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Defining Social Media

“two-sided platforms that primarily host user-generated content
distributed via algorithms, while allowing for interactions among
users” (Aridor et al, 2024)

I The key difference from traditional media is that any user on
the platforms can produce content

I low barriers to entry
I user-generated content

I That leads to large volume of content compared to traditional
media, so platforms have to work primarily as aggregators

I content moderation
I algorithmic curation

I Extensive social interactions is another important feature
I Affecting algorithmic curation
I Providing metadata regarding shared content
I Direct discussions



Flow of content
Aridor, Jimenez-Durán, Levy, and Song, 2024

3 THE ECONOMICS OF SOCIAL MEDIA

day for its 2 billion users.2 Furthermore,
social media platforms enable rich social in-
teractions as users are exposed to content
and how others react to it (such as through
“likes” or comments). The platform choices
for these various components influence the
type of content that gets both produced and
consumed.

Figure 2. : Flow of content
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The Structure of the Guide. As de-
picted in Figure 2, we organize the literature
around one key component of social media:
the flow of content, starting from its produc-
tion, to its distribution, to its eventual con-
sumption. While this division is not always
clear-cut (for example, content moderation
happens at all stages), it clarifies the eco-
nomic agents involved and their interactions
at each of these stages.

We posit a stylized economic framework
to elucidate the key economic forces that our
guide focuses on at each of these stages. The
purpose of this framework is not to fully cap-
ture the complex set of economic interactions
but to point out the high-level incentives at
each stage that are the primary focus of our

2See https://engineering.fb.com/2021/01/26/core-
infra/news-feed-ranking/

guide. The building block of the framework
is a post x 2 K , represented as an abstract
vector of characteristics, which can include,
for example, sentiment expressed or indica-
tors of whether posts are ads or contain mis-
information.

We begin by discussing the production of
content in Section 2. The main economic
agent at this stage is the producer, j, who
solves the following problem:

max
xp

j

E[up
j(x

p
j)] � cj(x

p
j).(1)

This problem follows a standard utility max-
imization: producer j chooses a (possibly
empty) set of posts xp

j to maximize their
expected utility minus costs of production.
The types and quantity of content depend
on producer beliefs E[·], the monetary and
nonmonetary rewards up

j(x
p
j) that producers

get from posting content, and the cost cj(x
p
j)

of producing the content (for example, the
opportunity or physical cost involved in cre-
ating or sharing content). We thus begin
our discussion of production by focusing on
the various incentives and factors that shape
up

j(x
p
j) and subsequently the quantity and

type of content that gets produced. We then
explore how platforms can deter the produc-
tion of harmful content, such as misinfor-
mation and hate speech, by making it more
costly to produce (increasing cj(x

p
j)) or shift-

ing the expectations about its probability of
distribution (shifting E[·]).

Section 3 then discusses the distribution of
social media content. The main economic
agent at this stage is a platform that solves
the following revenue maximization problem:

max
{xi}i⇢[jx

p
j

X

i

↵(xi)ti(xi).(2)

This problem is conceptually simple: The
platform chooses a targeting rule that picks,
for each user i, a personalized subset xi from



Special Features of Social Media

I Low Barriers to Entry
I Makes gatekeeping of information less effective
I Provides outlet for opposition and whistleblowers

I can make political regimes more vulnerable and accountable
(Edmond, 2013; Besley and Prat, 2006)

I but also to extremists
I May undermine reputation mechanisms that assure quality of

information (Gentzkow and Shapiro, 2006; Cage 2017)

I User-generated content
I Allows for horizontal flows of information
I Makes it easier to coordinate and participate in collective

actions
I Social curation and targeting

I Facilitates spread of fake news
I Promotes “echo chambers” and “filter bubbles”



Potential Channels

I Exposure to persuasive content
I Information
I Misinformation
I Noninformational materials
I Effect can be intentional or unintentional

I Facilitation of collective actions
I Information
I Emotional contagion
I Social pressure

I Changing perception of others
I Creating common knowledge

I Crowding out other activities



Potential Effects

I Voting behavior
I mobilization
I bias
I accountability

I Polarization

I Protests

I Extremism

I Behavior of politicians

I Monitoring and surveillance



Social Media and Voting Outcomes

I Mobilization
I Facebook can increase turnout via social pressure mechanisms

(Bond et al. 2012; Jones et al. 2017)
I Twitter increased turnout in US presidential elections only in

2020 (Fujiwara, Müller, and Schwarz, 2024)
I May serve as one of the instruments of mobilizing new groups

of voters (Campante, Durante, and Sobbrio, 2017)

I Bias
I Twitter reduced votes for Trump in 2016 and 2020; no

significant effect on congressional elections (Fujiwara, Müller,
and Schwarz, 2024)

I The opposite results in Rotesi (2019) using different
identification approach that changes LATE



Fujiwara, T., K. Mueller, and C. Schwarz “The Effect of Social
Media on Elections: Evidence from the United States”
(2024), Journal of European Economic Association, 22(3):
1495-1539

Examines the effect of social media on the election outcome in the
United States.



Twitter reach by partyFujiwara, Müller, and Schwarz The Effect of Social Media on Elections 1501

FIGURE 1. Twitter reach by party. This !gure plots data on the Twitter reach of Congress members. 
The sample includes all 901 senators and House representatives who were in of!ce between 2007 
and 2019 for whom we could identify a Twitter account. For each account, we plot the average 
number of tweets and followers, and the average number of “likes” and retweets of their tweets. 
Online Appendix Figure A.2 replicates the !gure using medians instead of averages. The data were 
collected from Twitter in November 2019. 
(Hargittai 2015 ). Although social media allows users to partially select which content 
they see, Twitter content disproportionately leans toward the Democratic party. 

We provide additional evidence for the composition of political content on Twitter 
by analyzing the Twitter reach of Democratic and Republican politicians. We collected 
data on the Twitter accounts of all Senators and House Representatives from the 110th 
to the 115th Congresses (2007–2019). In Figure 1 , we plot the average number of 
tweets and followers that members of each party have on Twitter, as well as the 
average number of retweets and “likes” their tweets receive. The patterns here again 
clearly indicate that Democratic politicians are more active on Twitter and have larger 
follower bases than their Republican counterparts. Tweets by Democrats also receive, 
on average, three times the number of “likes.”9 

9. In Online Appendix Figure A.2, we con!rm that these patterns are not driven by a small group of 
Congress members by showing that they also hold when we compare the median Twitter reach of Democrats 
and Republicans. 
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/jeea/article/22/3/1495/7308471 by guest on 07 June 2024



Methodology

I Twitter became popular after 2007 SXSW festival (annual
film, interacted media, and music festival in Texas)

I The argument is that counties which had more 2007 SXSW
festival had a higher Twitter penetration in 2016 and 2020,
conditional on pre-existing (pre-March 2007) interest in
SWSW Twitter account from these counties

I The authors use county-level 2007 SXSW festival followers as
an instrument for subsequent Twitter penetration, conditional
on the number of pre-March 2007 followers



Twitter usage



Identifying variation



Event Study



Twitter and 2016 Republican vote share



Placebo estimates



Social Media and Accountability

I Evidence that social media can increase accountability at least
in the domain of corporate governance (Enikolopov, Petrova,
and Sonin, 2018)

I Facebook information campaign can increase accountability,
but only if combined with debiasing nudges (Enriquez et al.,
2024)

I Social media exposure increases political knowledge (Allcott et
al, 2020)

I but increases belief in misinformation (Allcott et al , 2024)

I Consistent with more general effect of mobile internet (Guriev,
Melnikov, and Zhuravskaya, 2021)



Social Media and Corruption
Enikolopov, Petrova, Sonin, American Economic Journals: Applied Economics, 2018

I Background: Russia is an authoritarian state led by Vladimir
Putin since 1999

I State-controlled companies: comprise more than 50% of all
production

I (e.g. Gazprom ≈$160 billion market capitalization)
I management appointed by Board of Directors, which is

appointed by the government
I Alexey Navalny and his blog

I Shareholder activist and (afterwards) opposition politician in
Russia

I Before 2008, no reputation and almost no readers
I Wrote in his blog about corporate governance violations in

state-owned companies
I more negative than traditional media





Intraday Price Reaction



Intraday Price Reaction after important (5+ mentions) postsIntraday CARs after important (5+ mentions) postings

Trading day FE, hour FE, and company-month FE are included, posts with
preceding mentions excluded

164 AMERICAN ECONOMIC JOURNAL: APPLIED ECONOMICS JANUARY 2018

 Panel A. All blog postings

Panel B. Important (with at least five mentions of a company) blog postings  

 

−0.6

−0.4

−0.2

0

0.2

−4 −2 0 2 4 6
Hours around blog posting

Cumulative abnormal returns around the time of a blog posting

−1.5

−1

−0.5

0

0.5

1

−4 −2 0 2 4 6

Hours around blog posting

Cumulative abnormal returns around the time of a blog posting

Figure 3.  Five-Minute Cumulative Abnormal Returns and Navalny’s Blog Postings

Notes: Hour and  company-day fixed effects are controlled for.  Non-trading time (evenings and 
weekends) is excluded. Abnormal returns are winsorized at first and ninety-ninth percentiles. 
Posts with preceding mentions of companies in online or offline media are excluded. Ninety-
five percent confidence intervals are shown by dotted lines.
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Implications for corporal governance

I Longer term effects on corporate governance for covered
companies:

I Positive effect of blog posts on management turnover
I Less conflicts with minority shareholders following blog posts

I Example that proves that social media can have an impact on
accountability and governance



Social Media and Polarization

I Deactivation studies produce conflicting results
I FB in the US in 2018 increases polarization (Allcott et al,

2020; Mosquera et al. 2020)
I FB and Instagram in the US in 2020 have no effect (Allcott et

al, 2024)
I FB in Bosnia and Herzegovina increases polarization (Asimovic

et al, 2021)

I Facebook information campaign without debiasing nudges
increases polarization (Enriquez et al., 2024)

I Consistent with the polarizing effect of mobile internet
(Melnikov, 2023)

I But the story may be even more nuanced...



Deactivation Study of Facebook
Hunt Allcott, Luca Braghieri, Sarah Eichmeyer, and Matthew Gentzkow: Welfare Effects
of Social Media, ”(2020) American Economic Review

I Idea: randomly offer some people money to deactivate their
Facebook account for four weeks in 2018

I Check what happens with news consumption, political
opinions...

I ... and also psychological well-being



Figure 3: E↵ects on News and Political Outcomes
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Exposure to ideologically diverse news
Bakshy, Messing, Adamic, Science (2015)

I 10.1 million active U.S. users who self-report their ideological
affiliation

I 7 million distinct Web links (URLs) shared by U.S. users over a
6-month period between 7 July 2014 and 7 January 2015.

I take 13% of stories classified as either “hard” (such as national
news, politics, or world affairs) as opposed to “soft” content
(such as sports, entertainment, or travel)

I limited the set to 226,000 distinct hard-content URLs shared
by at least 20 users with self-identified ideology

I data set includes
I 3.8 billion potential exposures (cases in which an individual’s

friend shared hard content, regardless of whether it appeared
in her News Feed)

I 903 million exposures (cases in which a link to the content
appears on screen in an individual’s News Feed)

I 59 million clicks, among users in the study.





Stage in media exposure process



Cross-cutting content



The Role of Feed Algorithms

I Studies of Meta platform indicate that switching from
algorithmic feed to reverse chronological order do not have a
significant effect on political attitudes, although it decreases
engagement (Guess et al 2023).

I However
I the effect may be asymmetic depending on the direction of

change
I the effect may be specific to a particular platform
I we don’t even know if the algorithm did not change during the

period of the study...
I Gauthier et al (2026) provide important additional evidence

ont the political effects of X’s feed algorithm.
I exploit the fact that in X people can switch themselves

between the algorithmic feed and reverse chronological order
I Recruit participants and pay them to change their choice



Outcomes

Nature | www.nature.com | 3

initially on the chronological feed, we compare the outcomes between 
those randomized to remain on the chronological feed and those ran-
domized to switch to the algorithmic feed. Similarly, for respondents 
who were initially on the algorithmic feed, we compare the outcomes 
between those who remained randomly on the algorithmic feed and 
those who switched randomly to the chronological one. Our empirical 
strategy for baseline results is detailed in Methods, which also sum-
marizes our analyses of attrition and compliance (discussed in detail 
in Supplementary Information section 1.8).

Impact of feed algorithm on attitudes and behaviour
Figure 1 illustrates the main results by summarizing raw data means 
by treatment status for selected individual outcomes in a series of 
bar charts (all tests are two-sided, similar graphs for all individual 
outcomes are presented in Supplementary Information section 2.1). 
The top row presents data for participants who were initially on the 
chronological feed. Among these participants, those assigned to switch 
to the algorithmic feed were 5.2 percentage points less likely to reduce 
their X usage than those who remained on the chronological feed (95% 
confidence interval (CI): 0.7, 9.7; P = 0.024). They were 4.7 percentage 
points more likely to prioritize policy issues considered important by 
Republicans, such as inflation, immigration and crime (95% CI: 0.7, 8.7; 

P = 0.023). They were also 5.5 percentage points more likely to believe 
that the investigations into Trump are unacceptable, describing them 
as contrary to the rule of law, undermining democracy, an attempt to 
stop the campaign and an attack on people like themselves (95% CI: 0.8, 
10.2; P = 0.022). They were 7.4 percentage points less likely to hold a 
positive view of Ukrainian President Volodymyr Zelensky (95% CI: 1.8, 
13.0; P = 0.009). Finally, they were 3.7 and 2.3 percentage points more 
likely to follow any conservative account (95% CI: 0.5, 7.0; P = 0.025) 
and any political activist account (95% CI: −0.1, 4.8; P = 0.061) on X, 
respectively. The bottom row of Fig. 1 presents the data summaries 
of the same outcomes for participants who were initially on the algo-
rithmic feed. In sharp contrast to the top row, the outcome means in 
this group were not significantly affected by treatment assignment. 

Regression results using aggregate outcomes are presented in Fig. 2, 
which displays the results of regression analysis for the composite 
survey outcomes. Average intention-to-treat (ITT) effects are reported 
(Methods). On the left, we show the standardized effects of switching 
the algorithm on for participants initially using the chronological feed; 
on the right are shown the effects of switching it off for those initially 
using the algorithmic feed. For each outcome, we report two sets of 
regression estimates: unconditional, controlling only for the initial 
feed setting and the pre-treatment value of the outcome variable when 
available; and conditional, controlling for all collected pre-treatment 
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Fig. 1 | Raw data summary for the main outcomes by initial feed setting and 
treatment. Means for selected outcomes by assigned treatment feed in the  
two samples: top, summarized outcomes for the sample of users initially on  
the chronological feed; bottom, summarized outcomes for the sample of 
participants initially on the algorithmic feed. The difference in the height of the 
two bars in each chart represents the unconditional ITT effect. Error bars, 95% CI 
for the ITT effect relative to the control mean (Control mean + ITT ± 1.96 $ s.e.). 
The title of each chart presents the treatment-effect magnitude in percentage 
points (pp) and its P value (all tests are two-sided). The unit of observation  

is respondent. Sample sizes for each subgroup are reported below the bars.  
All outcomes are indicator variables except ‘Shares Republican priorities’, for 
which the minimum, first quartile, median, third quartile and maximum are: 0, 
0, 0.33, 0.67, 1 for initial-Chronological to Chronological subsample; 0, 0, 0.33, 
0.67, 1 for initial-Chronological to Algorithmic; 0, 0, 0.33, 0.67, 1 for initial-
Algorithmic to Algorithmic; and 0, 0.33, 0.33, 0.67, 1 for initial-Algorithmic to 
Chronological. Supplementary Information section 2.1 presents similar bar 
charts for all individual outcome variables. Supplementary Information 
section 2.4 presents regression results for all outcome variables.



Change in the content

6 | Nature | www.nature.com

Article

0 5,000 10,000 15,000

Engagement

Average number

Comments
Δ = 508%, P < 0.001

Reposts
Δ = 408%, P < 0.001

Likes
Δ = 480%, P < 0.001

145
722

453
1,836

2,781
13,212

0 0.20 0.40 0.60

Political content

Probability of seeing a post

Conservative among political
Δ = 0.025, P < 0.001

Liberal content
Δ = 0.010, P = 0.043

Conservative content
Δ = 0.029, P < 0.001

Any political content
Δ = 0.039, P < 0.001

0.313
0.342

0.320
0.330

0.146
0.171

0.465
0.502

0 0.20 0.40 0.60

Political activists

Probability of seeing a post

Liberal activist
Δ = 0.031, P < 0.001

Conservative activist
Δ = 0.028, P < 0.001

Any political activist
Δ = 0.059, P < 0.001

0.129
0.161

0.084
0.110

0.215
0.273

0 0.20 0.40 0.60

News outlets

Probability of seeing a post

Liberal news
Δ = –0.048, P < 0.001

Conservative news
Δ = –0.018, P < 0.001

Any news
Δ = –0.155, P < 0.001

0.085
0.037

0.032
0.013

0.267
0.113

0 0.20 0.40 0.60

Entertainment; official; other

Probability of seeing a post

Other accounts
Δ = 0.001, P = 0.535

Official accounts
Δ = 0.004, P = 0.055

Entertainment
Δ = 0.091, P < 0.001

0.045
0.047

0.048
0.051

0.424
0.516

Content of algorithmic feed Content of chronological feed

Fig. 3 | Content the algorithm promotes. Average content shown to users  
in each feed setting: grey, chronological feed, red, algorithmic feed; 95% CIs 
around subsample means (mean ± 1.96 × s.e.) are reported. The unit of 
observation is X post. The number of observations for each feed setting is 
n = 268,532 for all variables, except for ‘Conservative’ among ‘Political content’, 
for which n = 129,790 X posts in each feed setting. All variables are indicator 
variables except Likes, Reposts and Comments, which are heavily right-skewed. 
For the algorithmic feed, the minimum, first quartile, median, third quartile 
and maximum are 0, 174, 933, 8,197 and 1,000,000 for Likes; 0, 9, 137, 1,363  
and 316,700 for Reposts and 0, 5, 56, 384 and 247,200 for Comments. For the 
chronological feed, the minimum, first quartile, median, third quartile and 
maximum are 0, 4, 40, 342 and 1,700,000 for Likes; 0, 1, 8, 66 and 572,000 for 

Reposts and 0, 0, 3, 21 and 256,100 for Comments. Corresponding summary 
statistics are presented in Supplementary Information Table 1.8. On the left, for 
each outcome, $ (the estimated difference in content between the algorithmic 
and chronological feed from regressions with user and survey-wave fixed 
effects) and the corresponding P value are reported. For Likes, Reposts and 
Comments, $ is expressed in percent and estimated using a Poisson pseudo 
maximum likelihood model; for all other outcomes, $ is in percentage points 
and estimated using linear ordinary least squares. Because fixed effects  
are included, $ does not exactly match the raw ratio or difference in means  
across feed settings shown in the bar chart. See Supplementary Information 
section 2.6 for the specification, full regression results and robustness; all tests 
are two-sided with s.e. values clustered at the respondent level.



Interaction with Traditional Media
Economic Journal.

I Idea: Field experiment to see the effect of independent TV
channel in Russia in 2016. Examine heterogeneity of effects
depending on social media usage.

I Main finding - the treatment y had a very different effect for
users and non-users of social media

I for users of social media it had a polarising effect
I for non-users it uniformly reduced support of the

pro-governmental party

I Additional checks suggest that the effect reflects causal effect
of social media.

I Highlights the role that social media is playing in mediating
the effect of traditional media.



In Sum

I The is some, but not overwhelming evidence of polarizing
effect of social media.

I may depend on the traditional media environment

I Feed algorithms per se do not seem to be driving the effects.
I But feed algorithms that insert posts from previously

unfollowed accounts can have an effect by changing netwo6)rk
connections

I Cosistent with the findings that friend recommendation
algorithms have a percistent effect on network structure and
behavior (Enikolopov et al 2026)

I Examine causal effect of homophily driven by friendship
algorithms

I Shows negetive effect on offline socialization, local social
capital, and political cohesion

I Interestingly, negative effect on political polarization



False news

I Major policy issue
I Well-informed voters are essential for democracy
I At the same time, false news disseminate widely on social

media (Allcott and Gentzkow, 2017; Vosoughi, Roy, and Aral,
2018)

I False news could be very persuasive (Barrera, Guriev, Henry,
and Zhuravskaya, 2020; Nyhan, Porter, Reifler, and Wood,
2020)

I Increasing number of people in the world use social media as a
source of political news



Potential Interventions
“Curtailing False News, Amplifying Truth” (2026) Guriev, Henry, Marquis, Zhuravskaya,
forthcoming in Econometrica

I Experiments to assess various interventions to prevent
circulation of false news (see, e.g., Pennycook et al. 2020;
Fazio, 2020; Yaqub et al. 2020; Henry et al. 2022; Arechar et
al. 2023, surveys by Nyhan, 2020; Martel and Rand, 2023, and
meta-analyses by Pennycook and Rand, 2022 and Kozyreva et
al.,2024).

I Limitations
I reduced form analysis, limiting external validity
I one type of intervention per paper
I most studies do not consider dissemination of true news in

addition to false news

I This paper: offers unified framework to compare different
policies within a single structural model



Political posts

I In each wave, the participants were shown 4 posts
I two false news posts, which were fact-checked, one

pro-Republican, and one pro-Democratic
I two traditional media posts, which were not fact checked,

authors define them as true posts, one from conservative
media, and another one from liberal media

I First wave: 4 posts selected by the authors
I Second wave: 40 posts selected using pre-registered procedure



Treatments and sharing decisions

I People were asked if they want to share one of four posts (or
none) in their Twitter/X account

I Treatments
1. No policy
2. Prime fake news circulation. “Please think carefully before you

repost. Remember that there are a lot of false news circulating
on social media.”

3. Offered fact-check. “For some of these tweets, fact-checking of
the content was done by PolitiFact, an independent fact
checker. You can select the fact-checks you want to see. You
can also choose to view none at all.”

4. Extra click
5. Ask to assess posts (veracity, partisanship) before sharing

decision



ATE results

Figure 1: Average Treatment Effects on Sharing for False and True Posts
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Wave 1                                                                                              Full sample: both waves
Average Treatment effect on Sharing for False and True Posts

T(No policy) T(Prime fake-news circulation) T(Offer fact-check) T(Require Extra Click) T(Ask to assess posts)
Treatments:

Note: The figure presents the mean sharing rates of false and true posts by treatment group in wave 1 (left)
and the full sample, including both waves (right). This is raw-data summary without controls. Appendix Figure
A9 presents ATE separately for wave 2.

we focus on the two main policy treatments: priming—which outperformed all other treatments
and is advocated, for instance, by Pennycook and Rand (2022)—and offer fact-check, which
is widely promoted by activists, NGOs, and traditional media. In what follows, we examine
the robustness of the findings by incorporating the second wave, which is larger in sample size
and more diverse in terms of political content. We then use structural analysis to explore the
mechanisms behind these effects.

Full sample results.—The two right panels of Figure 1 present ATE on the full sample,
including both waves. The effect of offer fact-check is smaller in magnitude, but consistent.
This treatment significantly decreases the sharing of both false and true news by 7.3 and 5

percentage points, respectively, relative to the no-policy rates of 23.3% and 24.4%. The priming
treatment decreases sharing of false news by 6.1 percentage points and does not significantly
affect sharing of true news. As a result, priming treatment reduces engagement (overall sharing)
by 5.9 percentage points, and the fact-checking treatment by 12.4 percentage points.

Appendix Table A13 shows that the results are fully robust to the inclusion of socio-
demographic, economic, political, and social media use controls.19 Appendix Figure A9 presents
ATEs separately by wave: the results based on wave 2 also show that priming outperforms fact-
checking in terms of sharing true content and engagement, even though the effects are smaller.

These internally consistent and robust findings also align well with prior work: Pennycook
and Rand (2022) review twenty studies on “accuracy prompts,” which are conceptually similar
to our priming treatment. In all cases, such prompts shifted the balance of circulated content
toward true news. Across the board, these priming interventions led to reduced sharing of

19In Appendix Figure A10, we verify that the ATEs for both wave 1 and the full sample remain completely
unchanged when we re-weight observations using entropy balancing (Hainmueller, 2012) to match our sample
exactly to the profile of Twitter users in the representative U.S. population from the 2022 ANES Social Media
Study. The matching is based on age, gender, college education, 2020 vote choice (Trump, Biden, or neither),
race, three annual income categories , and frequency of social media use.
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A model of sharing

I A binary state of the world θ ∈ {0,1} is unknown
I 1 (0) is the state of the world in which Republican

(Democratic) action is optimal

I Sender i has access to content (post) j . Post is potentially
informative about θ

I The actual veracity of content is ωj ∈ {0,1}.
I Initially, both the sender and the receivers share the same prior

belief about the veracity of j . P(ωj = 1) = ν0
j

I Content also has partisanship
I sender i perceives that post j will be interpreted by any

receiver with probability πij as suggesting that the state of the
world is 1

I Individuals could be informed or uninformed
I Partisanship of individuals and content might be aligned or

misaligned



Senders and receivers

I Receivers get utility from choosing action that fits their belief
about the state of the world

I Senders have payoffs that consist of three parts
I persuasion payoff from influencing others’ actions µp
I signaling payoff from others correctly identifying the sender’s

partisan beliefs µs
I reputation payoff, the benefit of having an image of being

informed µr

I Proposition: In all PBE of this game, senders share if and only
if the partisan alignment between them and the news is high.
There is a threshold level of πij so that Republicans share if
and only if πij is higher than the threshold, and, similarly, there
is a related threshold for Democrats. The threshold level
depends on the state of the sender (informed, uninformed).



Structural approach

I P(j |s ) = e
∑
J
l=1 eVil/λω

Vij/λω

I Three channels treatments affect decisions of the sender
I updating channel: treatments can affect sender’s assessment

of partisanship and veracity of the post
I salience channel: increase in reputation concern
I costs of engagement channel: utility from non-sharing

anything could be large, cognitive costs, distrust in social
media



Figure 3: The Impact of the Treatments on the Relative Importance of Different Motives
in the Sender’s Utility Function Relative to the No-Policy Treatment Group
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Motives:

Note: The figure presents the results of the numerical solution for the parameters of the sender’s utility function.
The 90% confidence intervals are shown. The left panel displays the full-sample results, while the right panel
shows the results for the extended set of treatments in wave 1.

respective values in the no-policy group, along with their 90% confidence intervals.32 The
left panel of the figure presents the results for the full sample. We find that both treatments
increase the importance of the reputation concern relative to the partisan persuasion motive.
It is particularly remarkable because the policies are designed to serve different purposes. The
priming treatment, which is designed to make reputation more salient, however, is more effective
in doing so. The effect of the offer fact-check treatment reputation motive is substantially
smaller. Both treatments also reduce the importance of partisan persuasion relative to partisan
signaling, but in this case, we find no differences in the effects of the two treatments.

In the right panel of the figure, which presents the ratios of µs for the four treatments
of the first wave, we document that all interventions—including even the extra click—increase
the salience of reputation relative to partisan persuasion. This suggests that imposing even
minor frictions that prevent people from acting impulsively makes them more likely to consider
reputation concerns. The priming treatment is the most effective at making reputation concerns
more salient, as intended by its design. However, in wave 1, the salience effects of the priming
and fact-checking treatments are much more similar. As we show in Section 6, this may reflect
heterogeneous effects related to whether the content shown to participants was controversial or
uncontroversial.

32To calculate the confidence intervals, we conduct Monte Carlo simulations, taking draws of ↵1, ↵2 and ↵3

from their estimated joint distribution in each treatment from Table 1. Using these draws, we solve the system
of equations applying the methodology described above and detailed in Appendix C.
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Figure 4: Counterfactual exercise: allowing one channel at a time
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Note: The figure shows simulation results for false posts (in the top row) and true posts (in the bottom
row), presenting counterfactual results keeping one channel at a time: updating, salience, and engagement cost
channels. Average Treatment Effects are presented in the first column, for comparison.

inclusive utility computed using veracity and alignment estimates as if they were unaffected by
treatments.

The results of the simulations with one channel activated at a time are presented in Figure
4. The top row shows the simulated effects on sharing false posts, and the bottom row shows
the effects on sharing true posts. In each row, we first restate the average treatment effect
(for comparison), and then present the simulated sharing by treatment for the simulations
in which only one channel is active. This exercise yields several findings. First, the salience
channel induces significant opposite-signed effects on the sharing of false and true posts for both
treatments. When only the salience channel is active, simulated sharing of false news declines
relative to the no-policy group, while sharing of true news increases. This effect is stronger for
the priming fake-news circulation treatment than for the fact-checking treatment. Second, the
updating channel plays a role in reducing the sharing of false news, but has no effect on the
sharing of true posts. The difference in the updating channel’s effect across treatments is minor.
Finally, the cost of engagement effect, which reduces sharing of all content irrespective of its
characteristics, is sizable for both treatments. This effect is much stronger for the fact-check
treatment, which explains its impact in reducing the sharing of true news.

To quantify this overall conclusion, we use Shapley value decomposition (Shapley, 1953)
of the total Average Treatment Effects for each treatment into the contributions of the three
channels (as described in Appendix Section D). The results are presented in Table 2 and illus-
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In sum

I Priming is the most cost-effective method to prevent false
news circulation.

I However, it is not clear if it continues to work if implemented
at scale

I Understanding the mechanisms allows to design interventions
not directly considered by the experiment

I e.g., combination of AI fact check and priming
I Short-term interventions are effective in the presence of

uncontroversial news.
I At the same time, at least some social media platforms

downgrade posts from mainstream media.
I That could be regulated.



Social Media and Protests

I Growing literature that indicates that social media has a causal
effect on political protests ( Acemoglu, Hassan, and Tahoun
2017; Enikolopov, Makarin, and Petrova 2020; Fergusson and
Molina 2021)

I Consistent with more general effect of mobile internet
(Manacorda and Tesei, 2020)

I May introduce a positive feedback loop between protests and
social media (Casanueva-Artís, 2023; Casanueva-Artís et
al.2022)

I The channels include
I reduction in coordination costs (Enikolopov, Makarin, and

Petrova 2020)
I signaling the opening of a "window of opportunity" or

mobilization through peopleís emotional responses (Qin,
Strömberg and Wu, forthcoming)



Political Effects of Online Social Networks
Enikolopov, Ruben, Alexey Makarin, and Maria Petrova (2020) “Social Media and Protest
Participation: Evidence from Russia,” Econometrica

I Do online social networks threaten authoritarian leaders and
promote political protests?

I The paper looks at these questions using the example of online
social networks in Russia

I effect on electoral support of the government

I effect on political protests in 2011-2012



Background on VK
Timeline

I October 2006 – VKontakte (VK) created as a Russian clone of
Facebook

I founder - Pavel Durov, who was at that time a student of
philology department

I initially, by invitation only (through student forum, created
also by Durov)

I First VK users
I mostly students from SPbSU; different home cities
I most of them never returned to their home cities, but still had

networks of friends and relatives there

I End of November 2006 – open registration
I Later:

I Summer 2008 – Facebook offered Russian interface
I 2011 – 55 million VKontakte users, 6 million Facebook users



Source of Variation

I Argument: idiosyncratic variation in the distribution of early
users has a long lasting effect

I attract new users through network externalities
I deter opening Facebook accounts

I Instrument: fluctuations in inter-city student flows
I Originally, accounts by invitation only
I Early penetration can be correlated with unobserved taste

parameter
I We use information on city origins of the students studying in

St Petersburg State University by cohort
I separate cohort studying with the VK founder (+- 2 years)

from older or yonger cohorts



VK Penetration and Inter-city Student Flows
Coefficients for the number of students of different origin as
determinants of 2011 VK penetration

I in a regression with all baseline controls included

Log (SPbSU students), one
cohort older  than VK founder

Log (SPbSU students), same
5-year cohort as VK founder

Log (SPbSU students), one
cohort younger than VK founder

-.2 -.1 0 .1 .2

VK penetration in 2011 and coefficients for the number of SPbSU students over time



VK Penetration and Protest Participation
Panel A. Probability of protests

IV IV IV IV OLS OLS OLS OLS
(1) (2) (3) (4) (5) (6) (7) (8)

Log (number of VK users), Aug 2011 0.466** 0.451** 0.458*** 0.479*** 0.060*** 0.057*** 0.055*** 0.065***
[0.189] [0.177] [0.175] [0.181] [0.018] [0.018] [0.019] [0.018]

Log (SPbSU students), one cohort younger than VK founder 0.027 0.026 0.028 0.030 0.029 0.028 0.026 0.030
[0.024] [0.024] [0.025] [0.025] [0.021] [0.020] [0.021] [0.020]

Log (SPbSU students), one cohort older than VK founder -0.033 -0.029 -0.028 -0.026 0.003 0.005 0.003 0.007
[0.031] [0.029] [0.027] [0.029] [0.018] [0.017] [0.017] [0.018]

Population controls Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes***
Age cohort controls Yes Yes Yes Yes Yes** Yes** Yes** Yes***
Education controls Yes Yes* Yes Yes Yes Yes Yes Yes
Other controls Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes***
Electoral controls, 1995 Yes Yes*
Electoral controls, 1999 Yes Yes
Electoral controls, 2003 Yes Yes**
Observations 625 625 625 625 625 625 625 625
Kleibergen-Paap F-stat 6.554 6.779 7.591 7.031
Effective F-stat (Montiel Olea and Pflueger 2013) 10.97 12.03 12.30 12.17     
Panel B. Number of protesters

IV IV IV IV OLS OLS OLS OLS
(1) (2) (3) (4) (5) (6) (7) (8)

Log (number of VK users), Aug 2011 1.911** 1.872** 1.894** 2.013** 0.377*** 0.359*** 0.351*** 0.393***
[0.924] [0.872] [0.872] [0.889] [0.098] [0.102] [0.104] [0.103]

Log (SPbSU students), one cohort younger than VK founder 0.216* 0.209* 0.213* 0.230* 0.221** 0.217** 0.207* 0.233**
[0.117] [0.115] [0.119] [0.119] [0.107] [0.106] [0.108] [0.107]

Log (SPbSU students), one cohort older than VK founder -0.141 -0.127 -0.124 -0.115 -0.004 0.004 -0.002 0.013
[0.151] [0.145] [0.135] [0.144] [0.093] [0.092] [0.090] [0.094]

Population controls Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes***
Age cohort controls Yes Yes Yes Yes Yes* Yes** Yes** Yes**
Education controls Yes Yes Yes Yes Yes Yes Yes* Yes
Other controls Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes***
Electoral controls, 1995 Yes Yes
Electoral controls, 1999 Yes Yes
Electoral controls, 2003 Yes* Yes*
Observations 625 625 625 625 625 625 625 625
Kleibergen-Paap F-stat 6.554 6.779 7.591 7.031
Effective F-statistics (Olea Montiel and Pflueger 2013) 10.97 12.03 12.30 12.17     

Incidence of protests, dummy, Dec 2011

Log (number of protesters), Dec 2011



Support of the Government: Voting

IV IV IV IV OLS OLS OLS OLS

(1) (2) (3) (4) (5) (6) (7) (8)
Log (number of VK users), Aug 2011 0.043 0.023 0.054 0.004 -0.027* -0.025** -0.018 -0.032***

[0.060] [0.047] [0.056] [0.042] [0.014] [0.011] [0.013] [0.011]

Log (number of VK users), Aug 2011 0.153* 0.132* 0.165* 0.113* -0.007 -0.009 -0.004 -0.013
[0.089] [0.072] [0.085] [0.065] [0.012] [0.010] [0.011] [0.009]

Log (number of VK users), Aug 2011 0.281* 0.206* 0.276* 0.210 -0.047*** -0.043** -0.034* -0.052***
[0.169] [0.118] [0.154] [0.130] [0.017] [0.016] [0.017] [0.014]

Log (SPbSU students), one cohort younger than VK founder -0.004 -0.001 -0.002 -0.002 -0.004 0.001 -0.003 -0.001
[0.016] [0.012] [0.015] [0.012] [0.012] [0.010] [0.011] [0.010]

Log (SPbSU students), one cohort older than VK founder 0.000 0.005 -0.001 -0.005 0.023* 0.023** 0.020* 0.015
[0.018] [0.014] [0.016] [0.014] [0.012] [0.011] [0.010] [0.010]

Log (number of VK users), Aug 2011 0.155* 0.129* 0.153* 0.110 -0.015 -0.014 -0.011 -0.021**
[0.093] [0.077] [0.087] [0.071] [0.012] [0.010] [0.012] [0.009]

Log (number of VK users), Aug 2011 0.212* 0.141 0.185* 0.130* 0.001 0.012 0.018 -0.000
[0.116] [0.088] [0.095] [0.077] [0.017] [0.016] [0.018] [0.012]

Population controls Yes Yes Yes* Yes** Yes Yes Yes* Yes*
Age cohort controls Yes** Yes* Yes** Yes Yes Yes Yes Yes
Education controls Yes Yes Yes Yes Yes*** Yes*** Yes*** Yes***
Other controls Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes***
Electoral controls, 1995 Yes*** Yes***
Electoral controls, 1999 Yes*** Yes***
Electoral controls, 2003 Yes*** Yes***
Observations 625 625 625 625 625 625 625 625
Kleibergen-Paap F-stat 6.554 6.779 7.591 7.031
Effective F-statistics (Olea Montiel and Pflueger 2013) 10.97 12.03 12.30 12.17

Voting share for United Russia, 2016

Voting share for United Russia, 2007

Voting share for Medvedev, 2008

Voting share for United Russia, 2011

Voting Share for Putin, 2012



Support of the Government: Survey Evidence

Good and 
getting 
better

Good and 
remains the 

same

Good and 
getting 
worse

Bad, but 
getting 
better

Bad and 
remains 

the same

Bad and 
getting 
worse

(1) (2) (3) (4) (5) (6)
Log (number of VK users), Aug 2011 0.255** -0.069 -0.060 -0.094 -0.026 0.026

[0.127] [0.130] [0.062] [0.059] [0.076] [0.061]
Log (SPbSU students), one cohort younger than VK founder -0.013 0.010 0.001 0.013** 0.003 0.005

[0.016] [0.009] [0.007] [0.005] [0.009] [0.008]
Log (SPbSU students), one cohort older than VK founder -0.016 -0.017 -0.001 0.006 -0.011 -0.006

[0.019] [0.014] [0.010] [0.008] [0.009] [0.008]

Good and 
getting 
better

Good and 
remains the 

same

Good and 
getting 
worse

Bad, but 
getting 
better

Bad and 
remains 

the same

Bad and 
getting 
worse

Log (number of VK users), Aug 2011 0.205* -0.072 0.004 -0.061 -0.068 -0.016
[0.124] [0.124] [0.047] [0.042] [0.075] [0.056]

Log (SPbSU students), one cohort younger than VK founder -0.019 0.012 -0.000 0.008** 0.007 0.004
[0.016] [0.009] [0.006] [0.003] [0.009] [0.007]

Log (SPbSU students), one cohort older than VK founder -0.011 -0.021 -0.007 0.005 -0.002 -0.002
[0.018] [0.016] [0.007] [0.006] [0.011] [0.007]

Good and 
getting 
better

Good and 
remains the 

same

Good and 
getting 
worse

Bad, but 
getting 
better

Bad and 
remains 

the same

Bad and 
getting 
worse

Log (number of VK users), Aug 2011 0.313** 0.100 -0.124* -0.078 -0.075 -0.027
[0.133] [0.129] [0.074] [0.079] [0.104] [0.091]

Log (SPbSU students), one cohort younger than VK founder -0.017 0.015 0.004 0.013** -0.001 0.001
[0.018] [0.013] [0.008] [0.006] [0.012] [0.009]

Log (SPbSU students), one cohort older than VK founder -0.019 -0.026 0.007 0.006 -0.014 0.001
[0.020] [0.018] [0.012] [0.010] [0.012] [0.011]

How do you assess the work of president Dmitry Medvedev

How do you assess the work of the government

How do you assess the work of prime minister Vladimir Putin



Pre-Election Intentions

United 
Russia

Just Russia LDPR KPRF Patriots of 
Russia

Yabloko

Log (number of VK users), Aug 2011 0.260* 0.050 -0.056 -0.041 -0.002 -0.005
[0.155] [0.055] [0.055] [0.067] [0.009] [0.013]

Log (SPbSU students), one cohort younger than VK founder -0.006 -0.000 0.006 0.003 0.001 0.002
[0.016] [0.005] [0.005] [0.005] [0.001] [0.001]

Log (SPbSU students), one cohort older than VK founder -0.043* -0.004 0.005 0.002 0.000 -0.002
[0.023] [0.007] [0.009] [0.008] [0.001] [0.002]

Admit Exclude Difficult to 
answer

Log (number of VK users), Aug 2011 -0.278* 0.101 0.186
[0.164] [0.184] [0.146]

Log (SPbSU students), one cohort younger than VK founder -0.001 -0.002 0.002
[0.014] [0.015] [0.012]

Log (SPbSU students), one cohort older than VK founder 0.027 -0.024 -0.005
[0.021] [0.025] [0.022]

Which party are you planning to vote for in December elections

Do you  personally admit or exclude a possibility to take part in any protests



Conclusions
I Evidence consistent with social media boosting protest

participation
I Cross-city results for the leading Russian social network,

VKontakte
I Use overtime fluctuations of student flows for identification

I Evidnce consistent with reducing the costs of collective action
I Critical Mass
I Fractionalization is important
I Supported by theoretical predictions

I But: social media can at the same time promote support of
autocratic regime



Social Media and Extremism

I Growing evidence that social media promotes xenophobia and
hate crime (Müller, and Schwarz, 2021, 2023)

I The mechanisms seems to include persuasion and coordination,
despite the fact that social stigma associated with xenophobi
view may be even increasing (Bursztyn et al. 2023)

I The important role of leading politicians in changing norms
(Müller, and Schwarz, 202; Fagues and Martinez, 2024)

I The open question is what can be done to limit the spread of
toxic content

I moderation (Beknazar-Yuzbashev Jiménez Durán, and
Stalinski, 2024; (Jiménez Durán 2023; Beknazar-Yuzbashev
Jiménez Durán, McCrosky, and Stalinski, 2024)

I legal restrictions (Jiménez Durán, Müller, and Schwarz, 2024)



Social Media and Behavior of Politicians

I Evidence of substitution between online and off-line types of
political activity in Brazil (Bessone et al, 2022).

I Expansion of Facebook makes politicians
I use social media extensively to communicate with

constituents, finely targeting localities
I increase online engagement, especially with places with

pre-existing vote share
I shift their offline engagement (measured by speeches and

earmarked transfers) away from connected municipalities
I Twitter access helps not well known politicians spread

information about themselves (Petrova, Sen, and Yildrim,
2021)

I opening a Twitter account helps candidates running to get
higher campaign contributions, especially for newcomers

I Uncivil behavior, insults, and harassment, primarily targeted at
politicians, makes them choose one-sided communication in
social media (Theocharis et al. 2016)



Online Strategies of Autocratic Regimes
I Digital Censorship

I prevalent in China (King, Pan and Roberts 2013, 2014; Qin,
Strömberg and Wu, 2024) and increasingly so in Russia

I not as much in other countries
I Even if people have free access to uncernsored information

they rarely use it (Chen and Yang 2019)

I

I Manipulation of Information
I the most popular of information manipulation (Roberts 2018)
I increasingly used for by foreign powers interfering in

democratic regimes
I not that much academic research on that topic

(Gorodnichenko, Pham and Talavera 2018; Stukal et al 2019)

I Monitoring and Surveillance
I collecting information on performance of local governments

(Egorov, Guriev and Sonin, 2009)
I and citizens (Qin, Strömberg and Wu, 2017)



Overall

I The influence of social media has important features that
differentiates them from traditional media

I Low barriers to entry and horizontal flows of information in
social media

I can promote accountability
I can promote self-organization and protest participation;

I At the same time, low barriers to entry and algorithmic
curation

I promote extremism
I may increase susceptibility to information manipulation

I In autocracies it is a tug of war between governments and civil
society

I the outcome is likely to depend on state capatiy of autocracies


