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Abstract If one can infer the residential area of SNS users by analyzing the SNS big data, it can be an alternative by
replacing the spatial big data researches which result from the location sparsity and ecological error. In this study, we
developed the way of utilizing the daily life activity pattern, which can be found from timeline data of tweet users, to
infer the residential areas of tweet users. We recognized the daily life activity pattern of tweet users from user’s
movement pattern and the regional cognition words that users text in tweet. The models based on user's movement and
text are named as the daily movement pattern model and the daily activity field model, respectively. And then we
selected the variables which are going to be utilized in each model. We defined the dependent variables as 0, if the
residential areas that users tweet mainly are their home location(HL) and as 1, vice versa. According to our results,
performed by the discriminant analysis, the hit ratio of the two models was 67.5%, 57.5% respectively. We tested both
models by using the timeline data of the stress-related tweets. As a result, we inferred the residential areas of 5,301
users out 0f 48,235 users and could obtain 9,606 stress-related tweets with residential area. The results shows about 44
times increase by comparing to the geo-tagged tweets counts. We think that the methodology we have used in this study
can be used not only to secure more location data in the study of SNS big data, but also to link the SNS big data with
regional statistics in order to analyze the regional phenomenon.
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Table 1. The ratio of users HL input state in their profile
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Table 2. Number of users and accumulation rate per
passing district

number of the passing | Number of | Accumulation
district (sigungu) users rate (%)
1 12,097 47.37%
2 4,942 66.73%
3 2,814 77.75%
5 2,938 89.25%
50 2,744 100.00%
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Table 5. The ratio of HL tweets according to time band
using K-means method

Table 7. Fisher's linear discriminant function (Daily
Movement Pattern Model)

. . ratio of HL - the discriminant function of discordance
cluster Including time band 0
tweets (%) Z=0.023X, + 0.843X, + 15.073X, — 0.046.X,
cluster 1 7~8h/ 10~13h/21~23h 61.0 — 0.076.X; —0.043.X; —7.158
cluster 2 0~4h 74.2 - the discriminant function of accordance
cluster 3 4~Th/ 22~24h 66.6 Z=0.026.X, + 0.785.X, + 18.096 X ; — 0.040.X,
cluster 4 | 9~10h/ 13h~20h 54.6 — 0-066X; —0.0554, 9323

Table 6. The meaning of the variables for the dis-
criminant function analysis (Daily Movement
Pattern Model)

meaning

whether the district(area) that Users make
the majority tweets in their HL or not

dependent 0 The district that Users make the

variable majority tweets is not HL.(discordance)
1 The district that Users make the
majority tweets is HL.(accordance)
X total tweets count
X the number of districts that User
2 produced the tweets.
in- e the ratio of tweets count in the district
dependent| * making the majority

variable | X, |the tweets count of cluster 1 time band
(Xi)

X |the tweets count of cluster 2 time band

X |the tweets count of cluster 3 time band

X7 |the tweets count of cluster 4 time band

X gitK(Table 5).
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Table 8. The results of the daily movement pattern
model’s application
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Table 9. The frequency and ratio of users who tweet
including the administrative words

HL and the district prediction group ALL | Number of users | .0
having the majority[ total who tweet in their |
tweets discordance | accordance (person) HL (%0)
discordance | 639 (61.1%) | 406 (38.9%) | 1,045 All Users 2,567 216 8.4%
accordance 429 (28.2%) 1,093 (71.8%)| 1,522 Users who tweet
including the
administrative 1,167 216 18.5%
4.3 94 TR words
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Table 10. The number of users who mention their districts
according to the percentage of Users’ district
to total administrative words ratio

Percentage of Users’
district to total Number of| Ratio |Accumulated

administrative words users (%) ratio (%)
ratio
100% 60 27.8% 27.8%
90% 22 10.2% 37.9%
70% 34 15.7% 53.7%
50% 36 19.9% 73.6%
30% 21 9.7% 90.3%
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Table 11. The meaning of the variables for the dis-
criminant function analysis (Daily Activity

Field Model)
the meaning
whether the district(area) that Users wrote the
majority administrative district name in their
tweets is their HL or not
depen-
dent 0 The majority administrative district name
variable is not HL. (discordance)
1 The majority administrative district name
is HL (accordance)
Xy total tweets count
indepen-| X, the number of arll(illnr:llénstratlve district
dent
variable the ratio of the majority administrative
(Xi) X3 district name to total administrative
words ratio

Table 12. Fisher’s linear discriminant function (Daily
Activity Field Model)

- the discriminant function of discordance

Z=0.022X, + 1.691.X, + 18.603.X, —9.135

- the discriminant function of accordance

| Z=—0.016X, + 786X, + 19.979, — 10.418
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Table 13. The results of the daily activity field model's
application

HL and the district
having the majority
tweets

prediction group

total
accordance

614 (42.0%)
117 (54.2%)

discordance

847 (58.0%)
99 (45.8%)

discordance 1,461

216

accordance

AL WAE AL M Aol Gk et mEgs

SN o 4 qlszo] Mol Y3t Qo] Bhe ALgA}

AL 2§T 4 gl malo] B 4 k).

5. B2dag

51 H2EdelY 49 % 2R
AiolEaiEing W Ay YT mde| HNE

oreh. TGS 7]% SNSElold HAH AT} FA
3 WAOR HolEE SuT B ATHHES 4

Q4] 7Hs3 B0 A%t F

U= —
otk ERAFL T BSR4

A2 2014 79 1295E 84 31¥€7HA] o]
EQE APIE £l =4 ESIL & 82,809
AT o2 AT AHEAE 48,2350 T o] 5
o] Beletele & 63l0] AH 47T AT} 4424212
7ol eteletaldol el 7t 4 El gleh

& A=A 329 ggletelrole] whalo] Aol
Zo] 48235 AMgALe] mEutels HRsch
AHgA mEbele] ERL BAEnEY) SR
Al A on] 1 Aak Table 149} 29
AZT, S el e ARgRe] A% Xl
PHele] AEergm Waslaoen oo &
o EheleklE|o] Bl Type Iof 4] IV T-5}5i)
Table 154 3.2 Bleielv|ols] el Ko} 22 7]

u

=
=
o,
e
=
3

Table 14. The ratio of users HL Input in their profile (test data)

Input
Omission Administrative District Name total
- - - subtotal
nations sido sigungu yeopmun dong
Number of users| 11,317 1,226 4,138 1,676 285 14,218 25,535
ratio 44.32% 4.80% 16.21% 6.56% 1.12% 55.68% 100%
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Table 15. The frequency and ratio of user timeline
data according to types

User Timeline Tweet Data | Number of
frequency ratio Users
Type 1 1,070 0.02% 107
Type 11 7,508 0.17% 749
Type I 4,321,216 97.67% 47,163
Type IV 94,418 2.13% 1,067
total 4,424212 49,0865
o BolekeldlolE S BRet Auke tehd Zlo|
oh. A9IE Hmo} ALER Zutelo] AFIH] UA
7b fle AREARE 47,163 0 2 T weken tha
O 7 Type IV, Type lI£ S 2 ARER} =7} W3kch

52 29 284
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Table 16. The number of tweets that contain stress
related expressions after inferred modelling’s

application
Nuer | S5t it Number o et
location (A) |[related expressions
Type 1 107 35 45
Type 11 749 272 361
Type III 47,163 3,927 7,540
Type IV 1,067 1,067 1,660
Total 5,301 9,606
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Figure 9. The distributions of geo-tagged tweets(A)
and inferred location tweets(B)
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