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When Twitter Met LBS
ɆMicro-blogging sites( Twitter, Jaiku, Prownce) as an 

important media to share info. about geo-social events
ɆSocio-geographic analysisusing Social Network Services for 

discovery of social / natural events and urban characteristics



Twitter as a Geo-social Database

ɆGeo-Tweets are instant updates of people with whereabouts

Example of Geo-Tweets

user_id created_at loc_lat loc_lng texts

1534****** Thu, 03 Jun 2010 20:21:25 42.327873 142.4175637
Kitami is 11 degrees now. By the way,
Osaka seems to be 28 degrees.

5235***** Thu, 03 Jun 2010 21:16:13 42.7424814 143.6865067Good morning. It is heavy mist.

7143**** Thu 03 Jun 2010 15:59:41 41.939994 126.423587
The soba of this shop seems to be
delicious. http://twitpic.com/1tkoua

1513**** Fri 04 Jun 2010 00:20:5 44.0206319 144.2733983I passed Bihoro.

1537**** Fri, 04 Jun 2010 00:04:54 44.3045224 142.6389133The rain falls today.

+ Č Geo-Tweets
(Tweets having geo-tags)

WhenWho Where What/Why/How/é

Spatio-Temporal 

Crowd Behavior Database



Goal: Geo-social Events Detection 
from Twitter

ɆChallenging Issue: #ÁÎ ×Å ÅØÐÌÏÉÔ ÃÒÏ×ÄÓȭ ÓÅÎÓÅÓ 
for various socio- geographic analyses?

ɆWhat crowds are sharing

ɀ Simple Types
ɆWhereabouts

ɆWhat s/he is doing

ɀComplex Types (by analysis)
ɆWhat they are doing together

ɆWhat they are thinking or feeling 

ɆHow the local/global societies work



Detecting Local Events 
from Crowd Behavior

ɆThe 1st idea: counting geo-tweets for every town

ĄBut, downtowns always have many tweets

Ɇ7ÈÁÔ ,ÏÃÁÌ %ÖÅÎÔÓ ×ÅȭÄ ÌÉËÅ ÔÏ ÆÉÎÄ ÏÕÔȩ 

ĄNot every-day activities such as commutes, but 
unusually occurring incidents like festivals

ɆRegularity vs. Irregularity  would be a key to discover 
interesting and meaningful events, at first



Geographic Regularity

ɆHow to define/measure Geographical Regularity 
(usual status of crowd behaviors in a region)

ɆHow many tweets are posted 

ɆHow many users are there

ɆHow active are the movements of the local crowd

ɆȬ2ÅÇÕÌÁÒȾ)ÒÒÅÇÕÌÁÒȭ ÍÁÙ ÂÅ Á ÒÅÌÁÔÉÖÅ ÃÏÎÃÅÐÔ 

ɀ7Å ÎÅÅÄ ÔÏ ÃÈÁÒÁÃÔÅÒÉÚÅ ÅÁÃÈ ÒÅÇÉÏÎȭÓ ÇÅÏÇÒÁÐÈÉÃ 
ÒÅÇÕÌÁÒÉÔÉÅÓȣ ɉ3ÔÁÔÉÏÎÓȟ /ÆÆÉÃÅ ÔÏ×Îȟ ÂÅÄ ÔÏ×Îȟ ÅÔÃȢɊ

Generally, a complicated sociological analysis task



Process of Geo-social Event Detection

1) Collecting geographical tweets 2) Setting Out RoIs(Region-of-Interests)

4) Detecting Unusual Crowd Activities

target data

3) Estimating Geographic Regularities
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Collecting Geo-Tweets from Twitter

ɆCollect Twitter messages (tweets) within a 
geographic region

Ɇ4×ÉÔÔÅÒȭÓ GeoAPIÓÕÐÐÏÒÔÓ ÏÎÌÙ ȬÎÅÁÒÂÙȭ ÑÕÅÒÙ ÂÙ 
center location + searching radius

ɆLimitation: 1,500 tweets/query, up to the past 
week, 1km Ѓ ÒÁÄÉÕÓЃ500km or less

center point
[lat,lng]

radius

Maximum:1,500

t

target region

last one week

ȣ

unobtainable 
data

today



Collecting Massive Geographical Tweets

ɆDeployment of querying locations by

Quad-tree 

obtain data in the circle 
surrounding the region

A B

CD

If  # messagein region A 
= Max_answer(= 1,500)

If # message 
=Max_answer(=1,500)

B

CD

By repeating these operations recursively, we realized the
acquisition method which depends on quantity of the regional data

target region



Geographic Distribution of 
Geo-Tweets in the USA 



EU



Asia (before iPhonescome to China)



Australia

Sydney

Brisbane



In Haiti?

Disaster-affected Area

(*displayed only the most recent 300 tweets)



Jan./14- 21 Jan. 17th (0:00- 12:00)

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

oas 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

Crowd Interests by Term Frequency 



Experimental Data

ɆGeo-Tweets found around Japan

ɀDate: 2010/06/04-2010/07/24

ɀGeographical tweets21,623,947 (geo-tagged)

ɀUsers 366,556

Tokyo 

Osaka 



Social Geographic Boundary

ɆSet outRoIs(Region-of-interests) for estimating 
geographical regularities

ɀRoIs: Partitioned sub-areas are used for monitoring 

ɆSpace partitioning for estimating geographical 
regularities of each region

Voronoi-based 
Space Partition 
(after K-Means 
Clustering),

K=300

TokyoOsaka Nagoya



Estimating Geographical Regularities (1/2)

ɆRoI'sgeographical regularity (gr) based on three indicators

ɀ#Tweets the number of tweets that were written in an RoI

ɀ#Crowd the number of Twitter users found in an RoI

ɀ#MovCrowd the number of moving users related to an RoI

ɆEstimating by a statistical mannerusingboxplot

ɀa boxplot : 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)

Decide a normal/abnormal range using boxplots

stability 
domain 

abnormal range 

abnormal range 

permissible 

zone

Detection of unusually crowded region by using 
combinational cases of #Tweets, #Crowd, and #MovCrowd

normal 
range 



ɆCombination of three indicators

ɆCombinational cases of abnormal status

ɀ(h) all the indicators show an abnormality 

ɀ(f) #Tweets and #MovCrowdonly show an abnormality 

ɀ(d) #Crowd and #MovCrowdonly show an abnormality 

Decision of Detection Conditions

#Tweets #Crowds #MovCrowds Final Decision (F)
(a) N N
(b) A N
(c) N N
(d) A A
(e) N N
(f) A A
(g) N N
(h) A A

N

A

N

A

N

A

N: normal   A: abnormal



Detection of Unusual Events (1/3)

h) all the indicatorsĄ abnormal
ex. Tendency of big event or famous festival

#Tweets #Crowds#MovCrowdsFinal Decision (F)
A A A A

Increase of 

#MovCrowd

geographic regularity
condition of 

certain time tk

geographic regularity 

increase of 

#Tweets and 

#Crowd

RoI

: movings

festivals
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normal 
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Detection of Unusual Events (2/3)

f) #Tweetsand #MovCrowdsĄ abnormal
ex. Local small festival


