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User Location Inference Using Local Events in Social Media
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Abstract: Pecople using social media transmit vast quantities of information in real time, which forms real-
time information sources called social streams. An important characteristics of such media is that one can
disclose their home location information to other users. By using such information, we can provide several
services such as recommending restaurants or providing disaster-related information to users who live in a
certain area. However, due to the fact that not many users publicize their home locations, there is a lack
of information to provide such services. For this reason, there is a strong demand for inferring users’ home
locations. Meanwhile, by monitoring social streams, we can detect local events (e.g., earthquakes, fires, etc.)
because people all over the world may post messages about those local events instantly. In this paper, we
propose a method for user location inference using local events detected from social streams. Our method is
based on the assumption that users who post about a local event likely to live near the event. Specifically,
the method first detects local events using messages posted by location-known users, and then infer home
locations of location-unknown users who post about the detected event. Experimental results show that our
method can properly detect local events and infer user locations more precisely than other existing location
inference methods.

Keywords: user location inference, social streams, local event detection, social media, Twitter
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Fig. 1 A geographical distribution of tweets posted in a certain

time period. The size of circles illustrates the number
of tweets posted from the corresponding location. We
can see that there are a lot of tweets from metropolises

such as Tokyo and Osaka.
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Fig. 2 A geographical distribution of tweets that contain the

word “earthquake” when an earthquake happened at
Hiroshima prefecture. The size of circles illustrates the
number of tweets posted from the corresponding loca-
tion. Compared to the usual distribution (Fig.1), we
can see that the number of tweets from Hiroshima in-
creases. Meanwhile, tweets from metropolises retain a

certain number.
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Fig. 3 The procedure of clustering of posts by DBSCAN. Posts

regarded as noises by DBSCAN are disposed. The out-

put is a set of clusters.
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Fig. 4 The procedure of filtering clustering with respect to the
geographical locality by Spatial Filtering. Cluster c is
regarded as an event if the value of dispersion(c) is

lower than the parameter MaxDispersion.
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Input: set of posts P; belongs to time window W)
Output: set of events I;
Ej — (Z)
Cj « clustering_method(P;) // noises are discarded.
for all cluster ¢ in C; do
m. < calculate_medoid(c)
de — ‘—i‘ ZpLEC dist;(li,me)
if d. < MaxDispersion then
E]' — E]' Ue
end if
end for

return E;

5. & 512, Content Clustering Tt “»1FTE L THBHT
£ D, WK BFERF 2 wDs, NAEPEML
TEB OB REIHZMENDE KA MR TAS L
LTI ENE LEZ 552, it Spatial Filtering
W2 & > THEW 2 BT F - 2weE LTT74 vy ) v 7
ENns.
4.1.4 O—HILARNL MEHETILTY X L

ARY MEIBOT L TY) X0 % TLITY X4 113K,
RKTNTY)ALE, 5546742 F7 W, IZETHE
ANDESGEANE L TR, Bl L7zA XY DM
SRt s, K7V X 20FERIIIFTAY ) 7
WoOFERIZES.
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l, = arg max O (3)
leL

INTFG X =8 X7 NG, | MAP ez,
6., = arg max P(0|E,) (4)
]

WEoTHEoNL, 22T, B, 32—V udERL7A
Ny MNOEESTHY, UFTHZONA.

E, = {e € E | mention(u,e)} (5)

7272L, mention(u,e) (Zu e llJBTHRAL p Z¥ha
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arg max P(0|E,) = arg max P(E,|0)P(0) (6)
0 0
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&, ARV MER B, DLERE P(E,|0) 13X %72 .
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arg max P(6)eg)
6

= arg max P(0)P(ey|0)
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arg max Dir(0; a) Multi(v(eg); 0)
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arg max Dir(6; o+ v(eg)) (15)
0

Y, IhEmE
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(16)

Ou e = 17

KT N, + N, + A+ (17)

PROND. THE#h)R§ LRI

ZmonelmLOék*l

Ou e = S 18
t T T N ¥ AT (18)

EWVIBRDPES NG, THUI Ny FEEBEICLAHEE K

LTw3

BREFNNI Ny F58 LT 5 L ROFI D 5.

o HMLLFABLEANY POAREHNTINTG A—F Ry
MVEBHTLIENTED,

e TNITTOFTRTDANY M ZRELTHBLLED
W,

BEIIH LA NS MOFZE LBy 728108 -
TNRTA=F R MVEBEHTL720121F, TETICH
HENTWETRTOANRY bEHVLLENSHLT2OT
HbH. —F, BREFHTRZOLFI RV, Zhs 200d
ANRY PPREIZHED ) 2 BB SNRITE Y — Y v LA
M) =2 EDRNTFCTIIRELFEICRL EEZD.
4.25 I—YUBHE7ZINII XL

L—HPMBEBHET VT AL EZTIVT) XL 2 IZRT.
ARTNTY XL ENTZAXRY be® AJTE LTRIT
Y, ZRcEINTHIBT 22— Dur —3 3 V457
THEHY A, - VOMEZHEET 5121, nep AT

Algorithm 2 T — M EHEE TV T X4

Input: detected event e, parameter vectors 6[u][l]
Output: updated parameter vectors {u][l]
for all post p in e do
u < user(p) // returns the user who posts p
for all post g in e do
v <« user(q) // returns the user who posts ¢
| < location(v) // returns the location of v
if u# vandl# NULL then
O[u][l] + Ou][l] + 1
end if
end for
end for
return O[u][l]
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®1 7ty
Table 1 Dataset.

All Earthquake Weather Tornado Emergency
# of users 508,824 141,978 307,474 15,868 81,592
# of seed users | 130,391 (26%) | 36,613 (26%) | 78,582 (26%) | 3,412 (22%) | 20,043 (25%)
# of tweets 1,018,164 317,982 519,803 12,073 103,933
INREH—, &
W, Bk, B
keywords - iz ﬁfﬁ,‘ {,\A(, o Bk L, R,
FA Ly
— — Yty FCThh. Or—a MNERPEEM TS 5 seed user
YA—k N4 N — Sy
% it — FWFhoT—% 1y MIBWTH 25%RiE ThHh o7z, %
B, 7=ty P TELITRETHROEY 2T A — 53R
— . R =S L ) SIuris ] s 0=
iF o BaTab, FRIEZRELINT A=Y EREoT0S.
BARM IR L CIREHISREN TV 5.

M5 EERICHWAT0 5L TS AT AOME. Twitter 7 5 fkii
WIZT =8 ZUETHa K=ty b, ARV MEHBLID
Z—PAEHECEEIT) Iy R—Hr MG ND

Fig. 5 The outline of the prototype system for the experiments.

The prototype system consists of components that col-
lect data from Twitter and components that perform

event detection and location inference.
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Precision

Earthquake Weather

Tornado Emergency

6 MEFEICIVMB S NIA XY FOBAZE. FEHYIRH I
%L DARY FHGAE LT~ 5 £y MBI 2 MARNE
(proTnh., AXY MRIBIZHW S LEFHROHIGZ KE <
THEDTPIHEGEP LA LTS

Fig. 6 The accuracy of detected events by the proposed
method. The accuracy of the datasets where a lot
of events occur is high. The accuracy slightly in-
creases with the increase of the amount of location

information.
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Fig. 7 The number of detected events by the proposed method.

The proposed method detects a lot of events from
datasets where a lot of events occur. The number of de-
tected events increases with the increase of the amount

of location information.
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Table 2 Specific values of inference accuracies and average error distances.

Proposed | Li Cheng Clodoveu | Random

Pre@160km 0.761 0.570 0.344 0.573 0.170
Pre@80km 0.696 0.378 0.284 0.520 0.092
Mean E.D. (m) 134,114 208,699 | 336,489 | 227,100 457,666
Median E.D.(m) | 22,862 129,249 | 290,465 | 49,118 416,106

% Cheng & D Fi: [5]*6, Clodoveu H OFi: 8], Li 5D 1
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Fig. 8 The result of the comparison of inference accuracies.
The accuracy of Proposed is approximately 34%, 122%,
and 33% higher than that of Li, Cheng, and Clodoveu,

respectively.
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Fig. 9 The temporal transition of the number of inferred users

by the proposed method. The number of users of the
datasets with a lot of events appears to be large. It
is considered that stepwise increases are due to large

events.
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Fig. 10 The effects of parameter MazDispersion to the preci-

sion and the recall. We can see that there is a tradeoff

between the precision and the recall.
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Fig. 11 The effects of parameter WindowSize to the precision

and the number of estimated users. With the increase
of WindowSize, the number of estimated users de-

creases, while the precision increases.
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Fig. 12 The effects of parameter Eps to the precision and

the number of estimated users. There is little change
in the precision, while the number of estimated users

changes sharply.
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