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The 2010s was the decade of the Echo Chamber.
… and its closely related cousin, the Filter Bubble.
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The death of the echo chamber?
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… but what about selective exposure?

Decades of social science research tells us 
that selective exposure is real.

How then, do we explain the lack of echo-
chambers?

(One) Answer lies in how we define selective 
exposure.
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Democrat versus Republican
Liberal versus Conservative

Remain versus Leave (Brexit)
Left versus Right 

Partisanship

This presupposes the prominence of 
politics in the lives of ordinary people.



People don’t care about politics.



People don’t care about politics.
People care far less about politics than we think.



Outline

Study 1: The Political Landscape of the US Twitterverse

Study 2: Metrics in Action: How Facebook Metrics 
Dictate News Production



The Political Landscape of 
the U.S Twitterverse

Mukerjee, S., Jaidka, K., & Lelkes, Y. (2022). The political landscape of the US Twitterverse. Political Communication, 39(5), 565-588.

Study 1



Background
Twitter as a highly politically charged platform

Initial Q: How polarized is Twitter?

However, when we looked at the data, we quickly changed our 
question to:

How political is Twitter, really?



Background

Americans are notoriously uninterested in politics.

Has among the lowest voter turnouts among 
developed countries

Severely low levels of  political knowledge

Is this reflected in their use of Twitter? Carpini, M. X. D., & Keeter, S. (1996). What Americans know 
about politics and why it matters. Yale University Press.
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What we did
Collect a large geo-tagged sample of 

American Twitter users

Obtain their friend networks 
(i.e. which accounts do they follow?)

Each “elite” becomes the unit of analysis

Identify the most followed “elites” on American Twitter

Categorized manually 
into genres 

(sports, politics, media, entertainment 
etc)

Ideological slant 
inferred

(Bayesian ideal point estimation 
techniques)



Findings
Politics is a sideshow on Twitter!
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ideology

Findings

The pink distribution shows the 
lack of polarization in ideologies

The cyan distribution shows the 
lack of polarization in perceived 
ideologies (according to Mturk 
workers)

ideology (more conservative)(more liberal)



Findings

Once “weighted” – 
those who tweet more 
get a higher weight – 
polarization  completes 
disappears.

ideology (more conservative)(more liberal)

ideology



Findings

Considerably more 
right-wing elites 
among the most 
active tweeters than 
among the least 
active tweeters

Most active 
tweeters

Least active 
tweeters

ideology



What does all this mean?
Much scholarship about political communication presumes the 
prominence of politics in people’s everyday lives

Findings are often an artefact of this assumption



What does all this mean?

There are two key asymmetries we find –

 Right wing elites tweet more than left wing elites

 More importantly, most people don’t care too much about politics

We scholars are in an echo-chamber, just not the one we think!

Much scholarship about political communication presumes the 
prominence of politics in people’s everyday lives

Findings are often an artefact of this assumption



Supporting Evidence

Krupnikov, Y., & Ryan, J. B. (2022). The Other Divide. Cambridge University Press.



Metrics in Action: How Facebook 
Metrics Dictate News Production

Mukerjee, S., Yang, T., & Peng, Y. (2023). Metrics in action: how social media metrics shape news production on Facebook. Journal of Communication,  73(3)

Study 2



Motivation

When the news moved online, journalists were suddenly able to get a 
granular understanding of what their audiences actually liked.

Did this change how journalists did their job?



Motivation

Specifically, do journalists use social media engagement metrics to 
decide what news to publish?

Are there similar divides in news production on social media as there 
are in consumption?

Left leaning outlets versus right leaning outlets?
Political topics versus non-political topics?



Methods: Data
29 English-language outlets (Pew’s American Trend Panel. 
57th wave)

All Facebook posts from Jan 1, 2015 - Dec 31, 2019
           their textual content
           their engagement (reactions, shares, likes)

N ~ 2.23 million posts



Methods: Topic Modeling

…
...whole dataset

Jan 2015

Feb 2015

Dec 2019

NMF topic modeling

NMF topic modeling

NMF topic modeling

19 topics

30 topics

14 topics

1,005 topics
split into 
seasons

Rigorously validated, and then 
classified into political and/or 

entertainment



Methods: Measuring Responsiveness

𝐸𝐸𝐸𝐸𝑘𝑘, 𝑡𝑡−𝑙𝑙𝑙𝑙𝑙𝑙, 𝑚𝑚

Independent Variable
Engagement Signal for 
topic k,
at time t-lag,
for outlet m

(was log transformed)

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑘𝑘, 𝑡𝑡, 𝑚𝑚

Dependent Variable
Frequency of occurrence for 

topic k,
at time t,

for outlet m

= 𝛽𝛽1𝛽𝛽0 +

Responsiveness

Intercept

+ covariates

News value of 
topic k at time t-lag 

Engagement signal 
received by topic k
at time t-lag across all 
outlets

Fixed effects for 
time t

Fixed effects for 
outlet m

Fixed effects for 
topic k



Results: Overall Responsiveness

All subsequent results use lag = 1
(lag)

An increase in engagement 
signal, on average, 
increases the frequency of 
that topic the very next day

Responsiveness was not 
statistically significant for lags > 4



Results: Responsiveness across Outlets

Business Insider 
responds the 

least to audience 
engagement 

metrics

Breitbart responds the 
most to audience 

engagement metrics



Responsiveness and Outlet Slant

Right leaning outlets are more likely to 
respond to audience engagement metrics 

than left leaning outlets

However, correlation possibly driven by a 
handful of extreme outlets on the right



Results: Outlet Slant and Content Type

No significant 
correlation 
between slant and 
responsiveness

Strong significant 
correlation 
between slant and 
responsiveness

Political topics only Entertainment-oriented topics only



Results: Summary
Audience metrics, on average, affect news production

Substantial heterogeneity across outlets (some respond more, some less)

Responsiveness is contingent on outlet slant
A handful of right-wing outlets are more responsive than other outlets 
But specifically, to political topics
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Closing Thoughts

Mukerjee, S. and Yang T. (2021). Political Communication



Closing Thoughts

People avoid outlets with 
an out-party slant

People avoid messages 
with an out-party slant, 
and choose messages 
with an in-party slant

Mukerjee, S. and Yang T. (2021). Political Communication



Closing Thoughts

No fragmentation! Heavy overlap between (for e.g.) the Daily Mail and the Guardian and Fox News and Washington Post
Mukerjee, S. et al. (2018). Journal of Communication



Closing Thoughts

Informational asymmetries exist in news consumption and production 
on digital  platforms
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Closing Thoughts

Informational asymmetries exist in news consumption and production 
on digital  platforms

In consumption, the non-political/political divide >> the left/right divide

In production, these divides intersect in very interesting ways



Thank You!



Thank You!
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