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Assignment	  III	  



Echo	  Chambers	  Online?:	  
Politically	  Motivated	  
Selective	  Exposure	  among	  
Internet	  News	  Users	  	  



Summary	  
•  The	  paper	  performs	  a	  survey	  study	  to	  examine	  how	  online	  news	  

reading	  affects	  opinion	  reinforcement	  	  
•  700	  people	  were	  asked	  to	  read	  news	  on	  two	  news	  sites	  
–  Individuals	  more	  like	  to	  read	  news	  stories	  that	  reinforces	  their	  opinions	  

than	  those	  which	  challenge	  them	  

•  Important	  finding:	  
–  “Having	  decided	  to	  view	  a	  news	  story,	  evidence	  of	  an	  aversion	  to	  opinion	  

challenges	  disappears:	  There	  is	  no	  evidence	  that	  individuals	  abandon	  news	  
stories	  that	  contain	  information	  with	  which	  they	  disagree.”	  

–  People	  don’t	  actively	  seek	  to	  exclude	  information	  that	  challenges	  their	  
opinions,	  unlike	  what	  popular	  knowledge	  indicated	  



Presenting	  Diverse	  Political	  
Opinions:	  How	  and	  How	  Much	  



Summary	  



Dynamic	  Debates:	  An	  
Analysis	  of	  Group	  
Polarization	  Over	  Time	  on	  
Twitter	  



Summary	  
•  The	  article	  analyses	  social	  participation	  on	  Twitter	  around	  

exposure	  to	  like-‐minded	  and	  different	  minded	  opinions	  on	  the	  
public	  timeline	  

•  Analysis	  of	  #pro-‐life	  and	  #pro-‐choice	  advocacy	  in	  the	  context	  of	  
Dr.	  Tiller’s	  shooting	  and	  death	  –	  a	  late-‐term	  abortion	  doctor	  

•  30K	  tweets	  about	  the	  event	  and	  analysis	  of	  Twitter	  spanning	  next	  
60	  days	  

•  RQs:	  
–  How	  do	  people	  find	  and	  share	  news	  about	  the	  event?	  	  
–  What	  kinds	  of	  viewpoints	  are	  people	  exposed	  to	  and	  who	  do	  they	  share	  it	  

with?	  	  
–  How	  do	  people	  respond	  to	  others	  who	  have	  differing	  viewpoints	  as	  well	  as	  

to	  people	  who	  share	  the	  same	  viewpoints	  as	  their	  own?	  	  



Summary	  

•  Findings:	  
•  Twitter	  indeed	  allows	  exposure	  to	  diverse	  view	  points	  unlike	  most	  

communities	  which	  are	  built	  around	  encouraging	  homophily	  
•  Diversity	  of	  opinion	  negatively	  impacts	  the	  ability	  to	  engage	  in	  
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not sure when it happened but @cnn is posting live updates.” 
We measured number of references to news sources within 
the first 24 hours, where we define references as including 
both retweets and mentions within a tweet. The ratio of num-
ber of references to number of followers was higher for 
local news accounts than for national news accounts. For @
kansasdotcom and @EaglePhotos, the ratio of references/
total followers was 117/1,309 and 181/1,242, respectively 
(8.9% and 14.6%). In contrast, the number of references/
followers for @NYTimes and @BreakingNews was 287/ 
1,070,086 and 90/545,714 (.02% and .016%). This affirms 
that local stories will have stronger influence and large spread 
in local communities than local stories will in a national com-
munity of readers.

Changes in Polarization, Extremism, and Emotion
To examine if kinds of participation changed significantly 
over the first 24 hours after the shooting broke out we looked 
at cross talk over time, changes in extremism over time, and 
emotion over time.

Change in Cross Talk Over Time
We plotted reply pairs over the first 24 hours to assess if they 
become more or less polarized. In Figure 4, light bars repre-
sent like-minded views (pro-life to pro-life and pro-choice to 
pro-choice) and dark bars represent cross talk. The percent-
age of like-minded replies ranged between 20% and 40% of 
total replies in the above graph; however, it neither decreases 
nor increases within the first 24 hours.

Change in Opinion Over Time
We plotted individual positions over the first 24 hours to 
see if the aggregate opinion becomes more biased toward one 
side of the debate or the other or if opinions became more 
extreme overall (see Figure 5). We looked for “bursty” 
behavior in a constrained 24-hour sample. Although the total 
number of tweets fluctuated, we observe little change in rela-
tive opinion extremity.

Change in Emotion Over Time
We used LIWC, a text analysis tool (Pennebaker, Booth, & 
Francis, 2007), to calculate the degree to which people use dif-
ferent categories of words across texts. We bucketed tweets 
by quartiles of tweets rather than by equivalent 6-hour chunks. 
Thus, Bin 1 is the first 25% of tweets, Bin 2 is the second 
25%, Bin 3 is the third 25%, and Bin 4 is the last quartile. 
These mapped to Bin 1 representing the first 3 hours, 22 min-
utes (3:22:41); Bin 2 the second, 3:39:29; Bin 3 the third, 
3:45:32; and Bin 4 the last, 13:53:06. Bin 4 is longer than the 
first three bins combined.

LIWC returns linguistic output variables along emotional, 
cognitive, and structural components. We extracted the top 
three output variables that exhibited the most linear change 
(measured by slope) over the four time buckets. We were not 
looking for overall emotion (the overwhelming presence 
of “anger” and “negative emotion” are not surprising) but, 
instead, for changes in emotion—do people get more or less 
angry or more or less emotional over the 24 hours? Table 1 
shows three of the top changing variables: anger, negative 
emotions, and religion. Anger refers to words like “hate,” 
“kill,” or “annoyed”; negative emotions refers to words 
like “hurt,” “ugly,” or “nasty”; and religion refers to words 
like “altar,” “church,” or “mosque.”

Both anger and negative emotions increase over the 
24 hours, while religion decreases. This suggests that the 
specific topic of religion becomes overridden by emotional 
conversations of a more personal nature. However, the decline 
in religion may be because early tweets contained references 
to “church” where the shooting took place.

Figure 4. Ratio of like-minded (light) to opposite-minded (dark) 
replies over the first 24 hours (n   1,137)

Figure 5. Number of extreme pro-choice (dark bottom bars), 
extreme pro-life (dark top), pro-choice (light bottom), and pro-
life (light top) over the first 24 hours (n   1,137)
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the difficulty of coding ideology into specific well-defined 
groups. Authors can be passionate about a given issue even 
if their view is not aligned with a specific political identity.

Results
We selected all 1,447 reply pairs from the first 24 hours of 
posts in our data set—these are pairs in which one user 
tweeted and another responded to the tweet. We coded both 
the original poster and the replier to identify what kinds of 
people reply to other kinds of people. In other words, if As 
are pro-life and Bs are pro-choice, how often do As reply to 
As versus Bs and vice versa?

Each original poster and replier was coded as strong pro-
life, pro-life, moderate/can’t tell, pro-choice, or strong pro-
choice. The majority of repliers were pro-life and pro-choice 
(434 and 677 repliers, respectively). A minority of repliers 
were strong pro-life and strong pro-choice (53 and 84, 
respectively).

Figure 2 shows number of repliers by ideological prefer-
ence; there are a total of 783 on the pro-choice end of the 
debate and 496 on the pro-life end (61% pro-choice, 39% 
pro-life). In comparison, Kelly et al. (2005) found that 77% 
of authors on Usenet’s talk.abortion board were pro-choice 
and 23% were pro-life. It is important to note that this num-
ber represents a sample of those who chose to reply to 
another Twitter user in the first 24 hours after Dr. Tiller’s 
shooting. Twitter has become mainstream (e.g., Golder, 
2009), and it is likely that there are a range of issue and ideo-
logical views represented.

Figure 3 shows the number of like-minded and opposite-
minded reply pairs. We omitted pairs where replier or poster 
was moderate/can’t tell, as well as official news accounts. Pro-
choice believers are almost three times more likely to reply to 
other pro-choice believers and pro-life believers are about 
equally likely to reply to other pro-life believers as they are to 
pro-choice believers. An analysis of variance was performed 
that shows a weak significant difference between like-minded 
replies and opposite-minded replies (p   .047). In other words, 
people are more likely to reply to people who share the same 
view. This indicates that like-minded interactions takes place 
among Twitter users discussing the abortion debate.

Conversational Heterogeneity

Heterogeneous conversation occurred when users with oppos-
ing viewpoints discussed and debated abortion. Despite the 
presence of homophily, there is a significant amount of cross 
talk: 396 out of 1,137 replies are responses to an opposing 
viewpoint (see Figure 3). The pro-choice to pro-life replies 
(n   195) were primarily commentaries on the perceived dis-
connect between someone claiming to be pro-life, then shoot-
ing and killing another person. Many tweets contained requests 
for clarifications or explanations around this dichotomy:

@DChi606 How can one preach about pro life but turn 
around and kill someone? Sad.

Pro-life to pro-choice replies (n   201) were primarily clari-
fications of the position of pro-lifers, most of who asserted 
that the shooter did not represent their views:

savvyconsumer7: @michellew_ I don’t know AnyOne 
who condones the murder of Dr. Tiller. I’m pro-LIFE.

Figure 2. Replier position on abortion (n   1,391)

Figure 3. Number of like-minded reply pairs (top two rows) and 
number of opposite-minded reply pairs (bottom two rows)
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After	  all,	  polarization	  is	  bad.	  So	  should	  we	  
abolish	  the	  idea	  of	  communities/groups	  in	  
social	  computing	  systems?	  



In	  a	  prior	  reading,	  we	  read	  that	  communities	  
with	  are	  close-‐knit	  tend	  to	  last	  for	  shorter	  
time.	  Could	  you	  explain	  this	  with	  the	  theory	  
on	  selective	  exposure?	  



Is	  algorithmic	  curation	  (aka	  Facebook’s	  News	  
Feed)	  making	  our	  online	  social	  spheres	  more	  
polarized?	  



How	  would	  you	  tie	  tie	  strength	  with	  diversity	  
of	  information	  exposure?	  For	  instance,	  
Facebook	  being	  a	  network	  of	  mostly	  strong	  
ties,	  does	  it	  imply	  more	  polarization?	  



Reading	  opinion-‐reinforcing	  content	  can	  have	  
widespread	  impact	  on	  our	  perceptions	  what	  is	  
real	  and	  what	  is	  fake.	  Could	  this	  impact	  our	  
credibility	  perceptions?	  [Health	  myth	  
example	  from	  last	  class]	  



Remember,	  humans	  have	  “agency”,	  so	  
polarization	  should	  have	  something	  to	  do	  
beyond	  just	  homophily	  and	  network	  
structure.	  How	  would	  you	  incorporate	  a	  user’s	  
intrinsic	  attributes	  to	  discourage	  polarized	  
views	  of	  information?	  



If	  you	  were	  to	  design	  a	  new	  social	  computing	  
system,	  such	  as	  the	  next	  “Twitter”	  or	  
“Facebook”,	  how	  would	  you	  encourage	  
diverse	  exposure?	  



Next	  class	  


