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Clinton and Trump supporters Follow only Trump

Follow only Clinton

live in their own Twitter worlds N

Follow neither

Hillary Clinton supporters in this user
group are not as cohesive as Trump
. supporters and they interact more
Clinton frequently with users who follow both or
Supporters neithér candidate. They have few mutual
follower networks in common with the
far-right conservative cluster.

This large cluster of Trump
supporters on Twitter have little
mutual follower overlap with other
users and are a remarkably
cohesive group. They exist in their
own information bubble.

Trump
Supporters

Source: The Electome | The Laboratory for Social Machines at the MIT Media Lab

B7: Journalists and Trump voters live in separate online bubbles, MIT analysis shows

Table 1. Homophily in the political network (N = 2,246,079).

Percent voters followed Voters followed
Same- Share same-
Voters Percent Liberal Conservative type Total type
Liberal 36.06 6711  32.89 40.416 58.576 0.688
Conservative 63.94 2025 7975 57.828 68.486 0.844

¥8: Halberstam and Knight (2016)


https://www.vice.com/en/article/d3xamx/journalists-and-trump-voters-live-in-separate-online-bubbles-mit-analysis-shows

Table 2. Production of information by voters.

Percent retweets Percent first retweets Percent mentions
(73.61M) (22.85K) (151.10M)
Voters Democrat Republican Democrat Republican Democrat Republica
Liberal 90.91 1.29 85.68 2.16 65.87 23.23
Conservative 9.09 98.71 14.32 07.84 3413 76.77

[¥9: Halberstam and Knight (2016)

Which issues are talked M Guns 10.06%

Racial Issues 8.65%

about the most on Twitter B

Racial issues are the exclusive focus of 8 I:l Terrorism 8.3%
.8 percent of the user group, more than any other o
issue except guns. There is also an extremely . Jobs 6.84%
high level of connectivity among these users Economy 5.44%
ich suggests both solidarity and insularity. .
Education 3.23%

Clinton

Supporters : e S Il Combination of issues

Guns are the sole focus of over 10 percent of the

user group, the most of any issue. Similar to

immigration, there are clusters of "guns" users on

both ends of the spectrum and they are almost

completely disconnected from each other. Gun

rights users and gun control users live in separate
nline worlds.

X ST
Less than 4 percent of the user group Trump
talk solely about education and those " Supporters
who do are very disconnected from most
of the political conversation. :

Source: The Electome | The Laboratory for Social Machines at the MIT Media Lab

[10: Journalists and Trump voters live in separate online bubbles, MIT analysis shows
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https://www.vice.com/en/article/d3xamx/journalists-and-trump-voters-live-in-separate-online-bubbles-mit-analysis-shows
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The media bubble is real

Clinton _
Supporters :

Almost no verified
journalists have a
natural information
flow with most
Trump supporters on
Twitter. Thereis little
overlap between
their mutual follower
networks.

Trump
Supporters

Source: The Electome | The Laboratory for Social Machines at the MIT Media Lab

(11: Journalists and Trump voters live in separate online bubbles, MIT analysis shows
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Percent saying they worry about climate
change “a great deal”
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45%
L
2
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(12: The More Education Republicans Have, the Less They Tend to Believe in Climate Change
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Citizens With Liberal Opinions
(Lax & Phillips, 2012)

Ideology Estimate Based on Roll-Call Votes
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XI13: Barbera et al. (2015)
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Figure 4. Events with Highest and Lowest Censorship Magnitude
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] Googlé is Hacked I = Collective Action
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Food Prices Rise
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= Policies
= News
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Censorship Magnitude

[X18: King et al. (2013)

Figure 8. Content of Censored Posts by Topic Area
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FIGURE 2. Time Series of 43,757 Known 50c Social Media Posts with Qualitative Summaries of the
Content of Volume Bursts
[=)
S
(=)
=
1. Qingming
festival
(April)
8. Martyr's
g | Day
2 (Oct)
@
l‘é’ 6. Urumgi rail
5 8 3. Shanshan explosion (May)
£ & riots (July)
3 7. Gov't
o 2. China forum,
Dream praise
(May) 5. Two meetings central
8 N N (Feb) subsidy
(=]
T 4. 3rd plenum l (ul-Aug)
CCP 18th
Congress (Nov)
o - A L m L »
L L T T T T T 1 \ 1 T T 1 T T 1 1
Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov
Date (Jan 2013 - Dec 2014)

[¥20: King et al. (2017)

25 FSAURER

ABFRP2WE 7 VR LCERZ T 2T A PERRL, EROEVY 2 73 A bERDIZEFOZLTH
%, 1

o INTIAMEILEEESCOFNEZINIT 24 bOFTH A4 T A/B TR 2TV, #6000 75 F
LNOFMEINCE R s 2 ShilT\W3,

Fr74 v ETE (LELVEBRIHEZERHS 720D BI2) EBRIMfThbT\wa,
+ Facebook OEBFEERTIIKADERE AT/ e 2B 2. RERD EMNBZ L5007,

+ Facebook OEEFEBRTIE TL L b7 4 T RIEBOEFTREINZL LB 2, R T 4 T RBFEIEZ
5 (FOHHLRD) ootz

L sz oW CI3HE R IR IC B W CRH T 3,

17


https://www.afpbb.com/articles/-/2900894
https://www.itmedia.co.jp/news/articles/1406/29/news007.html

FIGURE 3. Content of Leaked and Inferred 50c Posts, by substantive category (with details in
Appendix A) and analysis (given in the legend)
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condition. Bars represent standard errors.
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