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Abstract

While social media make it easy to connect with and access information from any-
one, they also facilitate basic influence and unfriending mechanisms that may lead
to segregated and polarized clusters known as “echo chambers.” Here we study the
conditions in which such echo chambers emerge by introducing a simple model of
information sharing in online social networks with the two ingredients of influence
and unfriending. Users can change both their opinions and social connections based
on the information to which they are exposed through sharing. The model dynam-
ics show that even with minimal amounts of influence and unfriending, the social
network rapidly devolves into segregated, homogeneous communities. These predic-
tions are consistent with empirical data from Twitter. Although our findings suggest
that echo chambers are somewhat inevitable given the mechanisms at play in online
social media, they also provide insights into possible mitigation strategies.

Keywords Echo Chamber - Opinion dynamics - Social media - Social network 1
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Table 2. Determinants of Prioritization of Information Sources by Social Media Platform

Facebook Twitter Reddit
Social Network Homophily Platform social graph High High Low
Engagement history High Low' Low
Algorithmic Filtering Content popularity High Low High
Topic-based Low Low High

"Low for chronological Twitter feed before mid-2016, high for curated feed initiated in mid-2016.

HI I (ForYou) Z&High

Kitchens, B., Johnson, S. L. & Gray, P. Management Information Systems Quarterly (2020)
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Info Interventions

Info Interventions: A set of approa
informed by behavioral science res
validated by digital experiments, t¢
resilience to online harms.

https://interventions.withgoogle

HOW IT WORKS
1
1
2
e —

The individual scrolls through their
social feed and comes across
content with potential
misinformation.

An accuracy prompt is triggered and
pops up over the content.

A bite-sized explanation on why they
are seeing the reminder is served to
the individual and their attention is
shifted to the accuracy of the
content with information literacy
tips.

The individual is now prompted to be
more aware and may think twice
when coming across similar content
in their feed.

FINDINGS

50%

Those who received accuracy
tips were 50% more discerning
in sharing habits versus users
who did not. (Source: Jigsaw)

11%

Pre-roll videos on YouTube
drove up to an 11% increase in
confidence, three weeks after
exposure. (Source: Jigsaw)
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