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This paper studies how social media affects the dynamics of protests and strikes
in China during 2009-2017. Based on 13.2 billion microblog posts, we use tweets and
retweets to measure social media communication across cities and exploit its rapid
expansion for identification. We find that, despite strict government censorship, Chi-
nese social media has a sizeable effect on the geographical spread of protests and
strikes. Furthermore, social media communication considerably expands the scope of
protests by spreading events across different causes (e.g., from anticorruption protests
to environmental protests) and dramatically increases the probability of far-reaching
protest waves with simultaneous events occurring in many cities. These effects arise
even though Chinese social media barely circulates content that explicitly helps orga-
nize protests.
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1. INTRODUCTION

RECENT STUDIES show that communication through social media is powerful in organiz-
ing grassroots protests (Tucker, Nagler, Mac Duffee Metzger, Barbera, Penfold-Brown,
and Bonneau (2016), Steinert-Threlkeld (2017), Acemoglu, Hassan, and Tahoun (2018);
Enikolopov, Makarin, and Petrova (2010); Fergusson and Molina (2020)). However, it
remains an open question whether this extends to a more strictly controlled media envi-
ronment. Answering this question is important, as an increasing number of governments
are tightening their control over social media to suppress protests (Howard (2011), Wool-
ley and Howard (2019)).

In this paper, we study whether and how social media affects protests and strikes in
China, the world’s largest nondemocratic country, which is known for its extensive media
censorship. In China, protests of limited scale and scope are allowed (e.g., Cai (2008);
Lorentzen (2017)), but the regime is highly cautious of protests that may snowball into
large social movements targeting national problems and challenging the ruling party.!
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A cautionary example is Solidarity in Poland, which originated from limited demands for workers’ rights
and better economic conditions but quickly turned into pervasive resistance that proved fatal to the regime.
More recent examples involve social media. In 2013, small groups of environmentalists protested the proposed
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A key innovation of our study is the focus on the impact of social media on the dynamics
of protests and strikes; that is, how information diffusion via social media helps spread
events from one city to another, potentially leading them to evolve into substantial protest
waves. Grasping how events spread is essential to understanding the emergence of nation-
wide protest waves, and, in particular, understanding the probability of the occurrence of
very large waves of simultaneous events across many cities. To estimate the causal effect
of social media on event dynamics, we use the rapid expansion of the information network
across cities (prefectures) based on large-scale textual data from Sina Weibo (Weibo for
short)—the leading microblogging platform in China.

The first empirical question is whether information about protests and strikes circulates
on Weibo. Based on the same database used in Qin, Stromberg, and Wu (2017), we iden-
tify around 4 million microblog tweets mentioning protests or strikes during 2009-2013.
These tweets appear in bursts around real-world protests and strikes. A large proportion
of them discuss the causes of the events, such as corruption or wage arrears, and criti-
cize the government for poor policies and misbehavior. Many of the most retweeted posts
express anger toward the government and sympathy for the protesters. This type of in-
formation is largely absent from traditional Chinese media. In fact, before the advent of
social media, no other sources inform large audiences of protests and strikes in China.

To measure how information diffuses on Weibo, we take advantage of our unique data
on retweets (forward). We use retweets on topics other than protests and strikes from
one city to another within the past few months to measure information diffusion between
cities. The fact that a user retweets a message indicates that the user has seen it. Thus,
retweets are an effective measure of information diffusion (e.g., Kwak, Lee, Park, and
Moon (2010)). In a subset of 3 million initial retweets for which we have precise timing
and location information, we find that approximately 28% of the retweets occur within
one hour of the posting of the original messages, and 75% within one day. After one hour,
geographical distance plays no role in explaining who retweets a tweet. In a country as vast
and geographically dispersed as China, Weibo provides an unprecedented information
network that connects distant individuals and instantly informs a substantial share of the
Chinese population of sensitive events.

We examine how this rapidly expanding social media network affects the spread of
protests and strikes in a panel of Chinese cities during 2006-2017. Estimating the causal
effect of social media on the dynamics of real-world events is challenging. First, cities with
strong social media ties typically have strong ties through other information channels,
such as phone calls and face-to-face meetings. Second, cities with strong social media
ties tend to share similar characteristics (e.g., industry structure), and hence are likely to
be exposed to similar shocks that affect the propensity to protest and strike. These two
issues correspond to what Manski (1993) calls contextual and correlated effects, which are
endemic to network analysis.” In addition, a reflection or simultaneity problem appears if
simultaneous events are observed in several cities, and these events affect each other at
the same time.

destruction of Gezi Park in Istanbul; the protest exploded to attract millions of tweets on social media and
eventually the participation of hundreds of thousands of people in Turkey. In 2013-2014, after the Ukrainian
president Viktor Yanukovych failed to sign an agreement with the EU, opposition leaders posted calls for
protests on Twitter and Facebook. The protests then grew rapidly and spread widely, eventually culminating in
the ouster of Yanukovych.

2Proposed solutions include exploiting the network structure to identify instruments (e.g., Bramoullé, Djeb-
bari, and Fortin (2009)), using instruments that are uncorrelated with the error terms and the network (e.g.,
Acemoglu, Garcia-Jimeno, and Robinson (2015); Konig et al. (2017)), matching (Aral, Muchnik, and Sun-
dararajan (2009)), and explicit randomization (e.g., Bakshy, Rosenn, Marlow, and Adamicet (2012)).
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We address these problems using the time-series dimension in our panel data. First, we
measure the correlated and contextual effects in the pre-Weibo period (when the Weibo
network did not exist) and partial them out when estimating the effect of the social media
network in the post-Weibo period. Second, our panel structure helps mitigate the simul-
taneity problem. In a cross-sectional network setting, all events are simultaneous, which
makes the reflection problem more acute. In a panel network setting, some events are
predetermined and cannot be affected by later events. We use high-frequency daily data
with accurate information on which events come first.

The main findings of our empirical analysis are as follows. First, information diffusion
on Weibo creates a strong ripple effect that rapidly spreads protests and strikes across
cities. We estimate that, because of Weibo, the occurrence of a protest in one city in-
creases the probability of a protest taking place within two days in any of the other cities
by 17%. Relative to the mean event probability, the estimated effect amounts to a 34%
increase for protests and a 21% increase for strikes. These results are robust to the use
of student mobility across cities as an instrumental variable (IV) for social media connec-
tions and are immune to the consideration that social media may increase event observ-
ability.

Second, information on Weibo increases the scope of protests and strikes. Not surpris-
ingly, we find that the spread of events is predominantly narrow in scope, in the sense that
protests spread to other protests concerning the same cause and strikes spread to other
strikes in the same industry. However, Weibo also induces a significant, albeit smaller, ef-
fect on event spread across categories. Although the spreading effect per event is smaller,
the aggregate effect of such cross-category spread is greater than within-category spread
because the number of events across all of the categories is much larger than within the
same category. This finding suggests that Chinese social media helps connect protesters
with different goals, which facilitates the formation of substantial protest waves.

Third, Weibo escalates the probability of very large protest waves. We measure the
size of a protest wave by the number of cities experiencing protests within the same week.
Immediately before the introduction of Weibo in 2009, the largest wave of protests affects
cities comprising approximately 4% of China’s population. This corresponds roughly to
the population share of the two largest Chinese cities combined. We estimate that without
Weibo, the share of the affected population would have increased to 6% by 2013, whereas
with Weibo, it would rise to nearly 15%, only slightly below the share in reality. This large
effect is driven by the strong information connections that social media creates between
China’s large and distant cities. In addition, by amplifying the feedback from one event to
another, social media increases not only the mean but also the variance of the wave size,
and hence the likelihood of extreme event waves. We estimate that, in 2013, there is a 5%
probability of event waves affecting cities containing 22% or more of China’s population.

Finally, we find that purging social media of content that explicitly helps organize events
does not mute its effect on collective action. By far, the most direct explanation (and the
one most emphasized in the literature) for social media’s influence on protests is that
it provides a platform for disseminating logistics information (e.g., where and when to
meet) and organizing events. For instance, Enikolopov et al. (2010) report that two-thirds
of the Russian cities in their sample have social media communities created to organize
protest demonstrations. Similar content is found in studies of protests during the Arab
Spring and in Turkey and Ukraine (Tucker et al. (2016), Steinert-Threlkeld (2017)). How-
ever, because of strict government censorship, this type of content is scarce on Chinese
social media. Instead, most Weibo tweets about protests and strikes report what causes
the event, coupled with emotional reactions.
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This type of content can spread events for several reasons. For example, information
about an event may indicate the opening of a “window of opportunity” in which protests
and strikes are allowed without substantial political risks (Zhou (1993), Weiss (2013),
Truex (2019)). Such a window may also open if simultaneous protests across several cities
increase the likelihood of obtaining concessions or reduces the risk of punishment (e.g.,
Granovetter (1978), Edmond (2013), Little (2016), Barbera and Jackson (2020)). An-
other explanation is that protesters are motivated purely by emotions (e.g., Jasper (2008),
Passarelli and Tabellini (2017)), which rapidly spread across regions through social media
(e.g., Kramer, Guillory, and Hancock (2014)).

Overall, our findings demonstrate that although social media coverage of protests and
strikes provides useful information for government surveillance (Qin, Stromberg, and Wu
(2017)), it also spreads protests and strikes across cities and escalates isolated events
into far-reaching waves. Strategic censorship that deletes content useful for organizing
protests while retaining information that helps identify social problems and gauge public
sentiment cannot prevent protests and strikes from spreading. This points to a funda-
mental trade-off in autocracies between eliciting information from the bottom up and
containing antigovernment collection action.

This paper contributes to the emerging literature on how information and communica-
tion technology affects collective action and regime changes in nondemocratic countries.
A number of papers examine the political effects of the expansion of communication
infrastructure, notably high-speed internet or mobile phone networks (e.g., Christensen
and Garfias (2018), Manacorda and Tesei (2020); Guriev, Melnikov, and Zhuravskaya
(2021)). A few studies aim to identify the causal effects of social media on protests (Zhu-
ravskaya, Petrova, and Enikolopov (2020)). In particular, Enikolopov et al. (2010) show
that penetration of the dominant Russian online social network leads to protests against
election fraud in Russia. Fergusson and Molina (2020) find that Facebook has a positive
effect on collective action on a global scale. Together with other research (e.g., Tucker
et al. (2016), Steinert-Threlkeld (2017); Acemoglu, Hassan, and Tahoun (2018)), these
studies highlight the role of social media in organizing events, as they find extensive social
media content containing information on where and when to meet and how to act.

Our paper advances this literature in several ways. First, we study how social media
affects political collective action in China, which is a considerably more strictly controlled
environment than those previously studied. Second, we focus on the dynamic interaction
between geographically dispersed protests. This dynamic interaction is key to understand-
ing whether local protests turn into widespread social movements that have important
consequences for an authoritarian regime, as emphasized in the theoretical literature on
nondemocratic politics.> Finally, our examination of various mechanisms furthers the un-
derstanding of the role of social media in collective action (e.g., Cantoni, Yang, Yuchtman,
and Zhang (2019), Bursztyn, Cantoni, Yang, Yuchtman, and Zhang (2021)).

Our paper also relates to the theoretical literature on protests, government policy, and
regime change (e.g., Lohmann (1993), Battaglini (2017)), and in particular Barbera and
Jackson (2020) who argue that social media helps coordinate uprisings. Our findings sug-
gest that accounting for endogenous censorship of social media, where the regime trades

31n their survey of the theory of nondemocratic politics, Gehlbach, Sonin, and Svolik (2016) note: “A number
of models examine the dynamics of collective action in antiregime protests and the means by which dictators
can prevent their success. An important intuition in the study of protest and revolutions concerns cascades:
the possibility that a protest today spurs more protests tomorrow by revealing information about the degree of
popular support for the regime.”.
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off the benefits and costs of information control (e.g., Egorov, Guriev, and Sonin (2009);
Lorentzen (2014)), would be an valuable extension of these models.

Finally, our paper contributes to the literature on media control strategies in nondemo-
cratic countries. Several studies take the revealed-preference approach and infer author-
itarian governments’ goals from their observed strategy of social media censorship (e.g.,
King, Pan, and Roberts (2013, 2014); Qin, Strémberg, and Wu (2017)). We extend this
line of research by examining the effect of social media on real-world events after the im-
position of censorship, from which we infer that there is an unavoidable trade-off between
the regime’s dual goals of collecting information and suppressing dissent.

The remainder of this paper proceeds as follows. Section 2 describes the institutional
background. Section 3 describes the data and provides descriptive statistics. Section 4
explains the empirical specification. Section 5 presents the main results, and Section 6
discusses their implications. Section 7 discusses censorship and mechanisms. Section 8
concludes. Details about econometric formulation, the Monte Carlo simulations used to
assess potential biases, and investigation of censorship are relegated to the Supplemental
Appendix (Qin, Stromberg and Wu (2024)).

2. BACKGROUND
2.1. Social Media in China

Social media in China today is as vibrant and extensive as in any Western country.
Our study focuses on the early period of rapid social media expansion in China during
2009-2013. Because the Chinese government blocked Twitter and Facebook and strictly
controlled domestic microblogging services, the use of social media was limited until Sina
Weibo appeared in August 2009. A hybrid of Twitter and Facebook, Weibo allows users
to tweet and retweet short messages with embedded pictures or videos, send private mes-
sages, and write comments. Between 2009 and 2012, Weibo use increased exponentially.
By 2010, Weibo had 50 million registered users, and this number doubled in 2011, reach-
ing a peak of over 500 million at the end of 2012 (China Internet Network Informa-
tion Center (2014)). Weibo adoption was faster in some areas, notably, those with high
preexisting levels of mobile phone use. During our main sample period, Weibo was the
dominant microblogging platform in China. Since then, it has lost ground to WeChat, a
cellphone-based social networking service, but it remains an influential platform for pub-
lic communication.

The popularity of social media in China is coupled with extreme government control.
Early in our sample period, China was ranked by Freedom House as among the countries
with exceptionally low internet freedom, surpassed only by Iran, Myanmar, and Cuba.
After 2013, media control was further tightened, and since 2015, China has been ranked
as possessing the lowest internet freedom in the world.* Although censorship is pervasive,
it is far from complete even on very sensitive topics such as protests and strikes, likely
because of the Chinese government’s intention to gather information from social media
(Qin, Stromberg, and Wu (2017)). We discuss censorship in detail in Section 7.

2.2. Protests and Strikes

Although a lack of opportunities to protest is a hallmark of authoritarian regimes, there
have been numerous instances of collective resistance in China in the last two decades.

*https://freedomhouse.org/report/freedom-net.
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The Chinese government’s response to protests is multifaceted. Protests are often met
with violent repression, and their leaders are taken into custody (Lorentzen (2017)). Even
if some protest demands are accommodated, organizers and active participants risk losing
their jobs and being arrested or placed under close watch. At the same time, concessions
are frequent; protests viewed as sufficiently innocuous are even ignored (Lee and Zhang
(2013)). As numerous public statements by top Chinese Communist Party (CCP) leaders
make clear, the Chinese central government requires local officials to handle collective
action events strategically rather than simply suppressing all such events with police force
(Steinhardt (2017)). For instance, in many anti-corruption protests, high-ranking CCP
officials were eventually sent to converse with protesters to reestablish the public’s trust
in the government.

In China, strikes are often triggered by firms’ violations of labor laws, such as wage
arrears and illegal work conditions. Due to weak law enforcement and inadequate gov-
ernment intervention, strikes are often the most effective way for workers to claim their
rights and express their disapproval. In this sense, strikes are similar to protests, and it
is not surprising that many strikes are associated with protest activities. Government re-
actions to strikes range from repressive acts (e.g., police arrests) to mediation to conces-
sions. The Chinese government does not regard strikes as politically sensitive unless they
escalate into violent events that lead to social unrest.

There are several reasons for the Chinese regime’s relative tolerance of protests and
strikes. First, China is large and diverse, and most political and policy decisions are de-
centralized to local governments. Protests are a costly, and hence credible way for citizens
to communicate their concerns, which may help the regime identify and correct policy
oversights, gauge public sentiment, and monitor local officials (Lorentzen (2017)). Sec-
ond, the absolute suppression of collective action may generate distrust and undermine
the legitimacy of the regime. Finally, some collective actions such as strikes may improve
welfare and even enhance productivity if they result in better working conditions (O’brien
and Li (2006); Cai (2010)).

As long as protests remain within a restricted scope and location, they pose little threat
to the regime. The regime is only threatened when local protests evolve into larger po-
litical action and social movements that shift the focus from local to national policies
and leaders, thereby diminishing the legitimacy of the regime and trust in the CCP (Cai
(2008)).

3. DATA

We assemble a unique data set combining detailed information on thousands of collec-
tive action events from 2006 to 2017 together with posts published on Sina Weibo from
2009 to 2013. Data on protests and strikes in China are not available from any official
sources, and media coverage of such events in mainland China is rather limited. Hence,
we collect data from sources outside mainland China. Below, we explain how we collect
the data and provide a description of our data set.

3.1. Protests

The data on protests are collected from the website of Radio Free Asia (RFA), a pri-
vate nonprofit broadcasting corporation based in Washington D.C. We obtain relevant
information from the Chinese version of the website, which is widely used by Chinese
news portals outside mainland China. The news reported on the RFA website comes from
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REA’s correspondents, from media outlets in mainland China, Hong Kong, and Taiwan,
and from Western media outlets, such as the New York Times and BBC. One advantage
of using RFA as the information source is that it hires correspondents on the ground to
verify the authenticity of information. To the best of our knowledge, the RFA website is
the most reliable and well-structured data source for protest events in mainland China.’
We searched for keywords related to “protest” and “demonstration” (in Chinese) on the
RFA website and downloaded the relevant news reports. Several research assistants were
hired to verify the news source and purge duplicate information. Next, they extracted rel-
evant information from each report and coded the date, location, cause, and size (number
of participants) of each event.

The resulting data set contains 1172 protests between July 2006 and December 2013,
which is the focal period of our main analysis, and 1603 protests between 2014 and 2017.
We plot these protests by size and cause in Fig. 1. More than four out of every five protests
in our sample concern the government (government policy or corruption, police and
courts, and housing and land reforms) or livelihood issues (employment, environment,
and health). Although many of the events are small and confined to certain localities,
some of them are large-scale and widespread. For instance, an event widely reported
by Western media is the 2011 Wukan protest, when thousands of villagers in a village
in Guangdong protested against the corruption of local officials. The event led to direct
confrontation between the villagers and local officials, violent conflicts between protesters
and police, and demonstrations in multiple cities in support of the villagers.

These protests span 290 cities, accounting for 85% of all cities in China. Figure A1 plots
the number of protests across cities. Around one-fifth of all locations experience more
than 10 events during our sample period, with Beijing being an outlier (234 protests).

3.2. Strikes

We collect data on strikes mostly from the China Labor Bulletin (CLB), a nongovern-
mental organization based in Hong Kong that supports the development of trade unions
in China. The CLB has collected data on strikes in mainland China since 2007. From
2011 onward, this data set is electronically available and contains detailed information on
the timing, location, employers involved, industry, scale, worker action, and government
responses for each event. For earlier strikes, we extract similar information from the an-
nual reports published by CLB and supplement them with data from Boxun, a US-based
political news website in Chinese.

The CLB draws on information from overseas Chinese media outlets, labor movement
activists in China, and internet searches including social media. An important source for
the 2013-2016 period is Wickedonna, a mass event tracking blog that searched Weibo and
other Chinese social media platforms.

Our data set contains 1558 strikes during 2007-2013 and 7967 strikes during 2014-2017.
As shown in Fig. 1, strikes occur in a wide range of economic sectors, with a concentration

>One potential data source of protests is the GDELT project, which contains information on massive events
collected from the world’s news media. However, we find the data related to China extremely noisy. Another
data source of protests is the Mass Incident Data set constructed by the Chinese Academy of Social Sciences
(e.g., Miao, Ponticelli, and Shao (2021)). But this data set relies on media outlets in mainland China and
covers only events with more than 100 participants. Recently, some researchers have applied machine-learning
methods to Chinese social media data to collect collective action events (e.g., Zhang and Pan (2019)). However,
these data lack event specifics and are difficult to verify. Moreover, this method is likely to overestimate the
number of events due to repeated counting of the same event that was discussed by users in different locations.
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FIGURE 1.—Events by size and cause.

in the manufacturing and transportation industries until 2013 and then a shift away from
transportation and toward the construction industry. The most common cause of strikes is
demands for payment of wage arrears. Geographically, these strikes cover 324 cities, ap-
proximately 95% of all cities in China. The developed coastal areas are overrepresented,
notably Guangdong, Jiangsu, and Shandong, but a significant number of strikes occur in
some inland areas. See Figure Al for the distribution of strikes across cities.

3.3. Social Media

Our social media data come from a database including 13.2 billion Weibo posts pub-
lished from 2009 to 2013. The database was created by Weibook Corp, which conducted
a massive data collection project of downloading blogposts from more than 200 million
active users. They categorized users into six tiers based on the number of followers. They
downloaded the microblogs of the top tier users at least daily, the second and third tiers
every 2-3 days, and the lowest tier on a weekly basis. For each post, the data provide the
content, posting time, and (self-reported) user location. According to our estimates, the
Weibook data set contains approximately 95% of the total posts published on Weibo be-
fore 2012 when we have an alternative measure of the total post volume (Qin, Strdmberg,
and Wu (2017)).

From the Weibook database, we obtain two data sets. The first one contains the aggre-
gate information on the number of posts per city and month, based on the entire 13.2
billion posts available. We use this aggregate measure, labeled as Weibo penetration, to
capture how the popularity of Weibo changes over time and across cities.
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The second data set contains posts that mention any of approximately 5000 keywords
related to various social and political topics.® This data set comprises 202 million origi-
nal posts and 133 million first retweets of them. We only have the direct retweets of the
original posts, not the retweets of the initial retweets. For each original post and initial
retweet, we obtain the text and information on the posting time, number of retweets, and
author location. We use this data set to construct a network of social media information
flows across cities and measure its expansion over time. We also use posts referencing
protests and strikes to examine how information about protests and strikes diffuses on
social media.

Figure 2 depicts the total numbers of protests and strikes per month along with
Weibo use per month. Clearly, there is a positive correlation between the incidence of
protests/strikes and Weibo penetration over time. The number of strikes per month is
approximately six in the 2007-2010 period and it increases sharply to over 52 in 2013.
The pattern for protests is similar, with around three protests per month until 2010, fol-
lowed by a rapid increase to around 54 in 2013. The green triangles indicate the number
of Weibo posts per capita, which increases significantly after the start of 2010. This trend
of increasing protests and strikes has not gone unnoticed. It is commented on in numer-
ous news sources including the BBC, CNN, The New York Times, and The Washington
Post.” Of course, the positive relationship between social media and events may not be
causal. The increase in strikes could be driven by other factors, such as a slowdown in
Chinese exports (Campante, Chor, and Li (2023)) and by increased observability of the
events through social media.

3.4. Information Diffusion

Twweeting on Protests and Strikes As described in Qin, Stromberg, and Wu (2017), there
is extensive coverage of protests and strikes on Weibo. From the data set of original posts,
we find 2.5 million posts containing keywords related to protests and 1.3 million posts
containing keywords related to strikes. To characterize these posts, we inspect the content
of a random sample of 1000 posts in each category. Around 30% of the posts are indeed
about protests and strikes.

These tweets appear in bursts in the cities where strikes and protests take place, starting
from the day before the event, peaking at the day of the event, and remaining high the
following several days. For example, the average number of posts in a city mentioning
protests increases from 4.4 on an average day to 62.6 on days of protests in this city, while
the number of strike tweets jumps from an average of 2.5 per day to 167.3 on strike days
(Qin, Stromberg, and Wu (2017)).

Retweets and Information Diffusion We find that the tweets mentioning protests and
strikes indeed reach many other users. As mentioned before, retweets are an effective
measure of information diffusion (e.g., Kwak et al. (2010)). Our tweet data contains a
variable measuring the total number of times each tweet is retweeted. According to this
variable, the 3.8 million protest and strike posts generate 37 million retweets, amounting

®Details on our selection of keywords and extraction of posts can be found in Qin, Stromberg, and Wu
(2017).

7“Can China keep its workers happy as strikes and protests rise?,” Mukul Devichand, BBC, December
15, 2011; “China on strike,” James Griffiths, CNN, March 30, 2016; “Strikes by Taxi Drivers Spread Across
China,” Andrew Jacobs, NYT, January 14, 2015; “Strikes and workers protests multiply in China, testing party
authority,” Simon Denyer, Washington Post, February 25, 2016.
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FIGURE 2.—Monthly number of events and number of Weibo posts per capita over time.

to an average of 10 retweets per original post. Conditional on being retweeted at least
once, there are on average 50 retweets per strike post and 100 retweets per protest post.

To investigate how information in these tweets diffuses, we exploit the 3 million direct
retweets of the protest and strike posts for which we have information on the time of the
retweet and the user’s location; see Figure A2. As shown in the left panel, for posts about
protests and strikes, approximately 28% of the retweets occur within one hour of publi-
cation of the original posts, and 75% within one day. The right panel shows that retweets
within the first hour are more likely to be geographically close. After that, distance plays
no role: the average distance between the user who posts the original post and the user
who retweets it is the same as the average distance between Weibo users. In general, in-
formation about protests and strikes on social media disperses rapidly and widely across
China.

Documenting the rapid and wide spread of protest and strike information is important
in its own right. Even if protests and strikes are only local, the accumulation of widespread
information about them could be detrimental to the legitimacy of the regime. Neverthe-
less, posting and retweeting of such information is permitted.

Social Media Information Network We use retweets across all topics, except protests
and strikes, to construct a time-varying social media information network, through which
information flows across cities. We use the number of posts from users in city i that are
retweeted by users in city j as a proxy for the flow of information from city i to city j
through the Weibo network. A post from city i being retweeted in city j implies that
someone in city j has seen it and decided to retweet it. Of course, many others in city j may
see the post without retweeting it. Therefore, our retweeting measure is a conservative
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measure of information spread.® In summary, the information network is built on the 133
million first retweets across all topics excluding the 3 million retweets of the protest or
strike posts.

3.5. An Example

In Guangzhou, Guangdong, a male worker wearing a bomb vest staged a protest against
wage arrears in a company in the afternoon of January 18, 2013. Later, he detonated the
bomb, killing one person and severely injuring seven people including himself. Immedi-
ately after the tragedy, many Weibo posts, including some from direct witnesses, described
and commented on the event. We identify 374 posts mentioning our protest-related key-
words on that day from Guangzhou, 261 of them indeed talking about this event. These
posts were first retweeted by Weibo users in nine cities closely connected to Guangzhou
according to our retweet-based measure.’ Most retweets express sympathy for the worker,
condemn employers who default on wages, and decry the local government for disregard-
ing citizens’ rights and condoning wage arrears.

Among the nine cities that first retweeted posts about the event, three experienced
protests in the subsequent two days. In Shanghai, thousands of workers from a Sino-
Japan joint venture protested the unfair new labor rules, detaining 18 senior managers,
and the situation lasted until policemen stormed the factory two days later. In Shenzhen,
hundreds of people took to the street, protesting the construction of a heavily pollut-
ing LCD factory in their neighborhood. In Shanwei, thousands of villagers protested in
front of the city government, demanding the return of lands taken by the government
without appropriate compensation. These protests occurred at the same time in different
provinces. Although targeting different causes, they all involved people who had suffered
enough and protested against perceived injustices. It is possible that the later protests
were inspired by the earlier ones, but there is no direct evidence of explicit organization
or coordination across events.

Our empirical task is to investigate whether such episodes are isolated random incidents
or part of a large-scale systematic pattern. Specifically, do strikes and protests spread
more after the expansion of Weibo use and across cities that are closely connected through
Weibo?

4. SPECIFICATION

We analyze whether information diffusion on Sina Weibo affects the spread of protests
and strikes across Chinese cities using a panel of N cities at daily frequency, ¢. Because the
specification is the same for both types of events, we use protests for illustration. Let y;
be a dummy variable indicating the occurrence of a protest. Suppose that the probability
of a protest in city i on day ¢, Pr(y; ), depends on the number of people who are informed
about protests y;_; in another city j at time ¢ — 1. Let f;; be the number of people in
city i who typically read tweets posted by users in city j. On days when there is no protest
in city j, there is nothing to learn. Thus, the number of people in city i who learn about

8A less conservative measure is to use followers because many followers will not read each blog post. A
widely cited study on Twitter (Kwak et al. (2010)) probes whether the number of followers or the number of
retweets is a better measure of influence and settles on retweets.

Controlling for city and time fixed effects, the ranking percentile of the retweets between these cities and
Guangzhou are 1.19% (Shanwei), 2.3% (Shenzhen), 4.36% (Wuhan), 5.03% (Shanghai), 5.3% (Hangzhou),
5.77% (Chengdu), 6.25% (Xi’an), 6.98% (Zhengzhou), and 8.62% (Qingdao).
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protests in city j can be represented by f;;y;,—1. Under the assumption of linearly additive
effects, the reading of protest tweets (and hence the potential spread of events to city (i)

is increasing in

Z fijtyjz—l .

i#]
This is a model of event spread through the social media network, as measured by f;;.

We use two measures of social media connections between city pairs: one time-varying
and the other time-constant. The time-varying measure, f;;, is the logarithm of 1 plus the
number of retweets by users in city i of posts from users in city j on all subjects except
protests and strikes in the prior six months up to one week before day ¢.!° We normalize
the f;; matrix so that the average sum of all elements in a row of a weighting matrix is
one. Then we define
Sit—1 = Z fijtyjt—l

i#]
to capture the time-varying diffusion of information on protests through social media.
The time-invariant measure, f;;, captures the average social media connectedness (f;;)
between cities i and j in the post-Weibo period. Then our measure of protest diffusion
through social media is
Sit—1 = Zfijyjt—l-

i)
The f; matrix is normalized so that a marginal change in §;,_, is associated with a marginal
change in s;,_; of the same size. Therefore, the estimated coefficients of the above two
measures are comparable with each other.

As we later show, these two measures exploit different variations that lead to two com-
plementary econometric models. The benefit of the time-varying measure is that it pro-
vides an accurate measure of the actual social media connections between cities at each
point in time. Thus, it uses the exact timing of the expanding social media network to
identify effects. In contrast, the time-invariant measure allows us to better spell out the
identification assumptions and investigate the spread due to the pre-Weibo correlated and
contextual effects between cities that eventually become connected in the post-Weibo pe-
riod. An additional advantage is that we can examine the effect of social media after 2013,
when Weibo data are not available but a large number of events are added to our data, un-
der the reasonable assumption that the average number of retweets between cities during
2009-2013 is a good proxy for the average number of retweets during 2014-2017."

4.1. Time-Varying Measure of Connections

When using the time-varying measure of social media connections, f;;;, we estimate the
model

Yie = Vi1 + BSi—1 + ydi—1 + Oowi + 0'x;, + 8, + 6, + €4, (1)

0Using cumulative retweets in a 4-month window produces qualitatively similar results. Although we have
millions of retweets, some averaging over time is necessary because we estimate over 90,000 city-pair connec-
tions. A longer time window increases accuracy but reduces the time variation in connectedness across cities.

'Weibo passed its rapid expansion phase in 2012 and stabilized in 2013. We show that a regression of the
number of retweets between cities during the past six months before the last day of 2013 on the same variable
before the last day of 2011 yields an R? of 0.96.
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where y; is a binary event dummy and s;,_, is defined as above with y;,_; being the number
of events in city j within two days before ¢. The variable d;_; captures the spread to
geographically close cites and is defined as

di_1 = Z dijyjt—la

i#]

where d;; is the inverse of the geographic distance between cities i and j. We include
Weibo penetration, w;,, because social media may directly affect the incidence of protests.
Practically, w;, is the logarithm of 1 plus the number of Weibo posts, excluding protests-
and strike-related posts, per capita based on the aforementioned 13.2 billion posts in
the Weibook data set. Note that w; is measured by the total number of Weibo posts,
most of which concern nonsensitive personal communication, and thus this number is only
marginally affected by posting on protests and strikes or by censorship. We add another
set of controls, x;, including the total number of retweets by users in city i (D _, ” fijt), the
logarithm of population, GDP, the shares of the industrial and tertiary sectors, and the
number of cell-phone users.!> We also include an autoregressive term y;,_; as well as time
and city fixed effects, §, and §;, respectively. We estimate this model for the period up to
the end of 2013, during which the measure f;;, is available. In a robustness specification,
we allow for an arbitrary time-invariant heterogeneity c¢; in event spread across city pairs
by adding the following set of interaction terms:

E CijYjt-1-

i#]

These variables control for any time-invariant spurious correlations between y;, and y;,_;
(e.g., due to correlated or contextual effects). However, adding a large set of N(N — 1)
controls in a very demanding specification may remove some useful information.

4.2. Time-Constant Connections

When using our time-constant measure of connections, we divide the data into three
periods: period 0 is the pre-Weibo years (2006-2009); period 1 is the first post-Weibo
period (2010-2013) for which we have Weibo data, and period 2 is the second post-Weibo
period (2014-2017) for which we do not have Weibo data. We estimate the following
model:

Yie =Py + BFSy—1 +yPdy—1 + owi + 0'x; + 8, + 6, + €44, (2)

where the variables are defined as above. What is new is that we allow coefficients on y;,_y,
Si—1, di1, and the intercept to differ across the three periods, as indicated by the super-
script p. As shown in Supplemental Appendix A.1, the above equation can be derived as
a generalization of a fully saturated triple-difference estimator, in which the treatment is
(lagged) event shocks in informationally connected cities in the post-Weibo period.

Now, we discuss the identification assumptions; see Supplemental Appendix A.1 for
more details. Let y, 1 = (V1,-1, Y21, - - - » Yne—1) be the N x 1 vector of lagged y’s. We define
F and D to be N x N matrices with elements f; and d;;, respectively. We assume that

E[sit |yt713D7F’ 8i1}78t7 witaxil]zo' (3)

2These data on city-level characteristics are obtained from the Chinese City Statistics Yearbooks.
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Hence, the F' matrix of social media connections is assumed to be conditionally exoge-
nous, after conditioning on the other included variables, notably, the city-by-period fixed
effects. This specification allows for the probability of a protest in city i to be higher in
more connected cities in the pre-Weibo period (8,) and differentially so in the post-Weibo
period (6;1). By including these terms, we allow the network to be endogenous to the av-
erage protest probability in city i in each period. For example, cities that are more central
in the network can be more prone to protests.

Note that spurious correlations may be caused by unobserved shocks that are correlated
with the network and that arise from endogenous sorting or a common environment. This
is the problem of correlated effects. The correlations may also be driven by the charac-
teristics of connected cities, which is the problem of confextual effects. To address these
issues, we allow protests in city i to be more likely after a protest occurs in an eventually
connected city j with or without Weibo. Specifically, we measure the correlated and con-
textual effects in the pre-Weibo period by the estimate of 8° and partial them out when
estimating the network effects in the post-Weibo period.

The parameter of interest is 8 = B! — B°, which captures the effect of the social media
network on the spread of events. It is positive if the spread of protests increases more
across the connected cities than across the nonconnected cities in the post-Weibo period.
The identification of this parameter requires a parallel-trend assumption: the difference
in the outcome on days with and without a protest in city j would have had the same
trend across the pre-Weibo and post-Weibo periods in the connected and nonconnected
cities, had it not been for the expansion of the social media network. Such an identifying
assumption cannot be tested directly, but we can examine the pretrends by separately
estimating coefficients 8° on §;,_; at a biannual frequency (indexed by b) in the pre-Weibo
period.

4.3. Econometric Issues

In addition to the aforementioned correlated and contextual effects, several economet-
ric challenges remain. First, a reflection (or simultaneity) problem would appear if events
in city i simultaneously affect events in city j, which in turn affect events in city i, and
so on and so forth in an infinite loop. This problem is more severe in the typical cross-
sectional network analysis, where all events are simultaneous. It is less severe in our panel
data setting, where some events are predetermined. In addition, we can measure protest
shocks at a daily frequency and assign the temporal ordering of events. It is possible that
we sometimes measure the event date with error, and hence assign an incorrect temporal
ordering. This measurement error might lead to attenuation bias. By design, our specifi-
cation does not capture the spread of events within the same day. Event spread within the
same day is likely to be limited, because it takes time to organize a protest. To the extent
that this happens, our estimates will capture the total “reduced-form” effect, including
any potential spread within the same day.

Second, logistic and probit models are prone to bias with rare events data (King and
Zeng (2001)) and do not work well for panel data with a large set of fixed effects. Thus,
we estimate a linear probability model, which is immune to these problems."* Third, we
check whether the estimated process is stationary, as discussed in Supplemental Appendix
A.2.1. Fourth, consistency requires no serial autocorrelation of errors. We test for serial

BThe outcomes from probit models are reported in Supplemental Appendix Table A7.
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autocorrelation in the first-differenced residuals. Fifth, the error term in (1) may be cor-
related across both time and spatial units. We use two-way clustering of errors in the
temporal and spatial dimensions to address this.!*

Finally, our model includes location fixed effects and lagged dependent variables. In
general, the estimates in this type of model are inconsistent, resulting in a so-called “Nick-
ell bias” when T is fixed (e.g., Nickell (1981); Arellano (2003); Baltagi (2008), Hsiao
(2014)). In our model, T is large, and the bias is likely to be small. Using Monte Carlo
simulations, we show that the bias is indeed negligible in Supplemental Appendix A.2.2.1°
Another potential issue for the specification allowing for time-invariant heterogeneity is
that the autocorrelation test that we use may not be well suited; see Supplemental Ap-
pendix A.2.2 for a detailed discussion.

5. MAIN RESULTS
5.1. Time-Varying Measure of Connections

We estimate Equation (1) using the sample period until the end of 2013 (i.e., periods 0
and 1 in our three-period division). Table I reports the regression results: the first three
columns for protests and the last three for strikes. Table A1 reports the summary statistics
of the key variables.

The estimated coefficient B is positive and statistically significant across specifications.
The magnitude is barely affected by the inclusion of controls. Columns (3) and (6) allow
for arbitrary time-invariant heterogeneity in event spread across cities as described above.
This increases the estimated coefficient by 0.04 for protests and decreases it by 0.013 for
strikes, but neither of these changes is statistically significant.

The estimate in column (2) implies that a protest in a given city in the last two days
increases the expected number of cities with protest incidence by 0.17, whereas the corre-
sponding number for strikes, based on the estimate in column (5), is 0.12. Relative to the
mean event probability, the estimates in Table I imply increases of 34% for protests and
21% for strikes.'®

The estimate of y (the effect of geographical proximity) is positive and statistically sig-
nificant for strikes, but not for protests. This suggests that strikes spread to nearby cities
but protests do not. The magnitude of the spread effect through geographical connections
is similar to that driven through social media. Note that the coefficients of both geographic
spread and within-city spread are not identified in columns (3) and (6), because the ad-
ditional controls absorb all time-invariant spread across locations. The total number of
retweets and Weibo penetration are both positively correlated with event incidence.

A common approach in a cross-sectional network analysis model is to compute standard errors corrected
for spatial correlation using the Conley (1999) adjustment, adapted to the network structure. Studies using
panel data with time-invariant networks, such as Konig, Rohner, Thoenig, and Zilibotti (2017), typically use
the Conley approach to correct for spatial correlation within each time unit. Our approach is more conservative
than this because we allow for arbitrary spatial correlations within each unit of time.

I5If the bias were large, one could try to address this issue by adapting the generalized method of moments
(GMM) estimators proposed in Arellano and Bond (1991) and Blundell and Bond (1998) to our setting with
a dynamic spatial panel. However, instrumenting rare events in a setting like ours with lagged differences and
levels is likely to perform poorly.

16 As shown in Table Al, the mean of protest incidence is 0.002, and there are 247 cities other than the one
where the first protest takes place. Thus, the effect is 0.17/(247 % 0.002) = 0.344. For strikes, the corresponding
number is 0.12/(281 % 0.002) = 0.214.
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TABLE I
EFFECTS OF SOCIAL MEDIA ON EVENT SPREAD: TIME-VARYING MEASURE OF CONNECTIONS.

(1) ) 3) “ ) )
Variables Protest Protest Protest Strike Strike Strike
Social-media spread () 0.170 0.169 0.209 0.122 0.120 0.107
(0.044) (0.043) (0.060) (0.026) (0.025) (0.038)
Geo-distance spread (y) —0.031 —0.030 0.143 0.137
(0.037) (0.036) (0.058) (0.055)
Number events 1-2 days prior (a) 0.015 0.015 0.030 0.030
(0.007) (0.007) (0.007) (0.006)
Total number retweets 0.002 0.002 0.003 0.002 0.002 0.002
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Weibo posts 0.006 0.006 0.004 0.010 0.009 0.007
(0.002) (0.002) (0.002) (0.004) (0.003) (0.003)
Controls No Yes Yes No Yes Yes
Observations 670,996 670,996 670,996 713,702 713,702 713,702
R-squared 0.017 0.017 0.220 0.027 0.027 0.239
QPtest 0.05 0.13 0.14 0.34

Note: Results are obtained from a linear regression of an event dummy. The unit of observation is city by date. The regression
includes city- and date-fixed effects. Controls include population, GDP, shares of the industrial and tertiary sectors in GDP, and the
number of cell-phone users. Columns (3) and (6) allow for arbitrary time-invariant heterogeneity in the spread across city pairs. In
this specification, the variables capturing geo-distance spread and the number of events 1-2 days prior are collinear with the fixed
effects and are dropped. The QP statistic reports the p-value of the test for serial correlation in fixed-effects models. Standard errors
are two-way clustered by date and city.

5.2. Time-Constant Measure of Connections

With the time-constant measure of social media connections, we extend the sample
duration to 2017, including all three periods. Specifically, we estimate Equation (2) in a
panel of cities with at least one protest or strike for the respective outcomes.

Table II presents the results. Columns (1) and (2) report the OLS estimates for protests,
and columns (4) and (5) report those for strikes. In the pre-Weibo period, neither protests
nor strikes spread significantly across cities that eventually become closely connected
through Weibo. In the period of rapid Weibo-expansion (period 1), both protests and
strikes start to spread across cities with strong Weibo connections. The average effect on
event spread through Weibo in period 1, B' — g, is approximately 0.14 for protests and
0.10 for strikes. That is, an event in a given city in the last two days increases the expected
number of cities with protests and strikes by 14% and 10%, respectively. These estimated
effects are comparable to, although slightly smaller than, the corresponding effects of 8
in Table I. Relative to the mean event probabilities, the estimates in Table II imply an
increase of 28% for protests and 18% for strikes.!” In period 2, the estimated spread of
protests falls to a marginally significant level, whereas for strikes, it remains roughly the
same and highly significant, as shown by the F-tests toward the bottom of Table II.

The estimated B-coefficients seem unrelated to the number of events in the post-Weibo
period. Although there are six times as many strike events in period 2 than in period
1 (7857 compared with 1365), the estimated effect on strike spread in period 2 is even
slightly smaller than that in period 1. Similarly, although there are 50% more protests in

7"When we discuss the coefficients concerning period 0 and period 1, the mean and number of cities are
calculated based on the same sample as the one in Section 5.1 (using the time-varying measure). Thus, the
effect for protests is 0.14/(247*0.002)=0.283. For strikes, the corresponding number is 0.10/(281%0.002)=0.178.
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TABLE II
EFFECTS OF SOCIAL MEDIA ON EVENT SPREAD: TIME-CONSTANT MEASURE OF CONNECTIONS.

(1) ) 3) “) ®) ©)
Protest Protest Protest Strike Strike Strike
Variables OLS OLS v OLS OLS v
Social-media spread, s;;_1 B° 0.029 0.027 0.032 0.026 0.031 0.059
(0.015) (0.017) (0.028) (0.029) (0.032) (0.037)
B! 0.150 0.169 0.162 0.127 0.134 0.098
(0.041) (0.043) (0.056) (0.028) (0.030) (0.034)
B? 0.078 0.084 0.051 0.116 0.119 0.132
(0.020) (0.021) (0.023) (0.015) (0.016) (0.021)
Geo-distance spread, d;,_y o —0.004 —0.011 -0.013 0.104 0.105 0.093
(0.016) (0.016) (0.018) (0.063) (0.065) (0.074)
v! —0.026 —0.021 —0.016 0.107 0.106 0.131
(0.036) (0.035) (0.040) (0.056) (0.058) (0.074)
v? 0.022 0.021 0.035 0.040 0.048 0.041
(0.023) (0.024) (0.023) (0.032) (0.031) (0.032)
Controls No Yes Yes No Yes Yes
Observations 1,140,224 1,028,085 999,472 1,119,858 999,472 1,092,477
R-squared 0.018 0.019 0.001 0.050 0.001 0.003
P-value: g! = p° 0.006 0.002 0.035 0.008 0.011 0.307
P-value: g% =" 0.067 0.046 0.661 0.001 0.004 0.041
Kleibergen-Paap F 34.26 38.49
Period 0 Period 1 Period2
Total No. Of Protests 126 1046 1517
Total No. Of Strikes 193 1365 7857

Note: Results are obtained from a linear regression on an event dummy variable. The unit of observation is city by date. The
regression includes lagged events, y;,_ interacted with period-fixed effect, city-by-period, and date-fixed effects. Controls include
population, GDP, shares of the industrial and tertiary sectors in GDP, and the number of cell-phone users. Columns (3) and (6) report
results from the IV (student-mobility) regressions. Standard errors are two-way clustered by date and city.

period 2 than in period 1 (1517 compared with 1046), the estimated spread in period 2 is
50% lower than in period 1. The reduced spread of protests over social media in period 2
is likely to be related to the increased strictness of media control in China, as we discuss
later.

5.2.0.1. Pretrends and Dynamic Effects. We investigate the presence of pretrends by
separately estimating coefficients 8 on 5;,_; at a biannual frequency in the pre-Weibo and
post-Weibo periods. The results are depicted in Fig. 3. Neither the estimates regarding
protests nor those regarding strikes exhibit pretrends.

The estimated spread of events through social media increases rapidly during 2010-
2011, when the use of Weibo took off (recall Fig. 2). For protests, the estimated spread
effect drops significantly in 2012, bounces back to its highest level in 2013, and then trends
downward after 2014. This pattern coincides with changes in political sensitivity and the
strictness of censorship in China. The political situation and media control was relatively
stable over the period of 2006-2012. In late 2012, protests became politically sensitive
when Xi Jinping replaced Hu Jintao as the new government and party leader. From 2014,
media control became increasingly strict, as reflected in China’s fall in the Media Freedom
Index published by Freedom House (see Figure A3). For strikes, the estimated effect
increases sharply until 2013 and then remains at roughly the same level. A likely reason
is that the Chinese central government does not view the spread of strikes as regime-
threatening (e.g., Kuruvilla and Zhang (2016), China Labor Bulletin (2018)).
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FIGURE 3.—Dynamics of marginal effects using constant measure of social media connections. Notes: The
graphs plot the estimated biannual coefficients on the time-constant measure of social media connections,
relative to the mean in the pre-Weibo period. The bars indicate the 95% confidence interval.

5.3. Robustness

We perform a number of robustness checks. The first two are specific to the model
using the time-constant measure of Weibo connections. One involves instrumenting the
time-constant connections by student flows across cities. The other shows that the lower
frequency of events in the pre-Weibo (vs. post-Weibo) period does not mechanically pro-
duce nonsignificant estimates during that period. The remaining robustness checks apply
to both models using the time-varying and the time-constant measures of Weibo connec-
tions. In particular, we evaluate the impact of event observability on our estimation, the
sensitivity of functional forms, and the robustness of estimates when additional controls
are added.

5.3.1. Student-Mobility Instrumental Variable

A potential concern with regard to the constant measure of the Weibo network is that
the F matrix is not exogenous, even when we extensively control for fixed effects and other
variables. One possible issue is that the strength of Weibo connections may be significantly
influenced by tweets about protests and strikes, which in turn are affected by the events.
However, this seems unlikely, given that our information network is constructed based on
the overall number of tweets on topics excluding protests and strikes, and that the tweets
about protests and strikes comprise a very small share of all tweets.

To further alleviate the endogeneity concern, we conduct an IV analysis, exploiting an
arguably exogenous variation in social media communication across cities caused by stu-
dent mobility across cities before Weibo entry. College students constitute a large propor-
tion of the early adopters of Weibo, as they could use it to maintain communication with
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their hometown friends and relatives.'® Hence, the flows of college students from their
home cities to their college cities may drive information flows across cities on Weibo.

We collect data on student flows from their home (origin) to college (destination) cities
in 2005 and 2009, based on student registration information at the city level."” Chinese
students typically spend four years in college, and many stay in their college cities after
graduation. Others go back to their home cities but maintain contact via Weibo with their
friends who remain in their college cities. Thus, student mobility data in 2005 may predict
social media communication four years later when Weibo launched in 2009.

We find that the student flows across origin-destination city pairs correlate strongly with
Weibo connections between them. Let student;; be the log of 1 plus the mean number of
students in home city i who start college in city j in 2005 and 2009. We regress social media
connections, f;, on student flows, student;;, controlling for city fixed effects, province-pair
fixed effects, and destination-city by origin-province fixed effects.”” The estimated coef-
ficient on student; is 0.083 with a standard error of 0.013 (see Supplemental Appendix
Table A2).

Next, we construct the variable

Zip1 = Z Student,»jyjt_l.
i#]

This variable is used to instrument 5;_; in Equation (2). Let Z be the matrix of student
flows across city pairs. The identifying assumption in the I'V-estimation can be expressed
by replacing the matrix of social media connections, F, with Z in Equation (3). Hence,
the Z matrix is assumed to be conditionally exogenous, after conditioning on the other
included variables, notably, the city-by-period fixed effects. This specification permits the
probability of a protest in city i to be higher in cities with larger student flows, or any
other node-specific network-related statistics, in the pre-Weibo period and differentially
so in the post-Weibo period. Similar to the discussion of Equation (3), we also allow for
differential spread across city pairs with different intensity of student flows. This flexibility
is important because city pairs with large student flows probably also have strong infor-
mation flows through communication channels other than Weibo. In both the OLS and
IV specifications, the contextual and correlated effects are measured in the pre-Weibo
period and partialed out in the estimation of the Weibo effect. Consequently, we are able
to identify the effect of social media through the changes in the F-matrix instrumented
by the Z-matrix before and after Weibo was launched.

The coefficients in the first-stage regression are significant in all three periods and are
stable across periods, as shown in Supplemental Appendix Table A3. The IV estimates
are reported in columns (3) and (6) of Table II. The estimated social media effects on
event spread are generally similar to those obtained from the OLS regressions. A caveat

8The launch of Weibo occurred immediately after the Chinese government banned Twitter and Facebook
and shut down domestic service providers. The users of these terminated forms of social media were mostly
“technology geeks” and college students, who later comprised the majority of early Weibo users. In a data set
containing Weibo posts referencing “vaccine” with detailed user information, we find that, in 2019 and 2010,
the age of nearly 70% of users is below 25.

YThe student registration information is from an administrative data set covering students who took the
Chinese national college entrance exam in 2005 and 2009. The data are maintained by CIEFR at Peking
University and have been used in several studies (e.g., Graff Zivin, Song, Tang, and Zhang (2020)). We thank
Ruixue Jia and Hongbin Li for sharing the data.

2We control for destination-city by origin-province fixed effects because some universities set quotas for
origin provinces.
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is that the IV estimate is smaller in period 1 for strikes and in period 2 for protests than
its OLS counterparts. This implies that, in the IV estimation, the difference B! — B is
no longer significantly different from zero for strikes, while it is significantly different
from zero for protests. The dynamic effects, estimated using the student-mobility IV, are
presented in Figure A6. The estimates are similar to their OLS counterparts in Fig. 3,
although the standard errors increase modestly, and the marginal effect appears slightly
lower for protests during 2010-2012.

5.3.2. Mechanical Zero Effect in the Pre-Weibo Period

As noted above, the estimated effect of Weibo on event spread is not closely related
to the number of events in different post-Weibo periods. Concerns may remain that the
smaller number of events in the pre-Weibo period mechanically reduces the estimated
effects.

We investigate this concern by simulating events with a process that matches the ob-
served event frequencies within each period, while keeping the underlying propagation of
event waves across cities equally strong across periods. The details are provided in Sup-
plemental Appendix A.2.3. In brief, in each of the 100 simulated data sets, we estimate 3°
and B! using the specification in Equation (2). We find that there is no mechanical bias
in the estimated B° coefficient, and we have power to test the hypothesis B! > B° (see
Supplemental Appendix Table A4). Given the described data-generating process, we con-
clude that at the observed event frequency there is no mechanical zero effect. Of course,
one could imagine some other distinct features in the pre-Weibo data-generating pro-
cess that would depress all the coefficients in Equation (2). However, the geographical
spread of strikes, captured by the estimated y-coefficients in Table II, is equally large in
the pre-Weibo period and during 2010-2013, and then falls during 2014-2017. Hence, the
coefficients in the data-generating process do not seem to be uniformly depressed in the
pre-Weibo period.

5.3.3. Observability

Social media can be used by our data sources to observe and record protest and strike
events. Thus, growing Weibo use in a city may increase the probability that an event in that
city is observed, causing a correlation between Weibo penetration, w;,, and the number
of reported events, y;, even in the absence of causal effects. Similarly, an increase in
observability may increase the frequencies of reported events y; and y;_; (and hence
si_1), but it is less clear whether observability will induce a spurious correlation between
yie and s;,_;.

We examine this issue using Monte Carlo simulations. Specifically, we investigate
whether we can consistently test the null hypothesis that 8 = 0 in Equation (1), allow-
ing for a positive correlation between event observability and Weibo penetration. To this
end, we first simulate the event data, ¥, under the null hypothesis that 8 = 0. Next, we
assume that the probability of a simulated event (¥;,) being reported is strongly and lin-
early increasing in w;,. Then we draw a set of observed events y;, with probability p; from
the simulated events ¥;,.>! Finally, we estimate the model in Equation (1) on the observed
simulated events, y;,.

2To assess the size of this increase in observability, we use the estimated coefficient E[) on Weibo posts, w;;,
in Table I. This coefficient is likely to capture both increased observability and a presumably positive causal
effect of w;, on y;,. Hence, By is an upper bound on the response in observability due to w;,. The linear increase
in observability due to Weibo penetration in our simulations is set so that it exceeds this upper bound. More
precisely, p;, increases by 30% as w;, increases from zero to its maximum value.
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As shown in Figure A7, observability induced by social media does not generate any
spurious event-spread effect. Hence, we conclude that we can consistently test the hy-
pothesis that 8 = 0, even if event observability increases in the use of social media.

5.3.4. Functional Form

We assume that s;,_; and 5;,_; enter Equations (1) and (2) linearly. Supplemental Ap-
pendix Tables AS and A6 report the results from estimating a logarithmic model, in which
si—1 1s replaced by the transformation In(5s;,_; + 1), and so is 5;,_;. As a further robust-
ness check, Table A7 shows the results from a probit regression of Equation (1), where
the date fixed effects are replaced by a quadratic time trend to avoid the problem of inci-
dental parameters. The estimates are statistically significant across all specifications, and
the implied marginal effects on event probabilities are similar to those estimated from the
linear model.

5.3.5. Additional Controls

We create additional control variables to capture the changing spread of events related
to other city-pair characteristics in the following form:

Cp E WiiYji—1,

J#i

where c,, is a period indicator dummy variable and w; = w,w; is constructed for each of
our control variables w;; in 2008. For example, when w; refers to population, it is the
product of the log population in city i in 2008 and the log population in city j in 2008. We
interact these variables with period-fixed effects and include them in the specifications
underlying Table II. The results are reported in Supplemental Appendix Table A8. The
estimates are not significantly affected by these additional controls. The only exception
is the B! coefficient in the estimation regarding strikes, which falls, after we include the
number of cell-phone users, rendering ' — B° nonsignificant. The fall in the estimated
B! could occur because the spread of strikes between cities with high-cell phone coverage
increases exactly at the time of Weibo expansion but for reasons unrelated to social media.
However, we suspect that it is caused by overcontrolling one channel through which social
media operates because cell phones are the main device used by Chinese people to access
Weibo.

To summarize, the Weibo effect on strike spread in period 1 is sensitive to the control
for cell-phone use but nonsignificant when we instrument Weibo connections with student
mobility across cities. Hence, our conclusion regarding this estimate is more guarded.

6. IMPLICATIONS: SPEED, SCOPE, AND SIZE

In China, protests confined to a small number of cities and with a narrow scope have
limited implications for national policies and regime changes. By establishing strong in-
formation links between distant cities, social media has the potential to help break the
boundary of event spread. Therefore, it is natural to investigate whether social media en-
ables individual protests to evolve into widespread movements that affect a large number
of people in many cities and from diverse social backgrounds. To this end, we examine
how social media affects the speed and duration of event spread as well as the spread of
protests across various causes and strikes across multiple industries. Next, we estimate the
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FIGURE 4.—Effect of social media on event spread: Speed and duration. Notes: The graphs plot the esti-
mates of the Weibo spread effects specified in the baseline model with various time windows. The bars indicate
the 95% confidence interval.

effect of social media on the magnitude of protest waves, paying particular attention to
the likelihood of very large event waves manifested by simultaneous events across many
cities that influence a substantial share of China’s population.

6.1. Speed and Duration

So far, we have analyzed the short-term (within two days) response to an event shock
mediated via information flows on social media. To examine how the effect persists over
time, we estimate the same model with the time window extended to various durations.
Figure 4 depicts the estimated spread effect of events occurring within 1-2 days, 3-7 days,
8-30 days, 31-90 days, and 91-180 days. For both protests and strikes, the effects are
greatest in the 2-day window, then drop drastically, and become small and nonsignificant
after 3—7 days. Thus, social media rapidly spreads events but the effect dies out quickly.

The rapid but short-lived response to social media communication is consistent with
the notion of “the window of opportunities” stressed in the studies of protests in China
by sociologists (Zhou (1993)) and political scientists (Weiss (2013), Truex (2019)). The
basic idea is that there are certain narrow windows during which protests are allowed
without substantial political risks. Twweets about protests in other cities may signal that
such a window has opened, which encourages users in other cities to grasp the opportu-
nity to protest before it closes. The short-lived response may also arise if protesters are
motivated by spontaneous emotions upon seeing tweets about protests and strikes (e.g.,
Jasper (2008), Passarelli and Tabellini (2017)). In our data set, the abnormal bursts of
tweets about protests and strikes last for approximately two days, similar to the duration
of the significant social media effects.
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TABLE III
EVENT SPREAD, WITHIN AND ACROSS CATEGORIES.

(1) )
Protest Strike
Within
Number events 1-2 days prior, retweet weighted 0.0639 0.0607
(0.0132) (0.0140)
Number events 1-2 days prior; distance weighted —0.0094 0.0943
(0.0106) (0.0266)
Across
Number events 1-2 days prior, retweet weighted 0.0086 0.0064
(0.0029) (0.0020)
Number events 1-2 days prior, distance weighted categories —0.0017 0.0056
(0.0026) (0.0040)
Observations 8,722,948 7,137,020
R-squared 0.0077 0.0162
Category cause industry
Mean (within-category) 0.0013 0.0020
Mean (across-category) 0.0152 0.0179

Note: Results are obtained from a linear regression of an event dummy. The unit of observation is city by date. The regression
includes city- and date-fixed effects. Both regressions include controls such as population, GDP, shares of the industrial and tertiary
sectors in GDP, and the number of cell-phone users. Standard errors are two-way clustered by date and city.

6.2. Scope

As previously discussed, events that only spread within the same cause and industry are
bounded in size and influence and are unlikely to be perceived as regime-threatening. It
seems likely that strikes predominantly spread within industries and that protests pre-
dominantly spread within causes. For example, the waves of school teacher strikes in
2014-2015 spread within the education sector (Chang and Hess (2018)). The protests
against corruption that originated from Wukan and spread among farmers were for the
same cause (recall Section 3.1). However, the example presented in Section 3.5 suggests
that strikes and protests may also spread across industries and causes.

To study whether social media increases the scope of events, we separately estimate the
spread effect induced by social media within and across the protest causes and strike in-
dustries that are listed in Fig. 1. Table III shows that the estimated spread effect through
social media is six to eight times higher within the same category (protest cause and
strike industry) than its cross-category counterpart. This result confirms that the spread
of events through social media predominantly occurs within categories.

Nevertheless, the cross-category spread induced by social media is statistically signifi-
cant. Although the effect of an individual event is smaller across categories than within
categories, the total effect of spread across categories is larger because there are many
more events across all categories. The means of the Weibo-weighted events within and
across categories are reported in the last two rows of Table III. The aggregate effect
of protests spreading across protest causes is 60% larger than that within causes. Simi-
larly, the aggregate effect across strike industries is 20% larger than that within industries.
Thus, social media helps break down the boundaries of protest causes and strike indus-
tries, leading to a greater overall impact on event waves than through within-category
spread.
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FIGURE 5.—Functional forms. Notes: The x-axis indicates s;,_;. The y-axis plots the nonparametric condi-
tional mean function (the dots), together with a linear, a logarithmic, and a fifth-order polynomial approxima-
tion, using the specification in Eq. (1). The vertical line marks the 99th percentile of the s;,_;-distribution. The
bottom panels zoom in on the lower segment, which contains most of our data.

6.3. Size and Probability of Large Event Waves

China’s big cities lie far apart, and each contains only a small fraction of the country’s
population. Therefore, protests in one or a few cities are easy to contain and barely have
any national implications. Our setting provides a unique opportunity to study the im-
pact of social media on event waves, measured by the number of essentially simultaneous
events across multiple cities. We are interested in estimating the mean size of event waves
as well as the likelihood of very large event waves.

This inquiry requires additional investigation of the dynamic process of event waves.
A key question is whether the number of events will continue to grow at a constant rate
even when the waves increase in size, as implied by the model in Equation (1), which is
linear in s;,_;. We examine this linearity assumption using a nonparametric least squares
regression Cattaneo, Crump, Farrell, and Feng (2024). Figure 5 plots the nonparametric
conditional mean function (the dots), together with a linear, a logarithmic, and a fifth-
order polynomial approximation, using the specification in Equation (1).

The conditional mean function is approximately linear for most of the support. This
can be seen more clearly in the lower panel, which zooms in on observations with s;,_;
less than 0.4 (the vertical line marks the 99th percentile in the distribution of s;,_;). As
all three approximation functions are roughly linear in this range, the estimated average
marginal effects they produce are similar to that from the linear model.

However, as an event wave grows, the marginal spread effect of an additional event
(the slope of the curve) falls. For sufficiently high values of s;,_;, there is no spread of
events through social media. This curbs the size of protest and strike waves. There are
several possible reasons for this collapse of large event waves. First, censorship and re-
pressive actions tend to increase when a protest wave intensifies. Second, there exists a
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FIGURE 6.—Simulated event waves with and without social media. Notes: The graphs plot the number of
cities (left) and share of population (right) that the largest event waves reach in the same week in simulations
of the model with and without social media. The points denote the yearly average, and the bars denote the
corresponding 5-95 percentile range.

natural limit to the number of cities susceptible to a particular protest wave. For example,
a protest against improper conversions of agricultural land to commercial land cannot
spread further when most of the susceptible cities have already protested.

We examine the impact of social media on the size of protest waves by simulating events
under two scenarios: with and without social media. In the scenario with social media,
we allow protests to spread through Weibo using the estimated fifth-order polynomial
approximation of the conditional mean function. In the scenario without social media, this
term is dropped from the data-generating process. Other aspects of the data-generating
process remain the same in both scenarios.”> We simulate the data 1000 times, obtaining
1000 possible histories of protest events in our city panel up to 2013. For each simulation
and year, we compute two measures of the largest event wave: the maximum number of
cities experiencing protests within the same week and the corresponding maximum share
of the population in the cities experiencing protests.

Figure 6 shows the yearly average of these two variables in the scenarios with and with-
out social media, as well as in the real-world data. The mean of the simulated data with
social media matches the real-world data fairly well. In the pre-Weibo period, on aver-
age, the largest protest waves affect cities comprising only 4% of the population, which
approximately equals the sum of the population of the two largest cities in China. This is
consistent with the fact that, before the advent of social media, no source informed large
audiences of protests and strikes in China. Hence, limited information flows restrict event
spreads.

22For details about the data-generating process, see Supplemental Appendix A.2.4.
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In the post-Weibo period, we estimate that the size of event waves would increase even
without social media spread, but the increase would have been substantially smaller. In
2013, without social media, the largest event waves affect only 11 cities comprising 6%
of the population. With social media, the largest event waves affect 28 cities comprising
around 15% of the national population. Apparently, social media connect these large
cities, enabling protests to spread rapidly across them.

Furthermore, the probability of very large event waves increases dramatically with so-
cial media. Consider 2013 again. With social media, there is a 5% probability that an event
wave affects 40 cities or more, containing 22% or more of China’s population. Without
social media, the corresponding numbers are 15 cities containing 8% of the population.
The reason for this large difference is that the dynamic feedback induced by social me-
dia increases not only the mean but also the variance of the protest outcomes, thereby
substantially increasing the likelihood of very large protest waves.”

7. CENSORSHIP AND MECHANISMS

We have shown that, even in a strictly controlled information environment, social me-
dia has a considerable effect on the spread of protests and strikes. This appears puzzling
because content that is typically deemed crucial for social media to affect protests is likely
to be censored in China. To better understand what potential mechanisms may drive the
estimated social media effects, we need a clear understanding of how censorship is per-
formed in China and what content is visible to social media users. In this section, after a
brief description of censorship in China, we provide a measure of local censoring intensity
and show that it does not significantly bias our estimated effects on event spread. Then
we analyze whether we can use the tweets in our downloaded data to infer what content
is visible to users, given that some tweets are censored before we download them. Finally,
we discuss what mechanisms may be at play given the available content.

7.1. Background

Censorship of Weibo tweets is conducted in two ways (King, Pan, and Roberts (2014)).
First, tweets that contain sensitive keywords are automatically held in quarantine for re-
view by censors and are then released or deleted. Second, tweets without sensitive key-
words are immediately published but later censored. Researchers have studied the latter
type of censorship by recording whether posted tweets are later deleted. In the daily oper-
ation of Weibo, the vast majority of posts are on nonsensitive topics, and only a tiny share
of regular posts are censored. For example, Fu, Chan, and Chau (2013) estimate that only
0.01% of the posts published by a large sample of VIP Weibo users are censored. When
tweets involve sensitive topics such as collective action, the share of censored posts can
be as high as 13% (King, Pan, and Roberts (2013)).

BTo see this, consider the simple first-order serial autoregressive process

Ye = pYi-1 + &

Let m = ﬁ. Then the mean and variance of the process are ¥ = m# and var(y) = m? var(g), respectively.
Therefore, an increase in the autocorrelation coefficient, p, increases both the mean and variance of y,. The
increase in variance implies an increase in the probability of very high realizations of y, relative to its mean.

Our setting is more complex than this simple example, but the basic mechanism remains the same.



SOCIAL MEDIA AND COLLECTIVE ACTION IN CHINA 2019

7.2. Local Censoring Intensity

In 2015, we went back and recorded which posts in our data set were still online. We
choose a subset of 156,553 posts on sensitive topics from our data set, including 10,000 in
each of the protest and strike categories. The deletion rate is 27%. We do not know for
certain which posts were censored, and which were deleted by users themselves. However,
as Figure A8 shows, our regional deletion rates correlate strongly with other regional
measures of media control in China, such as the measure of social media censorship in
Bamman, O’Connor, and Smith (2012) and the measure of pro-government media bias
in Qin, Stromberg, and Wu (2018).

In Supplemental Appendix A.3.1, we examine whether our measure of social media
connections is endogenous to censorship, by regressing f; on the share of deleted posts
in city i and city j. We find no evidence of such endogeneity. This is hardly surprising,
because our construction of f;; is based on tweets across all subjects excluding protests and
strikes, and only a negligible fraction of these are censored. Hence, we find no evidence
that censorship biases our estimated effect on event spread through f;;.

Moreover, we investigate whether the spread effects are smaller in areas with higher
censorship intensity. We include the interaction between s;_; and the share of deleted
posts in city 7 in the regression Equation (1). We find that the Weibo effect on event spread
does not vary significantly across regions with different levels of censorship. A possible
reason is that censorship in a city does not affect the reading of incoming tweets from
other cities. The effect of censoring outgoing tweets is difficult to identify, as discussed in
Supplemental Appendix A.3.1.

7.3. Censoring, Downloads, and User Exposure

In Section 7.4, we will evaluate possible mechanisms that may explain our large and
systematic effects of social media on event spread using a simple necessary condition: for a
certain mechanism to play a significant role, the content supporting this mechanism must
be highly visible. For example, if information on where and when to meet on social media
explain our findings of large and systematic effects, then tweets with this logistics content
must circulate widely. Conversely, if this type of content is read by very few users, we can
rule out the associated mechanism as the main explanation of our empirical findings. The
assessment of content visibility is more complicated in the presence of censorship than
in a free media environment because some content may have circulated widely before
being censored. A particular issue is that our data set may miss some posts that were first
published and then censored if our downloading was slower than censoring.

With these complications, the key question is whether we can draw conclusions about
the visibility of specific content based on our downloaded tweets. The answer is yes for
tweets that are never censored or are automatically quarantined before further action,
because in this case the downloaded posts are precisely those that are visible to users.
For posts that are first published and later censored, the answer depends on the share
of tweets read by users before they are censored, as well as the share of tweets that are
downloaded before censorship, as illustrated below.

Consider two types of content referencing protests, labeled A and B. Type-A content re-
veals logistics information (e.g., where and when to meet). Type-B content just talks about
the occurrence of a protest or expresses sentiment. Because Type-A content imposes a
greater political risk to the government than Type-B content, the Chinese government
censors Type-A content rapidly but not Type-B content. Given that data downloading is
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slower than user reading of tweets, users may read Type-A tweets that are censored be-
fore we download them. This is not the case for Type-B tweets, because we eventually
download all of them. Hence, the ratio of users who have read Type-A tweets to those
who have read Type-B tweets will be larger than the corresponding shares of downloaded
tweets. Consequently, the ratio in the downloaded tweets may be a biased measure of the
ratio of the share of tweets read by users (user exposure for short).

The magnitude of this bias depends on the speed of (i) censoring, (ii) user reading, and
(iii) tweet downloading. Below, we briefly describe how we measure it, leaving details to
Supplemental Appendix A.3. Zhu, Phipps, Pridgen, Crandall, and Wallach (2013) mea-
sure the speed of censoring by the minutes that pass after a tweet is posted. Censorship of
this type is fast: 30% are deleted within half an hour and 90% within one day. The speed
of reading tweets is not directly observable but can be reasonably approximated by the
speed of retweeting. In our data set, user retweeting is almost as fast as censoring: 28%
of the retweets occur within one hour after the original posting and 75% within one day.
Our downloading is considerably slower. Twweets are downloaded at a constant frequency
(typically daily), independent of the timing of tweet posting. The empirical distributions
of censoring and retweet speed are plotted in Figure A2.

We estimate the share of tweets that are read and downloaded before censorship by
sampling independent draws from the three empirical distributions described above. On
average, approximately one-third of the users who would have retweeted (read) a post in
the absence of censorship have done so by the time of censoring. For users from whom we
download tweets at a daily frequency, the simulated probability of downloading a tweet
that is later censored is 0.23.

Based on these numbers, we conclude that using downloaded posts as a proxy for user
exposure underestimates user exposure to censored content by around 30%, relative to
uncensored content. This estimate is for content that does not contain sensitive keywords.
In reality, many posts susceptible to censorship contain sensitive words and are automat-
ically quarantined. For these posts, there is no underestimation because we see the same
posts as users do. Hence, the average underestimation across all posts is likely to be con-
siderably smaller than 30%.

Another discrepancy between user exposure to content and the number of downloaded
tweets arises because the latter does not account for the number of readers of each post.
Even though the number of posts are similar across content types, some content may
be read by many more users. As retweets are increasing in the number of users reading
tweets, we also compare the number of retweets of different types of content below.

7.4. Mechanisms and Supporting Content

Now, we describe the availability of different types of Weibo content and its implica-
tions for determining which mechanisms may explain our findings.

7.4.1. Scarce Content

7.4.1.1. Where and When to Meet. 'The most direct way in which social media may af-
fect protests and strikes is by providing logistics information on where and when to meet.
Theoretically, logistics information is typically modeled as reducing the cost of protest-
ing (e.g., Little (2016); Enikolopov at al. (2010)). Empirically, several studies show that
protesters use social media to communicate logistics information and organize events,
such as calling for action or at least mentioning where and when a protest is to take place,
as documented in Russia (Enikolopov et al. (2010)), in Turkey and Ukraine (Tucker et al.
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(2016)), and during the Arab Spring (Steinert-Threlkeld (2017)). The existence of logis-
tics information on social media is even proposed as a necessary criterion for social media
to affect protest participation (Tucker et al. (2016)).

However, in China, content related to protest logistics is scarce on social media. Based
on a random sample of 1000 posts about protests, only 15 posts, retweeted a total of
15 times, involve a call for action, and only two explicitly state the time and location of
action. In a random sample of 1000 posts about strikes, none calls for action. Because
of censorship, it could be that the visibility of posts with logistics content is more than
proportional to the corresponding share in our downloaded posts. But the difference is
likely to be small. Recall from Section 7.3 that most users do not read posts momentarily,
and posts that exist for a short period and later censored are unlikely to be widely visible.
Further, the few tweets with logistics content that we find do not seem to have been widely
read. On average, they only have one retweet per tweet.

Regardless of whether it is caused by censorship or self-censorship, communication of
logistics information is unlikely to be an important reason for the widespread social me-
dia effects on collective action that we find in China. This is consistent with our interviews
with staff of the China Labor Bulletin in 2018, who stated that strike participants typi-
cally share logistics information via private text messaging services and use Weibo to gain
public attention.

7.4.1.2. Other Protest Tactics. Social media may spread protests and strikes because it
carries information about effective protest/strike tactics that lowers the cost or increases
the benefits of protesting (e.g., Chen and Suen (2016), Little (2016)). Examples of such in-
formation are how to counteract the effects of tear gas (Tucker et al. (2016)) and whether
it is effective to complement strikes with other actions, such as demonstrations and peti-
tions to local administrators (Chang and Hess (2018)).

However, in our random samples of 1000 posts, only five protest posts and 13 strike
posts mention tactics, such as whether violent or peaceful protests are more effective
and what to demand from and how to cope with the government. Consistently, only a few
posts discuss the outcome of an event, such as whether the protest is met with concessions.
The posts that indeed talk about tactics receive, on average, only two retweets. Given the
scarcity and limited circulation of posts mentioning tactics, the tactic-learning mechanism
seems unlikely to be a significant driver of the spread of protests and strikes in China.

7.4.2. Abundant Content

7.4.2.1. Causes and Emotional Reactions. Most posts about protests and strikes in our
random samples report facts about the events other than logistics and tactics, coupled
with emotional reactions, such as the protesters’ anger and sympathy. Many posts —164
about protests and 223 about strikes—discuss what causes the event and the underlying
social problems such as corruption and persistent wage arrears. These posts are among
the most retweeted—3389 times for the protest posts and 2602 for the strike posts.

To investigate which posts circulate widely, we inspect a sample of the 100 most
retweeted posts about protests and strikes. After removing those that are repeated or
irrelevant, the sample contains 91 posts. Of them, 55 talk about ongoing events, almost all
mentioning the cause of the event. The remaining 36 posts comment on past events, gov-
ernment policies, or social problems. The majority of these popular posts convey certain
emotional elements. Many posts express protesters’ anger after a description of govern-
ment repression. Another common type of emotional content is outsiders’ reaction to
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events, with posts stating that the protesters are unfairly treated and expressing sympathy
and moral support.

A significant number of posts—137 about protests and 42 about strikes—question exist-
ing social institutions. The content of these posts ranges from criticism of the legal system
to complaints about the lack of free speech. Because of their general nature, these posts
have the potential to spread events across causes and industries.

7.4.2.2. Potential Mechanisms. The type of abundant content described above can
spread protests and strikes for several reasons. For example, people who learn from so-
cial media that others are protesting may conclude that a “window of opportunity” has
opened, in which protests and strikes are allowed without substantial political risks (Zhou
(1993), Weiss (2013), Truex (2019)). Such a window may also open if there are com-
plementarities among simultaneous protests across cities, which increase the chance of
obtaining concessions or reduce the risk of punishment (e.g., Granovetter (1978), Ed-
mond (2013), Little (2016); Barbera and Jackson (2020)). It seems that merely observing
a protest for a certain cause in another city will increase the expected benefits and lower
the expected cost of protesting. People simply need a public signal of a focal period to
implicitly coordinate their actions.

Protests may also spread if protesters are motivated by emotions such as anger (Jasper
(2008), Passarelli and Tabellini (2017)), and social media is indeed an important channel
to spread emotions (Kramer, Guillory, and Hancock (2014)). The escalation of protests
due to strategic complementarities or emotional mobilization is a general phenomenon,
not restricted to China. In other countries, these mechanisms are also likely to play a
significant role in spreading protests even if social media does not circulate content that
explicitly helps organize protests. They are particularly important in authoritarian regimes
where the opportunities to explicitly organize antigovernment protests are limited.

7.5. Discussion

As mentioned above, there is ample evidence that communication of logistics or tactics
information via social media facilitates protests in a relatively free media environment.
In China, however, this type of content is largely absent, likely because the Chinese gov-
ernment censors posts that have the potential to spur collective action (King et al. (2013,
2014)).

This provides an opportunity to study whether removing logistics information mutes
the effect of social media on protests and strikes. We find that, despite the scarcity of
information on where and when to meet and how to organize events, Chinese social me-
dia still have a notable impact on the spread of protests and strikes. This finding suggests
the relevance of the other potential mechanisms, such as those discussed above. It also
points to a trade-off between eliciting information from social media and curbing the
spread of protests. The Chinese government cannot prevent events from spreading with-
out removing exactly the information it needs for surveilling local policies and monitoring
corruption.

One natural question is why the Chinese government allows the circulation of tweets
describing protests and strikes but restricts the exposure to information on logistics and
tactics. One likely explanation is that the government allows the former content because
this information is valuable for surveillance but removes the latter because its visibility
would lower participants’ cost of protesting without providing the government with new
information. Suppose that the regime allows protests of limited scale and scope, which
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can inform the government about unpopular policies and local corruption. Protests are
a costly, and thus informative device to convey public grievances. Social media provides
a cheap way for the government to gather information about the causes and the sever-
ity of social problems. Hence, protests and social media combined produce credible and
detailed information. Suppose further that the government wishes to address problems
with severity above some threshold value, and that the number of protesters increases in
the severity of the problem and decreases in the cost of protesting. Social media content
about logistics and tactics lowers the cost of protesting and increases the size of protests
at a given level of problem severity, but it does not provide additional information value
to the government.

8. CONCLUSION

This paper studies how social media affects the dynamics of protests and strikes in
China. The media environment in China is significantly less free than in most other coun-
tries. At the same time, the Chinese government is known for actively collecting informa-
tion from social media for surveillance. China’s model of strategic control of social media
may be used by other regimes to maintain stability. Thus, it is important to systematically
examine the effect of social media on the spread of protests and the probability of very
large waves of simultaneous events with significant consequences at a national scale.

Despite China’s strict control of antigovernment collective action and extensive media
censorship, we document thousands of protest and strike events and millions of tweets
referencing them on social media. We use retweets from one city of tweets from another
city within the last few months to measure information diffusion between cities through
the social media network. Then we estimate the effect of the changing social media con-
nections on the spread of protests and strikes in a panel of Chinese cities during 2006—
2017. We exploit the time-series dimension of our data to address major issues in network
econometrics and formulate a difference-in-differences type of estimator, aided by instru-
mental variables, to establish causality.

We find that social media rapidly spreads protests and strikes across cities. Moreover,
social media significantly increases the scope of events such that protests spread to other
protests with different causes and strikes spread to strikes in other industries. These ef-
fects dramatically increase the likelihood of very large protest waves, which simultane-
ously affect dispersed cities comprising a significant share of the Chinese population.

Remarkably, the strong effects of social media are found amidst China’s substantial ef-
forts to censor content used to organize unauthorized collective action. Given the scarcity
of posts specifying where and when to meet and how to organize protests, the explicit-
organization role of social media in China is less likely to be as important as in a freer me-
dia environment. The content circulating widely on Chinese social media supports other
mechanisms, which enable coordination through signaling the opening of a “window of
opportunity” or mobilization through people’s emotional responses. These mechanisms
are not specific to the Chinese context; they play a prominent role in the theory of protests
(e.g., Granovetter (1978), Jasper (2008)). Hence, our finding that purging social media of
logistics or tactics content does not mute its effect on spreading protests and strikes is also
relevant to other settings.

Our findings suggest that authoritarian regimes face an unavoidable censorship trade-
off. To limit the spread of collective action, China must shut down public discussion about
causes of social problems and silence people’s emotional reactions, and thus bear the cost
of losing bottom-up information that is valuable for surveillance and monitoring.
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