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Social Media as Social Science Data

* Theory

My data collection project
 Sample projects

e Case study



Social Media as Social Science Data

Approach 1: social media as a causal variable in and of itself:

e Effect of social media on authoritarian regimes (Mazaid et al
2011, Tufeki and Wilson 2012, Farrell 2012, Tucker 2013)

» Effect of social media on mobilization/protest (Wilson 2016)



Social Media as Social Science Data

Approach 2: social media as a tool to measure something else:

* Detect effect of natural disasters (Sakashi, et al. 2010; Vieweg
et al. 2010)

* Information diffusion through population (Lerman and Ghosh
2010, Romero et al 2011, Jansen et al 2009)

 Measure real-time effect of debates on voters (Diakopoulos
and Shamma 2010)



Social Media as Social Science Data

Idealist claim: everything we want to know about public opinion
is available via social media.

Limitation: that information is inaccessible because we don’t
know what the denominator is.



The Problems

* The Representativeness Problem
— Social media users not representative
— Vocal social media users not representative

 The Population Problem
— Might not even be in the population in question



The Problems

* The Representativeness Problem
— Social media users not representative
— Vocal social media users not representative

 The Population Problem
— Might not even be in the population in question

—These are not new problems in social science



Social Media as Pseudo-Polls

* User meta data to correct sampling

* Semantic analysis to identify intervening
variables (education, wealth, ethnicity)

* Survey sample of social media users to control

for intervening variables



Data Sources

Social Networks (Facebook)
Blogs
Microblogs (Twitter)

Problems:

* Country variation
 Temporal variation
e Public/private divide



Twitter Framework for Social Science

 Geocoded social media data can target populations

* Two approaches:
— Context based
— GPS based
* The additional problem: selecting on the dependent variable:
— By time
— By keyword



Twitter Framework for Social Science

e The Data:

— Latitude and longitude
— Full text and keywords

— Metadata: followers, time zone, language



Twitter Framework for Social Science

* Every geocoded tweet (3 billion):
— E. Europe, Asia, Africa (since Jan 2012)
— Latin America (since Dec 2014)
* Keyword collection on demand:
— Worldwide
— Real time sub-national categorization



Project: Nigeria and Ethnicity




Project: South Korean Censorship
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Project: South Africa #mustfall




Project: Latino vs. Hispanic

F S B SIG RS et
1’7‘!71/4?“”‘ ‘fh ///"/ “7//}7,’ A,,A
A / //I’A // _ § s 1
ST ///;7/1/,_,,///”,4 | r//a, ==
///// /‘ % r/ . /////'/W / 77// ”.’"%r
2. /' ~1 i ///

"9 ‘/4'74///‘ P "” /'{////A ,7//"7'/// ‘rr -
‘///AW v I//W ,//, J/ ipea o

/ iy r %-%Ilﬂ
e m L ot

,,, 5 / 6 i o W e
NS 'f/a Q : W"'””}/,,,,,,/,//’ Em_ g ,=c
= "4 / . / //%‘." /‘ - w5
L BB

— //
I ’I" g 4

%



(3 TR

[l BN

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
34
35
36
37
38
39

Project: Russia, “Direct Line”
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4/17/15 12:00 AM TBMNOHOC T.K HUKOMY BO/IbLIE HEM
4/17/15 12:00 AM WE FAMILY! WEITA\n\n#Supernat
4/17/15 12:00 AM @Malugina_L a cumTato, uTo ecimy
4/17/15 12:00 AM #YrpomyTaHTel #HOdessamassacre #
4/17/15 12:00 AM Tar. MapadoH ¢unomos Marvel. B
4/17/15 12:00 AM Mpueet!
4/17/15 12:00 AM #BparuMcropuallioben SuyanaHxan
4/17/15 12:00 AM @meysonshirdy Otryaa?E
4/17/15 12:01 AM He x0uy HWKYAa MATH, XOUy CraTb2z
4/17/15 12:01 AM Pepaktop Rockstar npocro uyma! A
4/17/15 12:01 AM @Alexey_Andronov CnapTakom nc
4/17/15 12:01 AM @Malugina_L nagHo, He Gepm B roJ
4/17/15 12:01 AM OBcyannu AepbmMo Ha HOUb FAADA, |
4/17/15 12:01 AM Myabika - 370 TOT 4Py, KOTOPbIA BC
4/17/15 12:01 AM Oowas & @ T4 W\nKan kan kan |
4/17/15 12:01 AM Looking forward to the @FedCup ti
4/17/15 12:01 AM 3:00,nenat0 reorp@
4/17/15 12:01 AM @Mr_Boykov @producer_groma a
4/17/15 12:02 AM CronbKO A #Aana 3Toro ot Teba...K
4/17/15 12:02 AM @meysonsbirdy Hakoe?A gaxe Ha
4/17/15 12:02 AM BoT 3TOro A oT Teba Boobuwe He ol
4/17/15 12:02 AM HauvHaeT CBATATh ¥ 33 OKHOM Mo
4/17/15 12:02 AM Bbl BCE ELLE HE B TOBHE? TOTOA M
4/17/15 12:02 AM - Korga Bbina pyccko-Typewukan soi
4/17/15 12:02 AM @RVaslv KCTaTH, Kak B NATYHO NOMI|
4/17/15 12:02 AM anger and agony are better than m
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4/17/15 12:03 AM A Tak Ha yauue Bes BeTpa, 1 He xof
4/17/15 12:03 AM A goma (@ 6ya. KOHocTk, 41 in Beai
4/17/15 12:03 AM @adidasRU Apiuasun?!!
4/17/15 12:03 AM :3 http://t.co/10e4t6WKAB
4/17/15 12:03 AM @Mr_Boykov @producer_grom ga
4/17/15 12:03 AM yBcTBYHO, yTPOM NPYAETCA HAKA4M
4/17/15 12:03 AM Ha npesenTaumn kauna BosaHa sel
4/17/15 12:03 AM f Tak M Tak onozgako, nodemy Bbl 8
4/17/1512:03 AM &
4/17/15 12:03 AM Bo3bmu cefif B pyKM, 40Yb caMypan
4/17/15 12:03 AM Xouy Taroit ByreTur )) hitp://t.co/:
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64 187 milka_RS
1399 2271 Orange_Anya
38 150 katyushellik
585 897 ivnikulinl
3 0 LenychYa
84 198 Yuliana_Makitra

99 1?715.RUDENKO_OLGA

133 144 eva_resurrected
141 107 Heruin_

59 95 AntonPinigin

70 41835 AShmurnov

38 150 katyushellik
124 240 reitMARSH

69 69 Natalie76526453

22 224 fractum_

98 176 MircoWestphal

29 35 malyawochka
441 536 VDmukh

14 20 kosiachenkonata
133 144 eva_resurrected

70 33 katya_demyan

1399 2271 Orange_Anya
124 240 reitMARSH
66 82 DrlerryKate
444 392 Markedo21
42 75 poyduvodkinaydu
0 37 MarsBots
64 187 milka_RS
121 57 bel_poprygun
586 897 ivnikulinl
69 69 Natalie76526453
441 536 VDmukh
113 71 Grasielawitch
354 474 MissBarsitos
58 228 kingston_666
26 39 Valerykolmakov
69 76 cool_nikitina
8 20 Katya_ Kim
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statuses_count time_zone
13674 Yakutsk
147296 Mountain Time (US & Canada)
7737 Beijing
130474
5
14560 Vladivostok
21100 London
1715 Abu Dhabi
7765 Beijing
6313 Ekaterinburg
13294 Moscow
7738 Beijing
31671 London
271
54387 Yerevan
551
253 Minsk
37200 Vladivostok
591
1716 Abu Dhabi
503 Abu Dhabi
147299 Mountain Time (US & Canada)
31674 London
882 Yakutsk
23044 Moscow
4369 Quito
250356 International Date Line West
13675 Yakutsk
2276 Moscow
130477
272
37201 Vladivostok
13938 Moscow
7319 Central Time (US & Canada)
13832 Irkutsk
392 Abu Dhabi
1384
4 Abu Dhabi



Project: Latin American Protest




Project: Euromaidan




Operationalization: Tweets

* Tweets within Ukraine
— 6 months of tweets (10/1/13 to 3/31/14)
— 2.2 million tweets
* QOperationalization:
— Custom GIS code to identify raion
— Number of friends (for weighting)



Operationalization: Protest

 Hand-coded from media sources
— 26 days with size estimates (2K to 500K)
— 73 days with protests but no size estimates

— 95 days with no protest



Twitter in Central Kiev
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Tweets (purple) and Violence (red) in Central Kiev, Feb 18-20, 2014



Empirical Testing

Tweets in Ukraine, Feb 18-20, 2014



How is Mass Protest Reflected in Social
Media Activity?

* Overall twitter activity:

* Increases nationwide

* Decreases in capital
 Network-weighted twitter activity:

* Decreases nationwide

* |ncreases in capital
 Same center-periphery logic happens at

regional capital level



Empirical Testing (Logit)

e sy s

(Intercept) <0.001

Core tweets - <0.001 ***
Core network weighted + <0.001 ***
Periphery tweets + <0.001 ***
Periphery network weighted - <0.001 ***
Time (# days) - 004  xx*

Logistic Regression of Occurrence of Protest on Social Media Variables
(n=181)



Empirical Testing (Logit)

I N T

No Protest (obs) 73
Protest (obs) 8 91 99
Sum 81 100 181

Classification Table of Logistic Regression



Wrapping Up




Twitter in Ukraine
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Timezones

# Users % Users Time Zone
121132 45.18% [Blank]
28734 10.72% Kyiv
21512 8.02% Moscow
15545 5.80% Quito
14824 5.53% Baghdad
13417 5.00% Abu Dhabi
11830 4.41% Athens
6576 2.45% Bucharest
5231 1.95% Greenland
3220 1.20% Minsk




Language Settings

# Users % Users Language
157515 58.75% ru
89546 33.40% en
4825 1.80% uk
4629 1.73% tr
2372 0.88% ro
2124 0.79% es
1855 0.69% pl
1094 0.41% it
919 0.34% fr
534 0.20% de




