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1 Introduction

The rise of social media could reshape citizen support for governments across the globe. Compared
with traditional media, social media platforms reduce barriers to content production and amplify
engagement with online content through horizontal interactions between users (Aridor et al. forth-
coming; Zhuravskaya, Petrova and Enikolopov 2020). The implications for citizens’ views of their
government are ambiguous. On the one hand, social media enables the creation and dissemination
of engaging and diverse content that quickly reaches users, which could expose citizens to new
political information or perspectives (e.g. Diamond 2010). On the other, large volumes of content,
easily-produced misinformation, and individual and algorithmic selection of what gets viewed may
instead sort users into political echo chambers that reinforce their prior beliefs (e.g. Sunstein 2018).
Evidence from established democracies largely supports the latter perspective, suggesting that so-
cial media exposes users to congenial content with limited effects on political preferences (Allcott
et al. 2020, 2024; Bail et al. 2018; Guess et al. 2023; Nyhan et al. 2023; Ventura et al. 2023; cf.
Fujiwara, Miiller and Schwarz 2024; Levy 2021).

But different dynamics may apply in the world’s many electoral autocracies—regimes that hold
multiparty elections, but where the playing field is heavily skewed in favor of the ruling party
(Levitsky and Way 2010). We argue that two distinctive features of these regimes mean that so-
cial media content production and consumption patterns are more likely to expose users to novel
news and opposition messaging than in established democracies: (i) incumbents exert greater in-
fluence over, and censorship of, traditional media outlets; and (ii) online social networks are less
politically segregated in these generally less partisan contexts. By providing engaging platforms
for suppressed voices that are hard to monitor and silence, social media content is more critical of
governments than traditional media and reaches citizens of varying political dispositions. Increas-
ing access to social media should then, all else equal, reduce support for ruling parties in electoral
autocracies, especially among supporters of the incumbent likely to have less prior exposure to

critical perspectives and hence the most scope to update unfavorably.

Yet, elected autocrats need not take this threat to their popularity as given. Early optimism that
social media would serve as a “liberation technology” (Diamond 2010) has since been tempered
by the efforts of repressive regimes to control digital media (e.g. Morozov 2012; Tucker et al.
2017). While high-capacity autocrats can precisely censor particular content or accounts (e.g. King,
Pan and Roberts 2014),! incumbents in the world’s many lower-capacity electoral autocracies rely

on blunter and less sophisticated censorship tools, such as periodic internet blackouts, imposing

'Such governments can also use social media—especially when combined with state-orchestrated censorship—to
distract, misinform, and polarize citizens in ways that benefit autocrats (King, Pan and Roberts 2017; Nyabola 2018;
Roberts 2018).



platform bans, and raising the costs of using social media. Such partial restrictions are foundational
to the survival strategies of modern “informational autocrats,” who control information to retain
popular support without resorting to repression (Guriev and Treisman 2019; Heo and Zerbini 2024;
Rahmani 2024). Nevertheless, autocrats vary significantly in the extent to which they choose to

restrict access to social media.

We contend that policies that partially restrict if, and how, citizens use social media en masse af-
fect political support in subtle ways beyond just the direct effect of reducing consumption of online
content. First, when they are differentially enforced against opponents—as is typical in electoral
autocracies—such policies could achieve a chilling effect by reducing the pro-opposition slant or
composition of content producers on social media. Consequently, social media restrictions can re-
duce critical content by remolding the content production equilibrium. Second, citizens who lose
access to social media may sanction the government for making tools they value for news, social
networks, entertainment, or business purposes inaccessible. By altering information consumption
and production decisions, these countervailing content favorability and backlash channels suggest

trade-offs for elected autocrats considering whether social media will increase their support.

This article examines how facilitating and limiting social media access affects support for
Uganda’s long-standing incumbent party around its 2021 elections. A canonical electoral autocracy,
the National Resistance Movement (NRM) led by President Museveni has ruled since 1986 and ex-
erts substantial control over traditional media sources. By contrast, social media is widely used by
opposition-leaning figures—most prominently the main challenger party, the National Unity Plat-
form (NUP). In response to this threat to the NRM’s power, the government has limited access to
social media by introducing the “over-the-top” (OTT) tax on daily social media use in 2018, levying
indirect taxes on mobile data bundles, and—most overtly—imposing a complete internet blackout
immediately around the 2021 presidential election and a nominal month-long ban on social media

that extended beyond the election.

We leverage complementary research designs to illuminate the consequences for NRM support
of increased access to social media in isolation and of policies imposing mass restrictions on ac-
cess. Our field experiment evaluates the former “partial equilibrium” effects by subsidizing access
to social media, without meaningfully altering online content or networks. To capture the latter
“general equilibrium” consequences of a nationwide policy limiting access to social media and dis-
couraging the production of regime-critical content, we leverage a difference-in-difference design
around Uganda’s social media ban. Both designs draw from an original three-wave panel survey of
occasional social media users in electorally competitive districts. We augment these analyses with
data from Uganda’s two most popular social media platforms: seven million Facebook posts from
public accounts and groups across the country, which we use to characterize social media content;

and high-frequency tracking of panel participants’ WhatsApp usage, which we use as a behavioral
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measure of their social media usage.

In contrast with the echo chambers observed in established democracies, our field experiment
finds that increasing individuals’ social media access in isolation decreased incumbent support
among prior supporters in Uganda’s electoral autocracy. Treated respondents received mobile data
and had their social media tax paid to facilitate social media use for three months following the
electoral campaign; the control group instead received a mobile money transfer, which was both
nominally smaller and could be used for any purpose. The intervention increased the likelithood
of using WhatsApp—our behavioral measure of social media usage—on a given day by five per-
centage points during a period of opposition-leaning content on social media, but only modestly
reduced NRM support for our average respondent. However, NRM support declined by 0.25 stan-
dard deviations among its prior supporters, who became significantly less likely to believe the
NRM cares about people like them, felt less warmly toward the NRM, less open to voting for the
NRM in the future, and more supportive of opposition parties. This reduction is most pronounced
among NRM supporters getting exposed to new critical perspectives and who came to view gov-
ernment performance less favorably. In contrast, non-NRM respondents’ views hardly changed.
This moderating effect suggests social media could dissipate core support for elected autocrats but

also motivate government efforts to limit access.

The results from the election-time social media ban illustrate the subtler ways that policy re-
strictions shape social media’s consequences for incumbent support. Our difference-in-differences
design compares changes in NRM support across respondents who did and did not previously use
virtual private networks (VPNs), which enabled individuals to circumvent the ban. Our behavioral
data shows that prior VPN users also became five percentage points more likely to use WhatsApp
on a given day during the ban than non-VPN users, but—unlike the field experiment—came to view
the NRM relatively positively. These differences between VPN and non-VPN users are robust to
potential violations of the identifying parallel trends assumption and alternative operationalizations
of VPN usage.

The distinct effect of this large-scale government policy appears to be driven by two com-
plementary mechanisms. First, our corpus of Facebook posts shows that—while maintaining an
anti-government tilt overall—social media content became relatively less critical of the regime dur-
ing the ban. This reduction in critical online content available to VPN users, compared to before
the ban, appears to reflect both unexpectedly favorable news about election fairness at this time as
well as disproportionately less content being produced by regime critics. Suggesting that social
media content persuaded users rather than calcified existing views, relatively greater support for
the NRM among VPN users was concentrated among respondents whose prior beliefs about NRM
governance and Ugandan democracy were least favorable. Second, respondents who lost access

to social media due to the ban became relatively less supportive of the regime. This is primarily



driven by individuals who lost access to reliable news, rather than those whose livelihoods were
harmed. Together, the more favorable content consumed by continuing social media users and the
backlash effect among citizens who lost access appear to outweigh, in at least in this instance, the

effect of reduced exposure to critical content established by the field experiment.

This paper makes two main contributions. First, we provide some of the first experimental
evidence from a non-democracy on how “partial equilibrium” access to social media can threaten
support for elected autocrats. Unlike the minimal political effects produced by Facebook and What-
sApp in democracies (Allcott et al. 2020, 2024; Guess et al. 2023; Nyhan et al. 2023; Ventura et al.
2023), our evidence is consistent with social media instead exposing individuals to novel regime-
critical content in a setting where traditional media is largely under government control. This
finding aligns with observational studies showing that regional internet expansion more generally
has reduced government approval in the Global South (Donati 2023; Miner 2015), particularly in
regimes with uncensored internet but high press censorship (Guriev, Melnikov and Zhuravskaya
2021). By establishing these reductions are driven by regime supporters, our results align with
prior evidence on the effectiveness of other types of mass media in new democracies to affect pub-
lic opinion by exposing citizens to counter-attitudinal perspectives (Brierley, Kramon and Ofosu
2020; Conroy-Krutz and Moehler 2015; Lawson and McCann 2005; Platas and Raffler 2021).

These results, which imply a moderating effect of social media, contrast with pessimistic find-
ings from advanced democracies on subjective well-being (Allcott et al. 2020; Braghieri, Levy and
Makarin 2022; Mosquera et al. 2020), social cohesion (Enikolopov et al. 2024), and hate crime
and xenophobia (Bursztyn et al. 2024; Miiller and Schwarz 2023). Our findings thus suggest that
there may be fewer adverse consequences of increasing access to social media in low-income coun-
tries, where citizens’ experience with online activity is more limited and of a different nature. As
such, our results fit with studies finding that social media can coordinate citizen protests against
autocratic governments (Enikolopov, Makarin and Petrova 2020; Steinert-Threlkeld 2017).

Second, our “general equilibrium” findings from a government social media ban broaden the
political costs and benefits to elected autocrats of media censorship. While our experimental results
highlight incentives to restrict access to critical content, blanket or partial media restrictions are
not always pursued. Prior studies explain that governments may also need the media to mobilize
citizens (Gehlbach and Sonin 2014), surveil government officials or opposition leaders (Egorov,
Guriev and Sonin 2009; Lorentzen 2014; Qin, Stromberg and Wu 2017), or gauge public opinion
(Huang, Boranbay-Akan and Huang 2019; Morozov 2012; Qin, Stromberg and Wu 2017).

We advance understanding of an autocrat’s censorship trade-off pertaining to social media. We
first show how partial bans can increase incumbent support by altering the composition of online

content production, in line with prior work showing that censorship alters newspaper and TV mar-



ket equilibria (Kronick and Marshall 2024; Qin, Stromberg and Wu 2018). Conversely, we also
show that governments lose support among citizens who lost access to news on social media. This
finding complements studies showing that citizens are more supportive of governments that permit
access to entertaining and informative television content (Kern and Hainmueller 2009; Kronick and
Marshall 2024), and valued consumption goods more generally (e.g. Manacorda, Miguel and Vig-
orito 2011). By using the unexpected introduction of Uganda’s social media ban to illuminate these
subtler considerations, our observational study contributes to a small literature leveraging rare op-

portunities to study institutional change in real-time (Callen, Weigel and Yuchtman forthcoming).

2 Social media in electoral autocracies

How might social media affect support for incumbents in electoral autocracies? We begin by ex-
tending competing theoretical logics from established democracies, holding constant the content
available online. Then, recognizing elected autocrats’ ability to shape access to social media, we
move beyond this partial equilibrium analysis to consider the consequences of policies to restrict
access on content production and citizen satisfaction—and thus some of the trade-offs shaping the

ruling party’s decision to censor in the first place.

2.1 Social media and regime-critical information

Social media is distinct from traditional media in two salient ways: through lower barriers to entry
for content producers and enabling horizontal interactions between consumers (Aridor et al. forth-
coming; Zhuravskaya, Petrova and Enikolopov 2020). Regarding the former, while broadcasting
on radio or television entails producing content that appeals to editorial gatekeepers, individuals
and organizations can almost costlessly disseminate content on social media platforms and rely on
these platforms’ algorithms to promote popular content. These low barriers to entry permit a larger
and more rapidly-evolving cast of content producers relative to traditional media. Regarding the
latter, social media permits engagement with content between citizens. The ability to share, com-
ment on, and approve and disapprove content on platforms like Facebook and WhatsApp enables
users to spread content and convey their sentiments to others. This potentially exposes citizens
to new information, arguments, and common understandings. Either through direct communica-
tion (Enriquez et al. 2024) or by generating common knowledge (Cornand and Heinemann 2008;
Morris and Shin 2002), this horizontal engagement can then shape offline social interactions while

coordinating users’ political views.

How the distinct features of social media platforms interact to shape support for incumbents is

theoretically ambiguous. We argue that it depends on whether social media predominantly sorts
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users into political echo chambers or exposes them to alternative news and perspectives. In elec-
toral autocracies, we propose that the latter channel is likely to dominate the former, implying

reduced support for incumbents.

Evidence from established democracies emphasizes the possibility of political echo chambers.
Because news feeds are individualized, social media could more effectively sort users into political
echo chambers than traditional media (Peterson and Kagalwala 2021; Sunstein 2018) or enable
users to avoid political content entirely (Prior 2007). Rather than exposing users to new information
and diverse opinions, social media platforms would then—either consciously or algorithmically—
help users select into groups of individuals sharing like-minded content, a key dimension of which
is political in partisan contexts. Such echo chambers may then fail to challenge users’ existing
political views. Evidence from developed democracies finds that users are indeed largely exposed
to congenial online content, with limited effects on political attitudes or behaviors (Allcott et al.
2020; Nyhan et al. 2023). Moreover, social media platforms coordinate offline behaviors around
pre-existing views (Bursztyn et al. 2024; Enikolopov, Makarin and Petrova 2020; Fujiwara, Miiller
and Schwarz 2024; Miiller and Schwarz 2023), further solidifying users’ existing political opinions.

Extending this logic to electoral autocracies would imply that social media does little to alter
political support, or may even entrench support for incumbents. However, its distinct role as an
alternative source of news and opinion is more likely to reduce support for incumbents in these

settings for two reasons.

First, ruling parties exert significant control over traditional media sources (Levitsky and Way
2010). Content then tends to favor incumbents because traditional media are owned by the ruling
party (Enikolopov, Petrova and Zhuravskaya 2011; Szeidl and Szucs 2021), dependent on state reg-
ulation and advertising revenues (Di Tella and Franceschelli 2011), or sufficiently few to be bought
off (Besley and Prat 2006; McMillan and Zoido 2004). By contrast, elected autocrats face greater
costs of identifying and suppressing regime-critical content producers online. Whereas rulers can
relatively easily target specific TV stations or newspapers, and government-influenced media often
report selectively to increase support for the ruling party (e.g. Gehlbach and Sonin 2014; Guriev
and Treisman 2020), few governments have the capacity to continuously monitor and remove spe-
cific social media content or accounts—whether through direct oversight or forcing social media
platforms to act as their agents.”> The critical voices typically suppressed by traditional media then
generate an imbalance in partisan slant, with social media content relatively more regime-critical

than traditional media.

Second, the impact of social media as an alternative source of regime-critical content is ampli-

fied by the relative weakness of partisan attachment in many electoral autocracies. In these settings,

2China’s vast and authoritarian state apparatus, enabled by its control over domestic social media platforms, is an
exception that censors the production of certain online content (King, Pan and Roberts 2013, 2014).
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while opposition partisans often possess distinct ideological convictions (Carlson 2016; Weghorst
2022), nominal regime supporters—not to mention the large share of non-partisan citizens (Letsa
and Morse 2023)—are often only weakly attached to their partisan identities, the extent of which
increases with economic motives (Rosenfeld 2020), a lack of information about the regime (Reuter
and Szakonyi 2021), and the homogeneity of their offline social networks (Letsa forthcoming). As
highlighted by evidence from new and struggling democracies (Brierley, Kramon and Ofosu 2020;
Conroy-Krutz and Moehler 2015; Lawson and McCann 2005; Majumdar forthcoming; Platas and
Raffler 2021), the general weakness of partisan attachment implies that many citizens are likely
to be more receptive to counterattitudinal information. Moreover, by limiting users’ intentional or
inadvertent sorting into online social networks by partisanship, it hinders the formation of political

echo chambers and their calcifying consequences for political attitudes.

Putting this together, we expect social media to predominantly reduce support for incumbents in
electoral autocracies. If critical content is suppressed less on social media than on traditional media
and networks on social media are not too segregated by partisanship, social media can expose
citizens to less favorable information or commentary about government performance, opposition
policy proposals and ideologies, or popular discontent. To the extent it is persuasive—because
information is novel and credible (see Little 2023) or arguments are compelling—and less favorable
toward the government than the information sources people would otherwise rely on, social media
will cause citizens to update negatively about the government’s competence or alignment with
citizen’s interests. As we illustrate in a simple model in Appendix A.1, any such negative updating
is likely to be concentrated among ruling party supporters, since they hold more favorable prior
beliefs about the incumbent party (e.g. Arias et al. 2022; Banerjee et al. 2011; Bhandari, Larreguy
and Marshall 2023; Platas and Raffler 2021) or are most attached to the incumbent party for other
reasons (Heo and Zerbini 2024). Social media’s potential to systematically harm elected autocrats
may be further amplified by explicit communication (e.g. Barbera and Jackson 2020; Shadmehr

and Bernhardt 2017) and common knowledge among citizens (e.g. Chwe 2000; Kuran 1989).

2.2 Incentives to introduce policies to limit access to social media

The preceding “partial equilibrium” analysis took social media policies and relatively more critical
content on social media in electoral autocracies as given. But, if social media primarily serves as
a source of content critical of the regime, incumbents are not powerless to resist this challenge to
their support. Examples of modern “spin dictators” reshaping traditional media markets to retain
support without resorting to targeted repression abound, from Russia to Singapore to Venezuela
(Guriev and Treisman 2019, 2022).

Though comprehensive monitoring and targeted suppression of regime-critical content on social



media is often impossible, particularly in low state capacity settings, incumbents often employ
blunter tools targeting consumers’ access to such platforms and periodically sanction producers. In
extreme cases, this entails banning social media platforms entirely (Miller 2022). Subtler partial
censorship strategies increase the costs of accessing social media by imposing taxes (on social
media use or mobile data), slowing websites or platforms down, or limiting access to censored
platforms to citizens with VPNs (e.g. Boxell and Steinert-Threlkeld 2022; Roberts 2018). Because
such restrictions are generally enforced by a small number of locally-based telecommunications

companies, over which governments can easily exert influence, they are more feasible to administer.

We argue that elected autocrats can sustain their support by leveraging these partial restrictions
on access to social media. While incumbents may have complementary motivations for restrict-
ing access, we focus on substantiating some of these trade-offs in terms of shaping support for
the regime—which may often align with considerations like constraining collective action or the
capacity to document election fraud.® In particular, we highlight how incentives to censor social
media access are likely to be influenced by the “general equilibrium” impact of restrictions on

content consumption and production.

Compared with unrestricted access to social media, partial bans could increase support for in-
cumbents through several informational mechanisms. First, social media restrictions limit exposure
to critical online content and coordinated responses to it. If truthful revelations or persuasive op-
position commentary are more prevalent on social media than alternative information sources, like
traditional media or in-person discussions, reducing access to social media could maintain support
for the ruling party (Gehlbach and Sonin 2014; Guriev and Treisman 2020; Shadmehr and Bern-
hardt 2015). Partial restrictions that segment media markets may even be optimal for incumbents
if they prevent persuadable regime supporters from encountering truthful content but still allow
regime opponents to be persuaded by it and become more favorable toward the government when

good news is credibly revealed (Heo and Zerbini 2024).

Second, partial restrictions to online freedoms may alter what social media content is produced.
In particular, online content might become more favorable toward incumbents if restrictions target
critical content producers (or are only expected to be enforced against opponents) or reduce demand
for their content among their reconstituted audience. Furthermore, reducing competition for online
audiences may in turn allow pro-government accounts to become more favorable without losing
much of their target audience (Kronick and Marshall 2024). These media market equilibrium ef-

fects highlight how censorship could expose users to more favorable content without resorting to

3 Although independent media could also serve to inform central governments about public opinion or bureau-
crat performance (Egorov, Guriev and Sonin 2009; Huang, Boranbay-Akan and Huang 2019; Lorentzen 2014; Qin,
Stromberg and Wu 2017), there are often strong incentives—especially ahead of elections—for incumbents with the
capacity to limit media freedoms to censor critical media sources.



blanket bans, and may thus affect support for incumbents beyond limiting access to critical content.

However, imposing social media restrictions could also lose political support or mobilize op-
position. First, social media may be a valued source of objective news, social interaction, enter-
tainment, consumer purchases, and even business opportunities. Limiting access may thus result in
backlash. Indeed, Hugo Chévez’s decision not to renew Venezuela’s leading TV channel’s public
broadcast license cost him votes among viewers who lost access to popular entertainment content
and informative news (Kronick and Marshall 2024). Conversely, access to popular West German
television increased support for the Soviet Union in East Germany (Kern and Hainmueller 2009).
Second, regardless of whether they themselves lose access to social media, citizens who value
democratic freedoms or draw inferences about the government’s type may disapprove of censoring
governments (GlidBel and Paula 2020).4

These forces highlight the countervailing incentives facing incumbents concerned about main-
taining broad-based support to restrict social media access. While these incentives exist across
regime types, the trade-off is especially relevant in electoral autocracies. At on extreme, closed
autocracies’ more limited sensitivity to backlash renders the incentives to restrict access more
straightforward. On the other, the more modest relative partisan imbalance in online slant and
higher electoral costs of censorship limit incentives for incumbents in established democracies to
restrict access. Figure A1 shows electoral autocracies have similar capacities to shut down internet
or social media access, or filter access to particular websites, as closed autocracies. But, consistent
with their potentially ambiguous trade-off, in practice they restrict access at rates inbetween closed

autocracies and democratic regimes.

The trade-offs introduced by the potential for mass policies to reshape content production but
also upset citizens are captured by our empirical focus on comparisons across citizens who do, or
do not, lose access to social media. While all citizens are likely to perceive signals of undemocratic
tendencies, our simple model in Appendix A.l clarifies conditions under which government poli-
cies restricting individuals’ access to social media may change relative support for ruling parties.
Reflecting this theoretical ambiguity surrounding which effect dominates in a particular context,
we expect incumbent support to increase (decrease) among citizens who lose access relative to
those who do not when the positive effects of limiting access to regime-critical content dominates
(is dominated by) the broader effects of censorship to induce both more government-friendly social

media content and backlash among individuals losing access to social media.



Figure 1: Timeline of events during research study
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3 Media and politics in contemporary Uganda

This section provides an overview of electoral politics, media consumption, and social media con-
tent in Uganda. Figure 1 charts key events during our study period relating to politics, social media

access, and data collection.

4Others might view this as signaling the government’s strength or resolve to repress opposition (Simpser 2013).
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3.1 Electoral context

Uganda has continuously been ruled by Yoweri Museveni and his National Resistance Movement
(NRM) party since 1986. The most recent presidential elections were held on January 14, 2021.
Museveni faced his most credible opposition from Robert Kyagulanyi Ssentamu, nicknamed Bobi
Wine, a rapper-turned-MP with broad support among younger voters. Kyagulanyi represented the
National Unity Platform (NUP), and rapidly surpassed the Forum for Democratic Change (FDC)

as the leading opposition party.

Since the 2021 elections coincided with the COVID-19 pandemic and restrictions on public
gatherings, the Electoral Commission dictated that the campaigns would follow a “scientific” model
using broadcast and online media to appeal to voters, rather than the typical holding of mass rallies
(Uganda Communications Commission 2021). Nevertheless, enforcement of in-person campaign-
ing rules was heavily imbalanced. Whereas NRM rallies remained common, opposition rallies
were violently disbanded (Freedom House 2021). In November 2020, Kyagulanyi was arrested
for violating campaigning restrictions, sparking widespread protests whose suppression resulted in
54 reported deaths (Amnesty International 2021). In this repressive context, many voters likely

anticipated further crackdowns and malpractice at election time.

Museveni ultimately won the presidential election with 58% of the official vote, followed by
Kyagulanyi with 35%, and was inaugurated for his sixth term in May 2021. In the parliamentary
elections, the NRM won the most seats (64%), followed by independents (14%), the NUP (11%),
and the FDC (6%). The United States described the elections as “neither free nor fair.”

3.2 Traditional and social media consumption

Traditional media remains Uganda’s most common source of news. In 2019, 58% of people re-
ported listening to news on the radio at least a few times a week, followed by 34% for television
and 12% for print newspaper (Afrobarometer 2019). The regime exercises considerable control
over such media (Freedom House 2021); accordingly, only 23% of citizens believe the news media
is completely free to report and comment on the news (Afrobarometer 2019). Prior to the elec-
tion, journalists were arrested for hosting opposition candidates on their shows, a radio station was
raided, journalists were prevented from covering opposition rallies, and foreign journalists were
denied accreditation (US Department of State 2020). Likely owing to this sanctioning, our survey

respondents perceived radio and TV as notably more supportive than critical of the NRM.

However, social media has become increasingly popular and constitutes the vast majority of

Press statement by Secretary Blinken, April 16, 2021; www.state.gov/imposing-visa-restrictions-on-ugandans-
for-undermining-the-democratic-process.
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internet usage. As in most sub-Saharan African settings, access is almost entirely through cell
phones, with 52% of Ugandans having mobile internet connections in late 2020. By 2019, Afro-
barometer (2019) shows that 14% of Ugandans used social media to obtain news at least a few
times a week; moreover, 88% of users believe that it informs people about current events, and so-
cial media users were regarded as less likely to spread false information than government officials
or political parties. Respondents in our pre-election survey of occasional social media users re-
ported spending five times more time on social media applications in a normal week than browsing
websites. Facebook and WhatsApp are by far the most popular platforms, with 79% and 78% of

our respondents reporting using them respectively; with only 17% reporting using Twitter.°

Ugandan social media content is fairly political. Among the Facebook users in our sample,
Figure A2 shows that 71% viewed getting political news as a main reason for using social media
and 25% cited discussion of current events. Among WhatsApp users, these figures are 53% and
26%, respectively. Importantly, as in many countries in the Global South, WhatsApp is not just
a private messenger app, but also a form of mass communication via groups of up to 256 users.
Further, networks are quite politically heterogeneous: 84% of our respondents stated that all, or

most, of those with whom they discuss politics held views which varied from their own.

In contrast with traditional broadcast media, social media content is generally more critical of
the president than supportive. Around the 2021 elections, this was driven by the NUP’s extensive
use of online platforms to reach its young and urban support base—and perhaps amplified by its
inability to use in-person campaigning and limited access to broadcast media. As we describe

systematically in Section 3.4, this led to a strongly pro-opposition slant on social media.

3.3 Access to social media

Perhaps unsurprisingly in light of this slant, the government has employed various tools to limit
citizens’ access to social media. Efforts to increase the cost of access started in 2018, when the
“over-the-top” (OTT) tax was introduced. Officially motivated as raising revenues and reducing
exposure to “gossip” online, the OTT required users to pay 200 shillings ($0.055) per day to access
social media platforms, including Facebook, WhatsApp, Instagram, and Twitter. While citizens
could evade the tax by using VPNs, doing so was slower and more data-intensive (Pollicy 2020).
Due to its limited revenue generation, the government replaced the OTT tax with a 12% tax on
mobile data in July 2021, on top of the existing 18% VAT. These taxes contribute to very high
data costs, with 1GB of mobile data costing 8% of the average Ugandan’s monthly income (A4AIl
2019).

®Traditional and social media consumption is relatively balanced in this sample, with 80% reporting listening to
the radio while 72% report watching TV.
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Since social media users are younger, more urban, and more opposed to the NRM, these policies
are widely seen as tools intended to undermine opposition support (Namasinga and Orgeret 2020)
by limiting social media usage (Boxell and Steinert-Threlkeld 2022). Civil society organizations
decried the OTT tax, for example, as “a clear attempt to silence dissent, in the guise of raising
government revenues” (Amnesty International 2018). The OTT tax is listed by 55% of our sample

as preventing them from using social media more, while 67% listed the cost of data.

Around the election, the government imposed blunter tools to control access to social media.
In early January, Facebook removed a network of hundreds of government-linked accounts for
engaging in “coordinated inauthentic behavior” promoting the NRM and denigrating the NUP,
with Twitter following suit. On January 12, nominally to avoid the spread of misinformation,
the Uganda Communications Commission (UCC) announced a ban of all social media platforms,
including Facebook, WhatsApp, and Twitter. The government implemented the ban by demanding
that internet service providers block access to the platforms regardless of users’ OTT tax payment;
the ban was lifted on February 10 except for Facebook, which remains officially blocked. However,
many individuals—including government officials—used VPNs to maintain access during the ban.
Because it could be circumvented, we characterize the “ban” as introducing significant friction and
uncertainty about the consequences of using social media. On the eve of the election, the UCC shut
the internet down completely. Internet access resumed five days later, shortly after Museveni was

declared the election’s winner.

3.4 Social media content over time

Finally, we describe social media content during the study period. We focus on Facebook, for
which many posts from relatively popular accounts are publicly available. Respondents’ similar
reasons for using WhatsApp—where private content is encrypted—suggest that it played a similar

political role in this context (see Figure A2).

To characterize content on Facebook, we collected a corpus of 6.95 million publicly-accessible
posts from 12,521 distinct Facebook pages in the Crowdtangle database between June 2020 and
December 2021. The corpus comprises the universe of public Facebook pages self-recorded as be-
ing in Uganda and a large curated set of groups and pages pertaining to Ugandan politics; Appendix
A.2.1 fully details its composition. We then use a combination of GPT and BERT to classify every
English-language post (83% of the sample) in terms of (i) whether it is about Ugandan politics, (ii)
whether its sentiment is anti-government, neutral, or pro-government, and (iii) the substantive topic
of the post. For a subset of the corpus taken from salient political pages and groups, we further

label the partisanship of the account. Appendix A.2.2 details our classification process.

Figure 2 aggregates posts by week throughout our study period, showing that the high initial
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level of political content as well as the strongly anti-government slant and composition of producers
fell during the social media ban and after the election.” Panel A first documents that the quantity of
posts of all kinds peaked in the pre-election period, but dropped sharply after the social media ban
was imposed. Consistent with extensive circumvention of the ban, substantial posting continued

even once Facebook could only be accessed by VPN.®

Turning to the content of posts, Panel B shows that the share of posts classified as pertaining
to politics also peaked at around half of all posts before the election. The share of posts classified
as containing anti-government sentiment similarly peaked just before the election, reaching a max-
imum of nearly 40% of all posts—seven times more than the pro-government share of posts. Panel
C shows that the share of posts about elections and regime-connected topics relating to govern-
ment institutions, civil rights, protests, the military, and corruption were common throughout the
campaign, spiked before the election, and remained common even after President Museveni’s in-
auguration, while posts about the economy, public services, and especially international news were
comparatively rare. During the social media ban, such political content was largely displaced by
posts about arts, entertainment, religion, and personal issues. Panel D underscores the dominance
of NUP-associated accounts relative to NRM-associated accounts prior to the election, along with
their especially precipitous fall in posting shortly afterwards. Figure A6, which instead categorizes
the full set of accounts according to the share of their posts classified as anti-government prior
to the ban, shows that the most strongly anti-government accounts were those which reduced the

political tone of their posts most.

4 Data collection

Our analyses draw from an original three-wave panel survey conducted during and after the 2021
election campaign. We first explain our sampling strategy before introducing our survey and be-

havioral data sources.

4.1 Sampling

We sought to recruit participants for whom accessing information on social media could be polit-
ically salient and who already used social media, but use it sufficiently irregularly that they could
be induced to do so more frequently. To reach this population, we selected 11 districts—from all
regions of Uganda—where the NRM received 40-60% of votes in the 2016 election. Within each

’Similar patterns emerge when aggregating the total interactions with posts (see Figure A4) or restricting to the
subset of relatively political pages and groups (Figure AS5).
8See Figure A3 for a day-level equivalent around the ban.
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Figure 3: Sampled districts and trading centers Figure 4: Sample characteristics
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Notes: The sampled districts in Figure 3 comprise Mpigi, Kalungu, Masaka in Central region; Iganga, Jinja, Mbale,
Sironko in Eastern region; Gulu, Lamwo, Lira in Northern region; and Rukungiri in Western region. Figure 4 compares
mean demographic characteristics among our baseline survey sample with adult Ugandans from Afrobarometer (2019).

district, shown in Figure 3, we sampled participants from peri-urban trading centers (TCs) on the
fringes of urban localities with good 3G internet reception. Our sampling frame of 4,399 potential
respondents from 135 TCs was constructed by asking “seeds” in each TC to provide contact details

for potentially eligible individuals; Appendix A.3 provides further details.

Our research team called 3,710 potential respondents, of which half met our eligibility crite-
ria: (1) aged 18-50; (ii) possessing a cell phone able to access social media platforms; and (iii)
reporting using social media apps three or fewer days in the last week. Ultimately, 1,542 eligible
individuals—a potentially consequential class of the electorate likely to become intensive social

media users as access and usage increase—completed the baseline survey.

The baseline sample approximates our target population within Uganda. Using nationally repre-
sentative data from Afrobarometer (2019), Figure 4 shows that our sample matches the average age,
gender, language, education, traditional media consumption behaviors, and partisanship of Afro-
barometer respondents possessing an internet-accessible phone remarkably well. Those without an
internet-accessible phone are older, less educated, more likely to be female, and more favorable to
the NRM.
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4.2 Panel survey data

We surveyed our panel three times over almost a year. The baseline survey (wave 1) was admin-
istered in December 2020 and early January 2021. Wave 2 was enumerated between late May and
early June 2021. We successfully re-interviewed 1,310 (85%) wave 1 respondents and added 145
eligible participants we had been unable to reach for wave 1. Wave 3 was administered in Septem-
ber 2021, successfully resurveying 1,389 (95%) of the 1,455 respondents who completed wave 2.
All surveys were conducted via telephone, given COVID-19-related health risks associated with
in-person enumeration.” Appendix A.5 provides a discussion of the ethics of our data collection

and interventions.

Each survey wave measured our core outcomes—support for the NRM and opposition parties—
in three ways. First, we asked respondents which party they believed to care most about the welfare
of Ugandans; for our outcomes, we consider the incumbent NRM and pool together opposition
parties.'? Second, we used a feeling thermometer to gauge how warmly respondents felt about the
NRM and opposition parties on an 11-point scale ranging from O (very cold) to 10 (very warm).
Third, we asked how open respondents would be, on a five-point scale, to voting for NRM and
opposition candidates for a generic political office in the future. Political constraints prevented us
from asking directly about presidential vote choice, but openness to voting for a party closely cor-
relates with vote choice in local elections (Platas and Raffler 2021). We aggregate these measures
to construct inverse-covariance weighted (ICW) indices (Anderson 2008) capturing support for the

NRM and opposition parties.

A key potential moderator of social media’s effects is prior partisanship. We measure NRM
partisanship using an indicator for respondents who reported both feeling more warmly towards the
NRM and being more open to voting for the NRM than any opposition party. This designates 27%
of respondents as NRM supporters, with non-NRM supporters split between opposition supporters
and non-partisans. Figure 4 shows that this proportion aligns with the share of NRM partisans

among individuals with internet-connected phones across Uganda.
We further elicited respondents’ demographics, social media consumption (and whether ac-

cessed by VPN), and perceptions of government. Summary statistics are provided in results tables
and Table A7.

90ur initial intervention comprised paying respondents’ OTT taxes after the wave 1 survey and shortly prior to the
election. However, the social media ban and internet blackout negated this treatment, leading us instead administer a
similar intervention following the wave 2 survey.
10As some respondents noted, a lack of experience with opposition government rule may have prevented some
opposition supporters from selecting opposition parties.
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4.3 Social media usage data

For a behavioral measure of social media usage, we collected publicly-accessible data on the
extent—but not content—of respondents’ WhatsApp usage. As noted above, WhatsApp usage cor-
relates with the self-reported use of Facebook and other platforms in our sample, both in terms of
usage rates and respondents’ main reasons for usage (see Figure A2).!! We audited the WhatsApp
status of the 60% of baseline respondents whose phone numbers were linked to active accounts
between four and five times per day throughout the study.'? This enables us to construct a panel of
respondent-by-date measures of: (i) whether the respondent had been “last seen” using WhatsApp
on a given day; and (ii) the number of distinct timestamps for which the respondent had been “last
seen” using WhatsApp on that day.'® Table A7 shows that the subsample for whom we were able
to audit WhatsApp statuses throughout the study was modestly younger, better educated, less fa-
vorable towards the NRM, and used more social media at baseline compared to those not audited.

Among those we audited, 22% used WhatsApp on the average day during our study.

5 Field experiment

To assess whether facilitating social media access depressed citizens’ support for the NRM, we con-
ducted a field experiment in mid-2021, following President Museveni’s inauguration. Our treatment
subsidized randomly-selected individuals to use social media, but not for clusters of users simulta-
neously. The intervention thus captures a partial equilibrium effect, by altering individuals’ access,
without meaningfully changing the supply of online content, peers’ social media access, or govern-

ment social media policies.

5.1 Experimental design

After completing the wave 2 survey, we randomly assigned respondents to receive a financial incen-
tive to increase their social media use for three months. Treated participants were compensated for
taking the survey with payments alleviating the main financial barriers limiting social media usage:
the OTT tax and mobile data costs. These payments varied slightly by phone network, as detailed
in Appendix A.4.1, but comprised data bundles of 400-500MB per week plus OTT tax payment in

"' We cannot track Facebook activity because we did not record account URLSs for logistical reasons.

120f linkable accounts, 90% had publicly-viewable WhatsApp statuses—the default within WhatsApp. Our mea-
sure likely underestimates actual WhatsApp usage because some respondents have multiple SIM cards.

3Because we audit every phone number multiple times a day, measure (i) is an accurate measure of daily WhatsApp
usage. The upper bound for measure (ii) is the number of times we audit that number on a given day, and thus only
captures limited intensive margin variation.
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June, followed by weekly data bundles of 400MB or S00MB throughout July and August (after the
OTT tax was replaced by a mobile data tax). Respondents were free to use their mobile data as
they liked. Given social media constituted the main use of the internet in Uganda and respondents’
stated financial barriers to access, we anticipated the incentive would principally increase social
media usage. The social media content participants were exposed to during the intervention nat-
urally reflects individual and network preferences as well as platform algorithms. Figure 2 shows
that political content on Facebook in general was both common and slanted against the government

during the intervention period.

To limit the risk of differential attrition, individuals assigned to the control condition were in-
stead compensated with a flexible mobile money transfer of UGX 6,000. Control participants could
use this smaller transfer towards social media access, with the average respondent reporting using
around half their mobile money to buy data. Both experimental conditions were subtly commu-
nicated as tokens of appreciation for study participation, meaning participants were unlikely to be
aware of their treatment condition. In contrast with the social media ban we examine later, this
intervention was not attributed to government policy decisions and affected only a tiny fraction of

social media users.

Using wave 1 survey data, treatment conditions were block-randomized prior to wave 2 enu-
meration (see Appendix A.4.1 for details). Table A8 shows that wave 3 participants assigned to
treatment, both overall and by partisanship, are statistically indistinguishable from those assigned to
control in terms of demographic characteristics and their pre-treatment attitudes. Table A9 demon-
strates there is no differential attrition between wave 2 and wave 3, either overall or by partisanship,

with low attrition rates of around 5%.

To evaluate how subsidizing social media access affects political support, we use pre-registered
OLS regressions of the following form to estimate average treatment effects (ATEs) in our wave 3
survey data: '

YP?" = tTreatment; + Och "+ B+ +E, (1)

1

where Y/ is a wave 3 outcome, Treatment; indicates receiving our treatment, Y/ is a vector of
pre-treatment outcomes (where we use both wave 1 and 2 survey responses, where available), 3, are
randomization block fixed effects, and 7, are wave 3 enumerator fixed effects. Following Belloni,
Chernozhukov and Hansen (2014), an auxiliary specification adds a LASSO-selected vector of
predetermined covariates for robustness. We use robust standard errors for inference, reflecting the

individual-level randomization.

14 Appendix A.4.3 describes our pre-analysis plan, including explaining several deviations with minimal conse-
quences.
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Figure 5: Differences in daily use of WhatsApp, by treatment assignment
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Notes: Estimates are from equation (1), where the outcome is daily use of WhatsApp. The baseline category is
May 31, 2021. Treatment begins around June 1, 2021. Revised weekly treatment begins around July 1, 2021.
Treatment ends around September 1, 2021. All bars indicate 95% confidence intervals.

Since non-NRM partisans are likely to have already been exposed to more regime-critical in-
formation than NRM partisans, our pre-analysis plan further registered our expectation that an
exogenous increase in social media access, relative to other news sources, would have a stronger
effect among NRM supporters. To test this, we add our midline measure of partisanship described
above to saturated interactive specifications that estimate conditional average treatment effects and

test for differential effects across NRM and non-NRM partisans.

5.2 Effects on social media usage

We first assess the extent to which the intervention affected social media usage. To capture treat-
ment effect dynamics using our high-frequency behavioral data from WhatsApp, we estimate a
panel version of equation (1) in Figure 5, where the outcome is whether a given respondent was
“last seen” using WhatsApp on a given date. '

The results demonstrate that subsidizing social media use significantly increased WhatsApp us-

STn the specifications with LASSO-selected covariates, we include selected interactive covariates and all their
lower-order terms following Blackwell and Olson (2022).

16These regressions include individual-level fixed effects and date fixed effects; standard errors are clustered by
respondent. Self-reported social media use data from our surveys is far noisier than our behavioral data (see also
Nyhan et al. 2023), likely due to the difficulty of accurately reporting the number of hours spent on social media in a
given week up to four months earlier.
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age during the treatment period. We distinguish the month of June, in which we sent most of our
sample a single large data transfer (without reminders) and hence treatment effects dissipated quite
quickly, from July and August when we sent smaller weekly data transfers (with notifications),
which generated more sustained treatment effects. The persistence of modest, if diminishing, ef-
fects after the conclusion of the treatment in September suggests that social media use activates

demand for further use, in line with prior studies (e.g. Chen and Yang 2019).

Pooling across the intervention period, column (1) of panel A of Table 1 shows that treated
participants were 5.6 percentage points more likely to use WhatsApp on a given day during the
treatment period, relative to an average probability among the control group of 0.16 (p < 0.01).
Column (2) shows that this 35% increase is robust to covariate adjustment. Column (1) of panel
B further shows that the number of audit windows within a day that WhatsApp use was registered
increase by 0.09 (p < 0.01). Columns (3)-(6) report similar effect magnitudes across NRM sup-
porters and non-NRM supporters, respectively. Because our sample comprises a greater share of
non-NRM supporters, who we were also able to audit at slightly higher rates, those estimates are

more precise.

The audit data also suggest that many treated respondents did not significantly alter their What-
sApp use. To characterize treatment heterogeneity, we use a causal forest to predict individual-level
treatment effects on WhatsApp usage (Wager and Athey 2018).!7 The results in Figure A10 suggest
that the subsidy particularly increased usage among somewhat less educated participants, those who
reported greater prior social media usage, and individuals less supportive of democratic principles.

But, in general, treatment effects are relatively similar across subgroups.

These increases in WhatsApp usage likely understate the intervention’s effects on overall social
media usage among infrequent social media users. First, while WhatsApp usage correlates strongly
with usage of other platforms, our treatment may have been more useful in facilitating access to
more data-intensive platforms like Facebook that also depend less on friends’ connectivity. Second,
our measures do not fully capture the intensity of participants’ usage, since our intensive margin
measure only audits usage every five to six hours. Regardless, our moderate-sized “first stage”
falls between full deactivation studies (e.g. Allcott et al. 2020, 2024) and nudge-like interventions
without monetary incentives (e.g. Levy 2021), but contrasts with prior work by increasing access

rather than reducing it.

70ur outcome is the difference in the share of days a respondent used WhatsApp during the treatment period
relative to before. For predictors of heterogeneity, we considered predetermined outcomes, the individual indicators
comprising them, fixed effects by trading center, age, and gender, and respondents’ religious, economic, and educa-
tional characteristics (defined in either wave 1 or 2).
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Table 1: Field experimental treatment effects on daily WhatsApp usage

Outcome: Varies by panel

) 2 3 “

Panel A: Used Whatsapp

Treatment 0.056%** 0.054%** (0.059%** (0.047***
(0.015) (0.014) (0.017) (0.016)
Treatment x NRM supporter -0.013 0.010
(0.031) (0.030)
Treatment + Treatment x NRM supporter 0.046*  0.057**
(0.026) (0.025)
Observations 93,124 92,380 93,124 92,380
Clusters (Respondents) 751 745 751 745
Control mean 0.16 0.16 0.16 0.16
Control SD 0.37 0.37 0.37 0.37
Interactive LASSO-selected covariates v v

Panel B: Number of audited times seen on WhatsApp

Treatment 0.091%** (0,083*** ().096%** ().083***
(0.024) (0.024) (0.029) (0.028)
Treatment x NRM supporter -0.023 0.009
(0.052) (0.052)
Treatment + Treatment x NRM supporter 0.073*  0.092%**
(0.043) (0.044)
Observations 93,124 92,380 93,124 92,380
Clusters (Respondents) 751 745 751 745
Control mean 0.27 0.27 0.27 0.27
Control SD 0.68 0.68 0.68 0.68
Interactive LASSO-selected covariates v v

Notes: Each specification is estimated using OLS, and includes individual and date fixed effects.
Even-indexed columns include covariates interacted with treatment period, where covariates are
selected by LASSO. To estimate heterogeneous treatment effects, the indicator for NRM sup-
porter is fully interacted with treatment indicator and fixed effects (and LASSO-selected covari-
ates, when relevant). The sum of coefficients reports the treatment effect among NRM support-
ing participants. We exclude all dates following the conclusion of treatment on September 1,
2021. Standard errors clustered by respondent are in parentheses. * p < 0.1, ** p < 0.05, ***
p <0.01.

5.3 Partisan-moderated effects of access to social media on NRM support

Having established that treated respondents were more likely to access social media, we next ex-
amine changes in support for the ruling NRM party and opposition parties. Table 2 reports our

estimates of average and conditional average treatment effects for our ICW indexes of party sup-

port and its three constituent items.
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Table 2: Field experimental treatment effects on NRM and opposition party support

Support for NRM Support for opposition
(€Y) @) 3 (C)) &) (6) (7 (®)
Panel A: Support for NRM and opposition party ICW indexes
Treatment -0.060 -0.080* -0.014 -0.007 0.014 0.053 -0.018 -0.000
(0.050)  (0.048) (0.064) (0.064) (0.051)  (0.049)  (0.065) (0.065)
Treatment X NRM supporter -0.262%%* -0.269%* 0.207 0.197
(0.113) (0.119) (0.126) (0.130)
Treatment + Treatment x NRM supporter -0.276%¥*  -0.276%** 0.189%* 0.197%*
(0.093) (0.101) (0.108) 0.112)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,387
Control mean 0.00 0.00 0.00 0.00 -0.00 -0.00 -0.00 -0.00
Control SD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LASSO-selected covariates v v v v
Panel B: Which party cares most about people like the respondent
Treatment -0.008 -0.022 0.005 0.007 0.026 0.027 0.013 0.010
(0.022)  (0.021) (0.030) (0.031) (0.021)  (0.020)  (0.029) (0.029)
Treatment X NRM supporter -0.085%* -0.076 0.077 0.071
(0.050) (0.052) (0.047) (0.048)
Treatment + Treatment X NRM supporter -0.080%* -0.069 0.090%*  0.081**
(0.040) (0.042) (0.037) (0.039)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,387
Control mean 0.72 0.72 0.72 0.72 0.24 0.24 0.24 0.24
Control SD 0.45 0.45 0.45 0.45 0.43 0.43 0.43 0.43
LASSO-selected covariates v v v v
Panel C: Feeling thermometer (0-very cold — 10-very warm)
Treatment -0.200 -0.253* -0.110 -0.133 -0.068 -0.091 -0.255 -0.204
(0.140)  (0.136) (0.180) (0.186) (0.133)  (0.130)  (0.166) (0.170)
Treatment x NRM supporter -0.634* -0.755%* 0.599%* 0.463
(0.343) (0.379) (0.327) (0.349)
Treatment + Treatment x NRM supporter -0.744%%* -0.888%#** 0.344 0.259
(0.292) (0.331) (0.281) (0.305)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 5.96 5.96 5.96 5.96 541 541 541 541
Control SD 2.79 2.79 2.79 2.79 2.64 2.64 2.64 2.64
LASSO-selected covariates v v v v
Panel D: Openness to voting for party (1-not at all — 5-very open)
Treatment -0.091 -0.100 -0.031 -0.040 -0.002 0.060 0.010 0.030
(0.073)  (0.071) (0.095) (0.095) (0.071)  (0.069)  (0.091) (0.091)
Treatment X NRM supporter -0.227 -0.249 0.134 0.144
(0.165) (0.175) (0.190) (0.187)
Treatment + Treatment X NRM supporter -0.258%* -0.289%* 0.144 0.174
(0.135) (0.147) (0.166) (0.164)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 3.35 3.35 3.35 3.35 3.08 3.08 3.08 3.08
Control SD 1.44 1.44 1.44 1.44 1.43 1.43 1.43 1.43
LASSO-selected covariates v v v v

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3 enumer-
ator fixed effects. Even-indexed columns add LASSO-selected covariates. To estimate heterogeneous treatment effects, the indicator for NRM
supporter is fully interacted with treatment indicator and fixed effects (and LASSO-selected covariates, when relevant). Lower-order terms are
omitted to save space. The sum of coefficients reports the treatment effect among NRM supporting participants. Robust standard errors in paren-

theses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Our findings for the full sample of respondents document negative but limited average treatment
effects. Column (1) of panel A reports a modest and statistically insignificant negative effect on our
index of support for the NRM (p = 0.23), with negligible effects on support for opposition parties
shown in column (5) (p = 0.78). Panel B finds no evidence of effects on beliefs about which party
cares most about citizens (p = 0.72), Panel C reports weak evidence that respondents came to
feel less warmly about the NRM (p = 0.15), and Panel D finds similarly significant estimates that
respondents became less willing to vote for the NRM in the future (p = 0.21).

However, these average treatment effects mask heterogeneous responses by partisanship. To test
our prespecified hypothesis that NRM partisans update more negatively about the ruling party when
given greater access to social media, we subset the sample by prior NRM support. Supporting this
expectation, the conditional average treatment effect captured by the sum of coefficients at the foot
of column (3) shows that the modest overall reductions in aggregated attitudes towards the NRM
are driven by initial NRM supporters becoming 0.28 standard deviations less favorable (p < 0.01).
Specifically, NRM supporters became 8 percentage points less likely to believe the NRM cares
most (p < 0.05), 0.74 units less warm toward the NRM on our 0-10 thermometer (p < 0.05), and
0.26 units less open to voting for the NRM in the future on our five-point scale (p < 0.1). In turn,
NRM supporters became more favorable towards opposition parties (p < 0.1), which is largely
driven by coming to believe that opposition parties care more about citizens than the NRM.

In contrast, non-NRM supporters updated less in response to treatment. Consistent with having
already internalized critical perspectives about the NRM, the base treatment coefficients in columns
(3) and (7) show that these participants logged negligible and statistically insignificant reductions
in their support for both ruling and opposition parties. The interaction coefficients confirm that
NRM supporters updated significantly more negatively about the NRM than non-NRM supporters

across our various outcomes.

Our finding that facilitating access to social media reduced support for the ruling party among
prior NRM supporters survives various sensitivity analyses. First, the even-numbered columns
in Table 2 show that our estimates are robust to adjusting for the covariates retained by Belloni,
Chernozhukov and Hansen’s (2014) double-selection LASSO algorithm. The inclusion of these
covariates renders the negative average treatment effect weakly statistically significant (p = 0.10).
Second, Table A10 shows that our estimates are robust to constructing our outcome indexes by tak-
ing the difference between outcomes for NRM and opposition parties, using a z-score, or taking the
first principal component. Third, Table A11 shows that respondents are not affected by the number
of treated individuals in their trading center, suggesting that our results do not reflect interference
across participants. Finally, suggesting the absence of demand effects, Table A12 finds no evidence
that the intervention—whether in the full sample or by partisanship—affected either participants’

perceptions of who was responsible for the survey or their perceptions of the study’s purpose.
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5.4 Mechanisms connecting social media access with incumbent support

We interpret the heterogeneous effects of subsidizing social media access as NRM supporters,
who had initially internalized less regime-critical content than non-NRM supporters, updating neg-
atively about the ruling party upon exposure to more critical content on social media. Several

analyses substantiate this mechanism.

First, in line with this belief updating logic, we find that greater treatment intensity induced
larger drops in NRM support. Table A13 shows that decreased NRM support among initial sup-
porters was somewhat more pronounced among VPN users who could circumvent the ongoing
Facebook ban to access further critical content. Moreover, Figure A9 shows that treatment effects
are larger among NRM-supporting respondents predicted—by our causal forest—to have increased

their social media use the most in response to treatment.

Second, our evidence further suggests that greater social media access reduced NRM support
by exposing NRM supporters to persuasive regime-critical perspectives rather than by increasing
their knowledge of current events. Additional pre-registered outcomes in Figure A8 provide little
systematic evidence that treatment led respondents to learn about specific political events that took
place during the treatment period, nor to more correctly answer factual questions about politics.'®
Rather, respondents—and particularly NRM supporters—reduced their approval of government

performance and became more likely to distrust information from the government.

Third, changes in NRM support were concentrated among the NRM supporters with the great-
est prior levels of faith in the government. Panel A of Table A14 shows that NRM supporters who
perceived the central government as performing well before the intervention reduced their support
for the government significantly more than those who did not. Furthermore, in line with their
more limited prior exposure to regime-critical information, the same was true among those NRM
supporters who initially reported never having seen information helping them to understand the
perspective of opposition parties. By contrast, Panel B shows that neither variation in NRM sup-
porters’ prior knowledge of recent political events (measured by the share of five recent political
events they correctly identify as having occurred) nor their factual political knowledge (measured
by the share of three subnational political leaders they correctly name) moderated an individual’s

response to treatment.

Together, our experimental results suggest that enabling ruling party supporters to consume
more social media moderated their political views—away from the NRM—in Uganda’s electoral
autocracy. This partial equilibrium finding aligns with the hopes of some that social media might

buttress opposition movements in authoritarian regimes, by exposing individuals to social media

18 Additional analyses show that respondents’ perceptions of Ugandan state capacity, the quality of its democracy,
and local accountability were not moved by treatment.
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content that is less regime-friendly than government-dominated traditional media markets, rather

than facilitating the echo chambers often found in the Global North.

6 Access to social media around the election-time ban

Our partial equilibrium finding that social media access reduced prior supporters’ favorability to-
wards the ruling party may concern incumbents. Indeed, two days before Uganda’s 2021 presi-
dential election, the government introduced a month-long ban of social media platforms and then
a five-day full internet blackout around election day. While the social media ban limited access
among citizens without VPNs, and may have particularly discouraged content production by regime
opponents afraid of unevenly-applied sanctions, it also likely alienated citizens relying on social
media for political news, social connection, or economic opportunities. We next investigate how
content shifts and backlash endogenous to government policy decisions shape the more general

equilibrium effects of restricting access to social media on support for the ruling party.

6.1 Difference-in-differences design

To capture the effects of differential access to social media during the election-time social media
ban, we leverage a difference-in-differences design comparing individuals who already used VPNs
prior to the ban—who could easily circumvent the social media ban—with those who did not. Our
baseline specification compares changes in NRM support between survey waves 1 and 2 across the
57% of individuals who reported using a VPN on one or more days in the week preceding the wave
1 survey and the remaining individuals who reported no usage. Figure A11 reports the distribution
of prior VPN usage. Since non-VPN users could start using VPN, our design likely underestimates

the effect of a fully enforced ban.

VPN users, unsurprisingly, differ from non-VPN users. Table A18 shows that wave 1 VPN
users are younger, more likely to use social media, and more favorable towards the opposition.
However, these VPN users are similar in various other ways, including gender, religion, educa-
tion, and self-assessed living conditions; this may reflect the cost of the social media tax roughly
netting out with the greater data costs of using a VPN. Conditioning on location and age, by intro-
ducing trading center and age fixed effects respectively, largely reduces differences between VPN
and non-VPN users to statistical insignificance. To ensure that (observed or unobserved) baseline
differences across users are not driving our findings, we exploit within-individual variation over
time; to mitigate against time-varying effects of differences, we allow covariate adjustment to vary

across time.
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To estimate the effect of being more likely to retain access to social media during the govern-

ment’s ban, we start by estimating regressions of the form:
Yiee = T(VPN; x Post election;) + Wi + 1y + Eict )

where Y;.; denotes an outcome for individual i located in trading center c¢ at time ¢ (whether a
survey wave or a measure of social media activity), Post election, indicates the period after social
media was blocked by the government, and V PN; indicates prior VPN users. We include individual
fixed effects, u;, and time fixed effects, 7, to absorb time-invariant differences across individuals
and common period shocks. The former abstracts from baseline differences across respondents
who differ in their use of VPNs, while the latter absorbs period-specific factors that influenced all
respondents similarly. Standard errors are clustered at the trading center level to reflect community-

level differences in VPN usage.

The coefficient T captures the average effect of already using a VPN during the election-time
social media ban—and its aftermath—relative to not previously using a VPN under a parallel trends
assumption. This assumption requires that VPN and non-VPN users would have followed similar
trends in social media usage and government support outcomes in the absence of the ban. Figure
6 supports this assumption by showing parallel pre-trends in WhatsApp usage across these groups
prior to the ban. Parallel trends are harder to substantiate for political outcomes because we only
surveyed respondents once before the ban. Nonetheless, Figure A12 supports this assumption by
showing that our measures of party support by survey enumeration date followed similar trends
across VPN and non-VPN users prior to the end of the wave 1 survey. Our robustness checks
below further include interactive fixed effects to exploit only variation within various groups—by
trading center, age, political engagement and knowledge, and prior political disposition—that could

have experienced non-parallel trends.'”

6.2 Effects of variation in exposure to the ban on social media usage

We first confirm that prior VPN users were more likely to access social media during the ban,
using the WhatsApp audit data described above. Figure 6 plots our difference-in-differences es-
timates by day, relative to the day before the social media ban was imposed. While the daily
estimates are noisy, the average differences over time are clear: VPN users became more likely to
use WhatsApp on a given day during the social media ban—except during the internet blackout—
and quickly returned to pre-ban differentials once all platforms (except Facebook) were reinstated

in mid-February. Relatively greater social media use among initial VPN users, net of non-VPN

19The parallel trends assumption could also be violated by differential attrition, but Table A19 shows that VPN and
non-VPN users dropped out of the wave 2 survey at statistically indistinguishable rates (about 15%).
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Figure 6: Differences in daily use of WhatsApp, by prior VPN use
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Notes: Estimates are from equation (2), where the outcome is daily use of WhatsApp. The baseline category is the day
before the WhatsApp ban was imposed. All bars indicate 95% confidence intervals.

users starting to acquire VPNs several weeks after the ban’s imposition, is thus concentrated during

the month after Uganda’s presidential election.

Our regression analyses in Table 3 test this relationship by pooling ban versus non-ban days.
Panel A shows that regular VPN users became 5.4 percentage points more likely to use WhatsApp
on a given day during the social media ban (p < 0.01), relative to a baseline level of 0.31 among
non-VPN users. The magnitude of this relative difference in usage is similar to our experimental
intervention, although—pointing to its political salience—overall rates of WhatsApp usage were
higher during the electoral period in spite of the ban. The non-zero rate among non-VPNs users
indicates that a significant share of these individuals started to more regularly use VPNs during the
social media ban, in line with prior evidence of citizens’ resilience against censorship (e.g. Chang
et al. 2022; Roberts 2020). Figure A14 reports similar results when instead defining VPN users by

using a VPN more than one day in the week preceding survey wave 1.

Like our experimental analysis, we examine heterogeneity in the difference-in-differences treat-
ment effect by estimating a causal forest.” Figure A10 shows that the respondents most likely to

increase their WhatsApp usage due to VPN availability were relatively better educated and used

20We follow the same broad approach, using the difference in the mean share of days on which a respondent used
WhatsApp during the ban relative to before as our outcome, and with all predictive variables defined pre-ban. Based on
Table A18, we residualize our indicator for VPN usage using age and trading center fixed effects to obtain a treatment
variable more plausibly unconfounded in the cross-section.
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Table 3: Differential effects of prior VPN use on daily
WhatsApp usage during the social media ban

Outcome: Varies by panel

ey 2) 3)

Panel A: Used Whatsapp
VPN x WhatsApp ban  0.054*** (.047*%*  0.046%**
(0.014)  (0.017) (0.018)

Control mean 0.31 0.30 0.30
Control SD 0.46 0.46 0.46

Panel B: Number of audited times seen on WhatsApp
VPN x WhatsApp ban  0.084*** (0.077**  0.076%*
(0.028)  (0.034) (0.033)

Observations 112,943 111,655 111,655
Clusters (TCs) 125 116 116
Control mean 0.54 0.53 0.53
Control SD 0.95 0.95 0.95
Interactive fixed effects TC TC & Age

Notes: Each specification is estimated using OLS, and includes indi-
vidual and period fixed effects. Standard errors clustered by trading
center are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

more social media at baseline, while being relatively less supportive of the government. Table A20
also provides tentative evidence of positive effects on usage among VPN-using NRM supporters as

well as non-NRM supporters.”!

6.3 Increased relative support for the NRM governing party

We next examine changes in support for the ruling and opposition parties using the same outcome
measures as the field experiment. Figure 7 shows that prior VPN users were less likely to believe
that the NRM cares most about Ugandans’ welfare, less warm about the NRM, and less open to
voting for an NRM candidate in the future in our pre-election survey. By wave 2, after the social
media ban had been imposed and withdrawn (except for Facebook) and Museveni had been inaugu-
rated, prior VPN users viewed the NRM slightly more positively, in absolute terms, while non-VPN
users viewed the NRM more negatively. In contrast, non-VPN users became more favorable toward

opposition parties. Non-VPN users switching their support from NRM to opposition parties might

2!n contrast with the field experiment, disaggregating by partisanship poses inferential problems because regime
opposition plausibly causes their uptake of VPNs to begin with; this difficulty is most pronounced for our political
outcomes where baseline outcomes are used to construct the partisanship moderator. Disaggregating on this post-
treatment basis creates a biased, and difficult to interpret, quantity regardless of outcome.
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Figure 7: Changes in NRM support between pre-election wave 1 and post-election wave 2
surveys, by prior VPN use
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suggest that a backlash effect dominates, but absolute support levels could also reflect common pe-
riod shocks—for example, NRM support may universally subside after elections because citizens
are not being mobilized by campaigns. Consequently, our difference-in-differences design only
reveals that VPN users became more favorable toward the ruling NRM party relative to non-VPN

users.

We formally test for relative changes in support by prior VPN use in Table 4 by estimating
equation (2), including trading center X period fixed effects in even-numbered columns. The re-
sults show that the gap between VPN users and non-VPN users significantly shrunk after the ban,
with the NRM support index outcome in columns (1) and (2) of Panel A increasing from wave 1 to
wave 2 by almost 0.2 standard deviations among VPN users relative to non-VPN users (p < 0.05).
This narrowing is observed across each outcome: relative to non-VPN users, VPN users became
nearly eight percentage points more likely to believe that the NRM cares most about Ugandans’
welfare (p < 0.05), slightly—but not significantly—warmer toward the NRM (p = 0.63), and 0.3
units more open to voting for the NRM in the future (p < 0.01). By contrast, panel A shows that the
index capturing support for opposition parties decreased by slightly over 0.1 standard deviations
(p < 0.1). This is driven by relative reductions in their perceptions of opposition parties caring
most about Ugandans’ welfare as well as more negative feelings towards opposition parties over-
all. Noting the econometric difficulties in interpretation described above, heterogeneous effects by

partisanship in Figure A13 and Table A21 suggest larger effects among non-NRM supporters.

Together, and in contrast with the partial equilibrium effects of subsidizing access during normal
times, the difference-in-differences results suggest that the net relative effect of an individual having
greater access to social media—yvia prior VPN use—during the election-time ban was to increase
NRM support.

Our estimates are robust to alternative specifications and interpretations. First, we address
potential parallel trend violations and compound treatment concerns. As well as exploiting only
variation in respondents’ VPN use within trading centers (by period) in Table 4’s even columns,
Table A22 reports similar results after adjusting for interactions between period and baseline levels
of respondent age, prior political news consumption, political knowledge, and prior support for the
NRM. Table A23 shows that our findings are not sensitive to applying entropy balancing over the
same covariates. These tests suggest our estimates are specifically driven by access to social media
rather than different trends in NRM support among young people, politically-engaged citizens,

anti-NRM respondents, or people in particular areas.

Second, our findings are robust across operationalizations of VPN use. Figure A14 reports
similar results, across each outcome, when defining VPN users as respondents who used a VPN

more than one day a week before wave 1 enumeration.
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Table 4: Differential effects of prior VPN use on support for the NRM after the
social media ban

Support for Support for
NRM Opposition

ey (2) 3) “)
Panel A: Support for NRM and opposition party ICW indexes

VPN x Post election 0.184** 0.196%**-0.114* -0.156%*
(0.072) (0.074) (0.069) (0.070)
Observations 2,620 2,612 2,620 2,612
Control mean -0.05 -0.06 0.06 0.07
Control SD 1.00 1.00 0.98 0.98
Trading center x Post election fixed effects v v
Panel B: Which party cares most about people like the respondent
VPN x Post election 0.075%* 0.078** -0.070** -0.071%**
(0.034) (0.035) (0.032) (0.033)
Observations 2,620 2,612 2,620 2,612
Control mean 0.64 0.64 0.23 0.24
Control SD 0.48 0.48 0.42 0.42
Trading center X Post election fixed effects v v
Panel C: Feeling thermometer (0-very cold — 10-very warm)
VPN x Post election 0.095  0.285  -0.334*% -0.438**
(0.196) (0.208) (0.172) (0.181)
Observations 2,620 2,612 2,620 2,612
Control mean 5.79 5.79 4.99 5.00
Control SD 2.72 2.72 2.52 2.52
Trading center x Post election fixed effects v v
Panel D: Openness to voting for party (1-not at all — 5-very open)
VPN x Post election 0.313*** 0.258** 0.017  -0.044
(0.112) (0.121) (0.116) (0.122)
Observations 2,620 2,612 2,620 2,612
Control mean 3.37 3.37 3.08 3.09
Control SD 1.43 1.43 1.45 1.45
Trading center x Post election fixed effects v v

Notes: Each specification is estimated using OLS, and includes individual and period fixed ef-
fects. Standard errors clustered by trading center are in parentheses. * p < 0.1, ¥* p < 0.05, ***
p <0.01.

Finally, an alternative interpretation is that self-reported beliefs reflect socially-desirable re-
sponses. In particular, violators of the social media ban may fear punishment and inaccurately

profess greater support for the NRM to compensate, which would upwardly bias our estimates. We
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find little evidence consistent with this possibility: Table A24 shows that VPN users became no
more likely to believe the survey firm had been sent by the government or the NRM, while Table
A22 shows that our results are robust to adjusting for the interaction between survey period and an
indicator for respondents who thought, at wave 1, that the government or NRM was responsible for
the study.

6.4 Mechanisms connecting the social media ban with political attitudes

The effects of access to social media notably differ between the randomized subsidy and election-
time social media ban. Despite changing social media usage by similar amounts, the former in-
tervention found greater access reduced support for the NRM whereas the latter found the reverse.
One possible explanation is that the social media ban coincided with a period of unusually fa-
vorable news events for the NRM, enabling social media’s more credible content to persuade its
consumers (Heo and Zerbini 2024). But, the interventions also fundamentally differ in their equi-
librium effects. Whereas the field experiment subsidized access for a small number of individuals
in isolation, the government’s social media ban restricted content production and consumption for
millions of citizens simultaneously. The ban may thus have altered the types of people producing
content, and what content they produced during the ban, while eliciting backlash from non-VPN
users more likely to have lost valued access to social media. While we cannot formally quantify
each mechanism’s relative contribution to the effect of the ban, we find evidence suggesting that

both mechanisms are at play.>”

6.4.1 News content relating to election integrity

Violent repression of opposition protests and leaders in late 2020 and opposition efforts to coor-
dinate online reporting of electoral malpractice were fairly common topics of posts on Facebook
early in the election campaign (see Figure A7). Consequently, citizens may have expected exten-
sive reports of fraud or violence on election day that did not ultimately materialize (the reports,
that is). We explore whether relatively favorable content on social media during the government’s
election-time ban contributed to prior VPN users becoming comparatively more supportive of the
NRM by examining both posterior beliefs about the quality of democracy in Uganda and whether
increased support was concentrated among the respondents with the lowest expectations of fair

elections.

We find suggestive evidence that greater access to social media during the ban led citizens to

22 Appendix A.6 shows that our results cannot be reconciled on the basis of differences in whose social media access
changed most in the two designs—whether in terms of estimating samples or in the characteristics of the effective
“compliers” in the two designs.
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Table 5: Differential effects of prior VPN use on potential mediators of support for the NRM after
the social media ban

Democracy with Follow national Follow opposition Central government
major problems government officials politicians performance assessment
()] @) 3 (C)) (5 (6) @) ()
VPN X Post election -0.029  -0.046 -0.041 -0.022 -0.075%* -0.086**  0.051 0.121

(0.031) (0.032) (0.037) (0.040) (0.033)  (0.035) (0.081) (0.092)

Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612
R? 0.56 0.61 0.57 0.62 0.60 0.64 0.55 0.61
Control outcome mean 0.55 0.55 0.41 0.41 0.40 0.40 3.28 3.28
Control outcome std. dev. 0.50 0.50 0.49 0.49 0.49 0.49 1.15 1.15
Trading center x Post election fixed effects v v v v

Notes: Each specification is estimated using OLS, and includes individual and period fixed effects. Standard errors
clustered by trading center are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01 (two-sided tests).

update relatively favorably about Uganda’s democracy. First, columns (1) and (2) of Table 5 show
that prior VPN users became 3-5 percentage points less likely to say they believed Uganda is a
democracy with major problems or not a democracy at all, relative to the 55% of non-VPN users
who believed this. This reduction in skepticism is more sharply estimated with covariate adjustment
in column (2) (p = 0.14). Second, and more tellingly, increased NRM support among prior VPN
users after the election is driven by respondents for whom violations of democratic norms were
likely to have been less bad than expected. The first two columns of panel A in Table 6 show
that increased NRM support is four times larger among prior VPN users who believed Uganda
was a democracy with major problems, or not a democracy at all, at baseline. These findings
suggest that favorable updating from low expectations about the integrity of the elections—Ilikely
to be most pronounced among non-NRM supporters—may help explain increased support for the
NRM among VPN users relative to non-VPN users, who may have assumed reports of electoral

malfeasance would be widespread on social media.

6.4.2 Changes in social media content around the ban

While prominent news events—or lack thereof—might have become more favorable towards the
NRM during the social media ban, the ban also altered the slant of political content encountered
on social media more generally. Likely by preventing non-VPN users from using social media and
fear of differential sanctions for violating the ban against the NRM’s online opponents, Section 3.4
showed that both the share of Facebook content that was critical of NRM, and the share of posts
by opposition-leaning accounts, dropped immediately after the ban was imposed. These changes
are driven by pages which had been most critical of the government prior to the ban. Individuals
retaining access to social media during the ban were thus exposed to content which was relatively

more pro-government, and less political in general, than during the pre-election period.
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Table 6: Heterogeneity in difference-in-differences effects on NRM support, by respondent prior

beliefs
NRM support index (ICW)
(1) @) 3 C)) ©) (6)
VPN X Post election 0.110 0.125 0.074 0.049 0.071 0.077
(0.078) (0.081) (0.097) (0.098) (0.092) (0.097)
VPN x Post election x Uganda a flawed democracy prior 0.383**  (0.391**
(0.191) (0.191)
VPN x Post election x Followed opposition politicians 0.195 0.272%%*
(0.132) (0.134)
VPN X Post election x Non-good incumbent performance prior 0.215% 0.233*
(0.125) (0.140)
VPN x Post election + VPN x Post election x covariate 0.492%%*  (.517*** (0.270%** (0.321%** (.286*** (.3]11%%%*
(0.170) (0.169) (0.100) (0.103) (0.100) (0.109)
Observations 2,620 2,612 2,620 2,612 2,620 2,612
R? 0.63 0.68 0.62 0.66 0.62 0.67
Control outcome mean 0.00 -0.00 0.00 -0.00 0.00 -0.00
Control outcome std. dev. 1.00 1.00 1.00 1.00 1.00 1.00
Trading center x Post election fixed effects v v v

Notes: Each specification is estimated using OLS, and includes individual and period fixed effects. Standard errors clustered by trading center are
in parentheses. Lower-order interaction terms are omitted to save space. The sum of coefficients reports the difference-in-differences estimate when
each binary covariate is equal to 1. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Our analyses indicate that VPN users indeed consumed different content and were somewhat
swayed by it. Regarding social media content consumption, columns (3) and (4) of Table 5 show
that VPN users became 8 percentage points relatively less likely to follow opposition—but not
government—_politicians on social media than non-VPN users after the social media ban. Turning
to posterior beliefs, columns (5) and (6) further report that positive appraisals of central govern-
ment performance modestly and statistically insignificantly increased on a five-point scale ranging
from very bad (1) to very good (5) among prior VPN users relative to non-VPN users. Finally, the
heterogeneous effects in Table 6 document a significantly larger relative increase in support among
initial VPN users who followed opposition politicians or had low perceptions of central govern-
ment performance at baseline, which are again likely to be concentrated among prior non-NRM
supporters. These results suggest that changes in the slant of online content during the social media
ban may also have contributed to citizens with greater access to social media updating favorably
toward the NRM.

6.4.3 Sanctioning of government by non-VPN users

An alternative potential mechanism helping to explain why the effect of government policies lim-
iting access to social media may differ from our partial equilibrium experimental results is that
non-VPN users were more likely to sanction government censorship. While the government’s ban
limited everyone’s access to social media, its impact on the livelihoods of people not already using

VPNs would have been greater. Under this interpretation, the positive difference-in-differences
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Table 7: Differential effects of censorship experience on support for the NRM after the social

media ban
NRM support index (ICW)
(H 2 (3) 4) (5) (6) @) ®) 9 (10)
Ban reduced access to reliable news x Post election -0.175%*%*  -0.185%*
(0.065) (0.071)
Ban reduced social interactions x Post election -0.142  -0.148
(0.090) (0.097)
Ban affected access to entertainment x Post election -0.063  -0.054
(0.086) (0.089)
Ban affected purchase of goods/services x Post election -0.087 -0.074
(0.131) (0.140)
Ban interfered with business/job x Post election 0.142*%  0.074
(0.074) (0.075)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612
R? 0.62 0.66 0.62 0.66 0.62 0.66 0.62 0.66 0.62 0.66
Ban variable mean 0.58 0.58 0.78 0.78 0.18 0.18 0.10 0.10 0.40 0.40
Trading center x Post election fixed effects v v v v v

Notes: Each specification is estimated using OLS, and includes individual and period fixed effects. Standard errors clustered by trading center are in
parentheses. * p < 0.1, ¥* p < 0.05, *** p < 0.01.

estimate may reflect non-VPN users becoming relatively less supportive of the NRM, rather than

VPN users becoming more supportive of the NRM.

We evaluate this possibility by examining whether lost support was concentrated among the
respondents most adversely affected by the social media ban. Our wave 2 survey asked respondents
if the social media and internet restrictions interfered with their business/job (40% of respondents
answered affirmatively), affected their ability to purchase goods and services (10%), reduced their
ability to talk to friends and family (78%), reduced their ability to find reliable news (58%), and
affected their ability to consume online entertainment content (18%). To investigate the effects
of suffering from the social media ban in these ways, we estimate the following difference-in-

differences regression:
Yier = T(Censorship; X Post election;) + Wi + Ny + Eier, 3)

where Censorship; captures a particular cost of censorship that a respondent recalled incurring.

Our findings in Table 7 provide evidence of a backlash effect, even several months after social
media except Facebook was restored. Columns (1)-(4) show that respondents who reported the
social media ban reduced their ability to find reliable news and talk with friends and family became
significantly less supportive of the NRM, by around 0.15 standard deviations, relative to respon-
dents who did not report such consequences. We similarly observe negative standardized effects
among respondents who reported losing access to entertainment and purchasing capacity, although
these estimates are not statistically significant. Respondents who said the social media ban affected
their livelihood became somewhat more supportive, but this does not hold when exploiting only

within-trading center variation in column (10). The results thus point to a net sanctioning effect

36



driven by citizens who lost access to reliable news and connections during the ban. Table A25

suggests this effect operates alongside the content effects induced by prior VPN use.

7 Conclusion

This paper investigated the effects of social media access on incumbent support in Uganda, where
traditional media is tightly controlled. Our experimental “partial equilibrium” analysis shows that
access to broadly regime-critical social media content reduces support for the ruling incumbent
among prior supporters. However, opponents’ access to such a megaphone can motivate autocratic
governments, which face few institutional constraints, to restrict access. Leveraging a difference-
in-difference design during a partial social media ban to illuminate the trade-offs shaping such
decisions, we find that a ban which restricted social media access en masse reduced the incidence
of content on social media that is critical of the ruling party, in addition to reducing exposure to it,

but also induced backlash among citizens who lost access.

These findings highlight the regime-specific effects of social media. Whereas research from
established democracies largely points to limited counter-attitudinal effects of social media, espe-
cially where users select the content they consume, our evidence from Uganda shows that social
media has the potential to serve as a democratizing force by reducing support for elected autocrats.
The difference appears to reflect lower barriers to entry in electoral autocracies for producing on-
line content that criticizes government performance, relative to traditional media, as well as social
media serving as less of an echo chamber in these often less-partisan settings. It thus makes sense
that opposition groups with limited institutional voice, like Bobi Wine’s NUP movement, gravi-
tate toward social media, especially when age—a key correlate of social media use—is a salient

political cleavage.

The capacity of governments to censor social media is another distinctive feature of autoc-
racies. Although we cannot assess whether Uganda’s social media restrictions were successful
overall, given the plethora of possible effects and government objectives, our results reveal that
governments with limited capacity to comprehensively monitor, selectively remove, or “outcom-
pete” content (Roberts 2020) must evaluate trade-offs between restricting access to content, alter-
ing what content is produced, and encountering backlash. This backlash constraint is alleviated for
high-capacity autocratic regimes, which are able to identify and target specific pieces of content
and prevent workarounds, without necessarily alienating users by significantly diminishing their
online experience. As technology develops and governments like China export digital censorship
tools to allied regimes, the costs of social media censorship may diminish. This may ultimately

undercut social media’s democratizing potential by increasing the subtlety, rather than the quantity,
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of censorship. Our analysis of a context where subtler instruments or censorship are not yet com-
monplace, especially outside of key moments like elections, provides a starker setting that helps to

illuminate the trade-offs governing an autocrat’s censorship dilemma.

A limitation of our analysis is that we cannot establish exactly what content individuals con-
sumed on social media during our study periods. Consequently, a key outstanding question is the
extent to which social media users are persuaded by different types of content. One possibility,
for which we find suggestive evidence, is that citizens learn about government performance. But
others include exposure to alternative worldviews and values, novel perspectives on events, or hor-
izontal persuasion by peers. Parsing between these is likely to require different research designs
controlling content exposure. In contrast, we identify overall effects of social media when citi-
zens are free to consume as they choose. This overall effect represents a critical question both for
those raising alarm bells about the rise of social media and, particularly in electoral autocracies,
the governments feeling threatened by it. Ultimately, both empirical components of our study point
to substantial political effects of social media. In contrast with deactivation studies that almost
entirely end social media use (e.g. Allcott et al. 2020, 2024; Ventura et al. 2023), our experimen-
tal and observational studies induced moderate changes across users in social media consumption.
Nevertheless, we detect significant effects on incumbent support among individuals who are al-
ready marginal social media users. Although this suggests particularly large political ramifications
in electoral autocracies, further research is needed to generalize these effects across countries and

examine the consequences of using social media for the first time.
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A Appendix

A.1 Formalizing effects of access to social media

Here, we propose a simple model to analyze the effects of providing access to social media and the

competing effects of imposing a social media ban that can only be circumvented by using a VPN.

A.1.1 Effects of access to social media

We start with the following model of individual i’s support for the incumbent over opposition

parties:
i = i+ o (m — ;) + SiBi(s — i),

where U, is i’s prior level of support for the incumbent, m is the average support-relevant persuasive
signal provided by traditional media, s is the average support-relevant persuasive signal on social
media, S; € {0,1} is an indicator equal to one for individuals who consume social media,’ and
a; € [0,1) and fB; € [0,1) are weights capturing the degree to which an individual updates their
support from each signal relative to their prior support (whether due to signal credibility or the
number of signals received). This reduced-form belief updating model captures a broad set of
possible belief models of belief formation, including Bayesian learning with normally-distributed

priors (e.g. Arias et al. 2022).

The effect of access to social media for an individual in isolation—in the sense that social
media content is not altered by granting access and recipients do not attribute their access to the
incumbent—is then given by the difference in support between an individual with and without

access to social media:

which is positive (negative) when s > (<)u;. As argued in the main paper, s < y; is likely for
most individuals in electoral autocracies due to biased or selective coverage. Integrating over the
distribution of u; (and ;), we anticipate that the average treatment effect of access to social media,
E[7], will be negative; empirically, this is identified by randomizing an encouragement for S;.

Moreover, for any given s, the effect of social media is decreasing in prior support u; for the

! An intensive margin interpretation of a social media treatment that increases the relative weight B; on social media
content yields analogous results.
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incumbent. These predictions generate our hypotheses regarding the average and heterogeneous

effects of subsidizing access to social media.

A.1.2 Effects of introducing a social media ban

We next turn to the differential effect of imposing a social media ban across VPN and non-VPN
users. We assume VPN users maintain access to social media while non-VPN users can no longer
access it, although the less stark reality is that non-VPN users face a higher cost of circumventing a
ban. Starting from prior support u;, expected support for the incumbent among individuals of type
i € {V,N} (VPN or non-VPN user) is now given by:

E[f;] := i+ oi(m— ;) +1[i = V]Bi(s + Ay — p;) — (¢ +1[i = N]A.)

where A captures any difference in social media persuasion due to the ban, ¢ is a common cost of
the ban (such as revealing a bad incumbent type to all individuals), A, is the differential cost for
individuals who lose access to social media (e.g. upset at lost access, more aware of the ban), and
1] is the indicator function. Lost support due to the social media ban is considered as a separate

source of support from belief updating about traditional and social media content.

To mimic our empirical analysis of Uganda’s social media ban, we take a difference-in-differences

approach to examine relative changes in support for the incumbent:

E[wip] = (Elv] —E[uv]) — (E[iv] — E[un]) (4)
= [(ov —an)m+ (ayuy — anpn)] + By (s + Ay — py ) + Ae. (5)

The first term captures differences in the degree of updating from other media content, reflecting
both differences in the weight attached to the signal reported by traditional media outlets (e.g. ay <
oy because VPN users are more skeptical of traditional media) and differences in the impact of the
signal (e.g. Uy > Uy because non-VPNs users are already more favorable toward the incumbent,
and thus update less from traditional media). However, o; and |oy — ogy| are likely to be relatively
small due to extensive prior exposure to ruling party messaging and its lack of credibility. The
second term captures belief updating from general social media content s together with the change
in media content due to the ban A (e.g. a change in what is available on social media), relative to
a citizen’s prior belief. The third term captures the differential cost of the ban on non-VPN users.
The common component of citizen sanctioning for the social media ban c is not captured by Tp;p

because it is absorbed as a common period shock.

Focusing on the latter two terms, the preceding model implies that the difference in the effect

of the social media ban on VPN relative to non-VPNs users is theoretically ambiguous. On one

A2



hand, as with subsidizing access to social media in a partial equilibrium analysis, typical content on
social media is likely to reduce support for the incumbent among VPN users relative to non-VPN
users to the extent that s < uy. This condition may be somewhat less likely to hold than in the
general population because VPN users are less favorable toward the incumbent at baseline, but is
nevertheless plausible in electoral autocracies where biased traditional media outlets in part shape

citizens’ prior beliefs.

On the other hand, two new forces (relative to the previous model) counteract the effect of
typical social media content to increase support for the incumbent among VPN users relative to
non-VPN users. First, if Ay > 0, then social media content becomes more favorable toward the
incumbent during the ban, making it more likely to be the case that s + Ay > uy. Second, if
non-VPN users face larger costs of the social media ban, then A, > 0 could lead support for the
incumbent to drop more among non-VPN users than VPN users. If either effect is sufficiently large,

Tpip > 0, as we ultimately observe empirically.

A.2 Ugandan Facebook data

A.2.1 Corpora of Facebook posts

Our data on Ugandan Facebook posts comes from Crowdtangle. Crowdtangle tracks all Facebook
pages with more than 25,000 followers or public accounts (whether pages or groups) otherwise
specifically added to Crowdtangle by researchers. Using this, we construct two corpora of Face-
book posts for the 18 month period between June 1, 2020 and December 31, 2021. For each post,
we observe covariates including its contents, URL, number of comments, and total number of user

interactions. We exclude all posts lacking any text.

For Corpus 1, we extract data relating to a curated set of political pages and groups with more
than 1,000 followers or members, after adding the relevant accounts to Crowdtangle where nec-
essary. Within this corpus, there are multiple account types. First, we extract data from the 145
MP candidates who used a page (rather than posting on their private account, for which we cannot
extract data).” Second, we extract data from a set of 31 prominent Ugandan media outlets. We then
code the partisanship of these posts using our contextual knowledge and research assistants. Third,
we extract data from a set of pages and groups about Ugandan politics. These derive from targeted

searches of a set of terms within these pages and groups associated with the election—including the

ZFor candidate pages, we looked for the Facebook profiles of up to three most competitive candidates for Parlia-
ment in 498 constituencies, yielding 1,430 candidates (some were uncontested, while in some constituencies only two
candidates ran). We then found Facebook profiles for 1,363 candidates, 874 (61% of the sample frame) of them with
high confidence about the match (likely or certain). Of those, only 282 could be uploaded to Crowdtangle, most likely
because the other accounts were private Facebook accounts. From these 282, only 145 accounts posted during the time
period of interest.
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various party names, political leaders, and government agencies. This generated 221 pages and 156
groups; the partisanship of these groups was classified by research assistants. Last, we collect data
from a set of 31 Facebook pages administered by the Government of Uganda relating to different

ministries.

Table A1 breaks down the distribution of these different data sources (columns) and their polit-
ical affiliations (rows). In total, this corpus provides data on 2.6 million posts throughout the study
period. Table A2 documents the total number of posts made on the different types of pages and

groups.

Table Al: Distribution of accounts in Corpus 1

Partisanship MP Candidates Media Group Page
NRM 60 11 50 46
NUP 25 4 93 128
Other opposition 22 12 13 15
Independent 38 0 0 0
Government 0 0 0 32

Table A2: Distribution of posts in Corpus 1

Partisanship MP Candidates = Media Group  Page
NRM 4285 206445 323418 13698
NUP 4875 5874 1441254 51846
Other opposition 3142 134042 305553 5875
Independent 1686 0 0 0
Government 0 0 0 10598

For Corpus 2, we extract data from the universe of pages tracked by Crowdtangle where the
administrator of the page has set Uganda as their country. This comprises a much broader set of
relatively popular Facebook pages with, in general, a much lower intensity of political content. We

exclude from this corpus the small number of posts also included in our selective Corpus 1.

In total, this corpus provides data on 4.4 million posts throughout the study period from 12,521

distinct Facebook pages.

A.2.2 Classifying Facebook posts

With this aggregate corpus of 6.95 million Facebook posts, we executed three classification tasks
to define (A) whether a post is political or not, (B) whether a post is anti-government, neutral,
or pro-government, (C) the substantive topic of the post. Due to the lack of relevant libraries for

classifying Uganda’s local languages, we classify the language of every post and restrict to the 83%
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of posts coded as English. Further, we preprocess the data to remove user mentions, URLs, and

truncate the post text to comprise 128 tokens (roughly similar to a Tweet).

For tasks (A) and (B), we classified posts in two steps using a combination of GPT-based la-
beling and BERT-based extrapolation, due to the high performance and low costs of BERT when
applied to reasonably simple classification tasks (Dell 2024). For task (C), we do this entirely using
GPT coding due to the relative complexity of the topic classification task and recent availability of
OpenAlT’s cheaper GPT-40 mini model.

For tasks (A) and (B), we used GPT-3.5-turbo to first label a training set of posts. For task
(A), this comprised 10,000 posts which we drew from the subset of Corpus 1 pertaining to MP
candidates (we anticipated this should contain a higher share of political content than the rest of
our data, and so would avoid issues relating to labeling and predicting rare events). For task (B),
this comprised labeling 30,000 posts from the subset of posts classified as political. This larger
training set owed to the relative complexity of the three-value labeling task plus the rarity of pro-
government posts in the corpus overall. Consistent with a number of recent contributions, we find
the GPT labeling to perform extremely well (Gilardi, Alizadeh and Kubli 2023; Ziems et al. 2023).
Fourth, we used BERTweet, a model pretrained on a large dataset of English Tweets, to classify
the full corpora of posts outside of the small set labeled by GPT. After pretraining the model, we
obtained accuracy metrics of 85% for task A and 80% for task B, where the “ground truth” is
defined by GPT’s labeling.

Table A3: Share of anti-government posts in Corpus 1

Partisanship MP Candidates Media Group Page
NRM 0.15 0.29 021 0.21
NUP 0.43 0.56 041 0.59
Other opposition 0.31 0.31 0.36  0.37
Independent 0.22

Government 0.09

Table A4: Comparison of classifications across corpora

Corpus Political Anti-government Neutral Pro-government

1 0.57 0.36 0.59 0.04
2 0.20 0.11 0.87 0.02

We validate these classifications in two ways. First, we compare the resulting measures to
our own coding of the political affiliation of different Facebook groups and pages in Corpus 1 (as
in Table A2). In Table A3 we document the share of the different posts classified as being anti-

government, which strongly correlates with our own coding of these pages and groups. Table A4
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intuitively documents a much higher share of political posts in Corpus 1 (57%) than in Corpus 2
(24%).

Table AS: Validating classification of Facebook posts

All Corpus 1 Corpus 2
Accuracy F1  Accuracy F1  Accuracy Fl
1 @ 3 @& 3 (©
A. Classifying posts as political
GPT+BERT Coder 1 0.80 0.85 0.74 0.77 0.85 0091
GPT+BERT Coder 2 0.83 0.88 0.81 0.82 0.85 0091
Coder 1 Coder 2 091 0.94 0.87 0.90 0.94 0.97
B. Classifying posts as anti-government
GPT+BERT Coder 1 0.65 0.69 0.69 0.68 0.60 0.69
GPT+BERT Coder 2 0.72 0.70 0.73 0.67 0.69 0.73
Coder 1 Coder 2 0.82 0.85 0.82 0.82 0.83 0.88

Second, two Ugandan research assistants hand-coded identical sets of 1,000 posts, randomly
drawn from the two corpora, to replicate the two classification tasks. Table A5 provides measures
of coding similarity between our GPT+BERT measure and the two coders, as well as between
the two coders themselves. We provide measures of accuracy and F1 for the combined corpus
and each corpus individually. Especially given the complexity of the classification tasks, we find
our classifications to perform well. In panel A, we find accuracy measures of between 0.80 and
0.83 between our GPT+BERT measure and the two coders when classifying posts as containing
political content. This accuracy measure is slightly higher in Corpus 2, which contains a lower
share of political content to begin with. In panel B, we find slightly lower accuracy scores on
the anti-government sentiment classification task of between 0.65 and 0.72, with greater accuracy
in the more-political Corpus 1. Patterns using the F1 score are similar. Importantly, these figures
should be benchmarked against the extent of agreement between our coders, which for the accuracy
measure was 0.91 for political classification and 0.82 for the more complex task of classifying
sentiment. These benchmarks suggest that our GPT+BERT classification was only around 10-15%

less accurate than a hand-coded benchmark while covering a vastly greater scale of data.

For task (C), we used the recently-released Open AI’'s GPT-40-mini to classify the topic of
posts. The greater complexity of this topic classification task, plus the relatively low cost of GPT-
40 mini relative to its performance, meant that we used GPT-40-mini to classify every post in our
corpus rather than training a BERT model. Our basic topics were initially constructed by reviewing
citizens’ perceptions of the most important issues facing Uganda in Afrobarometer (2019), before

supplementing these with apolitical topics relating to entertainment, culture, and personal news
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which feature prominently in our corpus. For every post, we therefore asked GPT to classify which

of the following topics was most relevant, where a given post could be assigned at most to three

topics:

political parties, politicians, candidates, campaigns;

voting, elections, rallies;

election fraud, rigging, vote buying;

government, government ministries, government policies;

crime, security, justice, prisons, police, military;

corruption, bribery, embezzlement;

protest, unrest, riot;

human rights, journalism, freedom of speech, civil liberty;

land, expropriation, property rights;

economy, wages, labor, inflation, currency, poverty, unemployment;

. farming, agriculture, crops;

science, technology;

. weather, environment, extreme weather, natural disasters, climate change;

social programs, policies to reduce poverty;

. education, exams, schools, universities;

. health, public health, healthy living, health care;

. infrastructure, roads, transport, cars, traffic, traffic accidents;
. water, sanitation; electricity, power;

. arts, culture, society, music, festivals, food, fashion, lifestyle;
. entertainment, celebrities, showbiz;

. sports, athletics;

. careers, individual business activities;

. personal stories, life updates;

. religion, church, worship, gospel;

. advertisements;

. news unrelated to Uganda;

. other or cannot be classified.

With these codings, we then define the following topical groupings for parsimony:

NN B LD~

Election: 1,7, 8;

Regime: 2,4, 5, 6, 18;

Economy: 3, 14, 16, 17, 19;
Services: 9, 10, 11, 12, 13, 15;
Arts and entertainment: 20, 21, 23;
Personal and religion: 22; 25; 26;
International news: 27,

Other: 24, 99.

While we do not validate these classifications in the same way as for tasks (A) and (B), given

their purely descriptive use in the paper, we do find that the classifications vary in intuitive ways

with our independent coding of political content and sentiment. In Table A6 we show that nearly

all Election and Regime posts are coded as being political, and most are coded as anti-government;

further, these levels are higher in the more-political Corpus 1. Figure A7 further disaggregates the

individual topics comprising the Election and Regime groups.
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Table A6: Validating classification of topics

All Corpus 1 Corpus 2

Political Anti-govt Political Anti-govt Political Anti-govt

(D () 3) “4) ) (6)

Election 0.93 0.67 0.96 0.70 0.87 0.58
Regime 0.85 0.68 0.91 0.78 0.75 0.55
Economy 0.50 0.19 0.73 0.29 0.39 0.14
Services 0.44 0.14 0.62 0.21 0.36 0.11
Arts and entertainment 0.15 0.06 0.35 0.15 0.10 0.04
Personal and religion 0.12 0.04 0.27 0.10 0.08 0.03
International news 0.51 0.10 0.75 0.25 0.44 0.06
Other 0.07 0.12 0.15 0.16 0.04 0.10

A.3 Constructing our panel survey sampling frame

The districts we sampled comprise Mpigi, Kalungu, Masaka in Central region; Iganga, Jinja,
Mbale, Sironko in Eastern region; Gulu, Lamwo, Lira in Northern region; and Rukungiri in West-
ern region. Peri-urban trading centers were selected with good 3G internet reception, which we

assessed using administrative locality data and the Collins World Explorer database.

In these trading centers, we designed a tiered phone-based recruitment process to construct the
sampling frame. First, we obtained contact details of community leaders—including LC1 coun-
cilors, parish chiefs, and village health team members—within a given TC from district-level of-
ficials. Second, in phone calls with these leaders, we obtained a list of up to eight “seeds” per
trading center (TC) stratified by their role (boda boda drivers, teachers, business-persons, or youth
representatives) within the community. Third, we called every “seed” to solicit contact details for
a set of their personal contacts who might be interested in, and eligible for, the study. This process
generated a sampling frame of 4,399 contact phone numbers for potential respondents for the study
across 135 TCs.

A.4 Field experiment design

A.4.1 Randomization and treatment conditions

To randomize treatment and control conditions across respondents first enumerated in the baseline
survey (n = 1,310), we first created 22 district X cell phone network strata. Within each strata, we
then created nested blocks of eight, four, and two individuals based on a vector of predetermined

covariates—including measures of their social media usage, COVID-19 knowledge, the extent of
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their social interactions online and offline, subjective welfare, and attitudes towards the ruling NRM
party—and assigned treatment within the matched pairs. The nested blocks were chosen to allow
for the inclusion of block fixed effects in the presence of attrition that removed within-block vari-
ation in treatment. For the residual sample first recruited for the midline survey (n = 145), for
whom we lacked covariates observed on the baseline survey, we assigned treatment within strata
using complete randomization within the midline survey. In each case, treatment—the form of

compensation for completing the survey—was assigned during the midline survey.

Our treatment condition varied slightly over the study period due to the elimination of the OTT
tax. In June, we: (i) paid the monthly OTT tax (UGX 6,000); and (ii) provided 1.5GB of mobile
data for the month for Airtel users (UGX 10,000) or 5S00MB a week for MTN users (UGX 5,000
a week for four weeks). In July and August, treated Airtel users received 400MB a week (UGX
3,500 a week) and treated MTN users received SOOMB a week (still costing UGX 5,000 a week).
SMS messages informed participants of each transfer. Individuals assigned to the control condition
were instead compensated with a flexible mobile money transfer of UGX 6,000 shortly after the

wave 2 survey enumeration.

A.4.2 Automated selection of covariates

For the LASSO-selected covariates, we considered the superset of all potential covariates, Xf , from
the wave 1 or 2 surveys with full data coverage along with trading center fixed effects (which we
prespecified as an auxiliary specification). Following Belloni, Chernozhukov and Hansen (2014),
X; is the union of covariates selected by LASSO when Treatment; is predicted by X;' and ¥/
is predicted by X;L In some cases, this procedure did not result in the selection of additional

covariates.

A.4.3 Deviations from pre-analysis plan

We registered the experiment and our pre-analysis plan at the AEA registry, which is available here.
The estimation of average and heterogeneous treatment effects and variable construction adhered

to prespecified procedures, with the following exceptions:

1. Whereas the pre-analysis plan specified the use of one-tailed tests for directional hypothesis,
we use two-tailed tests throughout our analysis. This more conservative inferential strategy

matches the observational analysis.

2. We prespecified using the randomization blocks of size 4 for our fixed effects, but ultimately
decided to use blocks of size 8. While this choice has little consequence for the estimation

of average treatment effects, we did so to minimize the number of block x NRM supporter
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groups containing no variation in treatment (due to attrition and limited baseline variation in
prior NRM support). Table A16 demonstrates that our results are robust to including fixed
effects for blocks of size 2, 4, and 8 as well as including no block fixed effects at all. Our
point estimates increase as more fine-grained blocks are used, but this also entails a loss
of precision as more observations from blocks lacking variation in treatment are effectively

dropped.

. We prespecified that respondents who refused to respond to questions would be dropped from
the analysis. Because these were very rare and not consistent within respondents across the
questions comprising our key outcome indexes, we instead followed our prespecified protocol
for imputing don’t know responses. Again, this minor deviation is of little consequence:
Table A 15 reports very similar results when we drop the handful of respondents who refused

to answer outcome questions from the analysis.

. We slightly adjusted the computation of two political outcome measures, but without af-
fecting the substance or significance of our estimates. With respect to political support, we
prespecified that our outcome index would use differences in NRM support relative to op-
position parties for the thermometer and vote openness outcomes. To provide more insight
about how social media access altered political support across parties, we instead created
separate indexes focusing on NRM and opposition support that used the thermometer and
openness outcome levels for each party instead of the differential between government and
opposition party. Unsurprisingly, given that NRM support decreased and opposition support
increased among prior NRM supporters, Figure A8c and panel C of Table A10 reports sim-
ilar results using the prespecified index. With respect to government performance approval,
we prespecified using an index containing five items. But our analyses in the main paper
only focus on the central government performance item in order to match our observational
analyses, since the other four items were not measured in the wave 1 and 2 surveys used
in the observational study. Again, Figure A8b reports similar experimental results when us-
ing the full index, with drops in performance approval among NRM supporters reflecting
lower perceptions of central government performance, trust in government information, and

agreement with the social media tax.

. We prespecified that we would examine self-reported measures of social media use as well
as our behavioral observation of WhatsApp use. We ultimately excluded the self-reported
survey responses from our analysis because respondents struggled to accurately report the
number of hours that they used different media platforms in an average week over the three
months prior to the endline survey. This issue, of course, does not affect our behavioral

measure of usage. Other studies encounter similar challenges with noisy self-reported social
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media use data compared to behavioral measures (e.g. Guess et al. 2023). We report results
using these noisy self-reported measures in Table A17, which provides evidence of positive
treatment effects on social media usage, on both extensive and intensive margins, for all of

Facebook, WhatsApp, Facebook Messenger, and Twitter.

6. We prespecified that the prior NRM supporter moderator would be defined, based on wave
2 survey responses to local election choices, by voting for the NRM candidate for MP (we
asked for the candidate name to avoid sensitivity about asking about national vote choices)
and for LC5/district chairperson (we asked about party of candidate). Unfortunately, neither
measure turned out to be a suitable moderator due to substantial non-response: 55% for MP
vote choice and 24% for LC5 chairperson. Non-responses likely reflect respondents’ inability
to name the candidate for MP they voted for and unwillingness to report on this sensitive
issue, which is itself likely to be a function of partisanship; the accuracy of reported vote
choice may also be suspect for the same reason. As noted in the main paper, we instead use
wave 2 measures to define prior NRM support as an indicator for respondents who reported
both feeling more warmly towards the NRM and being more open to voting for the NRM
than any opposition party. In addition to substantially reducing non-response, this alternative
measure closely mirrors outcomes and is more likely to capture partisan identification with

the national NRM party—the primary focus of our study.

We also note that this article restricts attention to political outcomes—knowledge, beliefs, en-
gagement, and ultimately support. A separate article will report results pertaining to the effects of
social media access on health outcomes—knowledge and behaviors relating to COVID-19, subjec-

tive mental health, and evaluations of social media.

A.5 Research ethics

The design of our study reflected careful attention to the ethics of field experimentation and as-
sociated data collection, in line with the American Political Science Association’s Principles and

Guidance for Human Subjects Research (American Political Science Association 2020).

With respect to the data collection, this manifested in three main ways. First, in collaboration
with our local enumeration firm and as approved by a local IRB, our instrument was designed to
avoid forcing the disclosure of potentially politically sensitive information by respondents. This
included not asking respondents directly about their vote choices in the presidential election, which
would also not have been permitted by the local IRB, and always allowing them to refuse to an-
swer potentially sensitive questions. The survey instruments themselves, therefore, were designed

to minimize any risk to respondents. Second, since enumeration took place during the COVID-
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19 pandemic, the decision to remotely enumerate respondents by telephone reflected an effort to
minimize any risk to enumerators (though phone-based surveys are quite common in this context
to begin with). Third, the behavioral measure of WhatsApp usage was not discussed with respon-
dents. Doing so would have risked introducing Hawthorne effects, especially during the social
media ban period when WhatsApp was only accessible by VPN. This data is public-facing by de-
fault on WhatsApp and inaccessible for the portion of respondents who had modified the privacy
settings of their account. Importantly, we can only observe whether a respondent used WhatsApp

on a given day, rather than observing anything they did on the platform.

With respect to the experimental intervention, we note that this is a setting where users are
constrained in the extent of their social media use by (partially government-imposed) high costs of
access. Only 3% of our respondents cited a lack of interest in limiting their greater use of social
media platforms; by contrast, 68% reported data costs, 55% the OTT tax, and 18% network cov-
erage. In contrast to Global North settings, where many users may be using social media above
the socially optimal amount (Allcott et al. 2020), the centrality of online platforms in Uganda for
social and economic activities—especially during the COVID-19 pandemic—meant that increased
usage could be welfare-enhancing in this setting. We note, however, that our treatment only exper-

imentally facilitated access and respondents were free to change their actual usage as they liked.

A.6 Reconciling results based on complier characteristics

The different results across our field experimental and observational analyses are unlikely to be
driven by compositional differences in whose access was shifted by the respective sources of vari-

ation in the two research designs.

First, we consider mechanical differences in the characteristics of the estimating samples. For
one, Table A13 shows that estimating the field experimental results among the subset of respondents
who reported using a VPN produces similar—if not, as we note above, slightly stronger—results.
For another, while our sample for the field experimental and difference-in-differences analyses
do not perfectly overlap, Table A7 demonstrates that they are indistinguishable in terms of their

baseline characteristics and attitudes.

Second, we consider subtler differences in the characteristics of the effective “compliers” across
the two designs—i.e., whether different types of participant were induced to increase their social
media usage across the designs—which might then explain differences in their subsequent political
attitudes. Figure A10 compares the characteristics of these effective compliers using the predicted
change in participants’ WhatsApp usage deriving from the causal forest exercises we describe
above. These characteristics broadly overlap, but do show some differences: for example, those

induced to increase their usage the most in the field experiment were relatively less educated, while
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in the difference-in-differences analysis they were relatively more educated.

In the spirit of Angrist and Fernandez-Val (2013), Aronow and Carnegie (2013), and Hotz,
Imbens and Mortimer (2005), we assess whether these differences are plausibly sufficient to explain
the different results. We do this by weighting the estimating equation associated with each design
by the inverse of that respondent’s predicted “first stage.” Figure A15 presents the results. This
exercise, effectively extrapolating the estimated effects beyond the set of compliers whose social
media usage was most affected in each design, provides no evidence that the relatively marginal

differences in complier characteristics can explain the contrasting treatment effects.
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A.7 Additional Figures

Figure A1l: Regime types and decisions to restrict online access

Filtering access to websites/platforms Shutdowns of internet/social media
1.00 1
0.75 1
0.50 1
0.00 4
Capacity Practice Capacity Practice
. Closed autocracy . Electoral autocracy Democracy

Notes: Figure uses data from 2023 edition of Digital Society Project (see Mechkova et al. 2022). V-Dem regime clas-
sifications used, aside from pooling Electoral democracies and Liberal democracies. Filtering capacity: Government
has technical capacity to censor information by blocking access to most or all websites/platforms if it decided to do so.
Filtering practice: Government does so in practice at least sometimes. Shutdown capacity: Government has technical
capacity to shut down most or all domestic access to the internet and social media. Shutdown practice: Government
does so at least sometimes.
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Figure A2: Usage of social media platforms and reasons for usage in wave 1 survey

All Non-NRM NRM
Facebook
uses platform - | N ] [ ] B wharsapp
[ ] [ ] [ ] B e
0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75
Share of participants using platform
All Non-NRM NRM
Getting News | g I 1
about politics | | I |
iGN O - ]
about COVID-19 | oy . I
Entertainment | N ] ] Facebook
] ] ]
. WhatsApp
Discussing politics | I I h
and current events ] | -_ . Twitter
Discussing or solving |
community problems -_ -_ =
Catching up with | g | | I | |
friends and family | . ]
0.00 0.25 050 0.75 0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75

Conditional share of participants using platform for a given reason

Notes: The top panel reports participants’ self-reported use of different social media platforms, overall and by parti-
sanship. The bottom panel reports the main reasons for using a platform conditional on those who report using a given
platform.

Figure A3: Day-level Facebook posts around election day
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Notes: See Appendix A.2.1 for information on corpus of posts and Appendix A.2.2 for information on coding. The
social media ban was introduced on January 12, the internet blackout began on January 13, the election was held on
January 14, and the internet blackout was lifted on January 18.
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See Appendix A.2.1 for information on corpus of posts and Appendix A.2.2 for information on coding.

Crowdtangle-defined ‘interactions’ comprise likes, reactions, comments and shares.

Note:
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Facebook post data during study period (corpus 1)

Figure AS

A. Total number of posts
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Figure A6: Change in posting behavior during ban period based on accounts’ pre-ban sentiment

Weighted == No =e= Yes Weighted =e= No =e= Yes

0.2+ 0.24

0.1+ °

Change in share of political posts

Reduction in share of anti-government posts

-0.1

0 25 50 75 l(I)O 0 2‘5 5‘0 75 160
Pre—period percentile of anti—-government posting Pre—period percentile of anti-government posting
Notes: Figure computed pre-period percentile of anti-government posting by aggregating posts to the Facebook account
level in the pre-ban period. Change variables (either reduction in political posts or reduction in anti-government posts)
are computed both without weights and using weights based on how many posts a given account made during the ban
period.
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(c) Government support
Figure A8: Treatment effects of experimental social media subsidy on pre-registered indices

Notes: The estimates in each panel derive from equation (1) estimated in the full sample (left column) and subsamples
according to NRM and non-NRM partisanship (middle and right columns). Index outcomes are standardized; subcom-
ponents are unstandardized. The addition of controls indicates adjustment for LASSO-selected covariates. 90% and
95% confidence intervals plotted.
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(g) Local accountability efforts

Figure A3 (cont.): Treatment effects of experimental subsidy on pre-registered indices

Notes: The estimates in each panel derive from equation (1) estimated in the full sample (left columns) and subsamples
according to NRM and non-NRM partisanship (middle and right columns). Index outcomes are standardized; subcom-
ponents are unstandardized. The addition of controls indicates adjustment for LASSO-selected covariates. 90% and

95% confidence intervals plotted. A21



Figure A9: Conditional average treatment effect of experimental social media subsidy, by
predicted effect on WhatsApp usage
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Notes: The estimates in each panel derive from equation (1) estimated among the full sample (first column) and partisan
subsamples (second and third columns), where each estimate trims increasing proportions of the sample according to
the percentile of their predicted treatment effect on WhatsApp usage (as described in the main text). 90% and 95%
confidence intervals plotted.
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Figure A10: Correlation between baseline survey covariates and predicted WhatsApp usage in the
experimental and difference-in-differences research designs

Notes: Both the RCT and difference-in-differences specifications are estimated using OLS including block fixed ef-
fects, where standardized baseline covariates differ by row. The RCT specification regresses the predicted treatment
effect on WhatsApp usage from field experiment onto the set of standardized wave 1 or 2 covariates (whichever was
more recent). The DID specification regresses the predicted treatment effect on WhatsApp usage from difference-in-
differences design onto the set of standardized wave 1 covariates. Standard errors clustered by trading center are in
parentheses. 90% and 95% confidence intervals plotted.
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Figure A11: Distribution of VPN use across wave 1 survey respondents
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Note: Baseline survey administered in December and January 2020 asked respondents how many days they had used a
VPN in the prior week.

A24



Figure A12: Event study trends in NRM support by baseline survey enumeration date

Difference in NRM cares most
.
L 4

48 17 16 1514 13121110 0 8 7 6 5 4 3 2 1 0
Days relative to end of baseline survey (7 days before social media ban)

(a) NRM cares most about people like the respondent

© 4

° 1Tt r-fte1————" -1-1- “+-—-—-¥-1-T*

Difference in NRM - others thermometer
-

e

¥ 4

1817 16 15 14 13 121110 0 8 -7 6 5 4 3 2 -

o4

Days relative to end of baseline survey (7 days before social media ban)

(b) NRM feeling thermometer

Difference in Voted NRM MP
0
|
]
|
|
I
I
I
]
I
I
I
I
I
I
I
]
|
I
I
I
I
I
I
]
. £
I

1817 16 1514 13 121110 0 8 -7 6 5 4 3 2 -1 0
Days relative to end of baseline survey (7 days before social media ban)
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Notes: We include all enumeration days where at least 25 surveys were completed. The reference category is the last
day of survey enumeration (seven days before the social media ban).
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Figure A13: Raw difference-in-difference plots by prior partisanship
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Figure A14: Varying definition of VPN group assignment based on frequency of usage

Notes: Treatment effects estimated using equation (2) including individual and time period fixed effects, with standard
errors clustered by district. 90% and 95% confidence intervals plotted. The x-axis varies the definition of VPN group
based on the number of days in the week prior to the baseline survey that the respondent reported using a VPN; for the
distribution of this variable, see Figure A11.
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Figure A15: Reweighted estimates from experimental and difference-in-differences research
designs

Notes: The RCT specifications are estimated using equation (1); the DID specifications are estimated using equation
2. We vary the inclusion of inverse weights based on a participant’s predicted increase in social media usage due to the
subsidy treatment (RCT) or VPN access during social media ban (DID) (see Figure A10). 90% and 95% confidence
intervals plotted (two-sided tests).
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A.8 Additional Tables
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Table A7: Comparison of samples used across research designs

0ev

A. Baseline sample B. Field experiment sample C. Difference-in-differences sample
All Audited Not audited All Audited Not audited

NBL u o2 NRCT u o2 bwa  Ops Mgy O, P(WASWA)  NPIP u o’ Uwa  Ops  Hwa  Omy  P(WA=WA)

(6] 2 3 “ 5 ©6) ()] ®) © 10 an 12 13 14 sy e an  ay) 19

Age 1542 3045 8.02 1389 3058 8.09 30.08 8.15 31.03 8.01 [0.03] 1310 3048 8.04 30.03 8.07 30.89 8.00 [0.06]
Male 1542 0.58  0.49 1389 0.67 047 0.66 048 0.69 0.46 [0.10] 1310 0.68 047 0.67 047 0.69 0.46 [0.12]
MTN 1542 041 049 1389 046  0.50 041 049 0.51 0.50 [1.00] 1310 048  0.50 0.40 049 0.55 0.50 [1.00]
Primary education 1542 091  0.28 1389 091  0.28 092 0.28 091 0.28 [0.67] 1310 092 0.28 091 0.28 0.92 0.28 [0.77]
Secondary education 1542 0.55  0.50 1389 0.55  0.50 0.61 049 0.50 0.50 [0.00] 1310 0.56  0.50 0.61 049 0.52 0.50 [0.02]
Living conditions rel. to others 1542 332 0.83 1389 333 0.83 333 0.80 3.32 0.87 [0.58] 1310 332 0.81 336  0.80 3.28 0.81 [0.93]
Traditional Christian 1542 0.61 049 1389 0.60  0.49 0.57  0.50 0.62 0.48 [0.02] 1310 0.61 049 0.58  0.49 0.64 0.48 [0.60]
Evangelical Christian 1542 020 040 1389 020 040 021 041 0.20 0.40 [0.06] 1310 0.19  0.39 0.20  0.40 0.18 0.39 [0.17]
Muslim 1542 0.18  0.38 1389 0.19  0.39 021 041 0.17 0.38 [0.74] 1310 0.19  0.39 021 041 0.17 0.37 [0.42]
NRM supporter 1542 0.27 045 1389 028 045 024 043 0.31 0.46 [0.13] 1310 025 044 024 043 0.27 0.44 [0.21]
ICW: Social media use 1542 -0.01 097 1253 001  0.99 0.10  1.02 -0.10 0.95 [0.01] 1310 0.00  0.99 0.09 1.01 -0.08 0.96 [0.06]
ICW: Political knowledge 1542 -0.02  1.01 1253 0.02 1.01 -0.04  1.02 0.08 0.98 [0.09] 1310 0.01 1.01 -0.03 1.03 0.04 0.98 [0.65]
ICW: Govt support 1542 0.01  0.99 1253 -0.01  0.99 -0.05 1.00 0.05 0.98 [0.03] 1310 0.00  0.99 -0.08 1.01 0.08 0.97 [0.01]
ICW: Govt performance approval 1542 -0.01 1.01 1253 -0.01 1.01 -0.04  1.02 0.01 1.00 [0.13] 1310 -0.01 1.00 -0.01 1.00 -0.02 1.01 [0.13]
ICW: Support democracy 1542 0.00 1.00 1253 0.03 0.99 0.00 0.98 0.07 1.01 [0.17] 1310 0.03 1.00 -0.03 0.96 0.08 1.02 [0.00]
ICW: Political polarization 1542 001 094 1253 0.01 098 0.04 0.99 -0.02 0.97 [0.32] 1310 0.01 098 0.03 1.02 -0.01 0.94 [0.79]
ICW: COVID-19 knowledge 1542 0.03 098 1253 0.02 098 0.05 095 -0.02 1.02 [0.35] 1310 0.01  0.98 0.01 1.01 0.02 0.96 [0.34]
ICW: COVID-19 behavior 1542 -0.05 1.03 1253 -0.03 1.04 0.00 1.04 -0.06 1.04 [0.52] 1310 -0.04  1.04 0.01 1.03 -0.09 1.05 [0.86]
ICW: General welfare 1542 -0.02  1.01 1253 0.00 1.01 0.00  1.02 0.00 0.99 [0.84] 1310 0.00 1.01 0.02 1.02 -0.02 1.01 [0.09]

Notes: Table compares baseline (wave 1) sample characteristics of all participants (Panel A); those in the field experimental sample (Panel B); and those in
difference-in-differences sample (Panel C). Within these samples, columns (5)-(6) and (13)-(14) provide mean and standard deviation of characteristics; columns
(7)-(10) and (15)-(18) compare WhatsApp-audited subsample to non-audited subsample; columns (11) and (19) provide p-value testing for equivalence between
these subsamples.
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Table A8: Balance in field experiment

A. Full sample

B. NRM supporters

C. Non-NRM supporters

Wave 1 Wave 2 Wave 1 Wave 2 Wave 1 Wave 2
NBL Lic 7BL NML Lic ML BL ML 7BL ML

(D ) (3) “4) (5 (6) @) 3 ©) (10)
Age 1389 30.78 -0.25[0.54] -0.83 [0.53] 0.08 [0.87]
Male 1389  0.67 0.00[0.84] 0.00 [0.96] 0.02 [0.44]
MTN 1389  0.46  0.00[1.00] 0.00 [1.00] 0.00 [1.00]
Primary education 1389  0.92 -0.01[0.45] -0.08 [0.11] 0.01 [0.68]
Secondary education 1389 0.56 -0.01[0.63] 0.03 [0.69] 0.00 [0.93]
Living conditions rel. to others 1389 3.36  -0.06 [0.18] 0.07 [0.56] -0.09 [0.09]
Traditional Christian 1389 0.59 0.01[0.64] 0.07 [0.37] 0.02 [0.52]
Evangelical Christian 1389  0.21 -0.01[0.63] 0.02 [0.78] -0.03 [0.31]
Muslim 1389  0.19  0.00[0.95] -0.08 [0.22] 0.00 [0.88]
NRM supporter 1389  0.29 -0.03[0.18] 0.00 [0.96] -0.03 [0.19]
ICW: Social media use 1253 0.00 -0.05[0.29] -0.17 [0.37] -0.02 [0.70]
ICW: Political knowledge 1253 0.01 0.00[0.97] 1389 0.01 -0.07[0.12] -0.07[0.68] -0.19[0.07] 0.04[0.52] -0.06[0.25]
ICW: Govt support 1253 0.01 -0.02[0.67] 1389 0.01 -0.01[0.79] 0.04[0.77] 0.01[0.85] -0.03[0.59] 0.02[0.74]
ICW: Govt performance approval 1253  -0.01  0.01 [0.82] 1389 0.00 0.02[0.66] -0.08[0.62] 0.05[0.67] 0.01[0.84] -0.03[0.66]
ICW: Support democracy 1253 0.00 0.11[0.04] 1389 -0.01 0.03[0.56] 0.09[0.64] -0.04[0.58] 0.09[0.14] 0.08 [0.14]
ICW: Political polarization 1253 0.00 0.05[0.37] 1389 0.00 -0.06[0.23] 0.10[0.57] 0.00[0.97] 0.08[0.22] 0.00[0.99]
ICW: COVID-19 knowledge 1253 0.01 0.03[0.51] 1389 -0.01 0.05[0.34] -0.04[0.76] 0.23[0.13] -0.01[0.91] -0.011[0.87]
ICW: COVID-19 behavior 1253 0.01 -0.08[0.14] 1389 0.01 -0.01[0.77] -0.21[0.16] 0.03[0.83] -0.07[0.24] -0.03[0.68]
ICW: General welfare 1253 0.01 -0.02[0.70] 1389 0.02 -0.09[0.05] 0.07[0.63] -0.10[0.39] -0.05[0.41] -0.07[0.19]

Notes: Each specification is estimated using OLS including block and enumerator fixed effects using measures defined both in wave 1 (columns 1-3) and
wave 2 (columns 4-6). Columns (3) and (6) provide coefficients testing for differences with heteroskedasticity-robust p-values in square brackets. Panels B
and C provide equivalent tests when restricting sample to NRM supporter (or not) as defined in wave 2.



Table A9: Tests of attrition in the field experiment

Outcome: Attrited
(D (2) 3) “4)

Treatment 0.003  0.005 0.007 0.014
(0.011) (0.011) (0.014) (0.014)
NRM supporter -0.014  0.007
(0.016) (0.007)
Treatment X NRM supporter -0.020 -0.026
(0.021) (0.024)
Treatment + Treatment X NRM supporter -0.012  -0.011
(0.017)  (0.020)
Observations 1,455 1,455 1,455 1,455
Control mean 0.04 0.04 0.04 0.04
Control SD 0.21 0.21 0.21 0.21
Block FEs v v

Notes: Each specification is estimated using OLS, with even-indexed columns adding random-
ization block fixed effects. The sum of coefficients reports the treatment effect among NRM
supporting participants. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p
< 0.01.
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Table A10: Robustness of partisan-moderated effects of experimental social media subsidy on
NRM support, by outcome index construction

Support for NRM Support for opposition
) (@) 3 “ ) (©) ) ®
Panel A: Z-score index of support
Treatment -0.047 -0.053 -0.005 -0.009 0.021 0.024 -0.014 -0.016
(0.052)  (0.052) (0.066) (0.067) (0.053)  (0.053) (0.068)  (0.068)
Treatment x NRM supporter -0.306%* -0.302%* 0.193 0.118
(0.121) (0.132) (0.133)  (0.147)
Treatment + Treatment x NRM supporter 0311 03] 1%%* 0.178 0.102
(0.101) (0.113) (0.115)  (0.131)
Observations 1,253 1,253 1,253 1,253 1,253 1,253 1,253 1,253
Control mean -0.00 -0.00 -0.00 -0.00 0.00 0.00 0.00 0.00
Control SD 1.00 1.00 1.00 1.00 1.01 1.01 1.01 1.01
LASSO-selected covariates v v v v
Panel B: First principal component of support
Treatment -0.082 -0.110* -0.020 -0.047 0.025 0.032 -0.026 -0.022
(0.068)  (0.066) (0.088) (0.087) (0.064)  (0.064) (0.084) (0.083)
Treatment x NRM supporter -0.365%%* -0.318* 0.281*  0.276*
(0.156) (0.167) (0.156)  (0.159)
Treatment + Treatment X NRM supporter -0.385%** -0.365%* 0.255%  0.254*
(0.129) (0.143) (0.131)  (0.136)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,387
Control mean 0.04 0.04 0.04 0.04 -0.02 -0.02 -0.02 -0.02
Control SD 1.37 1.37 1.37 1.37 1.28 1.28 1.28 1.28
LASSO-selected covariates v v v v
Panel C: ICW difference between NRM and Opposition index of support
Treatment -0.045 -0.057 -0.010 -0.016
(0.050)  (0.050) (0.065) (0.062)
Treatment X NRM supporter -0.248%%* -0.206*
(0.117) (0.118)
Treatment + Treatment X NRM supporter -0.258%** -0.221%%*
(0.098) (0.100)
Observations 1,389 1,389 1,389 1,387
Control mean -0.00 -0.00 -0.00 -0.00
Control SD 1.00 1.00 1.00 1.00
LASSO-selected covariates v v

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3 enumer-
ator fixed effects. Even-indexed columns add LASSO-selected covariates. To estimate heterogeneous treatment effects, the indicator for NRM
supporter is fully interacted with treatment indicator and fixed effects (and LASSO-selected covariates, when relevant). Lower-order terms are
omitted to save space. The sum of coefficients reports the treatment effect among NRM supporting participants. Robust standard errors in paren-
theses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table A11: Field experimental test of spillovers

Support for NRM Support for opposition
(1) @) 3 (C)) (5) Q] ) (®)
Panel A: Support for NRM and opposition party ICW indexes
Number treated in TC -0.014 -0.026 -0.033 -0.052 -0.008 0.000 -0.001 -0.050
(0.018)  (0.019) (0.025) (0.051) (0.019) (0.020) (0.028)  (0.058)
Number treated in TC x NRM supporter 0.034 -0.014 -0.009 0.067
(0.053)  (0.117) (0.047)  (0.156)
N. treated in TC + N. treated in TC x NRM supporter 0.002 -0.066 -0.011 0.017
(0.046)  (0.106) (0.037)  (0.145)
Observations 696 696 696 696 696 696 696 696
Control mean 0.00 0.00 0.00 0.00 -0.00 -0.00 -0.00 -0.00
Control SD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LASSO-selected covariates v v v v
Panel B: Which party cares most about people like the respondent
Number treated in TC -0.001 -0.003 -0.006 -0.004 0.003 0.004 0.003 0.010
(0.008)  (0.008) (0.013) (0.023) (0.007) (0.007) (0.011) (0.023)
Number treated in TC x NRM supporter 0.022 -0.062 -0.005 0.038
(0.025)  (0.073) (0.018)  (0.051)
N. treated in TC + N. treated in TC x NRM supporter 0.015 -0.065 -0.001 0.048
(0.021)  (0.069) (0.014)  (0.046)
Observations 696 696 696 696 696 696 696 696
Control mean 0.72 0.72 0.72 0.72 0.24 0.24 0.24 0.24
Control SD 0.45 0.45 0.45 0.45 0.43 043 043 0.43
LASSO-selected covariates v v v v
Panel C: Feeling thermometer (0-very cold — 10-very warm)
Number treated in TC 0.016 -0.005 0.012 0.049 0.068 0.062 0.131*%  0.044
(0.052) (0.052) (0.075) (0.140) (0.048) (0.050) (0.071) (0.146)
Number treated in TC x NRM supporter -0.072 0.014 -0.123 0.057
(0.125)  (0.385) (0.141)  (0.480)
N. treated in TC + N. treated in TC x NRM supporter -0.060 0.064 0.008 0.101
(0.100)  (0.359) (0.122)  (0.457)
Observations 696 696 696 696 696 696 696 696
Control mean 5.96 5.96 5.96 5.96 541 541 541 541
Control SD 2.79 2.79 2.79 2.79 2.64 2.64 2.64 2.64
LASSO-selected covariates v v v v
Panel D: Openness to voting for party (1-not at all — 5-very open)
Number treated in TC -0.048*  -0.064** -0.093** -0.180** -0.063** -0.049 -0.072 -0.120
(0.028)  (0.029) (0.043) (0.085) (0.030) (0.031) (0.047) (0.084)
Number treated in TC x NRM supporter 0.089 0.056 0.055 0.198
(0.072)  (0.811) (0.075)  (0.307)
N. treated in TC + N. treated in TC x NRM supporter -0.004 -0.125 -0.018 0.079
(0.057)  (0.807) (0.059) (0.295)
Observations 696 696 696 696 696 696 696 696
Control mean 3.35 3.35 3.35 3.35 3.08 3.08 3.08 3.08
Control SD 1.44 1.44 1.44 1.44 1.43 1.43 1.43 1.43
LASSO-selected covariates v v v v

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3 enumerator
fixed effects. The sample is restricted to respondents assigned to control. “Number treated in TC” indicates the total number of treated respondents
in the same trading center as a given respondent; the total number of respondents overall is also adjusted for. To estimate heterogeneous effects, the
indicator for NRM supporter is fully interacted with number treated in TC, fixed effects, and LASSO-selected covariates. To estimate heterogeneous
effects, the indicator for NRM supporter is fully interacted with number treated in TC, fixed effects, and LASSO-selected covariates. Lower-order
terms are omitted to save space. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

A34



IS4

Table A12: Effects of experimental social media subsidy on perceptions of survey enumerators or study purpose

Outcome: Varies by panel

@ (@) 3 @ &) © ) ® ) (10) 1) 12) 13) (14) (15) (16)
Panel A: Believe enumerators were sent by...
Research organization Government/NRM NGO Other
Treatment -0.00 -0.00 0.01 0.01 -0.00 -0.00 -0.00 -0.01 -0.01 -0.01 -0.01 -0.00 0.01 0.00 0.00 -0.00
0.02) (0.02) (0.02) (0.02)  (0.01) (0.01) (0.01) 0.01) (0.01) (0.01) (0.0D) 0.01)  (0.01) (0.01) (0.01) 0.01)
Treatment x NRM supporter -0.01 0.00 0.01 0.01 -0.00 -0.02 0.01 0.01
(0.05) (0.05) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Treatment + Treatment X NRM supporter -0.001 0.008 0.010 0.008 -0.014 -0.027 0.008 0.004
(0.041)  (0.042) (0.024)  (0.025) (0.031)  (0.032) (0.022)  (0.024)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,387 1,389 1,389
Control mean 0.88 0.88 0.88 0.88 0.05 0.05 0.05 0.05 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04
Control SD 0.33 0.33 0.33 0.33 0.21 0.21 0.21 0.21 0.19 0.19 0.19 0.19 0.20 0.20 0.20 0.20
LASSO-selected covariates v v v v v v v v
Panel B: Purpose of study
Study social media effects Help government to Study support for Study citizen beliefs
on society monitor citizens government about COVID-19
Treatment -0.01 -0.01 0.01 0.01 0.00 -0.00 0.01 0.01 0.00 -0.00 -0.00 -0.01 0.01 0.01 -0.01 -0.00
(0.02) (0.02)  (0.03) (0.03)  (0.02) (0.02) (0.02) 0.02)  (0.01) (0.01) (0.02) (0.02)  (0.03) (0.03)  (0.03) (0.03)
Treatment x NRM supporter -0.04 -0.07 0.04 0.05 0.05 0.07** -0.06 -0.06
(0.07) (0.07) (0.04) (0.04) (0.03) (0.03) (0.07) 0.07)
Treatment + Treatment X NRM supporter -0.032 -0.054 0.051 0.051 0.043 0.055% -0.067 -0.061
(0.063)  (0.063) (0.038)  (0.038) (0.030)  (0.029) (0.063)  (0.064)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 0.32 0.32 0.32 0.32 0.14 0.14 0.14 0.14 0.08 0.08 0.08 0.08 0.43 0.43 0.43 0.43
Control SD 0.47 0.47 0.47 0.47 0.35 0.35 0.35 0.35 0.27 0.27 0.27 0.27 0.49 0.49 0.49 0.49
v v v v v v v v

LASSO-selected covariates

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome (except in Panel B, since it was not asked) and block and wave 3 enumerator fixed effects. Even-
indexed columns add LASSO-selected covariates. To estimate heterogeneous treatment effects, the indicator for NRM supporter is fully interacted with treatment indicator and fixed effects (and LASSO-selected
covariates, when relevant). Lower-order terms are omitted to save space. The sum of coefficients reports the treatment effect among NRM supporting participants. Robust standard errors in parentheses. * p < 0.1,

# p < 0.05, ¥+ p < 0.01.



Table A13: Experimental treatment effects on party support, by prior VPN usage

Full sample NRM supporters Non-NRM supporters
@ (@) 3 @ O] © ) ®) ® (10) an 12)

ocVv

Panel A: Support for NRM and opposition party ICW indexes

NRM Opposition NRM Opposition NRM Opposition
Treatment -0.180  -0.003 0.100 -0.034  -0.382  -0.468*** (.239 0.295 -0.206 0.047 0.114 -0.037
0.117)  (0.064) (0.112) (0.066) (0.430) (0.173) (0.359) (0.189) (0.181) (0.081) (0.174)  (0.081)
Observations 424 965 424 965 123 258 123 258 301 707 301 707
Control mean 0.07 -0.03 -0.02 0.01 0.34 0.26 -0.32 -0.29 -0.04 -0.14 0.11 0.12
Control SD 0.99 1.00 0.95 1.02 0.90 0.95 0.90 0.98 1.00 1.00 0.95 1.01
VPN user X v X v X v X v X v X v
Panel B: Which party cares most about people like the respondent
NRM Opposition NRM Opposition NRM Opposition
Treatment -0.039 0.013 0.026 0.013 -0.108 -0.163** 0.070 0.135*  -0.100 0.033 0.066 0.002
(0.047)  (0.029) (0.041) (0.028) (0.121) (0.076) (0.100)  (0.073) (0.080) (0.037) (0.070)  (0.036)
Observations 424 965 424 965 123 258 123 258 301 707 301 707
Control mean 0.75 0.71 0.22 0.25 0.86 0.81 0.12 0.16 0.71 0.66 0.27 0.29
Control SD 0.43 0.46 0.42 0.44 0.35 0.39 0.33 0.36 0.46 0.47 0.44 0.46
VPN user X v X v X v X v X v X v
Panel C: Feeling thermometer (0-very cold — 10-very warm)
NRM Opposition NRM Opposition NRM Opposition
Treatment -0.549  -0.013 0.050 -0.095 -0.439 -0.974*%* 1.104 0.868*  -0.505 -0.018 -0.004  -0.256
(0.335) (0.176)  (0.300) (0.170)  (1.439) (0.465) (1.160) (0.457) (0.479) (0.225) (0.435) (0.204)
Observations 424 965 424 965 123 258 123 258 301 707 301 707
Control mean 6.09 5.89 5.44 5.40 6.71 6.77 4.75 453 5.82 5.56 5.75 5.74
Control SD 2.78 2.79 2.59 2.67 2.85 2.56 2.44 2.59 2.72 2.80 2.60 2.62
VPN user X v X v X v X v X v X v
Panel D: Openness to voting for different party (1-not at all — 5-very open)
NRM Opposition NRM Opposition NRM Opposition
Treatment -0.272 -0.057 0.195 -0.100  -0.626  -0.466* -0.013 0.133 -0.215 0.044 0.181 -0.049
(0.189)  (0.094) (0.180) (0.091) (0.435) (0.239) (0.896) (0.285) (0.275) (0.121) (0.261) (0.112)
Observations 424 965 424 965 123 258 123 258 301 707 301 707
Control mean 3.42 332 3.08 3.09 3.69 3.54 2.82 2.89 3.31 3.23 3.19 3.16
Control SD 1.46 1.42 1.42 1.44 1.33 1.35 1.43 1.41 1.51 1.44 1.41 1.45
VPN user X v X v X v X v X v X v

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3 enumerator fixed
effects. Sample split between participants who did not use a VPN on any day in the week prior to wave 2 enumeration (odd columns) and those who
used a VPN on at least one day (even columns). Columns (1)-(4) estimate effects using full sample; Columns (5)-(8) using NRM supporters; Columns
(9)-(12) using non-NRM supporters. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.



Table A14: Field experimental treatment effects, by prior beliefs and knowledge

NRM support index (ICW)
ey 2 3) “
A. Beliefs and exposure to perspectives
Treatment -0.039  -0.087 -0.046  -0.008
(0.075) (0.095) (0.058) (0.075)
Treatment X Good incumbent performance prior -0.019  0.200
(0.109)  (0.158)
Treatment X NRM supporter 0.188 -0.266%*
(0.291) (0.133)
Treatment X NRM supporter X Good incumbent performance prior -0.621*
(0.345)
Treatment X Never saw opposition point of view prior -0.296  0.837#%*
(0.229) (0.199)
Treatment x NRM supporter x Never saw opposition point of view prior -0.841%*
(0.409)
Observations 1,389 1,389 1,389 1,389
Control mean 1.00 1.00 1.00 1.00
Control SD 0.00 0.00 0.00 0.00
B. Political knowledge
Treatment 0.010  -0.101 0.017 0.019
(0.140) (0.209) (0.087) (0.116)
Treatment x Knowledge of recent political events -0.142  0.061
(0.309) (0.450)
Treatment x NRM supporter 0.436 -0.441
(0.424) (0.311)
Treatment X NRM supporter x Knowledge of recent political events -1.252
(0.895)
Treatment x Knowledge of political leaders -0.155  -0.080
(0.145) (0.198)
Treatment x NRM supporter x Knowledge of political leaders 0.115
(0.457)
Observations 1,389 1,389 1,389 1,389
Control mean 1.00 1.00 1.00 1.00
Control SD 0.00 0.00 0.00 0.00

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3 enumera-
tor fixed effects. To estimate heterogeneous treatment effects, the indicator for NRM supporter is fully interacted with treatment indicator and fixed
effects. Lower-order terms are omitted to save space. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table A15: Field experimental treatment effects, without imputing outcome variable

Support for NRM Support for opposition
(€Y) @) 3) “ ® (6) (7 (®)
Panel A: Support for NRM and opposition party ICW indexes
Treatment -0.057 -0.072 -0.009 0.006 0.014 0.038 -0.016 -0.002
(0.050)  (0.048) (0.064) (0.063) (0.051)  (0.050)  (0.066) (0.066)
Treatment x NRM supporter -0.262%* -0.283%%* 0.204 0.118
(0.113) (0.115) (0.127) (0.127)
Treatment + Treatment x NRM supporter -0.271%%% 0.277Fx* 0.188%* 0.116
(0.094) (0.096) (0.108) 0.111)
Observations 1,381 1,381 1,381 1,381 1,381 1,381 1,381 1,381
Control mean 0.01 0.01 0.01 0.01 0.00 0.00 0.00 0.00
Control SD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LASSO-selected covariates v v v v
Panel B: Which party cares most about people like the respondent
Treatment -0.008 -0.008 0.005 0.005 0.027 0.027 0.013 0.013
(0.022)  (0.022) (0.030) (0.030) (0.021)  (0.021)  (0.029) (0.029)
Treatment X NRM supporter -0.086* -0.086* 0.077 0.077
(0.050) (0.050) (0.047) (0.047)
Treatment + Treatment X NRM supporter -0.080%* -0.080%* 0.090%*  0.090**
(0.040) (0.040) (0.037) (0.037)
Observations 1,383 1,383 1,383 1,383 1,383 1,383 1,383 1,383
Control mean 0.72 0.72 0.72 0.72 0.25 0.25 0.25 0.25
Control SD 0.45 0.45 0.45 0.45 0.43 0.43 0.43 0.43
LASSO-selected covariates v v v v
Panel C: Feeling thermometer (0-very cold — 10-very warm)
Treatment -0.194 -0.239* -0.106 -0.140 -0.069 -0.098 -0.255 -0.200
(0.140)  (0.140) (0.180) (0.185) (0.133)  (0.131)  (0.167) (0.165)
Treatment x NRM supporter -0.616* -0.717* 0.602* 0.452
(0.344) (0.381) (0.329) (0.358)
Treatment + Treatment x NRM supporter -0.723%%* -0.857%%* 0.347 0.252
(0.293) (0.333) (0.283) (0.324)
Observations 1,387 1,387 1,387 1,387 1,387 1,387 1,387 1,387
Control mean 5.96 5.96 5.96 5.96 541 5.41 541 541
Control SD 2.79 2.79 2.79 2.79 2.64 2.64 2.64 2.64
LASSO-selected covariates v v v v
Panel D: Openness to voting for party (1-not at all — 5-very open)
Treatment -0.092 -0.101 -0.031 -0.064 -0.002 0.064 0.010 0.032
(0.074)  (0.071) (0.095) (0.097) (0.071)  (0.069)  (0.091) (0.091)
Treatment x NRM supporter -0.227 -0.217 0.134 0.143
(0.165) (0.174) (0.190) (0.188)
Treatment + Treatment x NRM supporter -0.258%* -0.281%* 0.144 0.174
(0.135) (0.144) (0.166) (0.164)
Observations 1,387 1,387 1,387 1,387 1,387 1,387 1,387 1,387
Control mean 3.35 3.35 3.35 3.35 3.08 3.08 3.08 3.08
Control SD 1.44 1.44 1.44 1.44 1.44 1.44 1.44 1.44
LASSO-selected covariates v v v v

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3 enumer-
ator fixed effects. Even-indexed columns add LASSO-selected covariates. To estimate heterogeneous treatment effects, the indicator for NRM
supporter is fully interacted with treatment indicator and fixed effects (and LASSO-selected covariates, when relevant). Lower-order terms are
omitted to save space. The sum of coefficients reports the treatment effect among NRM supporting participants. Robust standard errors in paren-

theses. * p < 0.1, #* p < 0.05, *+* p < 0.01.
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Table A16: Field experimental treatment effects, using varied size of randomization block fixed

effects
Support for NRM Support for opposition
(eY) 2) 3) C)) (5) (6) @) 3)
Panel A: No randomization block fixed effects
Treatment -0.054 -0.073 -0.006 -0.035 0.015 0.056 -0.016 0.013
(0.048)  (0.047) (0.058) (0.058) (0.049)  (0.047)  (0.059) (0.059)
Treatment x NRM supporter -0.217%%* -0.184* 0.168 0.188%*
(0.101) (0.107) (0.110) (0.108)
Treatment + Treatment X NRM supporter -0.223%%* -0.219%%* 0.152 0.202%*
(0.083) (0.090) (0.093) (0.091)
Observations 1,389 1,387 1,389 1,387 1,389 1,389 1,389 1,387
Control mean 0.00 0.00 0.00 0.00 -0.00 -0.00 -0.00 -0.00
Control SD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LASSO-selected covariates v v v v
Panel B: Size 8 randomization block fixed effects (default)
Treatment -0.053 -0.080* -0.014 -0.007 0.025 0.053 -0.018 -0.000
(0.053)  (0.048) (0.064) (0.064) (0.054)  (0.049)  (0.065) (0.065)
Treatment x NRM supporter -0.262%%* -0.269%* 0.207 0.197
(0.113) (0.119) (0.126) (0.130)
Treatment + Treatment X NRM supporter -0.276%**  -0.276%** 0.189* 0.197*
(0.093) (0.101) (0.108) (0.112)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,387
Control mean 0.00 0.00 0.00 0.00 -0.00 -0.00 -0.00 -0.00
Control SD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LASSO-selected covariates v v v v
Panel C: Size 4 randomization block fixed effects
Treatment -0.052 -0.085%* 0.016 0.020 0.038 0.038 -0.044 -0.037
(0.055)  (0.049) (0.071) (0.070) (0.056)  (0.052)  (0.073) (0.072)
Treatment x NRM supporter -0.338%%* -0.407%** 0.381%*  0.380%**
(0.148) (0.138) (0.160) (0.156)
Treatment + Treatment x NRM supporter -0.322%%* -0.387%** 0.337%*%  0.343**
(0.130) (0.119) (0.142) (0.139)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 0.00 0.00 0.00 0.00 -0.00 -0.00 -0.00 -0.00
Control SD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LASSO-selected covariates v v v v
Panel D: Size 2 randomization block fixed effects
Treatment -0.045 -0.062 0.035 0.086 0.036 0.024 -0.095 -0.078
(0.065)  (0.064) (0.095) (0.094) (0.068)  (0.066)  (0.102) (0.098)
Treatment x NRM supporter -0.510%* -0.568%%* 0.696%** 0.501*
(0.284) (0.288) (0.254) (0.288)
Treatment + Treatment X NRM supporter -0.476* -0.481%* 0.601%** 0.423
(0.268) (0.272) (0.233) (0.271)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,387
Control mean 0.00 0.00 0.00 0.00 -0.00 -0.00 -0.00 -0.00
Control SD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LASSO-selected covariates v v v v

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3 enumer-
ator fixed effects. Even-indexed columns add LASSO-selected covariates. To estimate heterogeneous treatment effects, the indicator for NRM
supporter is fully interacted with treatment indicator and fixed effects (and LASSO-selected covariates, when relevant). Lower-order terms are
omitted to save space. The sum of coefficients reports the treatment effect among NRM supporting participants. Robust standard errors in paren-

theses. * p < 0.1, ¥* p < 0.05, *** p < 0.01.
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Table A17: Field experimental treatment effects on self-reported media consumption

behaviors

Any hours consumed

Log+1 hours consumed

(¢))

@ 3 “ (O] Q) (@) ®)

Panel A: Facebook

Treatment 0.050%** 0.056*** (0.056** 0.058** 0.126** 0.117** 0.119*  0.099
(0.019) (0.018) (0.024) (0.023) (0.053) (0.051) (0.066) (0.063)
Treatment X NRM supporter -0.040 -0.037 -0.160 -0.175
(0.048)  (0.049) (0.138)  (0.133)
Treatment + Treatment x NRM supporter 0.016 0.022 -0.042 -0.076
(0.042)  (0.044) 0.122)  (0.119)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 0.81 0.81 0.81 0.81 1.94 1.94 1.94 1.94
Control SD 0.39 0.39 0.39 0.39 1.16 1.16 1.16 1.16
LASSO-selected covariates v v v v
Panel B: WhatsApp
Treatment 0.028*  0.033** 0.031*  0.034*  0.087*  0.070 0.076 0.055
(0.015) (0.014) (0.018) (0.018) (0.048) (0.045) (0.058) (0.056)
Treatment X NRM supporter -0.036 -0.029 -0.099 -0.063
(0.037)  (0.037) (0.129)  (0.127)
Treatment + Treatment x NRM supporter -0.005 0.006 -0.023 -0.008
(0.033)  (0.033) (0.115)  (0.114)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 0.89 0.89 0.89 0.89 2.26 2.26 2.26 2.26
Control SD 0.31 0.31 0.31 0.31 1.07 1.07 1.07 1.07
LASSO-selected covariates v v v v
Panel C: Facebook Messenger
Treatment 0.045%  0.043*  0.060*  0.056*  0.088*  0.065 0.086 0.066
(0.024)  (0.023) (0.031) (0.030) (0.052) (0.050) (0.065) (0.064)
Treatment x NRM supporter -0.072 -0.063 -0.198 -0.153
(0.066)  (0.065) (0.144)  (0.137)
Treatment + Treatment X NRM supporter -0.013 -0.006 -0.113 -0.087
(0.058)  (0.057) (0.129)  (0.122)
Observations 1,389 1,389 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 0.62 0.62 0.62 0.62 1.26 1.26 1.26 1.26
Control SD 0.49 0.49 0.49 0.49 1.21 1.21 1.21 1.21
LASSO-selected covariates v v v v
Panel D: Twitter
Treatment 0.028*  0.035** 0.037*  0.035*  0.053*  0.062** 0.064*  0.059*
(0.016) (0.016) (0.021) (0.021) (0.027) (0.027) (0.036) (0.035)
Treatment X NRM supporter -0.050 -0.044 -0.067 -0.033
(0.044)  (0.043) (0.078)  (0.076)
Treatment + Treatment X NRM supporter -0.013 -0.009 -0.004 0.026
(0.038)  (0.038) (0.069)  (0.067)
Observations 1,389 1,387 1,389 1,389 1,389 1,389 1,389 1,389
Control mean 0.09 0.09 0.09 0.09 0.15 0.15 0.15 0.15
Control SD 0.29 0.29 0.29 0.29 0.49 0.49 0.49 0.49
LASSO-selected covariates v v v v

Notes: Each specification is estimated using OLS, and adjusts for the baseline and midline pre-treatment outcome and block and wave 3
enumerator fixed effects. Even-indexed columns add LASSO-selected covariates. To estimate heterogeneous treatment effects, the indi-
cator for NRM supporter is fully interacted with treatment indicator and fixed effects (and LASSO-selected covariates, when relevant).
Lower-order terms are omitted to save space. The sum of coefficients reports the treatment effect among NRM supporting participants.
Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table A18: Balance in difference-in-differences design

NBLAML e o G‘%PN:O 7! 2 23

(1 2 (3) “4) &) (6)
Age 1310 31.40 8.18 -2.12[0.00] -1.48[0.00]
Male 1310 0.70 0.46 -0.01[0.64] -0.04[0.26] -0.03[0.31]
MTN 1310 0.54 0.50 0.01[0.65] 0.01[0.65] 0.02[0.25]
Primary education 1310 0.91 0.28 0.02[0.22] 0.02[0.211 0.02[0.26]
Secondary education 1310 0.57 0.50 -0.03[0.32] -0.01[0.64] -0.02[0.55]
Living conditions rel. to others 1310 3.33 0.77 -0.01[0.75] -0.02[0.72] -0.017[0.90]
Traditional Christian 1310 0.62 0.49 -0.01[0.66] 0.00[0.98] 0.01[0.85]
Evangelical Christian 1310 0.19 0.39 0.01[0.75] 0.02[0.43] 0.02[0.55]
Muslim 1310 0.16 0.37 0.03[0.34] 0.00[0.99] 0.00[0.95]
NRM supporter 1310 0.29 0.46 -0.03[0.28] -0.02[0.53] -0.02[0.62]
ICW: Social media use 1310 -0.10 1.01  0.11[0.07] 0.09[0.17] 0.07[0.30]
ICW: Political knowledge 1310 -0.04 1.04 -0.06 [0.19] -0.04[0.34] -0.01[0.90]
ICW: Govt support 1310 0.14 0.97 -0.16[0.01] -0.14[0.04] -0.12[0.08]
ICW: Govt performance approval 1310 0.06 095 -0.10[0.08] -0.09[0.16] -0.07[0.26]
ICW: Support democracy 1310 0.03 095 -0.04[0.52] 0.00[0.96] 0.02[0.77]
ICW: Political polarization 1310 0.02 1.00 -0.01[0.92] -0.02[0.70] -0.011[0.83]
ICW: COVID-19 knowledge 1310 0.05 1.02  -0.02[0.65] 0.00[0.95] 0.00[0.97]
ICW: COVID-19 behavior 1310 -0.07 1.03 -0.01[0.80] -0.02[0.71] -0.0110.86]
ICW: General welfare 1310 0.00 0.99 0.02[0.69] 0.02[0.78] 0.02[0.78]

Notes: The first three columns report summary statistics for our sample of baseline and midline respondents,
with columns (2) and (3) restricting attention to non-VPN users. Columns (4)-(6) estimate the difference be-
tween VPN and non-VPN users by regressing wave 1-defined variables on an indicator for baseline VPN usage;
trading center-clustered p-values are in brackets. Column (4) uses enumerator fixed effects; column (5) addi-
tionally adds trading center fixed effects; column (6) additionally adds age fixed effects.

A4l



Table A19: Differences in midline
attrition by baseline VPN use

Outcome: Attrited
(D ()

VPN -0.022 -0.001
(0.020)  (0.020)

Observations 1,542 1,538

Control mean 0.16 0.16
Control SD 0.37 0.37
Block FEs v

Notes: Each specification is estimated us-
ing OLS and includes the full sample of re-
spondents that completed the baseline sur-
vey. Standard errors clustered by trading
center are in parentheses. * p < 0.1, ** p <
0.05, *** p < 0.01.
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Table A20: Differential effects of VPN use on daily WhatsApp usage during the social media ban, by
baseline partisanship

Outcome: Varies by panel

ey 2) 3) “) &) (6)
Panel A: Used Whatsapp
VPN x WhatsApp ban 0.054%%* 0.047***  0.046%** 0.040**  0.028 0.021
(0.014)  (0.017) (0.018) (0.017) (0.021) (0.022)
VPN x WhatsApp ban x NRM supporter 0.050 0.040 0.033
(0.035) (0.042) (0.043)
VPN x Ban + VPN x Ban x NRM supporter 0.090***  0.068* 0.055
(0.029) (0.035) (0.038)
Observations 112,943 111,655 111,655 112,943 106,076 105,075
Clusters (TCs) 125 116 116 125 111 111
Control mean 0.31 0.30 0.30 0.31 0.31 0.31
Control SD 0.46 0.46 0.46 0.46 0.46 0.46
Interactive FEs TC TC & Age TC TC & Age
Panel B: Number of audited times seen on WhatsApp
VPN x WhatsApp ban 0.084%** 0.077**  0.076%** 0.054 0.037 0.029
(0.028)  (0.034) (0.033) (0.034) (0.042) (0.041)
VPN x WhatsApp ban x NRM supporter 0.105 0.070 0.052
(0.068) (0.081) (0.083)
VPN x Ban + VPN x Ban x NRM supporter 0.159***  0.107 0.081
(0.057) (0.064) (0.072)
Observations 112,943 111,655 111,655 112,943 106,076 105,075
Clusters (TCs) 125 116 116 125 111 111
Control mean 0.54 0.53 0.53 0.54 0.55 0.55
Control SD 0.95 0.95 0.95 0.95 0.96 0.96
Interactive FEs TC TC & Age TC TC & Age

Notes: Each specification is estimated using OLS, and includes individual and period fixed effects. To estimate hetero-
geneous treatment effects, the indicator for NRM supporter is fully interacted with the individual and period fixed effects.
The sum of coefficients reports the difference-in-differences estimate among NRM supporting participants. Standard errors
clustered by trading center are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table A21: Differential effects of VPN use on support for the NRM after the social media ban, by
baseline partisanship

Support for NRM Support for opposition
()] @) 3 “ (5) (6) M (®)
Panel A: Support for NRM and opposition party ICW indexes
VPN x Post election 0.184**  0.196*** 0.151*  0.219** -0.114* -0.156** -0.053 -0.121
0.072)  (0.074)  (0.088) (0.094) (0.069) (0.070) (0.083)  (0.093)
VPN x Post election x NRM supporter -0.090 -0.177 -0.023 -0.049
(0.135)  (0.174) (0.150)  (0.195)
VPN x Post election + VPN x Post election X NRM supporter 0.061 0.042 -0.076 -0.170
(0.099) (0.124) (0.120)  (0.163)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612
Control mean -0.05 -0.06 -0.05 -0.06 0.06 0.07 0.06 0.07
Control SD 1.00 1.00 1.00 1.00 0.98 0.98 0.98 0.98
Trading center x Post election FEs v v v v
Panel B: Which party cares most about people like the respondent
VPN X Post election 0.075%* 0.078** 0.070*  0.084*  -0.070** -0.071** -0.061 -0.072
(0.034) (0.035) (0.042) (0.045) (0.032) (0.033) (0.040) (0.044)
VPN x Post election x NRM supporter -0.032 -0.045 -0.012 -0.014
(0.073)  (0.094) (0.064)  (0.077)
VPN x Post election + VPN x Post election x NRM supporter 0.038 0.039 -0.073 -0.086
(0.058)  (0.075) (0.046)  (0.058)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612
Control mean 0.64 0.64 0.64 0.64 0.23 0.24 0.23 0.24
Control SD 0.48 0.48 0.48 0.48 0.42 0.42 0.42 0.42
Trading center x Post election FEs v v v v
Panel C: Feeling thermometer (0-very cold — 10-very warm)
VPN X Post election 0.095 0.285 -0.108 0.304 -0.334*  -0.438** -0.323 -0.546%*
(0.196)  (0.208)  (0.235) (0.247)  (0.172)  (0.181)  (0.209)  (0.233)
VPN x Post election x NRM supporter 0.254 -0.266 0.279 0.265
(0.387)  (0.468) (0.425)  (0.576)
VPN X Post election + VPN x Post election x NRM supporter 0.146 0.038 -0.045 -0.281
(0.308)  (0.389) (0.352)  (0.521)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612
Control mean 5.79 5.79 5.79 5.79 4.99 5.00 4.99 5.00
Control SD 2.72 2.72 2.72 2.72 2.52 2.52 2.52 2.52
Trading center X Post election FEs v v v v
Panel D: Openness to voting for different party (1-not at all — 5-very open)
VPN x Post election 0.313*** 0.258** 0.316** 0.301*  0.017 -0.044 0.154 0.102
(0.112)  (0.121)  (0.141) (0.161) (0.116) (0.122)  (0.135) (0.159)
VPN x Post election x NRM supporter -0.299 -0.296 -0.161 -0.220
(0.205)  (0.253) (0.223)  (0.299)
VPN x Post election + VPN X Post election x NRM supporter 0.017 0.005 -0.007 -0.118
0.139)  (0.171) (0.185)  (0.255)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612
Control mean 3.37 3.37 3.37 3.37 3.08 3.09 3.08 3.09
Control SD 1.43 1.43 1.43 1.43 1.45 1.45 1.45 1.45
Trading center x Post election FEs v v v v

Notes: Each specification is estimated using OLS, and includes individual and period fixed effects. To estimate heterogeneous
treatment effects, the indicator for NRM supporter is fully interacted with the individual and period fixed effects. The sum of
coefficients reports the difference-in-differences estimate among NRM supporting participants. Standard errors clustered by
trading center are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table A22: Differential effects of VPN use on support for the NRM after the social media ban, conditional on covariate x period fixed

Outcome: NRM support ICW index

ey 2 3) “) 5 (6) @) (®) ®) (10)

Panel A: Non-political support interactive covariates
VPN x Post election 0.140%* 0.170** 0.109* 0.161%* 0.177%%  0.194%*  0.134* 0.164%* 0.218* 0.272*

(0.070) (0.073) (0.063) (0.066) (0.072)  (0.075)  (0.069) (0.070) (0.114) (0.140)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612 910 864
R? 0.63 0.67 0.69 0.73 0.64 0.68 0.64 0.69 0.63 0.71
Control outcome mean 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Control outcome std. dev. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Trading center x Post election FEs v v v v v
Baseline covariate x Post interaction Age FEs Political news consumption Political knowledge = Govt/NRM survey Enumerator
Panel B: Political support interactive covariates
VPN x Post election 0.140%* 0.170** 0.109* 0.161%* 0.177%%  0.194%*  0.134%* 0.164%* 0.218* 0.272%

(0.070)  (0.073) (0.063) (0.066) (0.072)  (0.075) (0.069) (0.070) 0.114) (0.140)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612 910 864
R? 0.63 0.67 0.69 0.73 0.64 0.68 0.64 0.69 0.63 0.71
Control outcome mean 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Control outcome std. dev. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Trading center x Post election FEs v v v v v
Baseline covariate x Post interaction NRM Openness to NRM NRM thermometer NRM LCS vote intent NRM MP vote intent

Notes: Each specification is estimated using OLS, and includes individual and period fixed effects as well as interactions
between the period fixed effect and the covariate(s) listed at the foot of each regression. Standard errors clustered by

trading center are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.



Table A23: Differential effects of VPN use on support for the NRM
after the social media ban, using entropy balancing

Support for Support for
NRM Opposition

(1) 2 3) “)
Panel A: Support for NRM and opposition party ICW indexes

VPN X Post election 0.196** 0.201** -0.136* -0.174%%*
(0.077) (0.077) (0.072) (0.073)
Observations 2,620 2,612 2,620 2,612
Control mean -0.05 -0.06 0.06 0.07
Control SD 1.00 1.00 0.98 0.98
Trading center x Post election FEs v v
Panel B: Which party cares most about people like the respondent
VPN x Post election 0.076** 0.077** -0.077** -0.077**
(0.037) (0.037) (0.033) (0.034)
Observations 2,620 2,612 2,620 2,612
Control mean 0.64 0.64 0.23 0.24
Control SD 0.48 0.48 0.42 0.42
Trading center x Post election FEs v v
Panel C: Feeling thermometer (0-very cold — 10-very warm)
VPN X Post election 0.136 0.255  -0.432%% _(.5]14%**
(0.209) (0.220) (0.175) (0.179)
Observations 2,620 2,612 2,620 2,612
Control mean 5.79 5.79 4.99 5.00
Control SD 2.72 2.72 2.52 2.52
Trading center X Post election FEs v v
Panel D: Openness to voting for party (1-not at all — 5-very open)
VPN X Post election 0.328*** (0.287** 0.019  -0.044
(0.118) (0.123) (0.121) (0.127)
Observations 2,620 2,612 2,620 2,612
Control mean 3.37 3.37 3.08 3.09
Control SD 1.43 1.43 1.45 1.45
Trading center x Post election FEs v v

Notes: Each specification is estimated using OLS and includes individual and
period fixed effects. Observations are weighted by entropy balanced weights fol-
lowing Hainmueller and Xu (2013), where weights are constructed to balance
characteristics of VPN-using and non-VPN-using samples according to age, net-
work, gender, prior government support, prior political knowledge, and support
for democracy. Standard errors clustered by trading center are in parentheses. *
p < 0.1, ** p <0.05, *** p < 0.01.
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Table A24: Differences in beliefs over who is responsible for study

Outcome: Believe enumerators
were sent by...

...government «..NRM
(1) 2) 3) (4)
VPN x Post election 0.006 0.006  -0.003  0.001

(0.024) (0.026) (0.010) (0.010)

Observations 2,620 2,612 2,620 2,612
R? 0.56 0.60 0.52 0.56
Control outcome mean 0.10 0.09 0.02 0.02
Control outcome std. dev. 0.29 0.29 0.13 0.14
Trading center x Post election FEs v v

Notes: Each specification is estimated using OLS, and includes individual
and period fixed effects. Standard errors clustered by trading center are in
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Table A25: Differential effects of censorship experience on support for the NRM after the social

media ban
NRM support index (ICW)
()] ) 3) ) (5) (6) @) 3) ) (10)
Ban reduced access to reliable news x Post election -0.175%*%  -0.187#%*
(0.065) (0.070)
Ban reduced social interactions x Post election -0.142  -0.163*
(0.090)  (0.096)
Ban affected access to entertainment x Post election -0.063 -0.066
(0.086)  (0.090)
Ban affected purchase of goods/services x Post election -0.087 -0.075
(0.131)  (0.140)
Ban interfered with business/job x Post election 0.142% 0.079
(0.074)  (0.076)
VPN x Post election 0.2007%#* 0.206%** 0.200%#* 0.198%#s#:* 0.200%**
(0.074) (0.075) (0.075) (0.075) (0.075)
Observations 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612 2,620 2,612
R? 0.62 0.67 0.62 0.66 0.62 0.66 0.62 0.66 0.62 0.66
Ban variable mean 0.58 0.58 0.78 0.78 0.18 0.18 0.10 0.10 0.40 0.40
Trading center x Post election FEs v v v v v

Notes: Each specification is estimated using OLS, and includes individual and period fixed effects. Standard errors clustered by trading center are in
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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