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Background

2011.03.11
Earthquake and Tsunami

Tohoku, Japan

Source: www.storm.mg/lifestyle/85435

“it could be very helpful if a system

specializing in collecting relevant disaster

posts from the internet could be
developed”, some experts said.
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, : : view
discuss about the earthquake on social media (2016.2.6) Opﬁiﬁmﬁﬂﬁlﬁ
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discussion about gas-leaking blasts in Kaohsiung (2014.7.31)

HEGRE - 2iBE, HEE, facebook , FEE, T i (R =
R Lttt off )
8:46~50pm 119 reported
9:21~29pm lots of discussions

15k
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about unknown smell in the area
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peak volume
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* O MEEOMERE
I Research Literature

puiew

¢ In the emergencies field, social media are used in

seven different ways:

1.

N o v & W N

Listening to public debate

Monitoring situations

Extending emergency response and management
Crowd-sourcing and collaborative development
Creating social cohesion

Furthering causes (including charitable donation)

Enhancing research. Appreciation of the positive side

Reference: Alexander, David E. "Social media in disaster risk reduction and crisis management."
Science and Engineering Ethics 20.3 (2014): 717-733.
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¢ Functions of disaster social media Opuiew

Disaster social media use Disaster phase

Provide and receive disaster preparedness information Pre-event
Provide and receive disaster warnings Pre-event

Signal and detect disasters Pre-event > Event
Send and receive requests for help or assistance Event

Inform others about one’s own condition and location and learn about a disaster-affected Event
individual’s condition and location

Document and learn what is happening in the disaster Event- Post-event
Deliver and consume news coverage of the disaster Event - Post-event
Provide and receive disaster response information; identify and list ways to assist in the Event > Post-event

disaster response

Raise and develop awareness of an event; donate and receive donations; identify and list Event - Post-event
ways to help or volunteer

Provide and receive disaster mental/behavioural health support Event - Post-event
Express emotions, concerns, well-wishes; memorialise victims Event- Post-event
Provide and receive information about (and discuss) disaster response, recovery, and Event- Post-event

rebuilding; tell and hear stories about the disaster
Discuss socio-political and scientific causes and implications of and responsibility for events ~ Post-event
(Re)connect community members Post-event

Implement traditional crisis communication activities Pre-event - Post-event

Reference: Houston, J. Brian, et al. "Social media and disasters: a functional framework for social media use in disaster planning, response, and research."
Disasters 39.1 (2015): 1-22.
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' Research Literature

¢ From an informational prospective: users and needs

Table I: Example systems described in the academic literature that extract crisis-
relevant information from social media.

System name
Data; example capabilities

Reference and URL

Twitris

Twitter; semantic enrichment, classify automatically, geotag
SensePlace2

Twitter; geotag, visualize heat-maps based on geotags

EMERSE: Enhanced Messaging for the Emergency Response Sector
Twitter and SMS; machine-translate, classify automatically, alerts

ESA: Emergency Situation Awareness
Twitter; detect bursts, classify, cluster, geotag

Twitcident

Twitter and TwitPic; semantic enrichment, classify
CrisisTracker

Twitter; cluster, annotate manually

Tweedr
Twitter; classify automatically, extract information, geotag

AIDR: Artificial Intelligence for Disaster Response
Twitter; annotate manually, classify automatically

[Sheth et al. 2010; Purohit and Sheth 2013]
http:/twitris.knoesis.org/

[MacEachren et al. 2011]
http://www.geovista.psu.edu/SensePlace2/

[Caragea et al. 2011]

http://emerse.ist.psu.edu/

[Yin et al. 2012; Power et al. 2014]
https://esa.csiro.au/

[Abel et al. 2012]
http:/wis.ewi.tudelft.nl/twitcident/

[Rogstadius et al. 2013]
https:/github.com/jakobrogstadius/crisistracker
[Ashktorab et al. 2014]
https://github.com/dssg/tweedr

[Imran et al. 2014a]
http://aidr.qgeri.org/

Reference: Imran, Muhammad, et al. "Processing social media messages in mass emergency: A survey."
ACM Computing Surveys (CSUR) 47.4 (2015): 67.
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Social Listening

Introduction to OpView
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Case Study : OpView Listening Platform

. . Soview. Pum o, — .
OpView Service B G o 68 ~0 - ]
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Largest social listening platform in Taiwan

® use hundreds of thousands robots to collect

> 90% social media traffic since 2011, \_i
analyze 6 billion Chinese words everyday. Ootap, 1

® apply for top brands in 30+ categories.

® easy & fast for listening, survey, research, prediction, etc.

puiew
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l Case Study : OpView Listening Platform

Frequently Update ®o—
* 100+ cloud servers

24/7 non-stop crawling
e update within 30 min.

Widest Listening Scope @

e covering more than
45,000 channels

* avg. 2.6 million posts
collected daily

puiew
RO RE

Leading Mandarin
Semantic Technology

 best information retrieval
award in NTCIR

e sentiment and language
analysis by deep learning
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¢ > 90% social media traffic, including the categories :
® blog: 1800+
® micro-blog : twitter, Plurk, Instagram
® forum: 5000+
® bulletin board system (BBS)
® question answering : Yahoo! Answer, Line Q
® social network : Facebook (fanpages, groups, leaders)
® video : YouTube

® 3000+ news and comments

puiew
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m Topic identification

and tracking. g | cuse: (ETTTTNTET ERES
® Volume analysis
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Automatic keyword extraction iPhone
& summarization

Sentiment analysis

- polarity : positive or negative ?

Influencer analysis
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¢ OpView for Brand : to monitor competitors and

various industries in Taiwan
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¢ OpView for Brand : using innovative 'Storm Graph'

to visualize the relationship among competitors
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OpView Vote : first social listening for election forecast
in Taiwan (2009~2014)

& 21 & 35 @ =2 24 o 40 I 34
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As Obama uses Twitter mining for vote prediction,

we use social volume and sentiments to predict.

the average accuracy is very high. (>90%)

puiew
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¢ OpView Opinion Tracker : to track opinions from

influencers on social media such as journalists,

politicians, doctors, professionals, KOLs, etc.
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30-Day Sentiment and P/N ratio ~2014/11/28 Gpuiew
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15-Day Key Influencers (Opinion Leader) 15-Day Key Media (Sources)
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4-Week Propagation Path analysis
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¢ How OpView works

Opuiew
System —_—
Enterprise
Customer
Search
Engine - ” ‘Q
GpUIEUJ é—n;n?
'I.'e.xt Services
Mining (SaaS) —_—>
A $ Agency
D 45
“obase [ . A,
QOpuiew @
[_7 [_W [_ P % web Services
AP Developer
view
pfiiﬁl:lﬁ?iﬁ*ini
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' applications for OpView API

puiew

¢ mature approach to various applications

®

®

®

®

®

®

®

market research and forecast
consumer study

public opinion analysis

crisis and disaster reduction
social early warning
remarketing

and more...

Copyright © Proprietary and Confidential. All rights reserved.

Listening
Analytics
Warning

Prevention

MR O E HE
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OpView for Disaster Reduction

System Architecture

Copyright © Proprietary and Confidential. All rights reserved.

Gpuiew
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O RO ERE
Data Source

213 Websites about Disaster

> Social Websites
- Facebook, Instagram
Total : 6,816,793 Posts

> Forum
Daily avg: 219,897 Posts - PTT, mobile01, etc.

2016/2 Tainan Earthquakes 3 p News Websites

2015/8 Typhoon Soudelor

- News Media
Total : 5,556,843 Posts

Daily avg: 191,615 Posts >Other Websites
- YouTube, Yahoo QA

Overall, there are 20,000 channels included

23
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I Location Entity Extractor

¢ Hybrid sequence labeling model

® Rule-Based

® Machine Learning-Based

puiew
RO ERE
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e —B8235F 0 A —IEMRAF R > AF AL

HEMAMET AR - FHRXIE > BN EIEE &
5 = 55810548 it 3

Bz H

B2 FR L — 25534

=2 10564

Location Entity :
Address, city, school, popular attractions ... etc.
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Disaster Entity Extractor

puiew

¢ Hybrid sequence labeling model

® Rule-Based

® Machine Learning-Based

¢ 2 types disaster entity

® Disaster and Event

Data Labeled By

Annotator

Auto Labeling
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OpView for Disaster Reduction

System Demonstration

Copyright © Proprietary and Confidential. All rights reserved.
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Disaster Analysis System
0 . " e MoERE |
Qiaso O - ° ° o) '. - 6' §<<%i‘m/m£ $ﬁ0 {Qiﬁﬂ |
;.2 . « Typhoon
§3 € Z Disaster Type
r \
: % Typhoon v « Earthquake
#18 Disaster Name
 Flood
[E18%5 Nepartak v
iFE &R Duration o
2 \<< %i‘m II“E $ﬁ 0 'ﬁi/g&uﬂaﬁ
5 E = EARE Sea Warning
& Disaster Type
T = Earthquake v
£ # Disaster Name
S =EME Tainan earthquakes v
EFfEER Duration
Copyright © 2016 eLand. All rights reserved. 12/7BEA Less than 12 hours v

12/\A Less than 12 hours
12/0\ ~ 2465 12 hours ~ 24 hours
24/ ~ 36/1\EF 24 hours ~ 36 hours
' 36/)MFF ~ 48/\EF 36 hours ~ 48 hours l

48/ ~ 6071\ 48 hours ~ 60 hours
60/)MFF ~ 72/\EF 60 hours ~ 72 hours
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op; I
I MethOd Summa ry Y-

¢ Entity Extraction

» SKEF M

SROHEFKEMEIENKEST - MEE - 2Ee - BREEESF -

B BT ~ARERFEER DB Disaster entities were highlighted in RED

» KESHEWE
SO EXKEMLENKESHEE - RFR - FI1 - BKS -

FasE FW QQ Event entities were highlighted in GREEN
T
TRHNE - AED KBRS - SILHAEES -

o L EL A Location entities were highlighted in BLUE
» EEEAWHEATY

EHBENT  HSERTREEKENEN - ERRM - BHETHEES -

MR - T - 1B - WAREOMRB KBS -

__________________ Z EK - BARERERDR
— BHRLRACREERFK  FAXRBERELE

Event mentioned in the same sentence
iIn which negative entities detected will be removed.

Copyright © Proprietary and Confidential. All rights reserved. 28



puiew

op; I
MethOd Summa ry Y-

¢ Disaster Event and Location Analysis

® \When an event and a location co-occur in the same

sentence, it is counted as one "mention”

¢ 6 Major Event Categories

» KEMIMBHSW
ARARE AR RSN - MRS HRERZM M —REE - KEBHFFRS
RATL0RA MRS - RETESHAIL0RSH RFTEBSHLER -

RE4R =ibm: L FUER 8!

» EHEER
RIS B 56
e | ES N N L R BIEE - BB BKE [ Lveihood
Flood | ZKEHE AR - 8K - ARSZ AfzeE B RS - 2% [ rublic Security
Windstorm | @S A - A - A S U= R L 8% | Nature Disaster
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Disaster Analysis System

¢ The most mentioned locations are showed as below

BSMAEE : 2016-02-06 03:55 ~ 2016-02-06 15:55

WEHES Location #1® Mentions

© FEEKAE_R207H 785
HKEME Category KEEH Event #/8 Mentions
LHEEN s 785
Q == 409
QO =cmERitE 403
O =i 294
O E#itns 235
Q@ BCEXALCH 172
@ FILERMBTAS 157
O EHREEWEI03E 156
O = 111
O = 111
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Disaster Analysis System

¢ 3 kinds of
entities are

labeled

® |ocation
® Disaster

® Event

¢ Relevance

sorted by the
amount of

mentions

puiew
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OpView for Disaster Reduction

Discussion
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I The advantages

¢ With the help of natural language processing and
intelligent agent technology, the content and the
context related to a disaster or emergency
(earthquake, typhoon, etc.) may be detected and
extracted very fast, in all stages (Pre-event, Event,

Post-event)
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Gpuiew

I Issue #1 Data Quality REBEOHEHE

¢ "How accurate is the system?" — 2 observations

® The precision is high (low false positive), because the
possibility is low for multiple false alarms (i.e. occasions
when people wrongly believe that something dangerous or

unpleasant is happening or will happen)

® The recall (false negative) depends on the type and scale of

a disaster.

- The recall of earthquake, typhoon is higher than fire or

power failure.

- The recall of a nation-wide disaster is higher than a local

one.
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Issue #2 Data Privacy

¢ "How will it breach or violate the privacy?"
® Data from social network are open for everyone to access

® Natural language processing technology enables us to
identify the named entity such as personal name,
organization name, address, phone number, bank account,

license plate, and so on.

® For example, when a location (address) is reported as the
spot of a disaster such as flooding or fire on social media, the

price of real estate near the location goes down.
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Issue #3 Data Discrimination REBFOMERE

¢ "How is data discrimination made?"

® For a disaster, the severity will be computed fast and
automatically with the technology of intelligent agent, and
further it supports to decide the allocation of limited

resources.

® |t makes treating a person or particular group of people

differently.
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Issue #4 Data Abuse/Misuse

¢ "Will the system be abuse or misuse?”

® The system has its positive side, and negative side.

® Some people may disseminate rumors on social media, to
undermine authority and promote terrorist acts, or to

interfere the financial market.

- For example, rumors spread on twitter make the stock

market drop (and then recover) dramatically.
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Social Listening

Related Applications for OpView

MR O E HE
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Case Study : Perceived Air Pollution

® Social listening for perceived degree of air pollution in each
county of Taiwan (Right figure), and then compare to the
PM10 data from sensors (Left figure). To find out in which

county people are more 'sensitive’ to air pollution.
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Case Study : South China Sea Crisis

¢ Social early warning for conflicts between China and Vietnam
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Case Study : Overview of Food Safety Scandal
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I Food Safety Scandal — Brand Impact Map
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' Case Study : Social Risk Evaluation

¢ Establish various risk-sensitive model from the

content and context by the Deep NLP analysis

2T Ir 1962/4%/14 48 E2 —
Eeesfhrs b Sl URIRESERY D01 1/5%/3] ¥ Z:APhotost 000232 & -85 b 2k
B IFGIBIEAYLIY Y21 Y Y NN FHE B 1971/45/01 49 [EF5T{EA B =1
A FEEFEI EFEK Brrget i (RER)

srrmrE . ASRIMSR | OG0 01 4% 31 HISEESBIERE

BEEET  EX > EERNEERIEG: O ARE o SRR EEUER - 1 BEEAEEE

TERZRE A GEMUELN R H RMER O FEERRR RIS F U EER  FIH

RANG T B i R AR A R R T mm a0 * 1) m_ SR T R hEsh SIEIE - Bire

body h1 span b span

puiew

MEOHEHE Copyright © Proprietary and Confidential. All rights reserved.

=

A

43



Social Listening for Audience Profiling

‘*\ Consumer profiling by social content
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» Thank you

wyang@ntu.edu.tw
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Social Big Data: Listening & Analytics
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