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Abstract

In face of negative political events that undermine political stability, does the government
strategically ignore, distort, or distract? By examining the posting activity of the top 18 Chinese
state-run media accounts on Weibo on days following unrest events, we find evidence for the third
possibility: Chinese state-run media engage in strategic diversion to deflect public attention away
from negative domestic political news. Specifically, it achieves so not through diversion with
entertainment, but rather through diversion with political neutrality; namely, instead of catching
the public eye with engaging or sensational nonpolitical content, the state-run media instead
injects neutral and mundane political information that effectively dilutes the negativity without
the need for factual distortion. For theory, we present a model of information manipulation
and media management that relates the individual’s news consumption and protest decisions
with the government’s media distortion and diversion. For empirics, we construct and perform
topic classification on a novel dataset of all historical Weibo posts by top Chinese state-run
media, and leverage political unrest data to empirically test various mechanisms of information
manipulation and find that state-run media decrease the proportion of negative domestic news
and increase the proportion of neutral domestic news, while roughly holding positive news
constant. We also present a set of stylized facts that explore the heterogeneity of state-run
media response to various types of unrest events, separated by actor, action, topic, and target

type, as well as the heterogeneous responses between different types of media content.
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1 Introduction and Conceptual Background

“A half truth is the worst of all lies, because it can be defended in partiality.” — Solon

“There are no whole truths, all truths are half truths.” — Alfred North Whitehead

Authoritarian governments have a hierarchy of arsenal in modifying their citizens’ behavior, from
the the most overt and disagreeable to the most covert and palatable. The first tier is physical
in nature, including violence and brute force. The second tier is economic in nature, including
monetary and material rewards and punishments. The third tier is informational in nature, and
relies on modifying the information available to the public. To nudge, tune, and herd the public’s
behavior in desired directions, autocratic governments manipulate the composition of information
in a way that is is optimally favorable to political stability.

This paper explores the third type of autocratic control through information manipulation and
media management, and poses the following questions: In face of negative political events that
undermine political stability, do autocratic governments strategically ignore, distort, or distract?
Does it completely ignore negative news by not restricting media coverage akin to censorship, does
it distort factual information to increase overall ppositivity, or does it distract the audience from
negative news by inserting competing content? If it engages in distraction, does it do so by injecting
eye-catching content unrelated to domestic politics, or by introducing mundane and neutral political
facts to compete with negative political news?

To address these questions, we examine the case of China. Its unelected political leaders are
known for government propaganda and censorship, making it an appropriate target for exploring
whether authoritarian governments that heavily rely on media control do in fact engage in the
diversion. I examine top Chinese state-run media’s Weibo activity following periods of heightened
political unrest, and explore whether Chinese state-run media conduct diversion in the face of
destabilizing events, what channels of diversion they deploy, and how successful their attempts are
at directing the populace’s attention from unrest.

I estimate OLS fixed effects regressions and instrumental variables two stage least squares
regressions and observe the following. First, Chinese state-run media engage in strategic diversion
to deflect public attention away from negative domestic political news, by modifying its posting

behavior. Specifically, it achieves so not through diversion with entertainment, but through



diversion with political neutrality: instead of crudely decreasing political coverage and increasing
nonpolitical coverage, state-run media subtly avoid discussion of negative events and injecting
neutral political information to diffuse attention and dilute negativity. This suggest the government
conducts information management in a sophisticated way; it foregoes the obvious and detectable
tactic of injecting eye-catching nonpolitical content, and instead pursues the nuanced maneuver
of increasing neutrality of political news, while simultaneously decreasing negativity of political
news. Second, this diversion is effective in simultaneously diverting audience attention away from
negative domestic political content to prevent further destabilization, and attracting audience
engagement with state-run media accounts overall to increase government control of the narrative.
We additionally present a set of stylized facts that explores the heterogeneity across media topic
categories and unrest event types.

The paper makes the following contributions. In terms of empirics, I construct a novel dataset
of all historical Weibo posts by a large collection of top Chinese state-run media, and use supervised
natural language processing methods for sentiment analysis topic classification. To the author’s
knowledge, this is the most systematic large-scale analysis of the government information management
in China. In terms of theory, I propose a model that unifies various forms of government information
manipulation including diversion, falsification, propaganda, and censorship into a single coherent
framework. Specifically, I consider media content as information signals for Bayesian updating,
and government media management as attempting to influence the public’s posterior distribution
of beliefs about the state of the world. I consider the distortion mechanism as changing the
distribution’s first moment and the diversion mechanism as changing the distribution’s second
moment.

This paper contributes to three main strands of extant literature, respectively about the government’s
diversionary tools, the role of media, and limited attention in behavioral economics. The paper
complements the literature on diversionary tools by considering media and entertainment as a
diversionary tool, and contributes to the literature on the role of media by considering the diversionary
nature of media as serving a political purpose despite its non-political content. It additionally
combines insights from behavioral economics, micro-founding the government’s reaction function

through individual optimization problems subject to Bayesian updating and limited attention.



1.1 Diversionary Tools

I contribute to the literature on autocratic governance through diversion by considering media and
entertainment as a diversionary tool. In face of domestic turmoil, autocratic regimes often pacify
the public by diverting attention away from politically contentious domestic concerns towards less
destabilizing topics. They temporarily diffuse tension by deflecting scrutiny towards captivating
events that carry less political risk. The diversionary toolkit comprises diversionary foreign policy
(e.g. war), diversionary economic incentives (e.g. employment and transfers), and diversionary

media which I propose.

Diversionary foreign policy

A first possibility is diversionary foreign policy. The government possesses a repertoire of diversionary
foreign policy tactics; in face of economic declines or political pressures, governments sometimes
resort to manufacturing foreign policy crises when they are unable to repress or reform domestically
due to institutional constraints. To deflect attention from internal tensions to external tensions, the
government instigates conflict abroad, which exerts both a cohesive effect via ingroup vs. outgroup
dichotomy that reinforces ingroup solidarity through nationalist sentiment, as well as a scapegoating
effect via blaming failed policies on foreign enemies (Oakes (2006)).

In the diversionary warfare theory, regimes threatened by domestic turmoil initiate military
confrontations overseas to bolster political support (Sobek (2007) and Gelpi (1997)). For example,
declining support for the prime minister’s party in the U.K. is associated with an increased
probability of the threat, display, or use of force (Morgan and Anderson ([1999)); similarly, Israeli
political protests led to an increase in the use of force by Israel (Sprecher and Karl Derouen
(2002)). Cross-national studies also demonstrate that economic declines positively correlate with
the probability of crisis escalation (Jamesg (1990)).

A softer tool compared to diversionary war is diversionary foreign rhetoric. Due to physical
war’s high cost and risk of escalation, leaders also employ less violent tactics like escalatory discourse
instead of actual conflict to create a rally round the flag effect (Morgan and Bickers (1992); Kanat
(2014)). Literature demonstrates that antagonistic rhetoric and aggressive foreign policy speeches
can increase domestic support for a leader (Marra, Ostrom and Simon (199(0); Brace and Hinckley,

(1993)). For instance, Carter (2020) shows that when unemployment and inflation rise, presidents



deploy "diversionary cheap talk” and criticize foreign nations (especially historical rivals) to boost
approval ratings. Dictatorships are particularly disposed to engaging in this type of rhetorical
strategy, due to their monopolization of political information and influence on popular opinion.
Alrababa’h and Blaydes (2021) shows that following the outbreak of the civil war, the Syrian

government disseminated conspiracy theories about Israel in government-controlled newspapers.

Diversionary Economic Incentives

A second and less controversial tool is diversionary economic incentive. Authoritarian regimes can
offer various economic incentives to pacify unrest, and to divert attention away from underlying
political issues. Economic incentives silence dissent from subpopulations facing poverty or discrimination
by offering temporary economic relief, in order to avoid systematically resolving problems like
poverty or inequality. For instance, in democratic regimes, politicians use government spending to
increase chances of re-election, observed from an increase in transfers to voters (as a proportion of
public spending) and increase in voter-targeted expenditures (Nordhaus (1975)), Akhmedov and
Zhuravskaya (2004)). In autocratic regimes, Wen (2022) finds that the Chinese government uses
government-subsidized state-owned enterprise (SOE) employment to promote social stability via
job provision to male minorities.

One of my unique contributions to this literature is introducing media and entertainment
as an additional diversionary tool. Distracting the public through social media is less risky
and less controversial than warfare and less costly than economic rewards. Furthermore, while
warfare generates heterogeneous reactions in the population, media consumption generates a more

homogeneous effect as it is inherently less polarizing.

1.2 The Role of Media

The media plays an important role as the interface between government and the populace. Edmund
Burke famously highlighted the importance of media, “There are three estates in Parliament but
in the Reporters’ Gallery there sits a Fourth Estate far more important.” As the intermediary, mass
media connects the public and the government in a bidirectional relationship.

Media plays two important roles of information acquisition (which concerns the receipt of

information) and information control (which concerns the production and regulation of information).



The first role of information acquisition is bidirectional: the media informs the public about
government policies and informs the government about aggregate preferences of the populace.
The outcomes from information acquisition enable civilians to monitor government conduct and
ensure government accountability. For instance, James M. Snyder and Stromberg (2008) finds that
reduction in press coverage of politics adversely affects both voter information and politician action,
manifested in lower federal spending and less effort from local congressmen. Gentzkow, Glaeser
and Goldin (2004) examines the changes in the U.S. newspaper industry that occurred between
1870 and 1920 and relate them to the reduction of corruption in U.S. politics in the same period.
However, since governments are held accountable only insofar as the public is informed about their
policies, governments wish to develop favorable relationships with the media and exert political
influence (Besley and Prat] (2006)). Djankov et al| (2003) demonstrates how state ownership of the
media is related to various measures of poor government performance.

The second role of information control is largely unidirectional: by exerting influence, whether
partial or total, over the media, the government can engage in propaganda and censorship. Governments
leverage media for propaganda (generating information favorable to the regime) and censorship
(restricting information unfavorable to the regime). Through censorship, governments attempt
to diffuse collective action threats and stymie popular uprisings (King, Pan and Roberts (2013)).
More extremely, they may even impose digital sieges and restrict internet access during protest
movements to quell unrest (Gohdeg (2020), Swinhoe (2022)). Through propaganda, governments

generate information that serves their agenda and promotes a biased perspective.

1.3 Diversionary Media

While propaganda and censorship have been extensively studied, the role of diversion has not been
well documented. Beyond propaganda and censorship, governments also attempt to divert public
attention during social unrest by changing the composition of media content. Diversionary media
differs from the traditionally political use of media. While traditional media propaganda and
censorship are inherently political in content, diversionary media can be entirely non-political.
Since it’s ideologically uncharged and uncontroversial, this mechanism is perceived to be less
noticeable and abominable than propaganda and censorship. While propaganda involves forcefully

indoctrinating the masses and inculcating political maxims, diversionary media involves subtly



incentivizing blissful ignorance.

Highly constraining forms of media management like censorship have their drawbacks. While
intended to deter, censorship can instead intensify interest in censored topics, create opportunities
for push-back, and signal government weakness. In fact, users who experience censorship are more
likely to report being unfazed or angry about censorship than fearful or worried (Roberts (2018)),
suggesting unintended consequences like risk of retaliation, undermined reputation, and increased
(as opposed to decreased) curiosity in censored topics. Furthermore, once citizens are aware of
censorship, in periods of upheaval, they may take the time to seek out restricted information and
evade censorship, such as during the 2014 Hong Kong protests and the 2015 Tianjin explosion
(Hobbs and Roberts (2018)). Since individuals are motivated to overcome frictions and seek
information especially during crises, censorship is particularly ineffective when it is needed the
most. Repression that encourages self censorship also creates information and surveillance problems
for governments, as they often rely on input from the media and public sphere to identify local
corruption and new pockets of dissent (Egorov, Guriev and Sonin (2009)).

By contrast, diversion mechanisms like flooding have two advantages; first, they effectively
prey on individual’s limited attention and cognitive capacity to indirectly achieve censorship;
second, they are less conspicuous and objectionable, allowing the government plausible deniability.
Diversionary flooding is the insertion of information aimed at distraction or confusion, which
competes with information that reflects unfavorably on the regime by diluting it and distracting
from it. While not forceful and not meant to persuade, these diversionary nudges create small
inconveniences that reroute users to content that are more palatable to the regime, decreasing
the mobilization capacity for opposition. As information is widespread and substitutable, small
impediments like barriers to access and irrelevant spamming, not draconian punishments or sophisticated
manipulation, can hugely affect citizen’s consumption of political information. Through de-prioritizing
and crowding out media deemed objectionable, governments have the power to selectively silence
certain information channels detrimental to political stability, and nudge citizens away from activist
circles, dangerous information, and focal points of coordination.

Diversionary media can manifest itself in reportage of captivating nonpolitical events, astroturfing
by bots, or government mandated news articles. For instance, the Russian government uses armies

of online bots and commentators to flood opposition hashtags and make it more difficult, but not



impossible, for people to find information on protests or opposition leaders (Goncharov (n.dJ))

Concerning the first advantage of high efficacy, diversion preys on the public’s limited attention
(both time-wise in terms of short attention span and bandwidth-wise in terms of cognitive capacity)
and lack of strong motivation to circumvent the diversion, thereby nudging them toward an
information environment that is disconnected from politically sensitive realities. Since citizens
become mired in the cacophony of media stimuli, their consumption of political information is
highly sensitive to the costs of obtaining it. While distraction and misinformation can be discounted
or avoided, they increase the burden on the public to separate signal from noise, authentic from
embellished, reliable from fabricated, and pertinent from impertinent. This suggests massively
different implications for information that is completely free and easy to obtain as compared to
available but slightly difficult to access. Thus, even if censorship is porous and incomplete, flooding
effectively diverts most people away from censored information.

Concerning the second benefit of low visibility: the dilution of core content by distracting
content can be conceivably explained as algorithmic quirks, especially in the social media landscape
where curated content is customized to individual preferences. Therefore, the government can avoid
widespread use of repression, which often sparks popular backlash.

Primarily, diversion is instrumental in two scenarios: governments can use the media to distract
people from both unpopular or problematic policies and overall negative state of affairs. For the
former, governments may strategically time unpopular measures to coincide with newsworthy events
that distract the media and the public. Durante and Zhuravskayal (2018) finds that Israeli attacks on
Palestine are more likely to occur when U.S. news on the following day are dominated by important
predictable events like the Olympic Games. For the latter, governments may strategically flood the
media with irrelevant news following outbreak of destabilizing events to distract and appease the
public. For instance, Barbera et al| (2020) finds that leaders worldwide strategically respond to
unrest by simultaneously increasing their online messaging and shifting the topic from domestic to
foreign policy issues. Besley and Dray (2023) finds that during the COVID-19 pandemic, countries

without free media under-report COVID deaths by 3 to 6 deaths per million.
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1.4 The Case of Chinese Government Media

As part of its media management toolkit, the Chinese government engages in diversionary flooding
on media platforms. Roberts (2018) finds that most information management methods implemented
by the Chinese government act not as a ban but as a tax on information: information is not
impossible to access but accessing it requires extra time and money. The state is not interested
in blocking sensitive information as much as redirecting the public’s attention from issues that
could threaten the state’s legitimacy or authority. King, Pan and Roberts (2017) finds that the
government fabricates social media posts by hiring bots to surreptitiously insert large amounts of
pseudonymous writings into social media streams. By hiring paid commentators, governments can
flood the internet discourse with their narrative, undermine the credibility of competing media, and
distract citizens from events that reflect badly on them. As I find in the Weibo data, the government
often distracts the public discourse with coverage of mundane details of Party meetings or with
encouraging quotes. During times of greater unrest, the state run media may be more likely
to release non-political and non-controversial “feel-good” content like nature documentaries or
animal videos that divert the public’s attention away from political turmoil and elicit lighthearted

satisfaction.

1.5 Inattention

In the behavioral economics literature, individuals simplify complex decisions, process subsets of
information, and choose among alternatives with imperfect information. Specifically relevant to
this paper is the impact of salience and limited attention on information acquisition and decision
processes. Both theoretical models and field experiments demonstrate that salience (prominence
of an attribute) significantly shapes preferences and behaviors (Bordalo, Gennaioli and Shleifer
(2022)). Likewise for limited attention; in the rational inattention model, individuals allocate
attention in a top-down way, using meta-cognition about what information should be acquired;
they compare the costs of information acquisition and the benefits of decision improvement and
deliberately ignore certain information in order to optimize their attentional resources (Simg (2003)).
In behavioral inattention, individuals allocate attention in a bottom-up way, and unintentionally

overlook information that is relevant to decision-making, resulting in suboptimal outcomes. Various
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factors contribute to this phenomenon, including the information’s salience of presentation and
human limitations in attentional capacity or cognitive biases under information overload.

Examples of inattention are abundant: in the public economics domain, Chetty, Looney and
Kroft] (2009) finds that consumers are inattentive to indirect state taxes that are not transparently
factored into prices. In the financial economics domain, limited attention among investors induces
under-reaction to newly released information, contributing to anomalies like momentum. Investors
are inattentive to and underreact to various kinds of information, including 1) earnings announcement
(as inattention decreases the immediate stock price response and increases the future predictability
of returns) (Bernard and Thomas (1989)), 2) indirect economic links between supplier and customer
companies (Cohen and Frazzini (2008)), and 3) news releases during times of greater distraction (e.g.
earnings announcements on Fridays features less immediate and more delayed response compared
to average (Dellavigna and Pollet (2009))).

This paper contributes to this literature by considering application of limited attention and
salience to media consumption in the political economy realm. In the media context, more salient
(eye-catching) content is more likely to attract the audience’s attention. Literature has documented
the interplay between attention and media consumption. The effectiveness of information transmission
through mass media depends on the presence of other attention grabbing (whether amusing,
sensational, fear inducing, etc.) content that may crowd out important information about the
state of the world. For instance, Eisensee and Stromberg (2007) find evidence supporting that
U.S. government decisions on natural disaster relief depend on the news coverage of disasters, and
the presence of other newsworthy events like the Olympic Games crowds out disaster coverage.
Additionally, individuals face an attention constraint and can only process a fixed amount of
information per unit time; therefore, they selectively allocate attention in a bottom-up way, as
attention is not predicated upon meta-level decision, but depends on presence of salient features.
The use of diversionary media by the Chinese authoritarian government, if existent and successful,
would provide a real-life and politically important evidence of behavioral inattention in media
consumption that substantiates these theoretical literature. Furthermore, this paper’s model of
media manipulation combines insights from behavioral economics, micro-founding the government’s
reaction function through individual optimization problems subject to Bayesian updating and

limited attention.
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The rest of the paper proceeds as follows. Section 2 presents a parsimonious microfounded
model of diversionary media. Section 3 discusses the data collection and processing. Section 4
discusses the empirical design and regression specifications. Section 5 overviews select empirical
results. Finally, section 6 concludes by discussing implications of our findings and directions for

further research.

2 Model of Media Manipulation

I propose a partial equilibrium model of both the demand and supply sides of media and protest to
illustrate the key dynamics in a regime with government control of media. I focus on the market
of media content: the public consumes content while the government produces content. I connect
the government problem and the individual problem via media manipulation and protest, and in so
doing microfounds diversionary media in the individual optimization problem. On the government
side, the government maximizes political stability determined by both unrest and public trust in the
government; the government’s constraint comes from costs of media manipulation like diminished
trust and increase perceived severity of the issue. On the individual side, the individual minimizes
the error between action under full information (i.e. if the individual observes true state instead
of signal) and action under only partial information (i.e. if the individual only observes signal);
the individual’s constraint comes from limited information. To make our model parsimonious in
assumptions and generalizable, I assume both demand and supply of media (both the government
and the public) are rational, in order to avoid level-k theory complications in which actors view
others as less rational and sophisticated than themselves.
Iincorporate diversion, falsification, censorship, and propaganda into a unified model. Specifically,

I do so by modeling the state of the world and the noise manufactured by the government as
normal distributions, which gives the government two channels for media manipulation/information
management: 1) changing the first moment (level) of the signal, i.e. how positive or negative the
signal is, and 2) changing the second moment (noise) of the signal, how much variance the signal
contains. I consider falsification, censorship, and propaganda as all shifting the first moment of
the distribution of news content, and consider diversion as shifting the second moment of the

distribution.
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The order of events are displayed in Figure E]: Individuals take the signal that incorporates
diversion and falsification as exogenous, and choose the optimal amount of protest; next, the
government observes the level of protest from the individual problem and chooses the optimal
response of falsification and diversion.

( N . [ Government manipulates )
Government learns about Government anticipates .
> the media and

true state of the world public prior distribution .
manufactures signal

- ‘ ] :

Individuals form prior ) [ Individuals receive
beliefs about true signal and update
state of the world ) L posterior belief )

Figure 1: Sequence of Events in Model Setup

2.1 Setup of Media Management and Information Transmission

The government understands that the individual has a prior distribution and that the individual
Bayesian updates to form a posterior distribution of beliefs; therefore, the government’s objective
is to influence the posterior distribution.

The government knows the true value x but strategically manufactures a noise d and combines
truth and noise into a signal s sent to the public. The signal equals the true value plus noise:
s = x + d. The true value x and noise d are independent and both distributed normal. Since x
and d are both distributed normal, s = z + d is a mixture of normals. Note that x is measure of

“negativity” of the state of affairs; therefore, the higher the x, the worse the state of the world.

Zz NN(,UJxvag)
dNN(Mdvag)

x Al d

The mean and variance parameters that capture the first and second moments of the distribution
take on the following interpretation: ug is the government’s misrepresentation of the factual state
of the world; a negative pg indicates that the government decreases the first moment (i.e. make the

news more positive). o4 is the government’s injection of diversionary content; a positive o4 indicates
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that the government increases the second moment (i.e. make the news have higher variance). In this
framework, diversion changes the second moment of the distribution, while falsification /fabrication
changes the first moment of the distribution.

Importantly, distortion and diversion achieve the same result through different channels: distortion
creates a wedge between the true state and the signal, whereas diversion creates a wedge between
the signal and the inference. Under distortion (manipulation of of first moment), the government
sends a signal that is increasingly biased in the negative direction. Under diversion (manipulation
of second moment), the government sends a signal that is truthful in expectation (level) but inflated
with noise; due to the noisiness of the signal, individuals shrink the signal towards the cognitive
default. The diversion channel bears resemblance to cognitive uncertainty (as in Enke and Graeber
(2019)) except being fully rational. Importantly, noise and bias are linked; namely, when people
are cognitively noisy, they revert more to a cognitive default, which introduces systematic bias.
Mathematically, the second moment of the signal is relevant for inferring the first moment.

The mean and variance can be manipulated in several ways. To change the mean pg of
politically relevant news, the government can engage in propaganda, censorship, embellishment, and
fabrication. For instance, the government can limit the news coverage of negative domestic political
news (i.e. censorship); shift the sentiment distribution of domestic political posts from negative to
positive, either through making negative events sound more positive (i.e. falsification), or through
substituting posts on negative events with posts on positive events (sentiment distortion); shift
the location distribution of political news from domestic to foreign (i.e. location diversion); shift
the topic distribution of domestic news from political to nonpolitical (i.e. topic diversion). The
conceptual framework explains each mechanism in greater detail. To change o4 of domestic political
news, the government can decrease the number of domestic political posts, and instead inject other

categories of information, including foreign events or nonpolitical topics.

2.2 Individual Problem

The country has a unit mass of individuals each with prior and posterior beliefs about politically
relevant issues. Individuals update their prior beliefs in the classical Bayesian manner after receiving
signal from their media intake to form a posterior distribution. Each individual makes the binary

decision of whether or not to protest. Aggregated across individuals, the level of protest becomes

15



{Domestic Nonpolitical Content}

Topic shift

Sentiment Shift
Negative Domestic Political Content > | Neutral /Positive Domestic Political Content

Locy tioy, Shifs

Figure 2: Flowchart of Distortion and Diversion Mechanisms

[Foreign Political Content}

a continuous fraction (taking on a probabilistic interpretation in case of unit mass). I work with
the aggregate continuous case for sake of simplicity.

Individuals receive signal s but do not observe the true value z. The individual subsequently
updates their prior belief. The agent chooses a level of p that potentially differs from the fully
informed action p™°rmed — f(x), where z is the true state of the world. The agent wants to
minimize the distance between his partially informed action given the signal (p) and the fully
informed action (p™°™™¢?) where the action is how much to engage in protests. Setting f(z) = z,
the agent solves

minu(p) = %E[(p — 2)2s]

Expanding and differentiating with respect to p, I obtain

1
mpin B (p* — 2pE[z|s] + E[2?|s])

p* = E[ols

The process of identifying the rational action p*/ormed

is imperfect because agents do not observe
the true value; thus, the inferred posterior is a convex combination of the signal and the default.
For a Bayesian agent, this creates a Gaussian signal extraction problem. Let y denote the posterior

distribution of = given signal s, such that y = P(x | s).

0.2

—— € [0,1]

y=P(x|s) ~N (As+ (1= N)pg, (1 — A)o2) for shrinkage factor A = 7 2
02403

16



The above summarizes the outcome of the government using both levers of distortion and
diversion; I now isolate the effects of each lever. When there is only distortion and no diversion
(03 = 0), there is no shrinkage towards the prior default (A = 1), and the posterior distribution
reduces to Y ~ N (s,0). When there is only diversion and no distortion (u% = 0), then the
signal’s value is just the prior default (s = p,), and the posterior distribution reduces to Y ~
N (pa, (1= N)o2).

Since Cov(z — As,s) = 0,(x — As, s) is Multivariate Normal random variable with uncorrelated
(and hence independent) components. in particular, due to independence of components

2 o2

o
Elz — X =FElx — As] = (1 = Ny — A\ug = d _ x
[fl? S ‘ 8] [.CL' S] ( )/’Ll‘ :u‘d 0-(?[—"_0—%/1’:1: 0_‘%4_0_3“61

Proposition 1. The individual’s optimal protest level is given by

o2 o2 2

* X X

p" = E[z|s] = o fha +
U?l‘l—O'% 0%—#03 Jg—kafl

Proposition 2. We verify comparative statics as desired: first, optimal protest is decreasing in
distortion; second, optimal protest is decreasing in diversion if the signal is high (bad) enough (recall
s measures amount of “badness”), and increasing in diversion if the signal is low (good) enough; i.e.
diversion decreases protest if the realized signal is sufficiently bad, but counterproductively increases

protest if signal is sufficiently positive.

a * 2
P el-10
Oltq oz +0]
op* 0925
@ =—(5— m)m

op* | > 0 if py + g > s t.e. signal is less than sum of default values of prior and signal

do2
T <0 if py+ pg < s ie. signal is greater than sum of default values of prior and signal
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where the second comparative static comes from

op*  Op* O

902 = O 9o

op* <0 if py+pg > s
= S§ — — =

>0 if py+pg<s

O\ o2

= <0
803 (02 + 03)2

Proposition 3. The positive cross comparative static is given by the below. Since each individual
comparative static is negative, this positive cross comparative static indicates diveresion and distortion

are substitutes for influencing protest.

op* o2

= >0
Opqdo? (024 02)?

The comparative statics and cross partial confirm our intuition. The more the government
fabricates noise, the more the population is content, due to either being satisfied from the positiveness
of news (from positive distortion, higher p4) or being distracted by politically irrelevant news (from

higher diversion, higher o4). For the first comparative static g%; , when the government does not

engage diversion (i.e. afl = 0), then g—l’f; = —1, hence distortion is highly effective and decreases

individual’s protest level one-to-one. Meanwhile, when the government engages in a lot of diversion
2 op*

(i.e. o — 00), then a5y — 0, hence distortion becomes less effective at decreasing protest as

diversion increases.

op*

For the second comparative static 80;, I observe that the effectiveness of diversion (changing
second moment of signal) in deterring protest depends on the mean of the prior and distortion (first
moment of signal). Since x and s measures the amount of negativeness in the world (e.g. unrest
elsewhere), when the signal is higher (i.e. worse) than the default prior plus the expected distortion,
then diversion decreases individual’s protest level, as increasing variance of the noise flattens the
distribution of the posterior, which induces more density to the right of the protest threshold,

therefore decreasing level of protests. Vice versa, when the signal is lower (i.e. better) than the

default prior plus expected distortion, then diversion increases optimal protest, as flattening the
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posterior distribution via increasing variance counterproductively induces more mass to the right

of the protest cutoff threshold in this case.

op*
8,“8(:5

Meanwhile, the positive cross comparative static indicates that distortion and diversion
are substitutes in decreasing individual’s optimized protest level. This confirms our conceptual
model of the government having two simultaneous levers for media manipulation, and can choose

to pursue either while accounting for the different relative costs on public trust and reputation.

2.3 Government Problem

The government takes the optimal level of protest from the individual problem as input, and
maximizes political stability over the endogenous variables g and Ug. I model a simple government

whose utility function only consists of political stability. Its uitlity function is given by

U/ >0
U% = U(t,p) =t — p where

U, <0

where ¢ is a cost function (economically, ¢ could represent trust the public has in the government),
and p is the level of protest activity from individuals. Political stability is increasing in trust in the
government U; > 0, and decreasing in amount of protest U, < 0.

Mathematically, cost ¢t imposes a constraint on government media manipulation by introducing
a cost of manipulation. This cost of trust can be conceptually understood as a psychological cost
of diminished public trust in the government (Hensel et al| (2020)), or cost of higher perceived
severity, or even a concrete material cost of creating the media content.

For the government utility function, protest level p comes from the individual problem, while
cost t does not. The cost t only enters into the government problem as opposed to the individual
problem, unrest p is directly determined by the individual optimization problem and is therefore a
well specified function for the government.

Let trust

v'(pg) < 0 when pg >0
t = v(pg, 0q) = —p3 — 605 where v'(c3) < 0, and

v'(ng) > 0 when pg < 0
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Trust takes on the additively separable functional form in its arguments: the level (mean p4) and
spread (standard deviation o4) of the noise. Level of trust in the government suffers the adverse
consequences of falsification and diversion. If we interpret ¢ as the cost of media manipulation
on trust, ¢ is maximized when gy = 0 and o4 = 0 (i.e. the most trustworthy government is
one that engages in neither distortion nor diversion). Cost is quadratical in distortion, as the
probability of the public detecting the government’s lying increases at a positive rate. This dynamic
between government media intervention and public trust in the government can also be modeled
intertemporally, where each period’s media intervention erodes public trust in the government in
the next period. However, a static one period setup suffices to deliver the qualitative predictions I
hypothesize conceptually and observe empirically.

The scalar 6 motivates the government’s decision between changing pug or og5. When § <
1, distortion is more costly for trust than diversion; whereas when d > 1, diversion is more
costly. Conceptually, changing the first moment is more noticeable and potentially repellent than
changing the second moment. Namely, engaging in information falsification, repressive censorship,
or nationalistic propaganda is much more likely to result in detection by the public than engaging
in softer methods like distraction through flooding; therefore, distortion (artificially increasing the
mean of the signal) is more likely to erode trust in the government than diversion (artificially
increasing the variance of the signal). We set § = 1 for simplicity.

As encapsulated in the above specification, government manipulation of media, including both
changes in the first moment (i.e. distortion/fabrication) and changes in the second moment
(i.e. diversion and distraction), simultaneously generates two competing effects. First, media
manipulation reduces civilian trust in the government, as the public becomes cognizant of the
government’s ulterior motive of appeasing the public by injecting positive or distracting content
into their media feed. Second, media manipulation decreases the amount of unrest potential, since
a greater fraction of the population is distracted.

Therefore, the government maximizes its utility function U = U(t(ua, 04), p(iq, oq)) and
solves for p and o), where p; represents the optimal level of distortion and o captures the
optimal level of diversion. Below we discuss two different Nash Equilibrium resulting from two

different games: a static game and a sequential game.

20



2.4 Static Game Nash Equilibrium with Naive Government

In the static version of the game, the government treats the protest level as exogenous and does
not anticipate that protest responds to media manipulation and does not treat p as function of g

and o4. In other words, the static game models a naive government who solves:

G 2 2
max U, 770 (1d, 0d;p) = —fig — 0q — p
The solution is immediate: if the government believes protestors engage in unrest regardless of
media content, media information management portends no returns and only delivers the downside
the diminished trust. In this eventuality, the government does not engage in distortion or diversion
and instead reports truthfully, with p; = 0 and afl* = 0. Next substitute the government’s optimal

response /; and U?i* into the individual’s optimal response p*.

Proposition 4. When the government does not internalize the individual response function, the
equilibrium is a trivial one where the government engages in neither diversion nor distortion, and the
individual protests to a commensurate degree as the signal. The Nash Equilibrium is characterized

by best resopnse functions

P (g, 0q) = s (1)
pyg =0 (2)
03 =0 (3)

2.5 Sequential Game Nash Equilibrium with Sophisticated Government

In the sequential version of the game, the government internalizes p* (g, 03) and solves

max UMGd(jg-d (Md: O—dap<:ud7 Ud)) = _/'[’?l - 0—3 - p(,ud’ Ud)

2

Oy

= —p2 — 02— (1 = Mg — Mg + As) where \ = m
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Proposition 5. Government utility obtains its mazimum at the following optimal values

1 o2
= x 4
0 (po + pg —x —d —1)02  when (z — pg) + (d — pg) < —1
94 = (5)
0 when (x — piz) + (d — pg) > —1

Optimal diversion aﬁ* has an interior solution when x < p, + pg — 1 — d, and has a corner

solution at 0 when x > py; + pg — 1 — d. This result comes from the F.O.C. which arranges to

o

_ 1
(0240%") — patpa—s’

Since the left hand side is between 0 and 1, the FOC only reaches a positive
solution when = < p, + g — 1 — d. Otherwise, % < 0 for all positive 03, indicating that any
positive amount of diversion will decrease government utility; since diversion is non-negative, we
reach the corner solution where optimal diversion is zero.

The intuition behind this case-wise result is as follows. In case 1, when the true value x is lower
(better) than threshold, the default prior is lower than the posterior (x < P(x|s)); thus, increasing
noise oy shifts the posterior belief downward towards the default prior (recall that downward shift
means lower level of “badness”), thereby improving people’s belief about the state of the world and
reducing level of protests. In case 2, when true value z is higher (worse) than threshold, the default
prior is higher than the posterior (z < P(z|s)); thus, increasing noise o4 shifts the posterior belief
upward towards the default prior, thereby increasing people’s posterior beliefs about the existing
level of unrest and increasing protests. Since diversion increases unrest in this case, the government
does not engage in diversion.

Alternatively, consider the sum of differences between realizations and expectations (x — py) +
(d — pug). When this quantity is higher in the positive direction, it indicates that the random
variables x and d realized at higher values than their expectations, where higher values indicate
more problematic state of the world. Thus, (x— )+ (d—puq) > —1 translates into a bad realization
of both the true value and the noise in the first moment, in this case, the second moment can help
to improve posteriors; hence o3 is positive. By contrast, (x — pi;) + (d — pg) < —1 translates into a
good realization; thus, since the first moment of the posterior is already sufficient good, diversion

is no longer necessary; hence 0'3 is zero.
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Note that since signal is distributed s ~ N (pz+ pa, 0'9264-0'3), the threshold s = z+d = pz+pq—1
is lower than the mean. Therefore, the fact that the cutoff rule is lower means the government is
tolerating certain bad states of the world and only deploying diversion when the state of the world

is negative enough.

Proposition 6. The Stackelberg equilibrium is characterized by the below system of optimal response

functions. When both players are playing this NE strategy, neither party has an incentive to deviate.

1 o2
* X
_ - 6
Ha 202 —1—03* ©)
afl*:(ux—i—ud—s—l)agforx<,u$+,u;§—1—d (7)
2% 2 2
* 04 Oy * Oy
P 03* + o2 Hz 02+ o2 Ha 02 + o2 )

Next, we solve for pu}, afl*, p* in terms of exogenous variables and implicitly differentiate with
respect to x, pz, and o2 to obtain comparative statics, for g and 03*.

Since

2
> 0 when z > —22—3‘ + pz — 2 — d which we call A for convenience

20-521*_‘_09%(2_,“1‘1‘8) 9
<0 whenz < 2% +pu, —2—d

Oz

Proposition 7. The government’s optimal distortion (), and diversion Jfl* are characterized by

the following comparative statics with respect to x, iz, and o2.

<0 .
—_—
2 4, 2 2
do2 —(o + o20%) >0 when z < A

or 202 +02(2 -y + s
7d 73l Ha ) <0 whenz > A

303* af,f + 0303* >0 whenz > A

O 202* +02(2 — pz + 5)

<Qwhenz < A

\

802* B 20925(/% — 5 — %) 05(2 — g+ S)
oo 202* + 02(2 — pz + 5)
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o 1 o2 do2* . o dag*
=5 G fff%V D which has opposite sign as D (12)
oy 1 o2 Do ol
= —— which has opposite sign as —2 13
e 2(07 +02)? Ope w I Ot 13)
2% 9007
oy 1 | T (14)

902 2 (02 + 02)?
These comparative statics show how the optimal distortion and diversion change with respect to
the true state of the world, as well as mean and variance parameters of its underlying distribution. A
higher x indicates a worse draw from the underlying probability distribution. A higher p, indicates
that overall state of affairs is worse in expectation, even before the random variable realizes a value;
this could imply a uniform upward shift of the entire distribution, or a shift in probability mass of
the distribution from left end to right end. For instance, a higher u, could translate into overall
worse economic conditions. A higher o2 indicates that state of affairs is high variance and each
realization can deviate far from the mean. For instance, a higher o2 could translate into greater
uncertainty about the future economic or political landscape, such as leading up to party leadership
change or during a trade war. Therefore, the comparative statics indicate not only how optimal
media policy responds to a particular realization, but also to underlying fundamental conditions.
Equation 12 (%) shows that when the true value is below (better than) a certain threshold
(dictated by p, and o), optimal state-run media distortion decreases as the true state of the world
worsens, i.e. as the true state of the world worsens, the optimal distortion is lower; to the contrary,
if the true value is above (worse than) certain threshold, optimal media distortion increases as the
true state of the world worsens; namely, it’s optimal to increase diversion when the state of affairs
worsens. Together, these two cases suggest that the response of optimal distortion is dependent on
the true level of unrest x. Colloquially, when the draw is good enough, the state would optimally
distort less as the draw incrementally gets worse; whereas when the draw is bad enough, the state

would optimally distort more if the draw incrementally gets worse.

2%
d

Jdo
[2]

T

Equation 9 ( ) shows that when true unrest is above (worse than) certain threshold, optimal

state-run media diversion is decreasing in the true unrest; vice versa, when true unrest is better
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than cutoff, diversion increases as the state of affairs deteriorates. Taken together, the above

comparative statics suggest that distortion and diversion are substitutes for the government.

2.6 A Visual Illustration

We now present a simplified visual illustration of the above model. Figure E displays how diversion
changes the individual’s inference from the government’s signal, via graphing the two limit scenarios:
when o4 = 0 and when o4 = co. With no diversion, the inference is precisely equal to the signal.
With infinite diversion, the individual recognizes the noise and infinitely defaults their posterior
to the prior, causing the inference to be unresponsive to the signal. Figure @ shows the state of
the world and the corresponding diversion. When true unrest is low (z is low), the government
does not divert, whereas when true unrest is high, the government injects diversionary content and

chooses positive 03.

Inference vs. Signal for Different Values of Diversion

[x]|s, d]

£

Inference

— Ud:cxj

— 0y=0

e

Signal s

Figure 3: Ranges of Diversion and Corresponding Inference vs. Signal Function

Figures a and E illustrate how mechanistically distortion and diversion impact the signal and
inference. Under distortion (of first moment), the government sends a signal that is increasingly
biased downwards as unrest increases. Under diversion (of second moment), the government sends

a signal that is truthful in expectation (level) but inflated with noise; due to the noisiness of the
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True State and Corresponding Diversion

Level of Diversion, gg

X
True state of the world x

Figure 4: True State of the World and Corresponding Diversion

signal, individuals shrink the signal towards the cognitive default. Importantly, we observe that
distortion and diversion achieve the same result through different channels: distortion creates a
wedge between the true state and the signal, whereas diversion creates a wedge between the signal
and the inference.

As shown in graph B, the government seeks to increase the probability mass under the protest
threshold and increase the fraction of the population that do not engage in protest. When the
public’s prior beliefs are bad (i.e. when p, > Z, namely when prior beliefs about level of protest is
greater than threshold), the government engages in media manipulation, through either distortion or
diversion. By contrast, when the public’s prior beliefs are good (i.e. when p, < Z), the government
does not necessarily conduct media manipulation. In particular, diversion actively increases the
protest fraction, by flattening the distribution and increasing the CDF. The government may choose
to engage in distortion contingent in certain cases contingent upon precise values of ji,,02, as
discussed in above section.

For sake of illustration, temporarily disregard the consequences of manipulation on public trust;
when the government focuses on lowering probability of unrest, the government’s objective is to

minimize 1 — CDF of the posterior belief distribution up to the cutoff threshold P(y > Z). So the
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Truth, Signal, and Perception Under Distortion
(Manipulation of First Moment)
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Figure 5: True vs. Perceived Signal Under Distortion (Manipulation of First Moment)

Truth, Signal, and Perception Under Diversion
(Manipulation of Second Moment)
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Figure 6: True vs. Perceived Signal Under Diversion (Manipulation of Second Moment)
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government solves

minl — F(z) = P(y > 1) = 1 — &(~ Jy“y) = [OO yfy (y)dy

Figure H shows that during bad states of the world (u, > Z), the government can decrease
1 — CDF (the shaded region) by either flattening the posterior distribution or shifting the posterior
distribution downward. By contrast, as shown in Figure E during good states of the world (u, < ),
diversion actually counter-productively increases the shaded area, reaffirming the earlier intuition

that the government only adds noise for the purpose of shading the posterior upward.

Comparison of True Distribution and Manipulated Distribution
During Bad State

—— True Distribution
Distribution with Distortion
—— Distribution with Diversion

Probability

X M1 pz
State of the World

Figure 7: True vs. Manipulated Distribution in Bad state of the World

2.7 Operationalizing Distortion and Diversion through Weibo: A Toy Example

Next I explicitly model how distortion and diversion operate mechanistically through the news
media channel on Weibo. A state-run media posts N total posts within a given timeframe
{1,2,...,N}. Note N is relatively fixed and mostly does not fluctuate drastically across time;
however, N can vary from day to day within a small range. Among the N articles, news vary in
characteristics along three dimensions: 1) location (domestic vs. foreign), 2) sentiment (positive

vs. negative), and 3) topic (political vs. nonpolitical). There are N, political news and N,
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Comparison of True Distribution and Manipulated Distribution
During Good State

— True Distribution
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—— Distribution with Diversion
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Figure 8: True vs. Manipulated Distribution in Good state of the World

entertainment (i.e. non-political) news, N, positive (good) news and N, negative (bad) news, and

N4 domestic news and Ny foreign news, such that each binary category partitions the sample space.

;

N,+N.=N
N, +Ny=N
Nd+Nf:N
\

Individuals consume media in a way similar to drawing balls from an urn: the probability of
drawing a news of type i is proportional to the number of news in the category 7 and inversely
proportional to the number of news in other categories.

There are various ways for the government to manipulate state-run media to generate distortion
and diversion (i.e. change g and o4). Tables m and E explicitly model how censorship, propaganda,
embellishment, fabrication, and diversion work in the context of news posts. Tables m and E present
a concrete toy example of manipulated media and free media. Tables E and @ summarize the
directional shifts under each circumstance.

I distinguish between a baseline (counterfactual) without government manipulation of media

content (which resembles outcomes for a free and independent media) and the scenario of interest
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When the government ENGAGES in media manipulation

Np
No7d anf

p,d,b NP,d,Q Np,f,b Np,f,g Ne Total N

=

Baseline (Average Day With No | a b c d
Unrest)

Artificial Suppression of | a— A b c d e N-—-A

Reportage of Negative
Domestic Political events
leaving all else constant

Artificial Sentiment Shift | a — A b+ A c d e N
from Negative to Positive

Artificial Location Shift from | a — A b c+ A d e N
Domestic to Foreign

Artificial Topic Shift from | a — A b c d e+ A N
Political to Nonpolitical (while
changing the ratio of positive vs.
negative domestic political news)

Artificial Topic Shift from | a — A b—A c d e+ 2A N
Political to Nonpolitical (while
holding the ratio of positive vs.
negative domestic political news)

Table 1: Distribution of Number of News Reporting Under Government Media Manipulation

with government manipulation of media. Comparing the predicted direction of change (predicted
sign of regression coefficient for each of the manipulation channels), we see that the signs are
perfectly symmetric/flipped for cases with and without manipulation. Table E summarizes the
observable outcomes of media posts when government manipulation is present, while table @
describes when government manipulation is absent. For cases where manipulation is present, I
additionally distinguish between different conceptual mechanisms of government manipulation, and
model how each channel would be operationalized. For cases where manipulation is absent, I also
enumerate different mechanisms through which the composition of posts would change.

When a negative domestic political event occurs, the total number of Weibo posts N may stay
the same or slightly increase. I describe both channels in the table; while they differ in terms of the
absolute levels, they are identical in relative proportional terms (which are our regression outcome

variables of interest).
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When the government DOES NOT ENGAGE in media manipulation

Np
Np,d Np.r
Np,d,b Np,d,g Np,f,b Np,f,g Ne Total N
Baseline (Average Day With No | a b c d e N
Unrest)
Natural Increase in|a+A b c d e N+ A
Reportage of Negative
Domestic Political events
leaving all else constant
Natural Sentiment Shift from | a + A b—A c d e N
Positive to Negative
Natural Location Shift from | a + A b c—A d e N
Foreign to Domestic
Natural Topic Shift from | a+ A b c d e—A N
Nonpolitical to Political

Table 2: Distribution of Number of News Reportings Under Free and Independent Media
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(43

When the government ENGAGES in media manipulation
Effect on Effect on Owutcome Variables (Sign of
Posterior Regression Coefficient)
Distribution
Y
(Fraction Negative | (Fraction (Fraction (Fraction (Fraction
Political Domestic | Domestic Negative Negative Political)
Given Political | Given Political) Political
Domestic) Political) Domestic)
Baseline (Average Day With | N/A N/A N/A N/A N/A N/A N/A
No Unrest)
Artificial Suppression of | Increase | Increase | Decrease Decrease Decrease | Decrease | Decrease
Reportage of Negative
Domestic Political events
leaving all else constant
Artificial Sentiment Shift | Increase | No Decrease No Change | Decrease | Decrease | No
from Negative to Positive Change Change
Artificial Location Shift | Increase | Increase | Decrease Decrease No Decrease | No
from Domestic to Foreign Change Change
Artificial Topic Shift from | Increase | Increase | Decrease Decrease Decrease | Decrease | Decrease
Political to  Nonpolitical
(while changing the ratio
of positive vs. negative
domestic political news)
Artificial Topic Shift from | No Increase | No Change Decrease Decrease | Decrease | Decrease
Political to  Nonpolitical | Change
(while holding the ratio
of positive vs. negative
domestic political news)

Table 3: Conceptual Effects on Posterior Distribution and Outcome Variables (In Presence of Media Manipulation)



e¢

When the government DOES NOT ENGAGE in media manipulation
Effect on Effect on Outcome Variables (Sign of
Posterior Regression Coefficient)
Distribution
Y
Hy oy % o 1—py NNi: x % % % %
(Fraction Negative | (Fraction (Fraction (Fraction (Fraction
Political Domestic | Political Negative Negative Political)
Given Political | Domestic) Political) Political
Domestic) Domestic)
Baseline (Average Day With | N/A N/A N/A N/A N/A N/A N/A
No Unrest)
Natural Increase in | Decrease | Decrease | Increase Increase Increase | Increase | Increase
Reportage of Negative
Domestic Political events
leaving all else constant
Natural Sentiment Shift | Decrease | No Increase No Change | Increase | Increase | No
from Positive to Negative Change Change
Natural Location Shift | Decrease | Decrease | Increase Increase No Increase | No
from Foreign to Domestic Change Change
Natural Topic Shift from | Decrease | Decrease | Increase Increase Increase | Increase | Increase
Nonpolitical to Political

Table 4: Conceptual Effects on Posterior Distribution and Outcome Variables (In Absence of Media Manipulation)
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As shown in the table, our major outcome variables of interest are ]\’;7"21’ o 1 — py (Fraction
P,

Negative Political Domestic Given Political Domestic), N]’\’,’d x 0_—12 (Fraction Political Domestic),
Yy

% (Fraction Negative Political Domestic), and % (Fraction Political).

I note the mechanical linkage between the proportions observable from the empirics and the
first and second moments of the posterior belief distribution derived from the model. The signal in
question concerns “how good or bad is the state of affairs for domestic political issues.” The first
moment /i, in the model represents the average level of sentiment (positiveness), which is equivalent

to 1 — Ajfvpi’d;’ (the fraction of political domestic posts that are positive) in the data. The second
P

moment 03 represents the variance of the posterior, which is inversely proportional to N]‘\’,’d (the
fraction of all posts that are about the relevant topic, i.e. domestic politics) in the data.

Conveniently, table E supplies a benchmark for comparison, as it describes the counterfactual
scenario of the media landscape absent government intervention; namely, a free and independent
media theoretically behaves this way. Noticeably, the predicted regression coefficients have signs
opposite from those in the government-intervened world.

Since the predicted signs of change across the four specifications are different for all five channels,
the manipulation channel used by the Chinese government can be specifically identified from
the empirical results, by observing which set of predictions (amongst all five channels) aligns
closest with our regression outcomes. In practice, however, the channels likely work in concert,
as the government simultaneously shifts attention and conversation towards topics unrelated to
bad domestic politics, regardless of whether it is about good domestic politics, foreign politics, or
nonpolitical topics. Likewise for the free media benchmark, no one channel is likely to exist in
isolation from others.

In Table E, compared to the regression baseline (which is an average day presumably with no

or minimal unrest events), following onset of bad domestic political event:

1. Artificial suppression of reporting of negative domestic political events (leaving all else constant)
increases both the mean p, and variance 05 of the posterior belief; specifically, it increases the
mean by decreasing the fraction political domestic posts that are also negative (i.e. removing
the negative signals from the pool of relevant signals, which lifts up the average value of the

signal), and increases the variance by decreasing the fraction of total posts that are political
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and domestic (i.e. decreasing the number of signals, which statistically increases the variance
of the signal). As a byproduct, it also decreases the overall fraction of political posts, as well

as the fraction of negative political posts.

. Artificial sentiment shift from negative to positive news increases the mean p, but does not
affect the variance 02 of the posterior belief; specifically, it increases the mean by decreasing
the fraction political domestic posts that are also negative, and leaves the variance unchanged
by not affecting the fraction of total posts that are political and domestic (i.e. since it simply
replaces negative signals with positive signals, it does not change the total number of domestic
political signals and hence the variance). Likewise, it also exerts no effect on the overall

fraction of political posts.

. Artificial location shift from domestic to foreign increases both mean i, and variance O'Z of
posterior beliefs; it increases the mean by decreasing the fraction political domestic posts that
are also negative (i.e. removing negative news on domestic politics and leaving the number
of positive news on domestic politics unchanged), and increases the variance by decreasing

number of domestic political news.

. Artificial topic shift from political to nonpolitical (while changing the ratio of positive vs.
negative domestic political news) increases both mean (by reducing number of bad domestic

political signals) and variance (by reducing the number of domestic political signals overall).

. Artificial topic shift from political to nonpolitical (while holding the ratio of positive vs.
negative domestic political news constant by simultaneously lowering the positive domestic
political news) does not change the mean (as the ratio of good to bad news about domestic
politics is kept constant by removing both good and bad news in equal proportions) but

increases the variance (as number of signals about domestic politics are doubly reduced).

This is compared to the free media benchmark where reportage on negative domestic political

events would naturally increase following the occurrence of a negative event in domestic politics,

which decreases p, and UZ in most cases. The comparison between free and manipulated media

squares with intuition. Following the onset of a bad domestic political event, the signals sent by the

free media shifts downward expectations about the state of the world and reduces variance in the
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posterior (since individuals now possess more information). To the contrary, a government managed
media sends signals that either shifts expectations upward or at minimum leave it unchanged, and
inflates the variance (since reduction in reporting leaves individuals with less information to arrive

at the correct inference about the prior distribution).

3 Data Collection and Processing

3.1 Measuring Political Unrest: GDELT Data

I construct a time-series index of social unrest activity, sourcing the data from the Global Database
of Events, Language, and Tone (GDELT) Project. Developed by Google, GDELT monitors the
world’s news media around the world in broadcast and web formauts.ﬂ GDELT uses data mining
and natural language processing algorithms to extract events and their corresponding themes and
emotions. GDELT records instances of events based on articles from a global, comprehensive set
of media outlets.E Each event identifies a source actor, an event type, and a target actor. When
multiple news sources cover the same event, GDELT records only one event. The GDELT dataset
is updated in real time with 15 minute intervals, and contains over one hundred news sources
that provide coverage on Chinau.E While the Chinese data coverage may be biased by government
censorship, it offers one of the most comprehensive information on China.H

The GDELT project covers over 300 categories related to political activity; each event falls under
the following general umbrellas.E The various event categories include: make public statement,
appeal, express intent to cooperate, consult, engage in diplomatic cooperation, engage in material
cooperation, provide aid, yield, investigate, demand, disapprove, reject, threaten, protest, exhibit
force posture, reduce relations, coerce, assault, fight, and use unconventional mass violence.

The dataset includes the universe of events between 2014 and 2020 where both the actor and
target are geocoded to be within China. For each event, the following variables are pertinent to

our analysis:

!The GDELT data is graciously provided by Prof. David Yang and Andrew Kao.

2GDELT creates two primary data streams: one codifying physical activities around the world into over 300
categories, and another recording the people, places, organizations, themes, and emotions underlying those events.

3For detailed information on GDELT, refer to their website.

“See Beraja et al) (2021)) for a more detailed discussion.

SGDELT adopts the CAMEO version 1.1b3 taxonomy. For more detailed information, please refer to the CAMEQ
User Manual or the GDELT website for crosswalk files
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e Quad Class: Specifies this primary classification for the event type, allowing analysis at the
highest level of aggregation. The four primary classifications include: Verbal Cooperation,

Material Cooperation, Verbal Conflict, and Material Conflict.

e Goldstein Score: A numeric score from -10 to +10 capturing the theoretical potential impact
that type of event will have on the stability of a country, using the Goldstein Scale. (Note:

the score does not account for size of protest)

e Number of Article Mentions: the total number of source documents containing one or more
mentions of this event during the 15 minute update in which it was first seen. This can be
used as a method of assessing the “importance” of an event: the more discussion of that

event, the more likely it is to be significant.

o Average Tone: This is the average “tone” of all documents containing one or more mentions
of this event during the 15 minute update in which it was first seen. The score ranges from
-100 (extremely negative) to +100 (extremely positive). Common values range between -10

and +10, with 0 indicating neutral.

e Location: Since GDELT data is geographically referenced to the FIPS10 administrative
division 1 (ADM1) level (provincial level), this allows us to observe the specific location

at which these events occurred, and connect unrest data with weather data.

We additionally construct the following Vau"iables.E

Coverage Weighed Event Tone = Average Tone x log(1 + Number of Article Mentions) (15)

Destabilization Potential = 0.8 x Goldstein Score + Coverage Weighted FEvent Tone (16)

Summary statistics and figures are displayed below. Most protests in China are small-scale,
localized, and short-lived, and focus on economic issues. Concerning actors, the majority of GDELT
events lack either an identified actor or identified target. For the subset of identified events, Figures

@, @, and @ exhibit a frequency matrix for the top 7 most frequent actor and target types, which

5Note that more negative scores indicate higher destabilization potential
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include government, business, civilian, police forces, military, media, and education institutions.
Among all the events, nongovernmental entities account for the majority of actors and targets in the
events. Nongovernmental entities are the actors in 32.66% of events and are the target in 33.90% of
events. When jointly considering the actor and target, cases where nongovernment entities are both
the actor and target lead in terms of frequency by a slim margin, accounting for 36.06% of events;
cases of government acting upon entities and nongovernment entities acting upon government are
similarly frequent at 30%. Meanwhile, events where the government is both the actor and target
entity are the least probable at only 2.63%.

Concerning types of event, figure @ reports the relative frequencies of verbal cooperation,
material cooperation, verbal conflict, and material conflict. Of the events, 45.5% are verbal conflicts,
39.9% are material conflicts, and 14.6% are material cooperations. Table B displays the relative
frequency of events for non government actors, separated by action type and topic type. Of the
31428 events by nongovernmental actors, we observe that the most prevalent types of action are
disapproval and fight. Demands, threats, and protests are also common.

Figure @ and Table @ present the geographical distributions of unrest events: Beijing and
Gansu feature the highest event counts; however, their respective profiles of and causes for unrest
are starkly different. For Gansu, verbal and material conflicts are more common as a fraction of
all events, whereas the contrary is true for Beijing: Gansu’s 50.2% frequency of verbal conflicts
is higher than the national average of 45.5%. For Beijing, the government represents a higher
than national average fraction of events (37% compared to 32%), while for Gansu, civilians and
private entities initiate a higher proportion of events (70.65% compared to 67.4%). The case
of Gansu illuminates various factors that contribute to social unrest. Economically, Gansu is
the nation’s poorest province with the lowest GDP per capita; low agricultural productivity and
high unemployment rate contribute to economic instability, spurring riots and protests against
economic policies such as redistribution of tourism revenue. Societally, Gansu is home to a number
of ethnic minority groups, including Tibetans, Mongolians, and Hui Muslims. Ethnically rooted
tensions between minorities and the Han majority have also exacerbated unrest. Environmentally,
frequent earthquakes, droughts, and famines lead to disputes over land and water resources. Lastly
politically, Gansu has a history of corruption, poor governance, and oppressive government response

to protests, increasing animosity towards the government. For instance, in November 2018, residents
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of a Tibetan township in Gansu gathered to protest a government plan to divert fresh drinking
water from a local source to a neighboring area, attracting police forces who threatened them with
arrest.

Concerning timing, figures @ and @ reveal temporal patterns on a weekly and annual basis.
On a micro level, unrest events are more likely to occur during weekdays compared to weekends.
This may be attributed to either biased sampling due to greater media coverage on business days
than weekends, or to weekdays offering attractive features like higher visibility and greater impact,
particularly if protestors target government institutions, political figures, or businesses and aim to
disrupt their operations. On a macro level, unrest is less common in October, since the government
is particularly focused on maintaining political stability and social harmony around National Day
(October 1) via increased security measures and crackdowns on dissent. Unrest is most common
in March, April, and July, likely due to the following reasons. First, anniversaries of political
movements like the Tibetan Uprising Day (March 10) and the Urumgqi riots (July 5) bring attention
to issues of human rights, political freedoms, and ethnic tensions. Second, the annual meeting
of China’s top legislative body the National People’s Congress in March, as well as the CCP
annual leadership meeting in July, draws popular attention to possibly contentious political subjects.
Third, nonpolitical forces like seasonal employment starting in March after the Lunar Festival can
spark labor market frictions particularly for seasonal migrant workers. Lastly, milder weather
conditions in spring and summer months are more conducive to outdoor assemblies.

Regarding the impact potential of events, figures @ to @ plot the event level distribution
of goldstein scale, average tone across reportings, and number of article reportings, as well as
constructed measures coverage weighted event tone and destabilization potential, all of which proxy
for the potential societal and political impact. Destabilization potential is decreasing in both tone
(measure of affect) and goldstein score (measure of intensity) and increasing in the number of article
mentions (measure of magnitude of public attention).

Specifically, figures @ and @ display the goldstein score and average tone for events by actor

and target type. In accordance with intuition, events of type ‘“civilian unto military,” “police

2 il

unto civilian,” “police unto police,” and “civilian unto police” have the lowest average tone across
media reporting. Similarly, events of type “civilian unto business” , “military onto media” are

the most destabilizing as suggested by the Goldstein score.
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3.2 Measuring Government Media Activity: Weibo Data

The Chinese government can modify people’s perception of the state of the world by altering
the information they are exposed to; social media platforms like Weibo furnish a useful empirical
context. I construct a novel dataset that includes the Weibo social media accounts of China’s top
18 national-level state-run media. I automate a web scraping algorithm to search the corresponding
social media accounts and scrape their account activity. Given this dataset, I next utilize a
supervised machine learning topic classification model to categorize the posts’ content along various
dimensions including location, affect, attention-grabbingness, and topic label to produce a feature
dataset.

I examine state-run media posting activity on Weibo as an empirical setting, for a few reasons.
First, since Chinese state run media are government official media outlets, they allow us to observe
the direct action of the government, absent concerns about private sector media activity. Studying
state run media is preferable to studying overall aggregate Weibo activity, as the latter only allows
us to observe an equilibrium outcome involving both private actors and the government (namely,
both individual self censorship and government censorship/propaganda/information regulation are
involved), whereas the former isolates the government’s media activity, thereby obviating concerns
about decomposing equilibrium outcomes. Second, social media operates on a high frequency and
allows for instantaneous posting and viewership. As such, it’s an appealing mechanism for the
government to divert attention, as content can be instantaneously and costlessly (in pecuniary
terms) inserted, removed, or altered. Thus, compared to slower-moving media industries like TV
shows and films which require a long time to orchestrate and produce, Weibo appears as a plausible
mechanism for the government to respond to political unrest activity due to the short time horizon.
Third, Weibo is a heavily utilized social media platform in China, akin to Twitter in the United
States. Due to its wide audience and ubiquitous presence, Weibo presents itself as a cost-efficient
and influential medium for the government to interface with the public.

I scrape a total of 1.2 million Weibo posts from 18 Chinese media outlets spanning from 2011
to 2023, including People’s Daily, Xinhua News, Economic Daily, China Daily, etc. The state-run
media are summarized in Table El Figure @ plots the number of posts per day across time. 1

observe that generally the posting activity is stable across time for all media outlets, excepting
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upticks during extraordinary periods like the onset of COVID.

For each post, I extract the following variables: text, date and time, presence of audio-visual
media (i.e. whether the post contains images and videos), number of likes, number of comments,
number of reposts, and whether the post is original or reposted. In particular, I focus on three
aspects of the data: 1) the Weibo text for topic classification purposes, 2) the presence of audio-
visual media as a candidate measure for attention-grabbingness, and 3) like, comment, and repost

activity as audience engagement and attention towards the post.

3.2.1 Topic Classification

BERT I first train a Bidirectional Encoder Representations from Transformers (BERT) model on
a pre-existing dataset and next fine-tune it on a hand labeled dataset. In broad terms, the model
performs feature selection, feature dimension reduction, and classification model learning.

I overcome a few challenges with the dataset. A first concern is that the dataset is sparse and
binary topic labels are unbalanced (i.e. while common topics like politics and economy feature
large numbers of posts, less common topics like sports and environment feature many 0’s and few
1’s). I address this in the following two ways: First, in terms of training the classifier model, I
reweigh the training set to overweight 0 labels relative to 1 labels (these weights are multiplied
with the positive rate to make the dataset balanced between number of 0’s and number of 1’s). I
additionally adjust the decision boundary/threshold of the sigmoid activation function from 0 to a
positive value, which induces the model to classify texts as 0 with greater probability. Second, in
terms of evaluating model performance, I examine false positive and false negative rates in addition
to accuracy, as accuracy is a suboptimal measure of model performance in the case of sparsity and

unbalanced labels.

Transfer learning Since our hand-labeled dataset is limited in size, I train the entire network
on the pre-labeled THUNews dataset, and finally fine tune the last layer of our neural network
on our hand-labeled dataset. THUCNews is a dataset of historical filtered news texts from Sina
News RSS Subscription Channel for the period 2005-2011, provided by the Natural Language
Processing Laboratory of Tsinghua University. The dataset includes 740,000 news articles, with a

size of 2.19GB. On the basis of the original systematic news categorization by Sina News, the data is
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Figure 9: Confusion Matrix for Topic Classification Labels
In each confusion matrix, 0 represents a negative label, 1 represents a positive label; top left cell
represents true negatives, top right represents false negatives, bottom left represents false
positives, and bottom right represents true positives.
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Topic Label Accuracy

Location 77.0
Affect 59.8
Political 80.5
Patriotic 81.6
Attention Grabbingness 63.2
Politics and Government 75.9
Economy 85.1
Law, Crime, and Justice 87.4
Disaster and Accident 92.0
Health 82.8
Culture 90.8
Society 75.9
Entertainment, Media, and Arts 87.4
Lifestyle and Leisure 73.6
Environment 83.9
Education 93.1
Science and Technology 88.5
Sport 93.1

Table 5: BERT Model Topic Classification Accuracy Statistics by Topic Label

further categorized into 14 candidate categories, including finance, lottery, real estate, stocks, home,
education, technology, society, fashion, politics, sports, horoscope, gaming, and entertainment.

THUCNews provides us with a wealth of information to train our model.

Weibo Training Dataset Our Weibo dataset includes 1500 randomly selected Weibo texts, and is
therefore a representative sample. I use a 90-10 train-test split, resulting in 1350 posts for training

and 150 posts for testing. I manually classify each post along the following dimensions
1. Location (Multiclass: Domestic, Foreign, Bilateral/Global, No Region)
2. Tone (Multiclass: Positive, Negative, Neutral)
3. Political (Binary: Political or non-political)
4. Patriotic (Binary: Patriotic or non-patriotic)

5. Attention Grabbing (Binary: Attention grabbing or not; note attention grabbing can include

funny, shocking, sensational, etc.)
6. Multibinary Topic Classification between 13 topics
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I classify topics using a system adapted from the International Press Telecommunications
Council (IPTC) Media Topics NewsCodes, shown in figure @ Figure H shows the summary
statistics of the categorization output. Figure g presents the confusion matrix (Type-I and Type-II
errors) of the predictions relative to manual categorization. Table a summarizes the accuracy for all
labels. I extract and concatenate features from both the THUNews and Weibo datasets, utilizing

both for prediction.

3.3 Instrumenting for Unrest: Weather Data

I use local weather conditions to instrument for political unrest. Historical weather data is collected
by the World Meteorological Organization (WMO) and hosted by the National Oceanic and Atmospheric
Administration (NOAA). Data is reported at the weather station-day level and includes an array
of features like mean temperature, amount of precipitation, presence of fog or hail or thunder,

maximum wind speed recorded, and visibility. We then match weather stations with prefectures.

3.4 Variable Construction and Method of Aggregation

Media Data Variable Construction Each Weibo post is classified along the following dimensions:
1) location: domestic vs. foreign vs. global/no location, 2) affect: positive vs. negative vs.
neutral, 3) politicalness: political vs. nonpolitical, 4) patriotic vs. non patriotic, 5) multibinary
topic classification. This allows us to construct additional binary labels from intersections between

orthogonal labels. For instance, we construct “negative domestic political”
Negative domestic political = Negative X Domestic x Political (17)

We similarly define other variables like “neutral (positive) domestic political,” “foreign political,”
etc.

We also construct the variable log audience attention, which measures how much the audience
engages with the post online; compared to comments, we allocate less weight to likes and more
weight to shares, as retweeting a post indicates greater attention and engagement with the content
than likes or comments. Furthermore, shares are less prone to bot activity compared to likes and

comments, as King, Pan and Roberts (2017) documents how the Chinese government historically
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employs commentators to flood the comment section with positivity. Audience attention is defined
as follows:

log(Audience Attention) = log(likes®® 4+ comments + shares'? + 1) (18)

Unrest Data Variable Construction Each unrest event is classified, amongst other things, by
actor type, target type, topic type, and action type. In terms of actor entities and target entities,
we collapse specific types crudely into government vs non government entities. Topic types include
political, economic, and military. Action types include ease, demand, disapprove, threat, protest,
posture, coerce, and fight. This allows us to consider a plethora of different configurations between
actor, action, topic, and target. For instance, we consider the permutation and construct “Nongov

Threat Gov” as follows.

1if Actor = Nongov, Action = Threat, and Target = Gov
Nongov Threat Gov = (19)

0 otherwise

1if Actor = Nongov, Action = Demand, and Topic = Political
Nongov Demand Political =

0 otherwise
(20)

7

We similarly define other variables like “Nongov coerce nongov,” etc. Furthermore, we create

categorical measures of event hostility.

Conciliatory = {Ease}
Nonwiolent and Hostile = { Demand, Disapprove, Threat, Protest}

Violent and Hostile = { Posture, Coerce, Fight}

Aggregation The richness and granularity of the media and unrest datasets confer the opportunity
for flexible aggregation along various dimensions to comprehensively summarize the data. For both
the Weibo and the unrest data, we sum counts for all categories to the day level to gauge aggregate
media activity and unrest activity for a given day. I aggregate data at the day level for two reasons:

First, in terms of data availability, unrest and weather data exists in daily frequency and Weibo
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data is precise to the minute, therefore, daily aggregation preserves the unique granularity that
would be otherwise lost in weekly aggregation. Second, in terms of the conceptual transmission
mechanism, the government should be acutely aware of unrest events and respond swiftly through
shifting the composition of catered content, corroborating our modeling decision.

For Weibo and the unrest data, we respectively sum counts for posts and events across all
categories to the day level to measure aggregate media activity and unrest activity for a given
day; for instance, we tally counts of unrest for each interacted category of actor entity type, target
entity type, action type, and topic type for GDELT. However, since not all Weibo posts nor all
unrest events are created equal, we consider measures of intensity in addition to count. For Weibo,
we calculate sum log audience attention across all posts, as well as for different subsets by topic.
For GDELT, we calculate average destabilization potential, goldstein scale, and tone, as well as
weighted averages weighted by number of article mentions. We also differentiate between mild
and severe events in the following three ways. First, we count events for the subset of goldstein
score less than -4, negative destabilization potential, and negative coverage weighted average tone.
Second, we calculate a weighted count of events adjusting for destabilization potential. Third,
we aggregate more granular indicator variables for action types of varying severity, differentiating
between moderate events like demand and disapproval from more militant events like assault and
coercion. Fourth, we create counts of unrest events across different quartiles of destabilization

potential.

4 Empirical Methodology

We conduct two main categories of empirical analyses to answer two questions. First, do Chinese
state-run media respond to unrest by engaging in media manipulation and information management?
Second, does media manipulation through distortion and diversion effectively direct public attention
away from unrest? Namely, we explore first whether state-run media manipulates its content, and

next whether the interventions are effective at achieving its goal of attention diversion.
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Nongov Actor (Event | Topic of Action
Count) Political Econ Force Other All
Type Ease ](32368)6 Political ](Elalsf) Economic Ease Force | Ease Other Ease (1198)
of (1058)
Action Demand Demand Demand Demand Force | Demand Other | Demand
Political (475) | Economic (15) | (19) (3532) (4022)
Disapprove | Disapprove Disapprove Disapprove Disapprove Disapprove
Political Economic Force Other (22301)
Threat Threat Threat Threat Force | Threat Other | Threat
Political Economic (1094) (4727) (4927)
(125) (75)
Protest Protest Protest Protest Force | Protest Other | Protest
Political Economic (125) (2810) (3290)
(42) (313)
Posture Posture Posture Posture Force | Posture Other | Posture
Political Economic (1553) (1553)
Coerce Coerce Coerce Coerce Force Coerce Other Coerce
Political Economic (1229)
(621) (608)
Assault Assault Assault Assault Force | Assault Other | Assault
Political Economic (3280) (3280)
Fight Fight Political | Fight Fight Force | Fight Other Fight
Economic (10816) (10816)
All Political Economic Force (17945) | Other (11069) | All (31428)
(1289) (1125)

Table 6: Counts of Nongovernment Actor Unrest Events Across Action Type and Topic Type

Topic

Ratio of Negative to Positive Labels

Politics and Government

Economy
Society
Health

Lifestyle and Leisure
Law, Crime, and Justice

Culture

Disaster and Accident
Environment

Education

Science and Technology

1.667286
3.965398
4.199275

5.23913
5.932367
6.396907

10.299213
10.572581
13.068627
16.289157
20.742424

Table 7: Weibo Topic Label Distribution (Manually Classified Sample)
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Figure 10: IPTC Media Topic Classification System
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4.1 Does the Chinese Government respond to Unrest by Engaging in Diversionary

Media?

To investigate whether state-run media change the composition and frequency of media activity
following periods of rising unrest, I employ both OLS fixed effect and instrumental variables 2SLS

regressions.

4.1.1 OLS Fixed Effects Regressions

We implement preliminary regressions of the following general form, which features media activity

as the outcome variable, and exogenous unrest shock as the explanatory variable.

Content Share;; = Bo+ 1 Unrest Level; 1+ 32 Unrest Level; 1+ 33 Unrest Level; ;o +dWi+;+€4

(21)

where 7 indexes the state run media, ¢ indexes time, and v; are media fixed effects. Content Share;

is a fractional variable that measures the proportion of posts that are a given topic. Unrest Level is
the count of unrest events; to explore the heterogeneity of government responses to different event
types, we consider various subsets of unrest activity. We include control variables like month of
year, day of week, and a linear time trend, to account for the fact that there may be systematic
variation in media behavior across times. To control for unobserved heterogeneity that varies across
media but remains constant over time, we include media fixed effects, which remove time-invariant
differences between entities that may be correlated with the outcome variable. Accordingly, we
cluster our standard errors at the media level.

Independent Variables Since not all unrest events are created equal, we examine various
dimensions of unrest activity, including actor, target, action, and topic, and estimate separate
specifications for each. Due to multicollinearity between the various measures of unrest, we let
regressors enter separately instead of jointly. Multicollinearity biases the standard errors upward,
and causes unstable patterns in coeflicient estimates whose signs may easily flip; therefore, since
some fractions are definitionally linear combinations of others, we separately examine the impact

of each.
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Dependent Variables Our dependent variables are (scaled) fractions that measure the proportion

of posts of a certain topic. They fall within the following three umbrellas.

Number of Domestic Posts
Number of Total Posts

1. Simple Proportion : Fraction Domestic ( ), Fraction Foreign, Fraction

Positive, Fraction Neutral, Fraction Negative, Fraction Political, etc.

Number of Negative Domestic Political Posts

2. Conditional Proportion: Fraction Negative Given Domestic Political (

Number of Domestic Political PostS) et
s .

Fraction Domestic Given Political ( Number of Political Posts

Number of Negative Domestic Political Posts

3. Interacted Proportion: Fraction Negative Domestic Political Number of Total Post

Fraction Apolitical and Patriotic etc.

I choose the proportion/fraction as our outcome variable of interest, for two reasons. First,
in accordance with the limited attention model setup, individuals consume media subject to a
time constraint, isomorphic to an attention constraint, as practice, netizens spend a relatively
fixed amount of time on social media. Therefore, when individuals intake content from the Weibo
information deluge, it is arguably the relative, not absolute, prevalence of content that dictates the
probability said content will be consumed. Second, empirically, the total number of posts per media
per day is relatively fixed and does not fluctuate much across time; for instance, People’s Daily
has roughly the same number of posts everyday (around 30). Therefore, considering the relative
proportions is isomorphic to considering absolute levels. Nonetheless, we also consider total counts
of posts per day as an outcome variable, as there exists meaningful day to day variation.

Limitations of OLS Fixed Effects OLS estimates may be imprecise due to omitted variable
bias and measurement error of the outcome variable; however, neither concern substantially detracts
from our results, since omitted variable bias in this case implies the true coefficient estimate should
be larger in magnitude, and measurement error in weibo post topic classification does not bias our
estimate but rather deflates the p-value.

First, even when controlling for media fixed effects and event-level observables, confounding
factors such as other exogenous shocks including breaking news unrelated to unrest and endogenous
economic developments challenge internal validity. Eliminating omitted variables by adding controls
is difficult, as other covariates like economic conditions are only observed at longer horizons,

subjecting our regressions to omitted variables bias. may be subject to omitted variable bias.
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Consider the omitted variable of a positive political event. a; = 81 + P2y2, where beta; is the true
effect of unrest event on fraction of negative domestic political news, o is the estimated coeflicient
under omitted variable bias, and o is the coefficient of positive political progress in the auxiliary
regression. in this context, a; < 0, B2 < 0, and 2 < 0, therefore the bias 8271 is positive, leading
us to understate the true effect, and estimating an effect o1 smaller in magnitude in the negative
direction than the true effect ;.

Second, measurement error in the dependent variable reduces statistical precision, as the sampling
distribution will be more dispersed, hence widening the coefficient’s confidence interval. Meanwhile,
measurement error in Y does not bias the coefficient point estimates. Furthermore, the statistical
significance of our results even in the presence of wider confidence intervals suggests that true

statistical significance under precise measurement of Y may be higher.

4.1.2 Instrumental Variables Regression

OLS is only unbiased if conditional mean independence is satisfied, i.e. the independent variable
of interest is uncorrelated with the error term; thus, the internal validity may be compromised.
Instrumental variable regressions help us obtain a consistent (but still biased) estimator when the
conditional mean independence assumption is violated. Since both media and unrest data are
high frequency, control variables that match our dependent and independent variables in terms of
frequency are difficult to find. While economic indicators like GDP, inflation, and unemployment
are informative metrics that could meaningfully explain variation in state-run media activity, their
quarterly frequency renders them less effective.

To address omitted variables bias, we exploit exogenous variation in weather conditions in an
instrumental variablesr (2SLS) framework. Weather instruments have been widely employed in the
political economy subfield. For example, Madestam et al (2013), Gonzalez (2020), and Larreboure
and Gonzalez (2021) use daily weather shocks during rallies as an exogenous driver of attendance.
Due to data limitations and high dimensionality concerns, we restrict the 2SLS exercise to Beijing,
leveraging Beijing weather data as exogenous driver for unrest activity and observing content
composition of Beijing Daily, the top state-run newspaper in Beijing.

We check instrumental variable assumptison of relevance, conditional independence, exclusivity,

and monotonicity for the weather instrument. First, we demonstrate the relevance condition, which
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states

Cov(Adverse Weather, Unrest) # 0 (22)

Economically, this requires the instrument (weather) to be a meaningful determinant of the treatment
(unrest). Previous literature demonstrates that adverse weather conditions like precipitation,
thunder, and gust significantly affect protest turnout. Following Angrist and Pischke (2009), we
test relevance by running first stage regressions (with appropriate controls included to make the
instrument as good as randomly assigned) and observing the first stage F-statistic in Table @ We
note that while our instrument clears the critical threshold of 10 proposed by Angrist and Pischke
(2009), it does not attain the critical value of 23.01 proposed by Montiel-Olea and Pflueger (2013),
suggesting that the instrument is sufficient but not incredibly strong. Moving forward, a better
methodology for high dimensionality instrument selection would be to perform LASSO regression

selection of weather predictors among all weather variables and their interactions.
2SLS First Stage: Count of Unrest Events, = By + 1 Adverse Weathery + YWy + € (23)

Second, we explain our inclusion of controls and discuss the conditional independence assumption,
which states

Elei|Adverse Weather;, Wy| = Ele;|W] (24)

Economically, this requires average weather conditions to be as good as randomly assigned across
days, once a complete vector of controls is included, i.e. the instrument does not affect the
conditional mean of error terms conditional upon controls. This condition is satisfied since weather
conditions are completely exogenously determined by nature.

Third, we show that the exclusion restriction, which states that the instrument can only affect
the outcome through its effect on the treatment, holds. Since our main outcome variables are
the conditional proportions of political content (i.e. the fraction of domestic political content
that is negative in affect), they are not directly or indirectly impacted by weather other than
through unrest events. As a thought exercise, suppose severe weather conditions on a certain
day cause state-run media to report on it, this does not impact the internal composition of

political news across sentiment classes, which bolsters the exclusion restriction. While in the case
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of overidentifying restrictions, we can perform the J test of overidentifying restrictions to verify
the exogeneity condition, in the just identified case where number of instruments equals number
of endogenous regressors, we cannot statistically diagnose exogeneity. Moreover, in the most likely
scenario of treatment effect heterogeneity, in which each instrument estimates a different local
average treatment effect, the J-test of overidentifying restrictions will only inform us whether the
instruments estimate the same LATE, but inconclusive as to exogeneity.

Lastly, we consider the monotonicity assumption, which states

0 Unrest Level
< t 2
0Adverse weather — 0,v (25)

This is also plausibly satisfied as protest probability and size should both be monotonically decreasing
in adverse weather conditions.

Nonetheless, remaining limitations exist for the generalizability of IV2SLS results. First, IV
estimates capture the local average treatment effect, which may differ from the average treatment
effect over the entire time range. Second, the sparsity of severe weather conditions implies that
LATE is estimated over a relatively small sample of days. When considering both the extensive
and intensive margins of political unrest, weather conditions may affect protest on the intensive
margin but not the extensive margin. As discussed in Beraja et al) (2021), the elasticity between
weather and unrest may be zero on some days and nonzero on other days. Over a relatively long
period of time, on the one hand, there are many days on which no unrest takes place, not due to
unfavorable weather conditions but due to the absence of need for political mobilization; therefore,
on these days, there is no elasticity between weather conditions and unrest occurrence. This poses
a limitation.

We directly estimate the second stage regression as follows.

2SLS Reduced Form: log(Content Share;) = By + 1 Adverse Weather; + YWy + € (26)

2SLS Second Stage: log(Content Share;) = [o+[F1 Count of Unrest Events,+yWyi+e€, where 1 = “
1

(27)
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4.2 Does government diversionary media effectively divert public attention?

After examining the government’s intention to divert, we shift to investigate the potency of media
intervention in diverting attention, i.e. market outcomes of diversion. We implement an ordinary
least squares and instrumental variables specification to examine how much the audience’s attention
towards and engagement with government posts shift in response to media manipulation around
unrest events. For the OLS approach, we regress Log Audience Attention against the state-run
media content composition variables (e.g. Fraction Negative Domestic Political, Fraction Domestic Political).
For the IV approach, we use level of unrest activity (e.g. count of verbal and material conflicts) to

instrument for changes in media content composition.

4.2.1 OLS Fixed Effects Regressions

We estimates three regressions of the following general form:

log(Aggregate Attentioni,t) = Bo+pB1 Content Fraction; ;+0Z+v;+€;1 where Wy is a vector of controls
(28)
The dependent variable is the log-transformed audience engagement with posts of media ¢ on
day t, as measured by audience likes, comments, and retweets. The main treatment independent
variable Content Fraction is the same as our outcome variable in our previous section. Media fixed

effects v; and observable controls W; are included as usual.

4.2.2 Instrumental Variables Regression

The OLS fixed effects regression may be limited in its potency due to omitted variables bias and
reverse causality bias. Omitted determinants of audience engagement include media coverage of
other non state-run outlets; in particular, if the audience informs themselves first through other
channels and subsequently visits state-run media accounts to seek more information, the causal
driver of increased engagement with state-run media is then not their own posting behavior but
rather that of other media; this confounding variable likely biases our coefficient estimates upward.
Another threat to internal validity arises from reverse causality bias: state-run media may be

shifting its content composition in response to changes in audience engagement.
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The above two challenges again point to IV2SLS as a preferable identification strategy. The
number of verbal and material conflicts provides a plausible instrument, as it fulfills both the
relevance and exogeneity requirements. First, first stage regressions indicate strength in all five
instruments (unrest measures), by virtue of having heteroskedasticity robust F statistics that
unambiguously clear the critical value. Appendix tables show how the Count Verbal Material
Conflict instrument performs for various endogenous variables, and how various subset instruments
perform for the endogenous variable Log Aggregate Attention Potential. We conclude that individually,

each instrument is strong.

2SLS First Stage: Content Fractiony = Py + (1 Count of Unrest Fvents, + YWy + € (29)

Second, the exogeneity condition, which requires the instrument to be uncorrelated with residuals
(E(w;| Z1i, Zai, controls) = E(u;|controls)), should be satisfied. The count of unrest events affect the
audience’s attention and engagement with state-run media content only to the extent that the state-
run media publicizes the content to reflect the development; namely, by virtue of selecting topics
for reportage, the government sets the agenda and channels public’s attention. To further establish
intuition; hypothetically, if the state-run media ignores the unrest event and does not modify
posting behavior, the audience’s engagement with government posts would not be influenced.
Therefore, the mechanism through which unrest activity affects public engagement with state-
run media posts conceptually relies on state-run media posts themselves. While the public may
gain awareness of unrest through private, independent media conduits, this should not first-order
affect the audience’s engagement with the government media posts, complying with the exclusion

restriction.

2SLS Reduced Form: log(Aggregate Attention, = o+ 1 Count of Unrest Events,+yWi+e; (30)
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2SLS Second Stage: log(Aggregate Attention, = Bo+/51 Content Fractiom+’th+et where 51 = fl
1

(31)

4.3 Potential Limitations

Our above conceptual framework relies on the assumption that unrest events are politically destabilizing
and costly for the regime. This potential for destabilization motivates the government to divert
attention towards irrelevant topics. One may cite that most unrest protests in China are nonpolitical,
but rather center around economic claims or other issues (e.g. demanding a nearby air polluting
factory to shut down or migrate locations). However, this need not be a concern since most unrest
events are inherently detrimental to social cohesion and stability even if the subject or theme is
nonpolitical. Another limitation concerns audience engagement with government posts, which is
subject to government manipulation. A potential direction for future research involves leveraging

computer science algorithms to separate humans from “bots” deployed by the government.

5 Results and Discussion

Following days with higher unrest activity, we observe the following state-run media behavior.
First, the government statistically significantly decreases the share of negative domestic political
posts on Weibo, instead replacing it with neutral domestic political news. Second, the decrease
in negative domestic political coverage is accompanied by a significant decrease in coverage of
society, law, crime, and justice, and disaster and accident, and a significant increase in coverage
of the economy. Third, overall coverage of political topics increases while coverage of nonpolitical
topics decreases. Fourth, posting frequency as measured by the number of daily posts increases
following unrest. Lastly, audience attention and engagement with the state-run media accounts
also increase allowing government more power and flexibility to control the narrative; however,
audience engagement with the negative domestic political subcategory of news decreases, to the
contrary. These results collectively answer our two overarching research questions. First, state-run

media indeed modifies its posting behavior, supposedly in an attempt to divert audience attention.

56



Specifically, it does so not by crudely decreasing political coverage and increasing nonpolitical
coverage, but rather subtly by avoiding discussion of negative events and injecting neutral political
information to diffuse attention and dilute negativity. Second, this diversion is potentially effective
in diverting audience attention away from negative domestic political content.

Taken together, these observations suggest that the government is very subtle and sophisticated
in its information management regime; it foregoes the obvious and detectable tactic of diverting
attention away from politics towards entertainment, and instead pursues the nuanced maneuver
of increasing neutrality of political news, while simultaneously holding positivity constant and
decreasing negativity of political news. This media management tactic suggests that the government
is sophisticated in anticipating a certain degree of sophistication for the individual in terms of media
consumption: consider a naive citizen who cannot recognize diversion and will attend to certain
topics as nudged, then the elasticity between attention and diversion is high; thus, if the government
assumed the public was naive, it would use the primitive device of diversion through entertainment,
namely insert entertainment content and adjust content composition to de-emphasize politics.
By contrast, consider a sophisticated citizen who can detect the presence of diversion and will
resist nudges for diversion, then the elasticity between attention and diversion is low; thus, if
the government operated on this assumption, it would adopt the intricate technology of diversion
through political neutrality and irrelevance. This empirical finding points towards level-k theory
as a potentially helpful ingredient for an enriched model.

In addition to corroborating basic conjectures of the model, the empirics illuminate two interesting
nuances. First, the cost of diversion and distortion on trust is high. In the model, manipulation
diminishes public trust in the credibility of state-run media as an information source; this imposes a
constraint that prevents the government from engaging in distortion and diversion in an unencumbered
fashion. In the empirics, we observe that in the face of unrest events, state-run media actually
increases content share of both domestic topics and political topics; by contrast, the mechanism
through which the state diverts attention is political neutrality, not entertainment. This discrepancy
suggests that the trust cost of intervention is high enough to deter the government from blatantly
injecting diversion. Second, it is difficult to precisely disentangle diversion from distortion when the
subject in question that the government and individual care about can only be indirectly inferred

and not directly observed; i.e. x in the model may or may not be about domestic political news.
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Concretely, while our operating assumption is that the state of domestic political news factors into
individual protest decisions and government information manipulation decisions, an alternative
possibility is that the quantity of interest is the general state of domestic news, not specifically
domestic political news, that determines social unrest. This can make the two channels distortion
and diversion difficult to distinguish.

Below we discuss select empirical findings.

5.1 Does the Chinese Government respond to Unrest by Engaging in Diversionary

Media?

We specifically examine 11 content composition outcome variables of interest. We discuss what
would theoretically precipitate in five scenarios: if the government 1) ignored unrest, 2) distorted
the truth in the positive direction, 3) diverted attention towards nonpolitical topics, 4) diverted
attention towards foreign topics, and 5) diverted attention towards politically neutral topics.

In Scenario 1, the government collapses all reporting about the newly emerged incident, suggesting
the pre-existing distribution of news should remain constant, including the distribution of political
news across sentiment categories. Therefore, the coefficient for Fraction Negative/Neutral/Positive
Given Domestic Political should all be economically proximate to zero, similarly for the remaining
coefficients. In Scenario 2, the government distorts factual truth and shifts political signals upward,
suggesting a negative coefficient for Fraction Negative Given Domestic Political and positive coefficient
for Fraction Positive Given Domestic Political, while being silent on the coefficient for Fraction
Neutral Given Domestic Political. In Scenario 3, the government inserts nonpolitical content
to divert attention, suggesting a negative coefficient for Fraction Political in Column 7, while
being silent on signs for specific sentiment classes. In Scenario 4, the government inserts foreign
content to divert attention, suggesting negative coefficients for Fraction Domestic in Column 9
and Fraction Domestic Political in Column 5. In Scenario 5, the government inserts mundane and
irrelevant political content that is routine and uninformative about the true state of the world in
order to divert attention, suggesting a negative coeflicient for Fraction Negative Given Domestic Political,
and a positive coefficient for Fraction Neutral Given Domestic Political.

Empirically, we find support for the fifth channel. Across all regressions, we observe an increase

in neutrality and a decrease in negativity. As shown in Table E, an additional material conflict is

o8



contemporaneously associated with a 0.045 percent point decrease in fraction of domestic political
content that is negative, a 0.058 percentage point increase in fraction of domestic political content
that is neutral, and a 0.012 percentage point decrease in the fraction of domestic political content
that is positive, all at statistically significant levels. Verbal conflicts are associated with similar
decreases in negative domestic political news and larger increases in neutral domestic political news.
Consider unrest events with nongovernmental actors, one additional event is contemporaneously
associated with a 0.022 percent point decrease in fraction negative DP news, a 0.026 percentage
point increase in fraction of neutral DP news, and a 0.004 percentage point decrease in the fraction
of positive DP news.

Collectively, this compositional shift in sentiment suggests a rise in neutrality of news following
an increase in negativity of state of affairs. This subtle tactic stands in contrast to scenarios 1
(ignore) and 2 (distort) outlined above, in which the sentiment composition either doesn’t change
(tg = 0) or shifts upward (ug > 0). Here, through the political neutrality diversion channel, the
government inserts neutral and routine political events that are uninformative about the state of
the world. These neutral events exist in abundance and usually happen in the background without
much public attention; they include long and detailed accounts about routine party meetings,
unrevealing speeches by government officials that follow conventional templates, or full length text
of regulatory policies that do not pertain to the broader public. At all times, the government
possesses a repository of routine meetings, speeches, and policies that state-run media can report
on should it choose to. During normal times with minimal unrest activity, there is little need for
state-run media to report on this; however, as positive news becomes scarce and negative news
becomes abundant, this reservoir of neutrality becomes useful following unrest.

We also observe in Table B a statistically significant increase in the number of posts per day
following unrest: an additional material conflict and an additional verbal conflict are respectively
associated with 0.672 and 0.24 more posts per day from Chinese state-run media. This increase
in total posts suggests evidence against Scenario 1 (ignore), as state-run media increases total
reporting as a response to outbursts of unrest, instead of holding reporting constant.

Table E shows how the response varies over lags. Specifically, we observe that for the fraction
of negative domestic political posts, the decrease is more gradual, with lagged coefficients featuring

larger magnitudes than contemporaneous coefficients, suggesting that the reduction in negativity
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is gradual. For the fraction of neutral domestic political posts, the increase is immediate, with
contemporaneous coefficients featuring both higher statistical significance as well as magnitude,

suggesting that the rise in neutrality is swift.

Fraction Negative Fraction  Neutral Fraction  Positive Fraction Political Fraction Domestic Number of Posts Log  Aggregate
Given  Domestic Given  Domestic Given  Domestic Attention
Political Political Political Potential
Count Material Conflict -0.119 0.529** -0.410* 0.452%** 0.143** 0.497* 3.249%
(0.195) (0.212) (0.227) (0.157) (0.060) (0.186) (1.176)
Count Material Conflict Lag 1 -0.185 0.110 0.075 0.237 0.019 0.346* 1.940*
(0.183) (0.211) (0.218) (0.160) (0.063) (0.188) (1.175)
Count Material Conflict Lag 2 -0.376* -0.067 0.443** -0.185 -0.053 -0.118 -0.078
(0.183) (0.189) (0.206) (0.149) (0.060) (0.182) (1.126)
Count Verbal Conflict -0.293 0.757* -0.463** 0.712%** 0.029 0.297 1.764
(0.183) (0.202) (0.224) (0.160) (0.064) (0.195) (1.197)
Count Verbal Conflict Lag 1 -0.023 0.100 -0.077 0.263 0.001 0.205 0.745
(0.186) (0.199) (0.220) (0.161) (0.063) (0.191) (1.131)
Count Verbal Conflict Lag 2 -0.364" -0.036 0.401* -0.049 -0.044 -0.372** -1.510
(0.174) (0.189) (0.208) (0.154) (0.059) (0.188) (1.144)
Mean Average Tone -6.947* -6.899*** 2.457 1.986 4.490%** 4.913** 4.708*** 3.932% 0.865** 1.121% -0.727 0.358 -10.677% -3.114
(1.655) (1.653) (1.813) (1.827) (1.718) (1.748) (1.251) (1.245) (0.429) (0.435) (1.136) (1.227) (5.974) (6.499)
Mean Goldstein Scale 1778 1.495 2.365" 2.836™* -4.143* -4.332" -1.195 -0.882 0.564 0.772* 3.627 4.587 19.487* 25.872"**
(1.375) (1.398) (1.296) (1.316) (1.366) (1.399) (1.003) (1.034) (0.358) (0.372) (1.019) (1.138) (5.391) (6.185)
Day of Week 1.681 2.037% -0.865 -1.272 -0.816 -0.765 -4.874"** -5.102*** -1.273"* -1.041%* -8.167* -8.355"* -
24.527* 24.940™**
(1.177) (1.159) (1.207) (1.166) (1.304) (1.275) (0.956) (0.947) (0.357 (0.351) (0.915) (0.903) (5.243) (5.330)
Days Linear -0.098*** -0.101%* 0.037** 0.043*** 0.060*** 0.058"** 0.023*** 0.030%** 0.021%* 0.020"* 0.093** 0.090** 0.567 0.541%*
(0.003) (0.003) (0.004) (0.003) (0.004) (0.003) (0.003) (0.003) (0.001) (0.001) (0.003) (0.003) (0.020) (0.017)
Month -0.458 -0.527 -2.896™** -2.861** 3.354"* 3.388"* 0.321 0.344 -7 -1.157* -3.189*** -3.109*** -
19.578** 18.993***
(0.509) (0.511) (0.537) (0.540) (0.591) (0.593) (0.460) (0.466) (0.167) (0.166) (0.497) (0.472) (3.048) (2.872)
const 326.881"*  327.032°**  419.243**  421.584**  253.876™**  251.384***  251.713"**  254.226™*  873.131***  872.115"* 253.439"*  251.491*  1271.907*** 1254.853**
(7.733) (7.653) (7.231) (7.088) (7.719) (7.551) (6.108) (6.092) (2.212) (2.209) (5.511) (5.494) (20.051)  (29.330)
Observations 2,258 2,258 2,258 2,258 2,258 2,258 2,258 2,258 2,258 2,258 2,258 2,258 2,258 2,258
R? 0.385 0.385 0.130 0.124 0.153 0.153 0.125 0.111 0.212 0.214 0.424 0.430 0.435 0.443
Adjusted R? 0.383 0.383 0.127 0.121 0.150 0.150 0.122 0.108 0.209 0.212 0.422 0.428 0.433 0.441
Residual Std. Error 86.694 86.692 87.659 87.988 95.477 95.494 73.830 74.395 27.044 26.999 76.568 76.215 445.851 442.635
F Statistic 153.509**  152.689"*"  46.456™"* 44.135"** 49.800** 49.410"* 41.562°* 36.306"* 70.9127* 71.125% 134.745™*  142.992**  141.114"**  152.478"**
Note: *p<0.1; *p<0.05; **p<0.01
Note

Table 8: Preliminary OLS Fixed Effects Regression

5.1.1 By Broad Event Type

Table B displays summary coefficients for an array of regressors across various event types. We only
report the coefficient on contemporaneous unrest for sake of brevity. Across all measures of unrest,
we observe that higher counts of unrest events are associated with lower fractions of state-run media
domestic political posts that are negative in sentiment, as all Column 1 coefficients are negative
and statistically significant. Comparing Column 1 coefficients for Rows 4 (Count Nongov Hostile,)
and 5 (Count Gov Hostile), we observe that while both coefficients are negative; the coefficient for
nongovernmental hostile actions is slightly larger in magnitude than the governmental counterpart,
suggesting that state-run media is less willing to highlight actions that reflect hostility from private
entities, as opposed to from the government.

We also observe interesting patterns across the hostility spectrum. As shown in Column 1,
reporting of negative domestic political (NDP) news decreases for both conciliatory and hostile

acts, suggesting that regardless of the nature of events, state-run media’s first order objective is
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Regressor Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Number Log

Negative  Neutral Positive Domestic Domestic Negative  Political =~ Domestic  of Posts Aggregate

Given Given Given Given Political ~ Domestic Attention

Domestic Domestic Domestic Political Political Potential

Political ~ Political ~ Political
Count Material -0.455*%*%  0.579%**  0.124 0.466***  0.566***  0.045 0.515%*%  (0.129%*%*  (.672%**  4.556%**
Conflict (0.15) (0.152) (0.165) (0.095) (0.122) (0.042) (0.129) (0.047) (0.132) (0.765)
Count Verbal Conflict -0.5%* 0.814%*%  _0.313**  (.248%**  (.826™**  (.058 0.868***  0.008 0.248* 1.518**

‘ (0.143) (0.145) (0.158) (0.091) (0.116) (0.04) (0.122) (0.045) (0.127) (0.737)

Count Material -2.222%F  1.466%**  0.757** 0.79%** 1.674%**  -0.164* 1.643%**  0.129 0.6%* 3.747F*
Cooperation (0.339) (0.346) (0.376) (0.217) (0.276) (0.095) (0.292) (0.106) (0.302) (1.756)
Count Nongov -0.518%*  0.734%**  .0.216 0.307*%*  (.68*** 0.045 0.689***  (0.054 0.355%%*%  2.462%**
Nonviolent Hostile (0.151) (0.153) (0.166) (0.096) (0.122) (0.042) (0.129) (0.047) (0.133) (0.775)
Count Gov Nonviolent  -0.305**  0.386***  -0.081 0.195%%%  (0.385***  0.018 0.383***  0.036 0.244*%%  1.608***
Hostile (0.072) (0.073) (0.079) (0.046) (0.058) (0.02) (0.061) (0.022) (0.063) (0.369)
Count Nongov -4.457%%  2.35 2.107 -0.49 -1.082 -0.934* -0.995 0.196 4.851%FF  38.211%F*
Conciliatory (1.895) (1.925) (2.085) (1.204) (1.542) (0.528) (1.628) (0.59) (1.669) (9.7)
Count Gov -4.791FF%F 3.366%FF  1.425 1.893*%*  5.333%*¥*  _0.046 5.365%*%  (.292 -0.056 -1.772
Conciliatory (1.001) (1.018) (1.105) (0.637) (0.81) (0.28) (0.856) (0.313) (0.887) (5.161)

Table 9: Summary Coefficients by Event Type, Across Various Content Shares

to eliminate articles that reflect unfavorably upon the political landscape. However, the causes for
decrease are different: in the case of confrontational and threatening events, the decrease in fraction
NDP is motivated by disguise and diversion, whereas in the case of conciliatory events, the decrease
is motivated by a genuine positive shift in affairs. This is reflected in Column 3 coefficients’ signs as
well as Column 1 coefficients’ magnitudes. Controlling for covariates, for every increase in hostile
actions, contemporaneous fraction NDP falls by 0.3-0.5 percentage points, while for every increase

in conciliatory events, fraction NDP falls by 4.5-4.8 percentage points.

5.1.2 By Non-government Actor Action Type

Table @ displays summary coefficients for various action types of nongovernmental actors and
reveals interesting heterogeneity. Although coefficients are negative across all action types, they
are statistically significant for conciliatory events as well as nonviolent hostile events, and not for
nonviolent hostile events. suggesting two candidate explanations. A first possibility is that state-
run media may report the violent hostile events (corresponding to a smaller decrease in NDP) to
deter similar behavior. A second possibility is that while violent hostile acts like military posture,
coercion, and assault are more physically dangerous, they are difficult to organize and implement
without appropriate planning and training; to the contrary, it is precisely the nonviolent hostile

acts like demands, threats, and protests that have lower activation and participation barriers.
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Regressor Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction = Number  Log

Negative  Neutral Positive Domestic Domestic Negative  Political ~ Domestic  of Posts Aggregate
Given Given Given Given Political =~ Domestic Attention
Domestic Domestic Domestic  Political Political Potential
Political ~ Political ~ Political
Total Nongov Events -0.22%%%  (.26%** -0.04 0.141%%*  0.239%F*  0.008 0.232%**  (0.027* 0.167*F**  1.136%**
(0.051) (0.052) (0.057) (0.033) (0.042) (0.014) (0.044) (0.016) (0.045) (0.264)
Count Nongov Ease -4.457%% 235 2.107 -0.49 -1.082 -0.934* -0.995 0.196 4.851%F*F  38.211%**
(1.895)  (1.925)  (2.085)  (1.204)  (1.542)  (0.528)  (1.628)  (0.59) (1.669)  (9.7)
Count Nongov Demand -3.722%%k 2 968%* 1.454 1.536** 2.914%%* 0.2 2.878%*¥*  (0.304 1.548* 11.713**
(1.036) (1.053) (1.142) (0.659) (0.842) (0.29) (0.89) (0.323) (0.915) (5.326)
Count Nongov Disapprove -0.722%*  1.4%¥* -0.677TFF  0.431%* 0.942***  0.099 0.973***  _0.057 0.444 2.721%
(0.307)  (0.311)  (0.338)  (0.195)  (0.249)  (0.086)  (0.263)  (0.096)  (0.271)  (1.578)
Count Nongov Threat -1.721%* 3.062%**  _1.342* 0.739 2.594%*F* 0.045 2.711%%*  0.221 0.791 5.242
(0.735) (0.744) (0.808) (0.467) (0.596) (0.205) (0.629) (0.229) (0.648) (3.774)
Count Nongov Protest -3.941%%F - 2.263%* 1.678 1.283* 4.379%*F*  -0.277 4.484%FF  0.117 -0.713 -3.997
(1.032) (1.049) (1.137) (0.656) (0.836) (0.288) (0.883) (0.322) (0.912) (5.309)
Count Nongov Posture -2.137 -1.165 3.302%* 1.685* -1.701 -0.656* -2.403** 0.256 -5.652%FF
25.348%**
(1.424)  (1.445)  (1.564)  (0.903)  (1.157)  (0.397)  (1.221)  (0.443)  (1.25) (7.288)
Count Nongov Coerce -0.786 2.147 -1.361 0.939 -0.547 -0.234 -0.723 -0.572 -4.748%**
25.303%**
(1.56) (1.583)  (L714)  (0.99) (1.268)  (0.435)  (1.339)  (0.485)  (1.371)  (7.986)
Count Nongov Assault -0.797 1.188 -0.391 0.995* 2.175%%*  0.393 2.259%*F*  (0.183 -2.546%**
18.052%**
(0.911) (0.924) (1.001) (0.578) (0.739) (0.254) (0.78) (0.283) (0.801) (4.658)
Count Nongov Fight -0.603 1.468***  _0.865 0.638** 1.714%%F  0.318%* 1.746%*%  (.54%** 4.287FFF 27,891 FF

(0.512)  (0.519)  (0.562)  (0.325)  (0.415)  (0.142)  (0.438)  (0.159)  (0.442)  (2.56)

Table 10: Summary Coefficients by Action Type, for Nongov Actors, Across Various Content Shares

Furthermore, while violent hostile acts are usually isolated and small-scale, nonviolent hostile acts
have substantial potential to be collective and large-scale, allowing for collective mass mobilization
on a societal level, especially through online social media platforms. Therefore, the mobilization
potential that is present in nonviolent hostility but absent in violent hostility points towards
nonviolent hostility as the government’s bigger fear; accordingly, to prevent inspiring future protests,

state-run media selectively restricts reporting.

Regressor Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction = Number  Log
Negative  Neutral Positive Domestic Domestic Negative  Political ~ Domestic  of Posts Aggregate
Given Given Given Given Political ~ Domestic Attention
Domestic Domestic Domestic  Political Political Potential
Political ~ Political ~ Political
Total Nongov Events -0.22%%F - (.26%FF -0.04 0.141%%*  0.239%**  0.008 0.232%%*%  (.027* 0.167*F*  1.136***
(0.051) (0.052) (0.057) (0.033) (0.042) (0.014) (0.044) (0.016) (0.045) (0.264)
Count Nongov Political Issue  -1.245 4.03%%* -2.785* 0.791 0.12 -0.429 -0.01 -0.685 -4.2447%FF
24.164%**
(1.479) (1.499) (1.625) (0.939) (1.203) (0.412) (1.27) (0.46) (1.301) (7.573)
Count Nongov Economic Issue -0.944 1.132 -0.189 3.351%* 2.667 0.709 2.058 0.661 -4.421%F -
33.815%**
(2.118) (2.149) (2.328) (1.342) (1.721) (0.59) (1.817) (0.658) (1.864) (10.842)
Count Nongov Military Issue — -0.742%%  0.959%**  .0.217 0.513** 1.043%%*%  0.127 1.041%%%  0.291%%%  1.309%**  9.352%**

(0.343)  (0.348)  (0.378)  (0.218)  (0.278)  (0.096)  (0.294)  (0.107)  (0.302)  (1.752)

Table 11: Summary Coefficients by Topic Type, for Nongov Actors, Across Various Content Shares
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5.1.3 By Target of Nongov Action

Table @ shows summary coefficients for government vs. non government targets of non government
entity actions. Interestingly, state-run media behavior is starkly different for different types of
targets. For actions that are dangerous (e.g. protests and threats) or highly dangerous (assaults and
fights), pairwise comparisons of coefficients for “nongov onto gov”and “nongov onto nongov” reveals
that state-run media suppresses coverage when these actions threaten government institutions, but
not when the target entity is nongovernmental. This phenomenon manifests both in coefficients
and in statistical significance: the fraction of domestic political posts that have negative sentiment
decreases by 0.132 percentage points at significance level of 0.01 for every increase in unrest events
where the victim of nongovernmental action is the government, whereas the corresponding decrease
is much smaller at 0.33 percentage points non statistically significantly for events where the victim
is a private entity. Namely, the government allows news that portray hazardous behavior between
private entities, but suppresses news of private entities inflicting harm upon the government,
likely because the former does not implicate the government action and is devoid of political
destabilization risk, while the latter jeopardizes the image and authority of the government and can
spark collective mobilization. In the interest of preventing the spread of rumors and speculation that
heightens unrest, the government aims to curtail collective action by selectively under-reporting
events that portray civilians challenging the government’s supremacy legal ordinances. This is
congruent with King, Pan and Roberts (2017) findings that the Chinese government is more
concerned with posts that catalyze collective coordination, compared to criticisms that carry no
call to action. To the contrary, when unrest exclusively involves private entities, it is viewed as less
threatening to state control. In some cases, the government may even allow coverage of such events
to deflect attention away from more sensitive issues that impair the regime’s authority. Total post
counts and log aggregate attention potential unveil similar propensities. State-run media are more
likely to increase posting and garner greater audience engagement when the target in question is a

private entity, manifested in the statistical significance.
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Regressor Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction  Fraction = Number  Log

Negative  Neutral Positive Domestic  Domestic Negative  Political ~ Domestic of Posts  Aggregate
Given Given Given Given Political ~ Domestic Attention
Domestic  Domestic Domestic  Political Political Potential

Political ~ Political ~ Political

Count Nongov Violent and Hostile to Gov ~ -1.327** 1.602%*F*  -0.274 1.091%F*  1.785%%%  (.111 1.705%%*  0.367* 0.848 6.138*

(0.612)  (0.621)  (0.674)  (0.388)  (0.497)  (0.171)  (0.525)  (0.19) (0.54) (3.142)
Count Nongov Violent and Hostile to -0.33 0.92* -0.59 0.581%* 1.001%* 0.291%* 1.007** 0.358%* 1.884%*F*  13.596%**
Nongov

(0.547)  (0.555)  (0.601)  (0.347)  (0.444)  (0.152)  (0.469)  (0.17) (0.481)  (2.792)
Count Nongov Nonviolent and Hostile to  -0.836%**  1.723%**  _(.888*** ().549***  1.695%**  (.158* 1.758%**  (.055 0.597** 3.236%*
Gov

0.294)  (0.296)  (0.323)  (0.186)  (0.237)  (0.082)  (0.25) (0.001)  (0.259)  (1.509)
Count Nongov Nonviolent and Hostile to  -0.745%**  0.697***  0.047 0.406%**  (.58%*** 0.008 0.561%¥* 0.1 0.495%* 4.033%**
Nongov

(0.24) (0.243)  (0.264)  (0.152)  (0.195)  (0.067)  (0.206)  (0.075)  (0.211)  (1.229)
Count Nongov Conciliatory to Gov -2.459 1.157 1.302 -0.26 -3.193 -0.871 -3.167 0.492 -4.172 -14.054

(3278)  (3.326)  (3.602)  (2.081)  (2663)  (0.913)  (2.812)  (L019)  (2.888)  (16.814)
Count Nongov Conciliatory to Nongov -6.132%*%  3.312 2.82 -0.681 -0.021 -1.084 0.112 0.052 10.546%%*  72.441%**

(2.462)  (2.5) (2.708)  (1.564)  (2.003)  (0.686)  (2.115)  (0.766)  (2.161)  (12.553)

Table 12: Summary Coefficients by Action and Target Type, for Nongov Actors, Across Various
Content Shares

5.1.4 By Multiclass Topic Classification

Table @ illustrates how state-run media shifts the topic composition. As verbal and material
conflicts increase, state-run media proportionally increases the number of articles about the economy:
with the appropriate time controls, and controlling for goldstein scale and average tone, an additional
verbal and material conflict increases the economy proportion by 0.1688%, at a 0.01 confidence level.

The government may increase economic posts following unrest for three main reasons: 1) to
demonstrate government competence, 2) to reassure the public, and 3) to generally divert attention.
First, during times of unrest, the government may be perceived as ineffective or incompetent. By
highlighting positive economic news and demonstrating sound economic management, state-run
media can try to restore people’s confidence in the party leadership. Second, the down-stream
ripple effects of political and social unrest may engender public fears about the ominous state
of the economy; amplifying the visibility of economic content can provide a placating effect of
alleviating concerns.

Simultaneously, we observe a decrease in posts about law, crime, and justice, as well as disaster
and accident, for reasons of 1) avoiding attracting interest and inciting further unrest, and 2)
maintaining state control of narrative. First, if the event was related to issues of law or justice,
sustaining coverage on these topics could inflame tensions and escalate the tumult; therefore
decreasing coverage on contentious topics decreases helps to conclude the unrest episode. Second,

since the state-run media is an important instrument for controlling the narrative, by posting less
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about law, crime, and justice, the government can steer public discourse in a favorable direction and
avoid undesirable unforeseen consequences. Similarly, societal posts also decrease in proportion.

Other topics do not exhibit notable patterns.
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Fraction Fraction Fraction Fraction Fraction Fraction Fraction Fraction Fraction Fraction Fraction
Economy Law, Disaster Health Culture Society Lifestyle Environment Education  Science Sport
Crime, and Leisure Technology
Justice Accident Engineering
Math

Count Verbal Material Conflict ~ 1.688*** -2.212%% -1.367 0.748 -0.347 -0.533 -0.261 0.354 0.469 -0.554 -1.578***

(0.588) (0.589) (0.501) (0.988) (0.689) (0.695) (0.769) (0.467) (0.332) (0.353) (0.448)
Day of Week -6.142%* -2.697 2.362%** -0.276 1.599** 1.908*** 3.309%** 1.273%* -0.937*** 0.924*** 2.088***

(0.541) (0.542) (0.461) (0.910) (0.634) (0.640) (0.708) (0.430) (0.306) (0.325) (0.412)
Days Linear -0.044* -0.080*** -0.014** 0.042*** 0.023*** 0.026*** -0.055*** 0.007*** -0.009*** 0.005*** -0.004***

(0.002) (0.002) (0.001) (0.003) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
Mean Average Tone 1.843** -2.828*** -1.575** -5.373%* 1.509 2.156** 1.011 0.278 1.122** 1.106™* -1.093*

(0.790) (0.791) (0.673) (1.327) (0.925) (0.933) (1.033) (0.627) (0.446) (0.474) (0.601)
Mean Goldstein Scale 0.301 2.584*** 0.307 2.936™** -0.878 -0.274 -0.986 -1.541% 0.156 -1.173% 0.561

(0.666) (0.667) (0.568) (1.120) (0.781) (0.787) (0.872) (0.529) (0.376) (0.400) (0.507)
Month 0.064 1.638*** 0.851%** -6.025%* 0.123 0.218 -0.076 0.800*** 0.931*** 1.319** 1.013**

(0.311) (0.312) (0.265) (0.523) (0.365) (0.368) (0.407) (0.247) (0.176) (0.187) (0.237)
const 342.973%* 305.394*** 102.540*** 84.826*** 160.105*** 297.541*** 389.004*** 136.599*** 84.788*** 76.199*** 63.313***

(4.067) (4.074) (3.465) (6.835) (4.766) (4.807) (5.323) (3.231) (2.297) (2.441) (3.098)
Observations 2,260 2,260 2,260 2,260 2,260 2,260 2,260 2,260 2,260 2,260 2,260
R? 0.275 0.531 0.064 0.158 0.060 0.075 0.238 0.025 0.061 0.039 0.034
Adjusted R? 0.273 0.530 0.062 0.155 0.058 0.072 0.236 0.023 0.059 0.036 0.032
Residual Std. Error 50.810 50.898 43.292 85.389 59.546 60.063 66.497 40.366 28.693 30.502 38.703
F Statistic 142547 424.762** 25.713*** 70.226*** 24.164*** 30.365*** 116.986*** 9.706*** 24.578** 15.257*** 13.350***

Note:

Table 13: Summary Coefficients across Weibo Post Content Categories

*p<0.1; **p<0.05; **p<0.01

Note



5.1.5 By Destabilization Level

Table @ offers a granular decomposition by segmenting events by destabilization potential defined
above, and separately regressing media intervention variables for each subset of events. Separating
destabilization potentials into quartiles, we observe that non-reporting of negative domestic political
news is more pronounced for more destabilizing events. The coefficient decrease in magnitude in the
negative direction and increase in statistical significance as the destabilization quartile increases.
While counts of verbal material conflict are actually associated with a 0.027 percentage point
increase in fraction of NDP news for 25% least destabilizing unrest events (albeit statistically
insignificantly), they are associated with a 0.25 percentage point decrease in fraction NDP for the

25% most destabilizing unrest events, with statistical significance.

Fraction Negative Given Domestic Political

First Quartile  Second Quartile  Third Quartile  Fourth Quartile

Count Verbal Material Conflict 0.270 -0.291 -1.092%** -2.507***
(0.205) (0.230) (0.238) (0.230)
Mean Goldstein Scale 2.249** 1.990* 1.652 2.221**
(1.133) (1.134) (1.128) (1.100)
Mean Average Tone -4.948*** -6.119*** -6.362%** -5.637**
(1.466) (1.380) (1.345) (1.310)
Days Linear -0.107*** -0.104** -0.099*** -0.092%*
(0.003) (0.003) (0.003) (0.003)
Day of Week 1.767* 1.125 0.234 -1.679*
(0.945) (0.951) (0.949) (0.937)
Month -0.456 -0.495 -0.559 -0.473
(0.532) (0.533) (0.530) (0.519)
Observations 2,260 2,260 2,260 2,260
R? 0.382 0.382 0.387 0.413
Adjusted R? 0.380 0.380 0.386 0.411
Residual Std. Error 86.943 86.946 86.574 84.766
F Statistic 232.232%** 232.198™* 237.428"* 263.845**
Note: *p<0.1; **p<0.05; **p<0.01
Note

Table 14: OLS Fixed Effects Regression by Quartiles of Destabilization Potential

For the instrumental variables two stage least squares approach, first stage regressions shown in
Table @ that each instrument is individually strong for the treatment “Count of Nongovernment
Hostile Events,” as shown by F statistics that clear the Montiel-Pflueger critical threshold of

23.1. Second stage regressions reveal that the choice of instruments causes perturbations in the
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magnitudes of the estimate. This suggests that these instruments could be estimating different local
average treatment effects. For instance, since the instrument Maxz Temp and Gust varies across days
in different patterns, the local subsample of days that are subject to treatment effect from these
instruments may be different, explaining the variance in coefficients. Nonetheless, overall across
instruments, higher counts of nongovernmental hostile events are associated with lower coverage of

negative domestic political events.

Count of Nongovernment Hostile Events
Thunder 1.83**

(0.66)
Hail 1.61

(2.04)
Max Temp 0.03**
(0.01)
Min Temp 0.03**
(0.01)
Rain 0.78*
(0.32)
Snow 1.18*
(0.60)
Thunder x Maxtemp 0.02**
(0.01)
Thunder x Gust 0.07**
(0.02)
Thunder x Hail 1.61
(2.04)
Hail x Gustspeed 0.17**
(0.06)
Maxtemp High 1.69**
(0.62)
Hail x Maxtemp 0.02
(0.02)
Hail x Rain 1.61
(2.04)

Constant 4.56**  4.56™  4.67** 3.02%* 3.42% 452" 4.63*  4.63"  4.67™  4.67  4.67  4.67 4.67*

(0.33)  (0.33) (0.32) (0.48) (0.39) (0.33) (0.33) (0.33) (0.32) (0.32) (0.32) (0.32) (0.32)
Obs 2218 2218 2218 2218 2218 2218 2218 2188 2218 2218 2244 2218 2218
Adj. R? 0.20 0.20 0.19 0.20 0.21 0.20 0.20 0.20 0.20 0.19 0.20 0.19 0.19
F-stat 516.98 521.44 493.03 496.13 499.23 507.44 505.17 491.72 507.58 493.03 501.15 494.47 493.03

Note: This table presents the first stage regression for IV2SLS. The depenent variable is the count of nongovernmental actor hostile events. Controls like month and linear time
trend are included to make the instrument as good as randomly assigned.

Table 15: Weather Instrument 2SLS First Stage Regression

5.2 Does government diversionary media effectively divert public attention?

Collectively, OLS results suggest that the state-run media’s strategy of altering its content profile
is highly effective for capturing attention. Specifically, this occurs in two simultaneous channels.
First, Table @ suggests that state-run media are successful in attracting netizens to their accounts,
and in so doing prevails in the competition against other media outlets for audience attention. This
allows government media to dominate if not monopolize the public narrative, and as such can offer

an innocuous account less sinister than the free media alternative. Second, Table @, in concert
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Dependent Variable Fraction Negative Given Domestic Political

Instrument Thunder  Hail Max Min Rain Thunder  Thunder  Thunder  Hail x Maxtemp Hail x Hail X
Temp Temp X x Gust x Hail Gustspeed High Maxtemp Rain
Maxtemp
Mean Goldstein Scale 6.15 -37.89 6.08 3.12 6.84 6.73 8.83 -37.89 -17.60 4.80 -30.91 -37.89
(7.45) (52.52) (7.99) (6.62) (11.63) (7.48) (8.62) (52.52) (11.82) (9.51) (34.93) (52.52)
Mean Average Tone 2.01 -43.12 1.95 -1.08 2.73 2.61 4.89 -43.12 -22.33% 2.79 -35.97 -43.12
(8.12) (54.15)  (8.65) (7.48) (12.69)  (8.16) (9.13) (54.15)  (12.94)  (10.52)  (36.21)  (54.15)
Day of Week 2.54 -42.06 2.48 -0.52 3.25 3.13 5.42 -42.06 -21.517 2.06 -34.99 -42.06
(7.40) (53.10) (8.13) (6.84) (12.14) (7.45) (8.51) (53.10) (11.94) (9.49) (35.31) (53.10)
Days Linear -0.10** 0.08 -0.10%* -0.08** -0.10* -0.10** -0.11% 0.08 -0.00 -0.09* 0.05 0.08
(0.03) (0.21) (0.03) (0.03) (0.05) (0.03) (0.03) (0.21) (0.05) (0.04) (0.14) (0.21)
Month 2.38 4.08 2.38 2.49 2.35 2.36 2.59 4.08 3.29% 2.31 3.81 4.08
(1.56) (3.13) (1.57) (1.56) (1.61) (1.56) (1.58) (3.13) (1.85) (1.57) (2.54) (3.13)
Count Nongov Hostile Events  2.62 -67.01 2.52 -2.16 3.72 3.54 7.49 -67.01 -34.93* 1.81 -55.97 -67.01
(10.56) (82.46) (11.57) (9.36) (18.31) (10.63) (12.37) (82.46) (17.79) (14.12) (54.62) (82.46)
Constant 308.86*  482.89* 309.11**  320.80**  306.10**  306.55** = 294.42**  482.89* 402.72"  311.90"*  455.31"*  482.89*
(33.93) (207.78) (35.59) (31.45) (50.23) (34.07) (38.57) (207.78) (49.86) (39.92) (138.81) (207.78)
Obs 2089 2089 2089 2089 2089 2089 2062 2089 2089 2114 2089 2089
Adj. R? 0.05 -1.86 0.05 0.06 0.05 0.05 0.02 -1.86 -0.43 0.06 -1.26 -1.86
F-stat 137.76 53.06 136.91 139.97 135.70 136.97 131.74 53.06 104.39 139.32 66.69 53.06

Table 16: Weather Instrument IV2SLS Second Stage

with previous findings in part 1, suggests that when unrest potential is high, decreasing coverage
of negative domestic political topics potently decreases audience attention on these bleak subjects,
thereby deflecting scrutiny towards other more neutral topics.

As a preliminary sense check, OLS Table @ decomposes aggregate daily engagement by topic
to confirm that, for each topic, as the proportional prevalence increases, the audience attention and
engagement with that topic is amplified correspondingly. For each of the topics negative, neutral,
and positive domestic political, engagement with the particular category of posts increases with its
frequency, conforming with intuition.

Table @ examines how audience attention towards all state-run media posts evolve as the
content composition changes. We observe that audience engagement with state-run media is
increasing in both the fraction of domestic political news that are negative and the overall fraction
of political news, and decreasing in the fraction of domestic political news that are positive all in
a statistically significant manner. Since we estimate a log-linear regression, a one percentage point
increase in Fraction Negative Given Domestic Political article share is associated with an increase in
the audience attention potential by 960 units, controlling for time trends and unrest characteristics,
while a one percentage point increase in Fraction Positive Given Domestic Political article share is
associated with a 772 unit decrease in attention, controlling for covariates. Candidate explanations
for this phenomenon is the negativity bias, whereby negative news are more salient than positive

events, capturing greater attention and recall. Our unconscious allocation of attention to negative
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events explains the prevalence of sensational journalism. Likewise, we observe in the state-media
context that total engagement per day is strongly increasing in the fraction of negative news and

political news.

Log Aggregate Attention Potential

Fraction Negative Given Domestic Political 0.960***
(0.106)
Fraction Neutral Given Domestic Political -0.032
(0.106)
Fraction Positive Given Domestic Political -0.772%**
(0.097)
Fraction Domestic Given Political 0.013
(0.170)
Fraction Negative Domestic Political 5.731%*
(0.368)
Fraction Political 1.926***
(0.119)
Mean Goldstein Scale 19.483*** 23.612%** 18.829*** 23.567** 19.116™** 22.121%*
(5.598) (5.684) (5.634) (5.684) (5.405) (5.377)
Mean Average Tone -1.460 -6.416 -1.666 -6.415 -1.446 -9.589
(6.816) (6.917) (6.847) (6.928) (6.580) (6.549)
Days Linear 0.694*** 0.594*** 0.638*** 0.5927* 0.694*** 0.525***
(0.019) (0.017) (0.017) (0.017) (0.016) (0.016)
Day of Week -32.189*** -30.953*** -30.103*** -30.849*** -24.441*** -18.704***
(4.607) (4.694) (4.624) (4.704) (4.474) (4.500)
Month -19.102%** -19.747*  -17.002*** -19.645*** -19.449*** -20.278***
(2.674) (2.738) (2.704) (2.725) (2.586) (2.576)
Observations 2,260 2,260 2,260 2,260 2,260 2,260
R? 0.456 0.436 0.451 0.436 0.491 0.495
Adjusted R? 0.454 0.434 0.450 0.434 0.489 0.493
Residual Std. Error 437.675 445.546 439.446 445.554 423.383 421.709
F Statistic 314.246***  290.090***  308.697***  290.066***  361.597***  367.460***
Note: *p<0.1; *p<0.05; ***p<0.01
Note

Table 17:  OLS Specification: Log Aggregate Attention and Engagement Against Content
Compositional Shifts

Table @ evidences that attention on negative domestic political (NDP) issues are increasing
in their relative share, suggesting that netizens are easily prone to nudges. Incorporating our
finding that NDP relative share decreases following unrest, we deduce that audience engagement
with NDP issues indeed decreases following unrest. Namely, the audience consumes media in an
unsophisticated manner and does not compensate for the decreased coverage by engaging in a
higher-than-baseline way.

IV2SLS specification (Table @) conforms with our OLS findings in terms of directions and
levels but suggest lower statistical significance for certain regressors. IV2SLS indicates that the

conditional proportion of negative domestic news (Fraction Negative Given Domestic Political) but
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Log Attention Negative Domestic Political

Fraction Negative Given Domestic Political 0.397***

(0.011)
Fraction Neutral Given Domestic Political -0.098***

(0.013)
Fraction Positive Given Domestic Political -0.245%*
(0.011)
Fraction Domestic Given Political 0.055**
(0.021)
Fraction Negative Domestic Political 1.964***
(0.026)
Fraction Political 0.347***
(0.014)

Mean Goldstein Scale 0.748 2.597%* 0.893 2.463*** 0.911** 2.151%**

(0.567) (0.708) (0.655) (0.716) (0.382) (0.636)
Mean Average Tone -1.071 -3.180*** -1.574** -3.202%** -1.420%** -3.669***

(0.690) (0.861) (0.796) (0.872) (0.464) (0.774)
Days Linear 0.052%** 0.015%** 0.025*** 0.009*** 0.045*** -0.002

(0.002) (0.002) (0.002) (0.002) (0.001) (0.002)
Day of Week -3.824*** -3.522%** -3.029*** -3.159*** -1.069*** -1.079**

(0.467) (0.585) (0.538) (0.592) (0.316) (0.532)
Month -1.026*** -1.556** -0.432 -1.233*** S1.177 -1.374%**

(0.271) (0.341) (0.314) (0.343) (0.183) (0.304)
Observations 2,258 2,258 2,258 2,258 2,258 2,258
R? 0.403 0.065 0.208 0.045 0.729 0.246
Adjusted R? 0.402 0.063 0.206 0.043 0.728 0.244
Residual Std. Error 44.313 55.453 51.042 56.047 29.861 49.807
F Statistic 253.432***  26.239"*  98.615***  17.771**  1009.070*** = 122.398***

Note:

*p<0.1; **p<0.05; **p<0.01
Note

Table 18: OLS Specification: Log Attention Towards Negative Domestic Political Content Against

Content Compositional Shifts
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Log Attention Negative Domestic Political

Fraction Negative Given Domestic Political 0.58**

(0.17)
Fraction Neutral Given Domestic Political -0.36**
(0.13)
Fraction Positive Given Domestic Political 0.97
(0.76)
Fraction Domestic Given Political -1.72
(1.20)
Fraction Negative Domestic Political 11.06
(15.17)
Fraction Political -0.56%
(0.29)
Constant -106.80F  237.54** -151.97 1584.13 -742.24 231.05**
(55.90) (56.58)  (185.57) (1044.37) (1135.40) (75.47)
Obs 2258 2258 2258 2258 2258 2258
Adj. R? 0.33 -0.10 -3.87 -2.88 -14.03 -1.14
F-stat 154.77 94.53 21.39 26.82 6.92 48.72

Note: This table shows IV2SLS estimation results using the instrument “Count Verbal and Material Conflict.” The regular battery of controls
are included, including mean goldstein scale, mean average tone, day of week, days linear, and month. Lags in the dependent variable are not
included.

Table 19: IV2SLS Reduced Form: Log Attention On Negative Domestic Political Events

not the raw proportion (Fraction Negative Domestic Political) matters for audience attention directed

towards negative domestic political news. Additionally, while the coefficient conditional proportions

of positive DP news is insignificant, the conditional proportion of neutral DP news is statistically

significant. In the log-linear regression, a one percentage point increase in Fraction Neutral Given Domestic Politica
article share is associated with a decreases in the audience attention on negative domestic political

topics by 360 units, controlling for covariates.
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6 Conclusion

In conclusion, we find evidence that the Chinese state-run media engage in strategic diversion to
deflect public attention away from negative domestic political news. Specifically, it achieves so
not through diversion with entertainment, but rather through diversion with political neutrality;
namely, instead of catching the public eye with engaging or sensational nonpolitical content, the
state-run media instead injects neutral and mundane political information that effectively dilutes
the negativity.

In terms of empirics, directions for future research are various. First, we can make cross sectional
comparisons across media outlets, first between government-run and private-run media, and second
between local and national level state-run media, in order to derive an elasticity interpretation.
Media outlets that are more explicitly state run and politically more aligned with the CCP should
exhibit lower elasticity to unrest (i.e. more anchored towards government internal benchmark
objective) than publications that are less closely tied. Second, data permitting, we can broaden
our IV regression to incorporate geographical dimensions and local government-run media outlets.
Third, it could be interesting to study the behavior of internet “bots” hired by the government.
Aside from the government distracting people through direct activity of government institution
accounts, the government can also hire people to insert large numbers of pseudonymous and
fabricated writings under the disguise of real Weibo users. These government hired employees
pretend to represent the genuine opinion of ordinary people. Many of these posts involve national
cheerleading, revolutionary history of the Communist Party, and other patriotic topics. Future
research can aim to detect bot behavior and examine whether bots achieve similar flooding effects
as state-run media.

In terms of theory, there are two further possibilities. First, the model can be enriched
with elements of limited attention (rational or behavioral), treating attention as endogenously
determined by the salience of the news as well as the number of competing news. This allows
further microfounding of the individual problem. Second, our parsimonious model can be further
enriched with distinctions between naive and sophisticated individuals. In the current setup, only
the government is sophisticated in internalizing the individual’s protest response function. In the

world with sophisticated individuals, they anticipate and account for the government’s manipulation

73



by effectively undoing it during signal extraction. Assuming a heterogeneous population with both
naive and sophisticated agents, the government’s optimal action would change depending on the
aggregate population profile. Third, the current model examines how distortion and diversion
operate in the domestic context, and models mechanisms of sentiment shift and topic topic shift;
however, since it only concerns the home country, it cannot model the channel of location diversion
(through which state-run media decrease coverage of negative domestic political events and increase
coverage of negative foreign political events). If we generalize the model to redefine = not as the
absolute level of unrest in the home country, but rather as the relative difference in unrest between
home country and foreign country (to the extent that individuals care about how comparatively
“good” their country is relative to others), we can account for the location diversion channel.
Fourth, the model can be extended to model different scenarios of where unrest arises from: i.e.
exogenous political shocks vs. endogenous economic shocks. This distinction implies differences in

how quickly unrest precipitates and subsequently how state-run media responds.
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A Appendix

B Weibo Data

Example Posts Below are example posts for each type of label:

o Political, Patriotic, Attention Grabbing:

— DARHBEMAE: Frig ooz b [ st mmi N Ui 2] — B[Rl pAck, 56— B py AL
YRS, SEIGEHTE, fTREE T R . TR TERASLILE R, I
Fril SRR ET B DR E AT I R EIL R ST E AR, D e,
NRFE. R — PR il B P [ E 1) SEAF AR SRR A J&T, AR 4%, A
HE . NRBReR: Frig <o E” EtEalEm A\ v s

— Translation: [People’s Daily Bell: The so-called plot to change China is purely a dream
of idiots| For a period of time, some politicians in the United States have been peddling
lies everywhere, maliciously attacking China, and doing everything they can to spread
rumors and slander. No matter how much they try to disguise themselves, their so-called
evil intention of "changing China” has long been clear to the world. The leadership of the
Communist Party of China and the Chinese path are the choice of history and the choice
of the people. Any attempt by some American politicians to obstruct China’s progress
towards a better future is like a mantis’ arm and a cart, and they are overwhelmed.
People’s Daily Bell: The so-called ”"change China” plot is purely a dream

o Political, Nonpatriotic, Attention Grabbing:

— [RGB TS R R T 7 7080 SadkEARiE, PSS A E 2 I E] 22
HZw, 16 H S ik A s, Wi gkl 5 —4 B el E S G0 5 v e i e R
W FIAT THRIER, Ak “EEESET, AT AESEP ARG E
ARG, AR CPREE AR SRR 0" BRI AT RE R — I ER], T24s
WA 2205 H BIEAETE AR R R AR T AR . HRIER, ST
2 RGERY IR ARE WS AR RIS R T A ey, 3 At AT IRk R A AR PR R E i > R SE Y
HLBE. 2020 4F, {074 E SR A ERL B IR R e, BRSNS I 2 RS I A L
SR TR EL A MR 5 o 3k GERG Bid Sy e SRR TR R - AT A
FHED R - AR aE N WERGN BRS e Wl 7 o0, EEERK

— Translation:[Poland President chatted with a blogger pretending to be Macron for 7
minutes| According to Reuters, the Polish President’s Office stated on the 22nd local time
that after the Polish missile incident on the 15th, Polish President Duda and a person
posing as French President Macron In a phone conversation with the prank blogger,
Duda told the "French president” that he ”"doesn’t want a war with Russia.” But shortly
after, Duda realized "from the unusual manner of speaking of the interlocutor” that this
might be a prank, and ended the conversation. Poland is currently investigating how
the caller managed to get through. According to the report, the Russian prank bloggers
Vowan and Lexus called the Polish president. This is the second time they called the
Polish president after two years. In 2020, they also pretended to be the Secretary-
General of the United Nations Guterres to call, raising questions about the security
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of the Polish President’s office and phone screening issues. The duo have also duped
Macron, British singer Elton John and former British Prime Minister Boris Johnson,
among others. The Polish President was tricked by the "fake Macron” for 7 minutes,
with a lot of information.

e Nonpolitical, Nonpatriotic, Attention Grabbing:

— DA TRIFREAEA R A C M 2E TR 10 S ZEREAI A, B 1
HED TR H OB, meEERE 10 BB, Wb n &8,
EMEACHEME. B EREUNE, WMEHRE, B RREMEM. HRH
10 Ho via BARER A THRA TR 7

— Translation: [The man kidnapped himself and demanded 100,000 ransom from his wife
because he had no money to spend during the Chinese New Year| All the money in the
house belonged to his wife. Tang, a Yibin man who "had no money for the Chinese
New Year”, lied that he was kidnapped and demanded 100,000 ransom from his wife.
Tang got into the trunk of a car, taped his mouth shut, and took a photo. Tang’s wife
believed it was true and was so frightened that she called the police. The police quickly
found out the truth. Tang was detained for 10 days. Via Chengdu Commercial Daily:
Man kidnaps himself and asks wife for 100,000 yuan.

e Nonpolitical, Patriotic, Attention Grabbing;:

— [6 # 43 FEEIMAsR! TN ENERIZEE T 60 KFE] EErHBEE , 7EfEEt2E
IRZ A Z 284710 2018 [ IR HE AU A N8 [ 5855 1~ 60 KB rhr, o R T IR A
6 0 43 MSHTROE M R E. RE T, FETEA

— Translation: [6.43 seconds set another Asian record! Su Bingtian won the men’s 60m
championship in the Indoor Tournament] According to IAAF news, in the men’s 60m
final of the 2018 TAAF World Indoor Tournament in Dusseldorf, Germany on Tuesday,
Chinese contestant Su Bingtian broke the Asian record with a time of 6.43 seconds and
won the championship. Bravo, Chinese flying man!

e No region:

— I ARARIET 1R, SRIGER T 364 i) RovE 4, F 7 il S EaE; 8
L, AMBEA. R RE UL, AR fm X E] T PARTATIRES, i
TR L, EHTFHURACRL. AR EHEAERY 1 O AU T LI . 2017 4G =4 H
55 R Z B AR kb b HETE, AR 224

— Translation: [Night reading: Some people only live for 1 day, and then repeat it 364
times| You resolve to read, and you fall asleep after reading two pages; you resolve to
exercise, but you never try. You have thought about making many changes, but you
have not accomplished it once. In the end, you return to the previous state, lying in
bed, watching a drama with your mobile phone. Say goodbye to that procrastinating
self. In the last three months of 2017, try your best to make up for giving up previously.
After all, time will not wait for you.

e Global:

— [&pk—f JLEAAEREDUR A BeA L2 A G2 H R iy €2019 4 A LER
ol JLE. BYSESR) s, SR ILEAE RIEIURT . 2k ‘R
PEIUR? T8 (BH HAGCE IR ) apk—fLBAAAE “RpEyLm” mR
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— Translation: [Half of the world’s children have hidden hunger problem]UNICEF recently
released the 72019 State of the World’s Children: Children, Food and Nutrition” report,
showing that half of the world’s children suffer from ”hidden hunger”. What is "hidden
hunger”? Will you still be hungry? (Science and Technology Daily reporter Zhang
Jiaxing) Half of the world’s children suffer from ”"hidden hunger”

Media Chinese Name Administrative Subscribers Total Posts
Level

People’s Daily AR HH Ministerial Level (7 | 150Mil 151676
%)

Xinhua News etk Ministerial Level (3 | 108Mil 157363
%)

QiuShi R Vice Ministerial | 5.15Mil 36913
Level (@#%)

PLA Daily R AR Vice Ministerial | 22.03Mil 38288
Level (I34)

Guangming Daily | J%0i H## Vice Ministerial | 25.28Mil 88959
Level (FI#4%)

Economic Daily 25 HHi Vice Ministerial | 5.75Mil 119277
Level (F2k)

China Daily o H At Vice Ministerial | 64.98Mil 170154
Level (@I#4%)

Science and | BH Hft Vice Ministerial | 1.13Mil 46842

Technology Daily Level (FIl4%)

China Global | H[HEHRHEME TODO: find out | 6.01Mil 81839

Television about this

Network

China Central | Fiifl & Vice Ministerial | 131Mil 162092

Television Level (RII%BZ)

China  National | Ft AR B S Vice Ministerial | 5.30Mil 104204

Radio Level (BI&E4)

Beijing Daily JbnT H iz TODO: find out | 10.67Mil 114386
about this

Workers’ Daily T AH#H Bureau Level (J§%%) | 3.79Mil 53219

China Youth | HEHEHR Bureau Level (J%%) | 20.20Mil 126752

Daily

China Women’s | H1[E {44} Bureau Level (J§%%) | 11.76Mil 78255

News

Legal Daily FEIRHAR Bureau Level (J54%) | 4.98Mil 94596

China News | H[EHE L Bureau Level (J&4%) | 17.59Mil 82256

Service

Farmers’ Daily AR H i Bureau Level (Fj%%) | 0.435Mil 35704

Figure 11: Summary of State Run Media

C GDELT Data

D Additional Regression Results
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Mean SD Min Median Max N

Likes 8747.01 59005.04 0.00 506.00 6.0e+06 2.6e+05
Comments 859.02  4134.36 0.00 138.00 5.5e+05 2.6e+05
Shares 3599.49  1.5e+05 0.00 197.00 4.0e+07 2.6e+05

Table 20: Weibo Audience Attention and Engagement Summary Statistics

Log Audience Attention for Article
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Log Audience Attention for Article

Figure 12: Log Audience Attention towards Weibo Post, As Measured by Likes, Comments, and
Shares

Number of Posts Across Time
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Figure 13: Number of Posts per Day Across Time
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Provinces Counts

Beijing 33896
Gansu 31765
Guangdong 4639
Jiangxi 3986
Shanghai 3825
Hubei 3106
Zhejiang 2532
Jiangsu 2081
Fujian 1979
Jilin 1854
Liaoning 1676
Anhui 1647
Xizang 1627
Sichuan 1300
Henan 987
Tianjin 875
Shaanxi 848
Hainan 786
Yunnan 668
Guizhou 640
Hunan 599
Chongqing 477
Guangxi 463
Shandong 429
Nei Mongol 347
Heilongjiang 300
Hebei 291
Shanxi 227
Xinjiang Uygur 166
Ningxia Hui 95
Qinghai 79

Table 21: Geographical Distribution of Verbal and Material Conflicts

Event Class Count Percent
Verbal Conflict 55539  45.54%
Material Conflict 48651  39.89%
Material Cooperation 17772 14.57%
Verbal Cooperation 0 0%

Table 22: Event Distribution by Verbal vs. Material and Cooperation vs. Conflict
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Figure 14: GDELT Events Geographical Heatmap
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Figure 15: Day of Week of Event Occurrence
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Figure 16: Month of Event Occurrence
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Figure 17: Distribution of Goldstein Scores of GDELT Events
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Figure 18: Distribution of Average Tone of GDELT Events

Mean SD Min  Median Max N
goldsteinscale -3.45 4.84 -10.00 -5.00 10.00 1.2e+405
avgtone -3.22 347 -35.71 -3.15 17.13  1.2e+05

numarticles 4.07 3.99 1.00 3.00 330.00 1.2e+405

Table 23: Summary Statistics for Continuous Variables
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Figure 19: Distribution of Number Article Mentions of GDELT Events

Quad Class Goldstein Score  Average Tone

Mean Mean

Counts  Percent (SD) (SD)

2 17772 14.57175 6.40 -1.80
(1.44) (3.28)

3 55539  45.53795 -3.33 -3.04
(1.72) (3.31)

4 48651  39.89029 -7.17 -3.94
(2.29) (3.53)

Total 121962 100 -3.45 -3.22
(4.84) (3.47)

Table 24: Goldstein Scale and Average Tone by Quadclass
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Event Tone Accounting for News Coverage
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Figure 20: Tone Approximation Accounting for News Coverage for GDELT Events
All Quadclass = 2 Quadclass = 3 Quadclass = 4
Counts Percent Counts Percent Counts Percent Counts Percent
Goldstein Score  -3.45 4.84 6.40 1.44 -3.33 1.72 -7.17 2.29
Average Tone -3.22 3.47 -1.80 3.28 -3.04 3.31 -3.94 3.53
numarticles 4.07 3.99 3.97 3.28 4.00 3.98 4.19 4.22

Table 25: GDELT Continuous Variables by Quadclass
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Figure 21: Destabilization Potential for GDELT Events
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Figure 22: GDELT Events per Week
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Frequency of Events (Monthly Basis)
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Figure 23: GDELT Events Per Month
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Figure 24: Unrest Event Government vs. Non-Government Actor and Target
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Figure 25: Unrest Event Actor and Target Type (probabilities calculated by actor)
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Figure 26: Unrest Event Actor and Target Type (probabilities calculated by target)
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Figure 27: Unrest Event Actor and Target Type (probabilities calculated by target)
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Actor of Event Target of Event
Counts Percent Counts Percent

AGR 122 0.21 155 0.23
BUS 4958 8.56 7841 11.39
COP 3794 6.55 3454 5.02
CRM 289 0.50 456 0.66
CVL 4169 7.20 7461 10.84
EDU 2229 3.85 2928 4.25
ELI 689 1.19 683 0.99

ENV 10 0.02 10 0.01
GOV 30248 52.22 30865 44.84
HLH 650 1.12 626 0.91
HRI 70 0.12 87 0.13
IGO 2 0.00 2 0.00
IMG 2 0.00

JUD 1506 2.60 1517 2.20
LAB 512 0.88 796 1.16

LEG 820 1.42 602 0.87
MED 2361 4.08 3122 4.54
MIL 3348 5.78 4650 6.76

MNC 730 1.26 1162 1.69
NGO 78 0.13 74 0.11
OPP 864 1.49 1535 2.23
RAD 8 0.01 24 0.03
REB 97 0.17 99 0.14
REF 39 0.07 o1 0.07
SEP 58 0.10 157 0.23
SET 5 0.01 8 0.01
SPY 122 0.21 261 0.38
UAF 142 0.25 204 0.30

Total 57922  100.00 68830  100.00

Table 26: GDELT Summary Statistics - Actor Type
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0 @) @) @) ) (©)
Mean Goldstein Scale -9.90 32.74** 101.91* 5.44 -376.81 28.23**
(13.99) (8.21) (47.53) (14.49) (2057.14) (9.59)
Mean Average Tone 34.11* -11.19 -84.68% 30.90 439.44 4.10
(16.99) (9.66) (49.00) (21.45) (2292.02) (11.99)
Day of Week -41.66** -42.45** -43.73** -67.30** 550.10 -70.69**
(8.50) (7.13) (16.08) (18.02) (2979.23) (14.54)
Days Linear 1.42%* 0.82** -0.16 1.05** 9.72 0.82**
(0.26) (0.06) (0.43) (0.19) (46.74) (0.07)
Month -15.10** -33.63** -63.70* -33.24** -0.97 -17.62**
(4.75) (5.19) (26.22) (8.13) (121.97) (4.59)
Fraction Negative Given Domestic Political =~ 7.89**
(2.43)
Fraction Neutral Given Domestic Political -4.88**
(1.25)
Fraction Positive Given Domestic Political 12.80%
(7.23)
Fraction Domestic Given Political -15.84*
(6.43)
Fraction Negative Domestic Political 517.27
(2649.98)
Fraction Political -6.30**
(1.94)
Constant -1324.14  3361.54™*  -1837.38  15105.00** -37357.91 2954.52**
(811.39)  (526.61)  (1777.48)  (5596.74)  (198082.14)  (510.05)
Obs 2260 2260 2260 2260 2260 2260
Adj. R? -0.58 -0.09 -4.32 -1.74 -436.90 -0.58
F-stat 635.51 922.77 188.89 365.91 2.29 635.01

Table 27: TV2SLS Reduced Form: Log Aggregate Attention Potential
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Figure 29: Goldstein Score by Actor and Target Type
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