未來的金融服務/

FinTech:	Investment	Management



FinTech for	
Financial	Services

• Retail	Banking
• Lending	and	Financing
• Payments	and	Transfers
• Wealth	and	Asset	Management
• Markets	and	Exchanges
• Insurance
• Blockchain Transactions

47Source: https://fintechweekly.com/fintech-companies



Fintech	Companies

48Source: https://fintechweekly.com/fintech-companies



Major	Participants	in	the	FinTech
Ecosystem

49Source: http://www.strategyand.pwc.com/media/file/Developing-a-FinTech-ecosystem-in-the-GCC.pdf



FinTech Ecosystem	Development	
Framework

50Source: http://www.strategyand.pwc.com/media/file/Developing-a-FinTech-ecosystem-in-the-GCC.pdf



The	FinTech Innovation	Ecosystem

51Source: http://www.strategyand.pwc.com/media/file/Developing-a-FinTech-ecosystem-in-the-GCC.pdf



The	U.S.	FinTech landscape

52Source: http://www.strategyand.pwc.com/media/file/Developing-a-FinTech-ecosystem-in-the-GCC.pdf



Fintech	Startups

53Source: https://fintechstartups.co



Financial	Technology	(Fintech)	
Categories

1. Banking	Infrastructure
2. Business	Lending
3. Consumer	and	Commercial	Banking
4. Consumer	Lending
5. Consumer	Payments
6. Crowdfunding
7. Equity	Financing
8. Financial	Research	and	Data
9. Financial	Transaction	Security
10. Institutional	Investing
11. International	Money	Transfer
12. Payments	Backend	and	Infrastructure
13. Personal	Finance
14. Point	of	Sale	Payments
15. Retail	Investing
16. Small	and	Medium	Business	Tools

54Source: http://www.venturescanner.com/financial-technology



FinTech Ecosystem	(April	2015)

55Source: https://venturescannerinsights.wordpress.com/2015/04/07/fintech-ecosystem-update-april-2015/



Financial	Technology	(FinTech)

56Source: http://www.businessinsider.com/the-fintech-ecosystem-explained-measuring-the-effects-of-technology-on-the-entire-financial-services-industry-2015-12



Financial	Technology	(FinTech)

57Source: http://www.businessinsider.com/fintech-ecosystem-financial-technology-research-plus-business-opportunities-2016-2



58Source: http://www.forbes.com/sites/jeanbaptiste/2016/09/28/the-global-fintech-landscape-reaches-over-1000-companies-105b-in-funding-867b-in-value-report



FinTech Landscape	Enabling	Technologies	
Data	&	Analytics

59Source: https://www.vbprofiles.com/l/fintech



60Source: https://everisnext.com/2015/06/02/top-9-verticals-within-the-fintech-landscape-for-large-corporations/



FinTech
Startups	

Worldwide
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Fintech	Startups	WorldWide

62Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

63Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

64Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

65Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

66Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

67Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

68Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

69Source: https://startups.watch/fintech-ecosystems-worldwide/



Fintech	Startups	WorldWide

70Source: https://startups.watch/fintech-ecosystems-worldwide/



FinTech Trends

71Source: http://mashable.com/2016/01/27/financial-tech-brandspeak’



72Source: http://mashable.com/2016/01/27/financial-tech-brandspeak’

FinTech
Big	Data	Analytics



Blockchain Technology

73Source: https://www.pwc.com/us/en/financial-services/fintech/bitcoin-blockchain-cryptocurrency.html

The	blockchain is	a	
decentralized	ledger	
of	all	transactions	

across	
a	peer-to-peer	network.



74Source: https://www.pwc.com/us/en/financial-services/fintech/bitcoin-blockchain-cryptocurrency.html

Blockchain Technology



75Source: https://www.pwc.com/us/en/financial-services/fintech/bitcoin-blockchain-cryptocurrency.html

Blockchain Technology



76Source: https://www.pwc.com/us/en/financial-services/fintech/bitcoin-blockchain-cryptocurrency.html

Blockchain Technology
Potential	Applications



77Source: https://www.pwc.com/us/en/financial-services/fintech/bitcoin-blockchain-cryptocurrency.html

Blockchain Technology
Potential	Applications



Financial	
Sentiment	
Analysis
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Big	Data	Approach	to	Combining	
Internal	and	External	Data

79
Source: Susanne Chishti and Janos Barberis, 

The FINTECH Book: The Financial Technology Handbook for Investors, Entrepreneurs and Visionaries, Wiley, 2016



Ultra-Fast	Text	Analytics	in
Trading	Strategies

80

Twitter stock prices affected by news,  Source: econob
Source: Susanne Chishti and Janos Barberis, 

The FINTECH Book: The Financial Technology Handbook for Investors, Entrepreneurs and Visionaries, Wiley, 2016



Internet	Evolution
Internet	of	People	(IoP):	Social	Media

Internet	of	Things	(IoT):	Machine	to	Machine

81
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

82Source: http://hungrywolfmarketing.com/2013/09/09/what-are-your-social-marketing-goals/



Emotions

83Source: 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.	…	”

84Source: 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. …	”

85Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,

+Positive 
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-Negative 
Opinion

Example	of	Opinion:
review	segment	on	iPhone



How	consumers	
think,	feel,	and	act

86Source:	Philip	Kotler &	Kevin	Lane	Keller,	Marketing	Management,	14th	ed.,	Pearson,	2012



Emotions

87Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,
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Maslow’s	Hierarchy	of	Needs

88Source:	Philip	Kotler &	Kevin	Lane	Keller,	Marketing	Management,	14th	ed.,	Pearson,	2012



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

89Source:	Backer	&	Saren	(2009),	Marketing	Theory:	A	Student	Text,	2nd Edition,	Sage



90Source: http://sixstoriesup.com/social-psyche-what-makes-us-go-social/

Maslow’s	Hierarchy	of	Needs



Social	Media	Hierarchy	of	Needs

91Source: http://2.bp.blogspot.com/_Rta1VZltiMk/TPavcanFtfI/AAAAAAAAACo/OBGnRL5arSU/s1600/social-media-heirarchy-of-needs1.jpg



92Source: http://www.pinterest.com/pin/18647785930903585/

Social	Media	Hierarchy	of	Needs



The	Social	Feedback	Cycle
Consumer	Behavior	on	Social	Media

93

Awareness Consideration Use
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

94

Awareness Consideration Purchase

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



Architectures	
of	

Sentiment	
Analytics
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Bing	Liu	(2015),	
Sentiment	Analysis:	

Mining	Opinions,	Sentiments,	and	Emotions,	
Cambridge	University	Press

96http://www.amazon.com/Sentiment-Analysis-Opinions-Sentiments-Emotions/dp/1107017890



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

97Source: 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

98Source: 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

99



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

100



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

101



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.

102Source: 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

103Source: 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

104Source: 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.”

105Source: 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

106Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Sentiment	Analysis
vs.

Subjectivity	Analysis

107

Positive

Negative

Neutral Objective

Subjective

Sentiment 
Analysis

Subjectivity 
Analysis



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

108Source: 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

109Source: 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
110Source: 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

111Source: 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.

112Source: 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

113Source: 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

114Source: 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

115Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition,



Sentiment	Analysis	Architecture	
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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	
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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
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Sentiment	Analysis	Tasks
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Sentiment	Analysis
vs.

Subjectivity	Analysis
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Levels	of	Sentiment	Analysis	
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Sentiment	Analysis

122
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
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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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A	Brief	Summary	of	Sentiment	Analysis	Methods

124
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.”

125
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

127
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
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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

130
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.
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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
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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
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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
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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
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Deep	Learning	
for	

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

Sentiment Treebank", EMNLP 2013



Recursive	Neural	Tensor	Network	(RNTN)
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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

139
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Recursive	Neural	Tensor	Network
(RNTN)
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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.
141

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



RNTN	for	Sentiment	Analysis

142
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.
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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

144
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Accuracy	of	negation	detection

145
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013



Long	Short-Term	Memory	(LSTM)

146Source: https://cs224d.stanford.edu/reports/HongJames.pdf



Deep	Learning	
for	Sentiment	Analysis

CNN	RNTN	LSTM

147Source: https://cs224d.stanford.edu/reports/HongJames.pdf



Performance	Comparison	of	
Sentiment	Analysis	Methods

148
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
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Datasets	of	Opinion	Mining
• Blog06

– 25GB	TREC	test	collection
– http://ir.dcs.gla.ac.uk/test	collections/access	to	data.html

• Cornell	movie-review	datasets
– http://www.cs.cornell.edu/people/pabo/movie-review-data/

• Customer	review	datasets
– http://www.cs.uic.edu/∼liub/FBS/CustomerReviewData.zip

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

• NTCIR	multilingual	corpus
– NTCIR	Multilingual	Opinion-Analysis	Task	(MOAT)

150Source: 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

153Source: 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

154Source: 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 ...

155Source: 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 ...

156Source: 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
157Source: http://www.keenage.com/html/c_bulletin_2007.htm
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Financial	Sentiment	Analysis
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Motivation

• Investors	have	always	been	interested	in	
stock	price	forecasting.	

• The	rapid	development	of	electronic	media,	
the	big	data	of	financial	news are	released	on	
different	media	every	day.	
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Research	Gap

• Few	research	involved	the	discussion	on	
whether	using	different	media could	affect	
forecasting	results.

• Financial	sentiment	analysis is	an	important	
research	area	of	financial	technology	
(FinTech).	
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Highlights

• This	research	focuses	on	investigating	the	
influence	of	using	different	financial	resources	
to	investment and	how	to	improve	the	
accuracy	of	forecasting	through	deep	learning.

• The	experimental	result	shows	various	
financial	resources have	significantly	different	
effects to	investors	and	their	investments,	
while	the	accuracy	of	news	categorization	
could	be	improved	through	deep	learning.
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The	relationship	between	Events,	News	
and	Markets	(price)	through	Information.
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Financial	Sentiment	Analysis
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System	Architecture
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Finance	News	Data
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Feature	used	for	financial	sentiment	
analysis
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ID Future Name Description
F01 NewsCharacters Total word number of news text
F02 NewsTokens Number of news words
F03 NTUSD_Positive NTUSD positive word
F04 NTUSD_Negative NTUSD negative word

F05 NTUSD_PNDiff NTUSD difference of positive and negative
word

F06 HowNet_Positive HowNet positive sentiment word
F07 HowNet_Negative HowNet negative sentiment word

F08 HowNet_PNDiff HowNet difference of positive and negative
word

F09 FinanceSD_Positive NTUFSD+iMFinanceSD positive word
F10 FinanceSD_Negative NTUFSD+iMFinanceSD negative word

F11 FinanceSD_PNDiff NTUFSD+iMFinanceSD difference of positive
and negative word



Example	of	feature	used	for	
Financial	Sentiment	Analysis
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D00001,	516,	185,	3,	8,	-5,	0,	1,	-1,	14,	8,	6,	3008,	2013-01-04
D00002,	534,	185,	4,	2,	2,	0,	0,	0,	13,	2,	11,	3008,	2013-01-07
D00003,	846,	296,	6,	9,	-3,	0,	1,	-1,	25,	15,	10,	3008,	2013-01-09
D00004,	1495,	489,	55,	19,	36,	3,	0,	3,	23,	16,	7,	3008,	2013-01-10
D00005,	872,	282,	3,	5,	-2,	0,	0,	0,	12,	17,	-5,	3008,	2013-01-14
D00006,	573,	183,	2,	5,	-3,	0,	0,	0,	8,	9,	-1,	3008,	2013-01-21



Deep	Learning	and	Neural	Network
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Deep	Learning	and	
Neural	Networks

Input Layer
(X)

Output Layer
(Y)

Hidden Layer
(H)



177

Input Layer
(X)

Output Layer
(Y)

Hidden Layers
(H)

Deep Neural Networks
Deep Learning

Deep	Learning	and	
Neural	Networks



Deep	Neural	Networks
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Comparison	of	editorial	team	and	
contents	of	news	providers
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News	providers Platform	 Content	 Editorial	team

NowsNews Electronic	media Comprehensive	 Owned

AppleDaily Electronic	
media/newspaper Comprehensive	 Owned

LTN Electronic	
media/newspaper Comprehensive	 Owned

MoneyDJ Electronic	media Finance	 Owned



Developing	
Finance	Sentiment	Dictionary

• NTUSD
• HowNet-VSA
• NTUFSD
• iMFinanceSD
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Sample	iMFinanceSD opinion	words
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Positive Negative
No Word No Word

1 衝破
(break	through) 1 震盪

(shock)

2 穩住
(stabilize) 2 低於

(less	then)

3 挹注
(inject) 3 放緩

(slowdown)

4 歷史新高
(Historical	high) 4 走緩

(slowly)

5 不遑多讓
(be	no	slouch) 5 大幅砍殺

(Stabbed	sharply)



Experimental	Results	and	
Discussion
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Total	news	of	each	news	provider
for	Financial	Sentiment	Analysis	

(Text	Data)
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Provider NowNews AppleDaily LTN MoneyDJ

Total 5,499 456 1,147 1,370



ROI	of	5	days	trading	with	
Deep	Learning	predicting	stock	price	trend
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ROI	of	5	days	with	
Lexicon-based	Trading
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ROI	Heatmap of	Lexicon-base	Trading
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ROI	Heatmap of	Trading	with	
Deep	Learning	Approach
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Comparison	of	ROI	Heatmap
from	Various	Finance	News	Media
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Conclusions
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Findings

• We	proposed	analytical	methods with	deep	
learning in	financial	news	sources on	the	stock	
price	trend	forecasts.

• The	results	showed	that	the	source	of	
financial	news	media	for	the	exclusive	domain	
of	Finance	and	Economics,	revealed	its	
investment	information	representing	a	
reference	value.
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Contributions

• The	different	news	media	release	financial	
news	different	from	its	reference	value	level	
messages	containing	investment,	as	investors	
choose	finance	message	referenced	sources.	

• The	prediction	accuracy	will	be	improved	via	a	
prediction	model	of	the	deep	learning.
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Managerial	Implications

• Different	news	media	with	their	own	
characteristics	and	specializations.	

• The	values	of	the	financial	information	may	be	
different	due	to	the	following	reasons:	
– Company’s	business	principles.
– Edition	team’s	specializations	and	their	knowledge	
of	industry.

– Journalist’s	habits	and	preferences	in	wording.
– Sensitivity of	financial	market	trends of	the	Media.
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Summary
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• Big	Data	Analytics
• FinTech
• Financial	Sentiment	Analysis
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