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When Twitter Met LBS

Z Micro-blogging sites( Twitter, Jaiku,Prownce) as an
Important media to share info. abouteo-social events

Z Sociogeographic analysisising Social Network Services for
discovery ofsocial / natural events and urban characteristics
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Twitter as a Geasoclal Database

£ GeoTweets are instant updates of people with whereabouts

+ m GeoTweets
-1 (Tweets having gectags)
Spatio-Temporal
Example of Geelweets _ ___ Crowd Behavior Database
user id created at loc lat loc Ing texts
Kitami is 11 degrees now. By the way,

1534****** | Thu, 03 Jun 2010 20:21:2b 42.327873 142.4175637'Osaka seems to be 28 degrees

Thu, 03 Jun 2010 21:16:183 42.7424814 143.686506‘]Good morning. It is heavy mist.

7143+ | Thu 03 Jun 2010 15:59:41 41.939994 | 126.423587|11¢ Soba of this shop seems to be
|delicious. http:/twitpic.com/1tkoua

5235%****

151 3**** Fri 04 Jun 2010 00:20:5| 44.0206319| 144.2733983! passed Bihoro.

1537**** | Fri, 04 Jun 2010 00:04:54\ 44.3045224| 142.6389134The rain falls today.
Who When Where What/ Why/ How/




Goal:Geosoclal Events Detection
from Twitter

Z Challenging Issue# AT xA A @bl | EO
for various socie geographic analyses?

Mining global and local
social activity patterns g:ﬁjf i
LT A

Z What crowds are sharing
Z Simple Types

HUMAN SENSOR

SOCIALACTIVITY

E Whereabouts ANALYSHS e tion

E What s/he is doing e®8. I e mapeing
Z Complex Types (by analysis) =7 Q’:: T

£ What they are doing together s@ Emm

Z What they are thinking or feeling  wumansensor sies

.. Instant reporting of thoughts,
£ How the local/global societies work feelings, and experiences



Detecting Local Events
from Crowd Behavior

£ The #idea: counting geetweets for every town
A But, downtowns always have many tweets

E7EAO 1 AAl %OA1T OO0 xAd A |

A Not everyday activities such as commutes, but
unusually occurring incidents like festivals

7 Regularity vs. Irregularitywould be a key to discover
Interesting and meaningful events, at first



Geographic Regularity

£ How to define/measure Geographical Regularity
(usual status of crowd behaviors in a region)
ZHow many tweets are posted
FHow many users are there
ZHow active are the movements of the local crowd

ZO2ACOI AOFY) OOACOI AO6 I AU

27A T AAA Ol AEAOAAOAOEUA AA

OACOlI AOEOEAO8 j 30AO0EI 1T Oh [/
Generally, a complicated sociological analysis task



Processof GeosoclalEvent Detection

1) Collecting geographical tweets 2) Setting OutRols(Regiorrof-Interests)

C)

4) Detecting Unusual Crowd Activities 3) Estimating Geographic Regularities

][

occurrence
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Geographical regularities
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target data



Collecting GeoTweets from Twitter

£ Collect Twitter messages (tweets) within a
geographic region

Z4 x EOGHARAODDPI OO0 111U Ol
center location+ searching radius

Z Limitation: 1,500 tweets/queryup to the past
week, 1kmir O AT/AEKOor less

target region unobtainable
data -
\ center point P | P 5'5" 5'5" 1Al
lat,ing] e ﬁ‘ Maximum:1,500
N > {

last one week today



Collecting MassiveGeographical Tweets

Z Deployment of querying locations by
Quadtree
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obtain data in the circle If # message If #messagein region A
surrounding theregion =Max_answer(=1,500) =Max_answer(=1,500)

By repeating theseoperations recursively we realized the
acquisition method whichdependson quantity of the regional data




Geographic Distribution of
GeoTweets inthe USA
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In Haiti?
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(*displayed only the most recent 300 tweets)



Crowd Interests by TermFrequency

Occurrence Count

Jan./14-21 Jan. 17th (0:0012:00)
haiti 11.5 petionville 2
pap 3.5 smoothed 1
petionville 3 glory 1
paup 3 aftershock 1
jacmel 3 god 0.6
border 3 words 0.5
aftershock 3 water 0.5
tia 2.66667 reconnect 0.5
home 2.6 pierre 0.5
help 2.6 orphanage 0.5
embassy 2.5 haiti 0.5
unicef 2 firemen 0.5
tentes 2 distribute 0.5
supplies 2 thanks 0.4
sabine 2 glad 0.4
preval 2 weapons 0.33333
people 2 weapon 0.33333
padf 2 tia 0.33333
0as 2 semi 0.33333
luckner 2 patrol 0.33333
jimani 2 papa 0.33333
haitian 2 mountains 0.33333
food 2 heavily 0.33333
delievered 2 encouragement 0.33333
bourdon 2 describe 0.33333
dr 1.75 bucket 0.33333
earthquake 1.66667 blessings 0.33333
water 1.5 automatic 0.33333
praying 1.5 auto 0.33333
need 1.4 armed 0.33333
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Experimental Data

£ GeoTweets found around Japan
Z Date:2010/06/042010/07/24

Z Geographical tweets21,623,947 (getagged)

Z Users 366,556
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Social Geographic Boundary

£ Set out Rols(Regionof-nterests) for estimating
geographical regularities
Z Rols Partitioned subareas are used for monitoring
£ Spacepartitioning for estimating geographical
regularitiesof each region

Voronotbased
Space Partition
(after K-Means

S S Clustering),
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Estimating Geographical Reqgularities (1/2)

£ Rol'sgeographical regularity gr) based onthree indicators
Z #Tweets the number of tweets that were written in anRol
Z #Crowd the number of Twitter users found in arRol
Z #MovCrowd the number of moving users related to aRol

£ Estimatingby astatistical mannerusingboxplot

Z aboxplot: presentation of five sample statistics (the minimum, the
lower quartile, the median, the upper quartile, and the maximum)
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Estimating Geographical Regularities (2/2)

Decidea normal/abnormal rangeaisingboxplots

Estimation Geographic Regularity
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Detection of unusually crowded region by using
combinational cases of #Tweets, #Crowd, and #MovCrow




Decision ofDetection Conditions

£ Combination of three indicators

#Tweets #Crowds | #MowCrowds JFinal Decision (H
N

N

A
N
A
A
(h
N: normal A: abnormal

£ Combinational cases of abnormal status
Z (h) all the indicators show an abnormality
Z () #Tweets and #MovCrowdonly show an abnormality
Z (d) #Crowd and #ovCrowdonly show an abnormality
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Detection of Unusual Events (1)3

h) all the Iindicators A abnormal
ex. Tendencyof big event or famous festival

geographic regularity

C

Rol

geographic regularity
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Increase of
#MovCrowd

festivals
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increase of
#Tweets and

condition of
certain time t,

#Crowd

Q: certain place

#Crowd |#Tweets

% test data \
DAY
N _7%_ PAg
normal normal normal
range range range
i —
# Tweets # Users # MovUsers /
#Tweets [ #Crowds#MovCrowd]|Final Decision (F
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Detection of Unusual Events (2/3)

f) #Tweetsand #MovCrowds A abnormal
ex. Local small festival

O



