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Abstract

In authoritarian contexts, social media serve as critical platforms for coordinating both
protest and repression. This study centers on the unprecedented COVID-19 protests
in the People’s Republic of China, which were extensively tweeted and suppressed
through contesting narratives. We explore prominent themes, temporal dynamics,
and linguistic patterns of coordinated communication during these events. Using a
coordination detection algorithm, we identified 13,557 Twitter accounts involved in
739,819 instances of coordinated sharing during the protests. We then applied topic
modeling to categorize the coordinated tweets into topics supporting either the
protests or repression. Drawing on the theory of authoritarian publics, we classified
protest-supporting topics into three categories: leadership-critical, policy-critical, and
descriptive. Similarly, building on the digital repression typology, we categorized
repression-supporting topics into government propaganda, distracting information,
and demoralizing content. Within protest-supporting content, policy-critical tweets
were the most widely shared across three analyzed languages. Leadership-critical
tweets were more prominent in traditional Chinese, while descriptive tweets were
more common in simplified Chinese. Repression-supporting content was most
prevalent in English, followed by simplified Chinese, with demoralizing and
distracting information dominating discourse. Government propaganda was the least
frequent and appeared primarily in simplified Chinese. Community detection
revealed that 85.4% of coordinated tweets were amplified by ten major communities,
each organized around a single language and goal—either supporting protests or
promoting repression. By combining multiple computational approaches, this study
offers a comprehensive framework for content-centered analysis of online
protest-repression dynamics and contributes to our understanding of connective
action and digital repression in authoritarian contexts.

Keywords: Connective action; Digital repression; Coordinated behavior; Twitter;
China; COVID-19; Protest; Topic modeling; Community detection
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1 Introduction

In authoritarian contexts, political protests rarely succeed in achieving immediate change.
However, they play a crucial role in challenging oppressive systems and preventing further
shifts toward authoritarianism. For over a decade, social media have empowered the pub-
lic in non-democratic societies to mobilize and protest against authoritarian rule [54]. At
the same time, they have enabled regimes to suppress political expression and increase
the costs for digital activism [12]. On social media, protest and repression unfold in a dy-
namic interplay of action and response, much like in offline contexts [26]. Protesters aim
to voice their claims, raise awareness, and mobilize supporters. By contrast, repressors
seek to contain dissent through disinformation, propaganda, and distracting information,
among other tactics [11]. The potential for online activism to spill into the streets con-
tinually pressures both sides to adapt and innovate their strategies. Literature shows that
coordinated behavior on social media—organized publishing or sharing of content by mul-
tiple actors within a narrow time frame to increase influence [15]—is a viable strategy that
can serve both protesters and those who wish to suppress them [34].

In late November 2022, citizens of the People’s Republic of China (PRC), frustrated with
the government’s handling of the pandemic, took to the streets, staging the largest public
demonstrations since the 1989 Tiananmen Square protests [56]. Outraged by the deadly
apartment fire in Urumgi that killed ten people, protesters demanded an end to the strin-
gent “zero-COVID” policy, Xi Jinping’s resignation, and greater political freedoms. How-
ever, the government’s strict control over domestic communication channels led to the
suppression of online discussions related to the protests. In response, citizens used virtual
private networks (VPNs) to circumvent blocked social media sites, particularly Twitter,
to voice their dissent, document the protests, and attract international attention [38]. At
the same time, their opponents adapted by flooding Twitter with counter-narratives and
spam to crowd out protest content and dominate users’ feeds [36].

The online protest and repression transcended borders, mobilizing allies and attracting
onlookers worldwide [10]. Twitter discussions occurred in multiple languages, including
three key written forms relevant to our study: simplified Chinese, traditional Chinese, and
English. Simplified Chinese is primarily used in the PRC, while traditional Chinese is used
in the historically autonomous regions of Hong Kong and Macau, as well as in democratic
Taiwan. The protests were also widely tweeted in English to attract international support.

In this study, we use computational methods to examine the content published dur-
ing the protests by highly coordinated Twitter accounts in simplified Chinese, traditional
Chinese, and English. We further identify the discourse that either amplifies or suppresses
protest visibility. Our findings show that leadership-critical, policy-critical, and descrip-
tive tweets were most prominent in simplified and traditional Chinese, while demoraliz-
ing and distracting information dominated English tweets. Government propaganda ap-
peared primarily in simplified Chinese, followed by English and traditional Chinese. Fi-
nally, ten distinct user communities were responsible for the coordinated sharing of most
tweets during the protests, each focused on one language and one goal—either supporting
protests or promoting repression. We conclude that while protest amplification was most
efficiently coordinated in simplified Chinese, digital repression predominantly targeted
global English-speaking audiences.

This research contributes to our understanding of online protest and repression dy-
namics in authoritarian contexts and beyond, emphasizing the role of coordinated com-
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munication and discursive practices in mobilizing or silencing the public. We contribute
to the literature on digital repression (for an overview, see [11]) by identifying an addi-
tional form of information control and manipulation aimed at demoralizing and delegit-
imizing protests. We also contribute to the study of online protest-repression dynamics
by introducing a methodological approach that identifies protest- and repression-related
content through the combination of coordinated behavior detection and topic modeling.
Our findings indicate that analyzing the discursive practices of coordinated social media
posts reveals novel patterns and tactics used by activists and repressors to shape public
opinion during social movements. The key takeaway is that digital repression extends be-
yond authoritarian publics, yet there remains insufficient coordination to amplify protests

and counter repression online on a global scale.

2 Authoritarian publics on Chinese and overseas social media

In this study, we adopt Toepfl’s [51] concept of authoritarian publics, defined as “spe-
cific constellations of participants, environments, and discursive practices” (p. 109). Ac-
cording to this theory, the PRC, as an authoritarian public-at-large, mainly consists of
uncritical and policy-critical publics, in which criticism can be directed at “lower-level
officials, policies, and institutions of the authoritarian regime” [51, p. 111]. However, it
does not accommodate a significant number of leadership-critical publics, in which “crit-
icism lashes out even at the country’s highest-ranking political leadership” [51, p. 114].
Under Xi Jinping’s leadership, the PRC’s internet governance underwent centralization
to harness digital technologies for propaganda and public opinion control while restrict-
ing public deliberation channels to diminish the autonomy of the online sphere [9]. For
example, the government uses the infamous Great Firewall to block major international
social media platforms such as Facebook, Twitter, and Instagram while promoting domes-
tic alternatives like WeChat, Weibo, and Douyin. The digital architecture of such domestic
platforms is highly influenced by the state. For example, messages published by the official
party and state media accounts are algorithmically privileged, while the ability of regular
users to challenge official narratives is diminished by the algorithmic design [5]. There-
fore, China’s social media allow only a constrained and censored environment for mean-
ingful discussion, limiting the public’s ability to contest the official discourse or express
criticism [13].

Despite these challenges, social media users in the PRC navigate limited spaces for ex-
pression as long as their criticism is not deemed harmful to the regime [17, 23]. Notably,
the Chinese Communist Party (CCP) focuses more on monitoring content creators rather
than content itself, permitting limited open discussion among ordinary users while strate-
gically repressing or co-opting influential accounts that could threaten its leadership [14].
Unlike traditional media in the PRC, social media are more likely to openly report on
minor and nonviolent protests, as the platforms tend to censor them less than commonly
assumed [16]. The government can also be responsive to public demands, especially when
they are prominently voiced online [20]. Thus, despite stringent state control, Chinese so-
cial media accommodate both uncritical and policy-critical publics, offering space for var-
ious perspectives. This setup ultimately serves the state’s interests by enabling authorities
to gather information about social issues, monitor lower-level bureaucracy, and project
an image of responsive governance [17, 51].

While allowing limited virtual space for critical voices can help autocrats maintain a
facade of openness, it also introduces vulnerabilities for their regime. Leadership-critical
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discourse may be largely absent from Chinese social media, but this does not mean such
sentiments do not exist; they may surface when perceived risks are lower. For example,
the Chinese diaspora abroad, shielded from direct authoritarian control, has played a key
role in transmitting and localizing social movements in the PRC via social media [57]. Ad-
ditionally, even policy criticism, which is generally tolerated, can intensify during crises
and erode regime legitimacy, escalating into broader dissent [51]. Hence, despite strict in-
formation control and the hegemony of pro-regime discourse online, it remains plausible,
under favorable conditions, for typically silent leadership-critical publics to find avenues
to voice their grievances and for protests to emerge in an authoritarian country like the
PRC.

In authoritarian settings, crises may open temporary opportunities for leadership crit-
ics to benefit from increased information flow, public dissatisfaction, and a relaxation of
government control due to the focus on crisis management. The COVID-19 crisis allowed
Chinese citizens to engage with abundant information and accumulate discontent with the
harsh zero-COVID policy. This motivated them to use VPNs to seek crisis-related infor-
mation across the Great Firewall, which exposed them to unrelated and regime-damaging
content [8]. Given the domestic social media limitations, critics and passive onlookers
turned to banned platforms like Twitter to express their protest and observe the ongoing
discourse. As a result, Twitter saw a tremendous increase in downloads right before and
during the COVID-19 protests, soaring from 150th to ninth place among free iOS apps
in the country [31]. Before this surge of mainland users, Twitter had already hosted po-
larized Chinese diasporic communities, pro-CCP individuals, and state entities engaged
in various forms of discourse [58]. Thus, Twitter became a space where all authoritar-
ian publics—uncritical, policy-critical, and leadership-critical—coexisted relatively freely
during the COVID-19 protests.

3 Digital repression in China and beyond

In this paper, we examine the interplay between critics and their opponents within au-
thoritarian publics on Twitter. Toepfl’s [51] original essay focuses on physical control as a
tool autocrats use to manage authoritarian publics. However, in the context of social me-
dia, it is essential to consider not only physical but also the informational control wielded
by autocrats and their supporters. Therefore, we adopt the concept of digital repression,
as defined by Earl et al. [11], as “actions directed at a target to raise the target’s costs for
digital social movement activity and/or the use of digital or social media to raise the costs
for social movement activity, wherever that contestation takes place” (p. 1). These actions
expand conventional repression repertoires by including non-physical forms of informa-
tional control, such as content filtering, down-ranking, shadow-banning, disinformation,
and misrepresentation, as well as posting distracting information or flooding online spaces
and hashtags with irrelevant material [11]. The latter two are especially pertinent to digital
repression on platforms beyond direct autocratic control, such as Twitter, where autocrats
employ alternative tactics to interfere with, divert attention from, or manipulate critical
discursive practices.

In the context of China, digital repression technologies are among the most sophisti-
cated globally, driven primarily by the aim of preventing violent protests and maintaining
social and political stability within the country [45]. Domestic social media repression
combines targeted censorship with opinion management: content related to collective
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action is preferentially removed, while online discourse is flooded with pro-government
or distracting narratives rather than engaging critics [24, 53, 55]. These tactics operate
through what Roberts [44] terms fear, friction, and flooding—deterrence via surveillance
and punishment, procedural obstacles that raise the cost of collective action, and high-
volume propaganda and astroturfing that crowd out alternative narratives. By contrast,
on overseas platforms such as Twitter—where Chinese authorities have limited formal
leverage to coerce companies into censoring their platforms—the CCP employs a mixed
strategy that combines public diplomacy [21] with state-linked influence operations aimed
at wrangling the platforms’ algorithms via paid or incentivized commentators (e.g., [19]).

During the COVID-19 protests, digital repression posed a major challenge for critical
publics engaging in political activism online. However, the international scope of Twitter
enabled allies abroad to join the movement and amplify attention to protests unfolding
behind the Great Firewall. As a venue for digital public spheres, where local and nonlo-
cal forms of communication coexist [52], Twitter also facilitated the Chinese diaspora’s
role as brokers in spreading information about the protests [58]. Hence, it is necessary
to distinguish between critical publics operating within or near the sphere of authoritar-
ian influence and those more distant from the potential consequences of repression. One
indicator of this distance is the language users choose to tweet in, as it can signify ties
to a certain geographic location, cultural identity, and the intended audience [25]. In this
study, we focus on discursive practices strategically employed by and for users of simplified
Chinese, traditional Chinese, and English in digital protest and repression.

Since the protests took place in mainland China, where simplified Chinese is the pri-
mary written language, analyzing discourse in this script is crucial for understanding com-
munication tailored to local audiences. Traditional Chinese serves as the written form of
communication in more liberal Taiwan, Hong Kong, and Macau. In these areas, citizens
share a vested interest in protests against the regime within the PRC due to concerns over
regional autonomy, human rights, and political freedoms. By examining discourse in tra-
ditional Chinese, we capture how users in these regions articulate their stances and en-
gage with events in the mainland. Finally, English discourse on Twitter holds significance
due to its accessibility to the international community. Content posted in English has the
potential to raise international awareness and attract the attention of diverse audiences,
including influential politicians, journalists, and international organizations. Therefore,
examining discourse in English and traditional Chinese provides a broader perspective on
the protests and their impact beyond the PRC’s borders.

4 Coordinated behavior in connective action and digital repression

Language is not the only indicator of the underlying intent behind messages publicly
shared during large-scale protests. In this paper, we adopt the theory of connective ac-
tion, which emphasizes the role of digitally mediated communication in enabling decen-
tralized protest mobilization [3]. According to this theory, the circulation of personalized
action frames functions as a coordinating signal, enabling large-scale mobilization via dig-
ital networks [3]. In other words, effective social media movements involve coordination
and personal action framing. The connective action lens has been increasingly extended
to authoritarian contexts, for example, to examine the organizational dynamics of Russian
opposition activists [50], to trace the development of the #MeToo movement in the PRC
[57], and to evaluate coordination patterns in the pro-Navalny movement in Russia [26].
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The latter case offers a helpful reference point due to its focus on coordinated behavior in
connective action.

While much of the literature on coordination in social media has focused on malicious
tactics involving “troll armies” (e.g., [24]), “political astroturfing” (e.g., [22]), “coordinated
inauthentic behavior” (e.g., [15]), or “coordinated social media manipulation” [49], it is
crucial to recognize that coordinated behavior is not inherently malicious or inauthentic.
Recent research indicates that authentic protesters and activists also engage in coordi-
nated behavior to amplify their voices online [6, 26, 34]. Accordingly, we define coordina-
tion as the organized sharing of content within narrow time windows by multiple social
media accounts, repeated across multiple occasions, primarily for amplification. This def-
inition responds to recent calls to disentangle coordination from the analytical lens of
inauthentic behavior [33, 41, 49]. Thus, while coordination can be used as a malicious tac-
tic for digital repression, it can also serve as an enabling tool for connective action that
increases the visibility of protests on social media. In other words, coordination indicates
that social media posts are shared to amplify content for specific goals, which can be fur-
ther understood by analyzing the underlying discursive components.

Bennett and Segerberg [3] emphasize the importance of inclusiveness in discourses co-
ordinated by crowds, noting that “people must show each other how they can appropriate,
shape, and share themes” (p. 746). Identifying such themes shared by coordinated Twitter
accounts can shed light on the key issues strategically amplified during protests, whether
to support connective action or to promote digital repression. However, the circulation of
themes is not independent of language use: even in the presence of automated translation,
linguistic choices partition social media into partially overlapping publics, shaping how
themes circulate, gain visibility, and align with specific audiences, and thereby indicate the
intended scope and transnational reach of coordinated discourse [43]. To examine the dis-
courses and dynamics of online protest and repression facilitated by coordinated tweeting
during the COVID-19 protests in China, we therefore combine a content-oriented analysis
of themes with a structural and linguistic perspective on coordinated networks.

First, we identify the dominant themes amplified by coordinated Twitter accounts
through a computationally assisted, iterative engagement with the data, grounding the
themes in the material while drawing on existing literature on connective action and digi-
tal repression. Second, we trace how these themes evolve over time to illuminate shifts in
strategic emphasis across phases of contention. Third, we examine language use within the
coordinated network and its communities, as language not only reflects thematic framing
but also structures participation, audience targeting, and cross-border diffusion. By in-
tegrating these approaches, we address a gap in understanding the mechanisms through
which coordination enables connective action or facilitates digital repression.

Accordingly, we pose the following research questions:

RQ1: What are the main themes of tweets published by coordinated Twitter accounts

during the COVID-19 protests in China?

RQ2: How do the identified themes support digital protest and repression on Twitter

during the COVID-19 protests in China over time?

RQ3: How does language use within the coordinated network and its communities re-

late to the thematic focus of digital protest and repression during the COVID-19
protests in China?
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Figure 1 Tweet availability and unavailability status as of February 2, 2023

5 Methods

5.1 Data collection

We used Twitter API v2 for academic research (application programming interface, API)
and the academictwitteR package [2] to collect over 12 million tweets related to the
COVID-19 protests in China.! Our keyword-based data collection strategy, informed by
real-time observations, included 61 protest-related terms in simplified Chinese, tradi-
tional Chinese, and English (see Appendix A). Data collection began on November 28
at 22:20 (GMT) and covered the period from November 25 to December 19, ultimately
capturing a total of 12,409,946 tweets by the end of the collection on December 19. Of
these, 7,276,728 tweets were in English, while 3,082,210 were in simplified and traditional
Chinese.?

To assess the scale of the data unavailability problem, we evaluated the compliance status
[46] of our dataset on February 2, 2023. The analysis revealed that 89.28% of all tweets were
still available through the APIL. The unavailability of the remaining tweets was due to ac-
count suspension (8.41%), protected accounts (1.48%), deactivated accounts (0.69%), and
deleted accounts (0.11%). Deleted tweets were, on average, made inaccessible 744 hours
after their creation (MIN =17 hours, MAX = 1621 hours). Figure 1 illustrates the avail-
ability of the collected tweets on February 2, 2023. Overall, the analysis indicates that the
issue of deleted tweets had a minimal impact during the data collection period.

5.2 Data analysis

To address RQ1, we first identified coordinated accounts using the CooRTweet package
[42]. Since the protests lasted from November 25 to December 7, we restricted coordina-
tion detection to this period.3 The subset comprised 8,153,122 tweets, including 4,403,616

! The script for data collection is available in the supplemental materials: https://osf.io/egxrq.

2Twitter classification does not differentiate between traditional and simplified Chinese. We performed our own language
classification following the coordination detection step (see Appendix D).

3For the robustness check covering the remaining time period, see Appendix B.
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in English and 2,457,483 in simplified and traditional Chinese. We detected coordinated
tweets that were co-retweeted at least twice within 120 seconds by accounts engaged in
repetitive co-retweeting—defined as “retweeting within a short time period the same mes-
sage from an account which may or may not be part of the campaign” [22, p. 265]. Accord-
ingly, we operationalized coordination as repetitive co-retweeting. This operationalization
is particularly relevant to Twitter, where retweeting serves as a primary mode of amplifica-
tion and co-retweeting offers a minimal-effort, coordinated way to boost content visibility
[30, 47]. The choice of temporal and repetition thresholds reflects both prior methodolog-
ical work and practical constraints. Very short coordination windows (i.e., below 60 sec-
onds) tend to disproportionately capture highly automated, bot-like activity and risk ex-
cluding forms of coordination observed among authentic accounts, such as organizational
or movement-based amplification that unfolds over slightly longer temporal intervals. To
balance precision with inclusivity, we adopted a 120-second window with a minimum rep-
etition of 2 and a minimum edge weight of 3 (the 99.5th percentile), following Kulichkina
et al. [26], who systematically evaluate alternative coordination thresholds and show that
short time windows are effective in capturing highly synchronized, campaign-like yet hu-
man behavior.*

We adopted a Computational Grounded Theory (CGT; [37]) approach to guide the anal-
ysis, treating topic modeling and interpretation as an iterative mixed-methods process that
bridges computational pattern detection with qualitative sensemaking. CGT integrates
inductive exploration, theoretically informed interpretation, and computational valida-
tion, and has been increasingly applied and refined in the social sciences and related fields
[1, 7]. In line with this approach, we engaged with the data through three iterative steps:
(1) discovery, involving exploratory pattern detection; (2) interpretation and refinement,
informed by prior literature while remaining open to emergent themes; and (3) classifi-
cation and validation. Accordingly, we approached the output of computational models
with informed openness, drawing on existing research on digital protest and repression
without imposing a fully predefined coding scheme.

Within this CGT framework, we applied BERTopic [18] to computationally extract
topics from the unique coordinated tweets. Unlike other topic modeling approaches,
BERTopic can process multilingual text directly by loading transformer models that have
been pre-trained on multilingual data.” The advantage of this approach is that the top-
ics can be assigned across languages without applying machine translation or other tech-
niques to harmonize the texts beforehand. The model clustered 30,886 unique coordi-
nated tweets into 161 topics. Two authors, proficient in the target languages and familiar
with the context of the COVID-19 protests in China, independently explored and tagged
the topics by analyzing three representative tweets generated by BERTopic (for details, see
[18]) along with the 20 tweets with the highest probability for each topic. As part of this
exploratory step, we also considered additional materials extending beyond the textual
content of the tweet. This included checking the account profile or inspecting attached

images if they were still available.

4We conducted several exploratory tests with alternative coordination windows and repetition thresholds during prelimi-
nary analyses.

5The document embeddings were generated with the “paraphrase-multilingual-mpnet-base-v2” model from the Sentence-
BERT framework [40].
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To address RQ2, we moved from inductive topic discovery to theoretically informed
categorization by developing six higher-level topic categories related to either protest or
repression, based on the labeling results (Table 1). In line with the CGT approach, two
authors fluent in Chinese engaged in iterative interpretation and refinement, relating the
identified patterns back to existing theories of digital protest and repression where appli-
cable. Disagreements between the two authors were resolved through discussion. Protest-
related categories included leadership-critical [51], policy-critical [51], and descriptive
content. Repression-related categories comprised government propaganda [11], distract-
ing information [11, 24], and a newly emerged category: demoralizing content. Topics that
did not fit any of these categories due to artifacts in the clustering algorithm were labeled
as not classifiable.

As a final step in the CGT process, we conducted a classification and validation step to
assess the robustness of topic categorization, given that topics were initially labeled based
on the top 20 tweets per topic. We validated our findings by drawing a 5% random sample
of all tweets with a probability value below 0.8. This procedure yielded 1289 tweets, which
the two authors manually coded to assess whether each tweet was correctly assigned to
its respective topic category. The BERTopic model achieved a weighted macro F1-score of
0.81 (for details, see Appendix C). Additionally, the two authors manually labeled all re-
maining tweets (n = 3575) that could not be clearly allocated to a specific topic.® Finally, we
examined the temporal dynamics of digital protest and repression, along with the tempo-
ral characteristics of the coordinated accounts, tweets, and co-retweeting actions across
the topic categories.

To address RQ3, we extended the content-based analysis with a structural perspective
by examining how coordinated accounts cluster into communities and how language and
thematic focus are distributed within these clusters. Language use provides an indicator of
audience orientation and potential transnational reach, while community detection cap-
tures patterns of coordinated behavior that are not visible from tweet-level content alone.
We applied the Louvain algorithm [4] to detect communities within the coordinated ac-
count dataset. First, we merged the labeled topics with the coordinated account dataset,
assigning each co-retweet to the topic category of its original tweet. We then matched
all tweets with their respective languages (for details, see Appendix D), which allowed
us to identify language-specific communities within the coordinated network. Finally, we
calculated the frequencies of shares by language and topic category, examined the propor-
tions of topic categories and languages within communities, and conducted a chi-square
test followed by an analysis of standardized residuals [48] to determine the relationship
between topic categories and languages.’

6 Results

The coordination detection yielded a co-retweet network comprising 13,557 unique ac-
counts, with the average account retweeting six tweets. Within this network, 1514 ac-
counts repeatedly retweeted more than 100 tweets at least twice within a 120-second time
frame throughout the entire duration of protests. Among the coordinated tweets, we iden-
tified 14,748 unique tweets in simplified Chinese, 2329 in traditional Chinese, and 13,553

®A random sample of n =214 tweets was used to conduct an intercoder reliability test beforehand. The coders achieved a
Krippendorff’s Alpha of 0.76 with 7 different categories.

7The scripts used for the analyses are available in the supplemental materials: https://osf.io/egxrq.
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in English. Our analysis shows that out of the 8,153,122 tweets captured through our data
collection strategy during the protests, 739,819 (9%) were retweets amplified by accounts
engaged in coordinated behavior. Notably, coordination was most extensive among ac-
counts using simplified Chinese, followed by accounts tweeting in English.

RQ1 inquired about the main themes of tweets published by coordinated Twitter ac-
counts during the COVID-19 protests in China. Among the 161 topics identified compu-
tationally and labeled manually, 48 protest-related topics explicitly criticized the regime
and ruling elites. These topics primarily included demands for Xi Jinping and the Commu-
nist Party to step down, along with criticism of the regime and its tyranny, communist ide-
ology, the “real foreign forces” (e.g., Marx, Engels, Lenin, or Hitler), and calls for freedom
and revolution. Another 41 protest-related topics focused on criticism of the zero-COVID
policy, lockdowns, nucleic acid tests, quarantine camps, COVID passports, domestic vio-
lence amid lockdowns, working conditions at Foxconn, censorship, police brutality during
street protests, and Apple’s alleged collaboration with the CCP. The remaining 19 protest-
related topics did not contain criticism or take specific standpoints but instead provided
live reports of street protests in various cities in China and abroad. These descriptions,
often accompanied by photos and videos, factually documented protest events. Some de-
scriptive topics also covered related developments explicitly mentioning the protests, such
as oil price fluctuations and stock market drops, Jiang Zemin’s death amid the protests, Ap-
ple’s concerns about the unrest, military movements, and the gradual lifting of COVID-19
restrictions as a consequence of the protests.

Unlike themes that amplified the protests, some topics focused on unrelated issues while
still incorporating protest-related keywords and hashtags. Such content does not articu-
late counter-frames or direct criticism of protesters; instead, it occupies discursive space
associated with protest communication, thereby diluting attention and suppressing the
visibility of protest-related tweets. Among these were 18 topics containing unrelated infor-
mation, such as various religious content, the situation in Tigray, reports on Jiang Zemin’s
death, gambling advertisements, weather conditions in different cities, lives of celebri-
ties (e.g., Zhang Zhehan), discussions on nuclear weapons, business-related content (e.g.,
Luis Vuitton), and miscellaneous advertisements. Another five topics explicitly praised
the regime and its achievements while avoiding direct references to the protests. These
included narratives on China’s advancement in the space industry, praise for Xi Jinping’s
diplomacy, reports on flourishing trade between the European Union and China, and
whataboutism (e.g., what about the events happening in the declining West while China
thrives?). Finally, corroborating media reports, we identified 10 topics featuring adult con-
tent, which included suggestive texts, emojis, contact information (e.g., QQ numbers),
as well as explicit videos and images. While such content is not inherently political, its
systematic co-occurrence with protest-related hashtags situates it within protest-relevant
communicative spaces. The remaining 20 topics were categorized as not classifiable due to
their mixed content and ambiguity, as the tweets within them lacked a clear and consistent
thematic focus.

RQ2 asked how the identified topics supported digital protest and repression on Twitter
during the COVID-19 protests in China over time. As part of CGT, we first grouped the
identified topics into six categories, as shown in Table 1, based on the results of topic

modeling and the literature on authoritarian publics and digital repression.
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Table 1 Overview of topic categories

Topic category Description

Protest

Leadership-critical Explicit criticism of the country’s political leadership, including
calls for the resignation of leaders, revolution, and regime
change

Policy-critical Explicit criticism of policies, lower-level institutions and

officials, including grievances over policies, demands for policy
change, and support for protests

Descriptive Informative accounts of events, including images and videos
documenting protests, presented without explicitly stated
opinions

Repression

Government propaganda Content that portrays the country’s political leadership,
regime, policies, and actions in a favorable light

Distracting information Seemingly inoffensive, irrelevant content or spam unrelated to

protests, including generic advertisements, news, or updates
that do not engage with the protest issues

Demoralizing content Offensive and harmful content injected into protest-related
discourse to degrade the public discussion space and
delegitimize protests and hosting platforms

Not classifiable Potentially protest-related content with ambiguous stances,
including unclear humor or sarcasm, references to deleted
materials, or cryptic messaging

We distinguished three categories aimed at supporting and amplifying protests: leader-
ship-critical [51], policy-critical [51], and descriptive. The leadership-critical category is
characterized by direct criticism of the government and ruling elites, as well as calls for
revolution and regime change. Policy-critical discourse is directed toward specific policies
and actions of local governments and law enforcement officers. Descriptive content avoids
direct criticism and provides an informative account of protest-related events.

We further distinguished three categories aimed at suppressing protests and supporting
repression: government propaganda [11], distracting information [11, 44], and demoral-
izing content. Government propaganda involves narratives in favor of the government’s
image and objectives. Consistent with research on Chinese state communication, such
content emphasizes positive portrayals of China—such as economic progress, technolog-
ical advancement, or diplomatic success—thereby redirecting attention away from con-
tentious or destabilizing events rather than engaging them directly [24, 35]. Distracting
information contains irrelevant materials that can shift attention from the protest-related
discourse. Rather than countering protest claims, this content diverts visibility and en-
gagement through volume and topical displacement. Demoralizing content is character-
ized by harmful and offensive materials that can disengage users exposed to it (e.g., adult
content, harassment, or graphic content). Unlike direct criticism of protest activities, the
themes identified in this category suggest a systematic pattern of discouraging engagement
with protest-related hashtags and keywords, potentially deterring users from searching for
or participating in protest-related discourse on Twitter.

The remaining topics lacked sufficient information to be assigned to any category and
were labeled as not classifiable (the seventh category). Table 2 provides a summary of all
classified tweets in the dataset.

Next, we plotted the time dynamics of each topic category for all coordinated accounts
engaged in co-retweeting behavior, as shown in Figures 2 and 3. The largest group con-
sisted of policy-critical tweets, reflecting coordinated efforts to amplify dissatisfaction
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Table 2 Number of retweets per topic category shared from 2022-11-24 to 2022-12-08

Topic category Co-retweets Retweets by coordinated Total retweets
accounts
descriptive 49,643 56,008 134,467
policy-critical 147,148 317,887 907,260
leadership-critical 30,402 248,873 757172
government propaganda 590 5367 50,067
distracting information 18,419 40,722 60,233
demoralizing content 37,938 68,244 136,369
not classifiable 527 2718 5738
Total 284,667 739,819 2,051,306
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Figure 2 Hourly retweet counts by coordinated accounts across topic categories. N =739,819; x-axis in UTC;
no overlaps on y-axis

with the COVID-19 policies and their consequences. Leadership-critical tweets gained
traction during the country-wide protests on November 26-28, with a steep increase
on November 27. Descriptive tweets, primarily reporting on protest events, increased
on November 26 following the surge in leadership-critical tweets. Notably, spikes in de-
moralizing content resemble those of government propaganda during the active phase
of protests, suggesting heightened activity from repressive accounts. Nevertheless, while
government propaganda sharply declined on December 1, demoralizing content contin-
ued to be retweeted regularly, though at a reduced frequency. Finally, distracting infor-
mation showed less consistency, with spikes of coordinated activity on November 30 and
December 6.

We further inspected the age of accounts engaged in coordinated behavior across the six
topic categories. Figure 4 shows that accounts posting demoralizing content and distract-
ing information tend to be significantly younger than those associated with the remaining
topics.®

Subsequently, we investigated whether there were significant differences among topic

categories based on the average delay of retweeting at the level of individual tweets. We

8 A negative binomial regression confirmed that the difference was statistically significant.
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Figure 4 Monthly creation date counts of coordinated accounts by topic category. Accounts posting

specified a negative binomial regression model, with retweet delay (measured in sec-
onds) as the dependent variable and topic association for a tweet as the independent
variable. Our analysis revealed that retweet delays were shortest for distracting informa-
tion and longest for demoralizing content. In other words, new distracting information
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Table 3 Number of co-retweets in English, simplified Chinese, and traditional Chinese by topic

category

Topic category English Simp. Chinese Trad. Chinese N
leadership-critical 6579 22,931 892 30,402
policy-critical 9936 136,225 987 147,148
descriptive 1615 47,876 152 49,643
government propaganda 164 404 22 590
distracting information 11,614 6746 59 18,419
demoralizing content 24,730 13,161 47 37,938
not classifiable 329 189 9 527
Total 54,967 227,532 2168 284,667

was retweeted instantly, while old demoralizing content was retweeted afresh during the
protests. This pattern contrasts with typical commercial spam dynamics, which tend to
rely on the rapid promotion of newly created content and increasing hashtag activity to
maximize visibility. The observed reactivation of older demoralizing content suggests a
different propagation logic, raising questions about whether such activity reflects genuine
advertising efforts or a more strategic, demand-driven use of content during moments of
heightened protest-related attention. Additionally, policy-critical content was retweeted
slightly slower than descriptive content.

Considering the behavior at the account level, we also examined the average speed of
co-retweeting. We excluded accounts that had retweeted both protest- and repression-
supporting content, as their behavior was ambiguous and potentially erratic. This resulted
in a subset of 5016 accounts with consistent content patterns. Using linear regression,
with the account’s average retweet delay as the dependent variable and topic category as
the independent variable, we found that accounts retweeting distracting information were
the fastest, followed by accounts retweeting demoralizing content. Differences between
the other topic categories were not significant.

RQ3 asked about the languages used to support protest and repression within the co-
ordinated network and its communities. Table 3 shows the breakdown of co-retweets
across three languages for protest-supporting and repression-supporting topic categories.
Protest-related content was primarily co-retweeted in simplified Chinese, with a focus
on policy-critical and descriptive content. Co-retweets in traditional Chinese and En-
glish were more focused on leadership and policy criticism. Among repression-supporting
topic categories, English-language content comprised a larger share, suggesting that dis-
tracting and demoralizing information primarily targeted international English-speaking
audiences. Government propaganda remained more prominent in simplified Chinese, in-
dicating an effort to influence public opinion within the PRC. These findings were con-
firmed by a chi-square test (for details, see Appendix E).

A chi-square test further revealed significant differences in the language distribution
across content categories (x2 (12, N = 284,667) = 100,110.44, p < .0001). The standard-
ized residuals indicate distinct patterns: demoralizing content was strongly overrepre-
sented in English (std. res.=243.16) and underrepresented in simplified Chinese (std.
res. = —236.30) and traditional Chinese (std. res. = —15.35). Similarly, distracting informa-
tion appeared more frequently in English (std. res. = 155.52) and less in simplified Chinese

(std. res. = —151.72). Leadership-critical content was predominantly shared in traditional
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Chinese (std. res. =46.10), while descriptive content was overrepresented in simplified
Chinese (std. res. = 101.09) and underrepresented in English (std. res. = —=99.74).

The Louvain algorithm identified 1534 communities, with the ten largest communities
collectively accounting for approximately 85.4% of all co-retweets (see Appendix F). This
indicates that a small number of large, coordinated communities operated along many
smaller ones. For our analysis, we focus on the ten largest communities and their topic
and language compositions. As shown in Fig. 5, these communities largely centered on one
language and one primary goal—either supporting protests or promoting repression. Four
distinct communities shared repression-supporting topics, primarily focusing on demor-
alizing content or distracting information in simplified Chinese and English (communi-
ties 08, 06, 05, and 09). In contrast, the largest community (community 02) and five others
(communities 01, 03, 04, 07, and 10) were primarily engaged in sharing protest-supporting
tweets across all three categories, each dominated by a single language. Traditional Chi-
nese tweets mainly contained leadership-critical and policy-critical content, accompanied
by posts in simplified Chinese (communities 01 and 03).

It is also evident that protest-supporting communities contained both policy-critical
and leadership-critical publics, with the majority prioritizing policy criticism. Among
these communities, simplified Chinese tweets placed less emphasis on descriptive con-
tent, while English-language communities were more actively engaged in documenting
the protests through descriptive posts. By contrast, repression-supporting communities
had a clearer focus on a single repression tactic and a single language. Interestingly, smaller
communities (labeled as “other”) were predominantly focused on demoralizing content in
English, suggesting that this form of digital repression was coordinated through dispersed
groups of accounts. Some communities showed discrepancies, containing a small number
of tweets from the opposing camp, which may be due to artifacts in the topic modeling or
the behavior of automated accounts.

7 Discussion

This study explored coordinated behavior on Twitter during the COVID-19 protests in
China, focusing on accounts tweeting in simplified Chinese, traditional Chinese, and En-
glish. We applied computational methods to identify coordinated tweets, analyze their
themes, and examine how they supported protest and repression through organized
retweeting within coordinated communities across the three languages. We found that 9%
of the tweets in our comprehensive sample were actively amplified in a coordinated man-
ner. Extensive coordination was predominantly carried out among communities tweeting
in simplified Chinese, followed by accounts tweeting in English. These findings suggest
that coordinated efforts on Twitter during the COVID-19 protests in China targeted pri-
marily audiences proficient in simplified Chinese and the global English-speaking com-
munity.

In simplified Chinese discourse, coordinated topics ranged from policy-critical con-
versations, protest-related reporting, and leadership-critical appeals to government pro-
paganda, distracting information, and demoralizing content, in descending order. The
themes discussed in traditional Chinese contained predominantly policy-critical and
leadership-critical grievances. In contrast, coordinated tweets in English featured more
demoralizing content, followed by distracting information. They also included policy-
critical and leadership-critical posts, along with some descriptive reports on protests,
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though significantly fewer than coordinated tweets in simplified Chinese. Additionally,
when aggregating the identified topics and examining their temporal distribution, we
found that coordinated repression generally mirrored the trends seen in protest-related
tweets during the active phase of protests.

The language-based differences indicate that coordinated distracting and demoralizing
content interfered with protest discourse on Twitter in simplified Chinese, and even more
so in English. In other words, ordinary users searching for protest-related information
in these languages would inadvertently encounter numerous unrelated and inappropri-
ate tweets shared in a coordinated manner. Given that these tweets incorporated protest-
related hashtags or keywords and were shared in a coordinated way, it is plausible that
they were intended to divert attention from protest-related content on the platform. This
conclusion aligns with the findings of King et al. [24], who uncovered a secretive opera-
tion by the Chinese government aimed at distracting the public and shifting social media
conversations rather than confronting regime critics. In the framework of digital repres-
sion [11], this strategy falls under the category of covert information channeling, a tactic
used by state or private actors to redirect attention away from social mobilization. We
argue that demoralizing information, mainly containing adult content in this case, repre-

sents another form of covert information channeling, with a different objective and effect.
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Rather than simply redirecting attention to another topic, demoralizing content seeks to
undermine the credibility, morale, and integrity of protests and the platform itself. It may
discourage users from searching for protest-related content through hashtags and key-
words and deter them from using the platform where such content is circulated. Notably,
within the context of the COVID-19 protests in China, this strategy appears more targeted
toward international audiences rather than domestic ones, suggesting that digital repres-
sion is used to reduce foreign support and prevent international pressure on the regime.
It also shows that digital repression can easily transcend borders on a global platform like
Twitter.

Within the framework of authoritarian publics, Twitter served as an environment where
uncritical (including pro-regime), policy-critical, and leadership-critical publics coexisted
during the COVID-19 protests in China. The issue-specific character of the protests was
reflected in the overall predominance of policy-critical content, including criticism of
lockdowns, nucleic acid tests, COVID passports, and quarantine camps. This pattern may
indicate attempts to reach broader, more heterogeneous publics—ranging from uncrit-
ical or pro-regime users to transnational audiences—for whom policy-focused critique
is potentially more accessible, resonant, and shareable than direct denunciations of the
leadership. Policy criticism can also be perceived as relatively safer and more sustainable
for coordination and amplification than leadership criticism. Even so, despite higher per-
ceived risks for users with ties to China, leadership-critical and regime-challenging con-
tent did gain traction. This is a noteworthy case, particularly for an authoritarian context
like the PRC, where local media environments typically lack the presence of leadership-
critical publics [51]. Our study shows that under favorable circumstances, such publics can
surface and amplify critical discourse. It is crucial for an authoritarian society, where pol-
icy change is often unlikely to occur without substantial pressure on the leadership itself.
Historical reflections on Chinese political culture illuminate this point. Lu Xun famously

remarked:

By temperament the Chinese love compromise and a happy mean. For instance, if you
say this room is too dark and a window should be made, everyone is sure to disagree.
But if you propose taking off the roof, they will compromise and be glad to make a
window. In the absence of more drastic proposals, they will never agree to the most
inoffensive reforms. [32, p. 165]

Our study further highlights the importance of taking into account opposing publics
and discursive practices aimed at suppressing or diverting attention from criticism, as
well as demoralizing potential protest supporters. This is particularly relevant in interac-
tive communication spaces such as social media. We contribute to the understanding of
authoritarian publics [51] by integrating the concept and typology of digital repression
[11]. Specifically, we propose examining authoritarian publics through the lens of digi-
tal repression techniques, particularly information channeling, which can influence the
volume and forms of criticism within policy-critical or leadership-critical authoritarian
publics.

We further expand the framework of digital repression by identifying another distinct
covert information channeling technique—demoralizing content—aimed at undermin-
ing protests and demotivating users from engaging with protest-related discourse. Rather
than replacing existing repression strategies, this technique appears to operate alongside
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other well-documented forms of online manipulation. As this technique primarily tar-
geted English-speaking audiences on a platform hosting multiple publics, we can infer
that democratic publics may be susceptible to authoritarian repressive techniques. Within
China, digital repression typically focuses on spreading positive energy, guiding public
opinion, and reducing emotional outpourings [28]. Our findings suggest that, beyond do-
mestic platforms, digital repression likely combines overt and covert strategies: continuing
to disseminate favorable narratives and positive representations, while simultaneously en-
gaging in coordinated campaigns that flood protest-related hashtags and keywords with
spam-like or inappropriate content.

According to the framework of digital repression outlined by Earl et al. [11], covert in-
formation channeling is not primarily designed to persuade; rather it aims to alter the in-
formational environment in which contention unfolds. Our findings suggest that on global
social media platforms, repression effects are diversified rather than replaced, continuing
to include the promotion of positive energy or advanced socialist culture while incorpo-
rating additional covert tactics. The latter function to degrade the quality and usability
of protest-related discourse by increasing noise, confusion, and affective discomfort, ulti-
mately discouraging ordinary users’ engagement with protest-related content.

The lack of moderation on Twitter during the Chinese protests enabled information
channeling, whether carried out by government agents or private actors. This shows that
while platform interference can impact activism [11], inaction can also have negative con-
sequences. Therefore, digital repression strategies such as information channeling and
information coercion, regardless of the actors behind them, can have detrimental con-
sequences for social movement capacities worldwide. Covert forms of digital repression
pose an even greater threat, as they are challenging to recognize, and the intent or iden-
tity of the perpetrators is usually difficult to establish. Studying the extent of coordinated
digital repression in democratic publics can thus be an area for future research.

It is important to acknowledge the limitations of this study. While Twitter API v2 al-
lowed us to promptly collect a comprehensive dataset of tweets published during the
COVID-19 protests in China, our sample lacks deleted tweets, especially those removed
during the first three days of the protests. However, since our data collection coincided
with Twitter’s suspension of its content moderation and policy teams [10], we likely cap-
tured a more comprehensive dataset than would typically be possible. Nevertheless, it is
important to note that in authoritarian contexts, users may engage in self-censorship by
deleting their tweets within the first hours of protests. Consequently, we may not have cap-
tured this data. In addition, our analysis is limited to a single platform which represents
only one segment of a broader, highly fragmented communication ecology. Protest-related
discourse and repression strategies may unfold differently across platforms with distinct
affordances, governance regimes, and audience composition. A cross-platform compara-
tive design would therefore be a valuable direction for future research, allowing scholars
to examine how coordination and audience targeting vary across interconnected yet in-
stitutionally distinct platforms.

Additionally, our data collection relied on a comprehensive but not exhaustive list of
protest-related keywords. As a result, there is a possibility that some protest-related tweets
may have been excluded from our sample simply because they did not contain one of these
keywords. This issue is particularly relevant for tweets containing images or videos with
minimal textual content. However, this limitation also indicates that a broader audience
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may have encountered challenges in finding such posts using popular protest-related hash-
tags or keywords. Consequently, these posts might have had lower visibility and less rele-
vance for studying coordinated behavior, which aims to amplify specific content. Another
limitation concerns our operationalization of coordination. Because our focus was on the
themes amplified during the protests, we intentionally opted for co-retweeting behavior—
a well-established and robust form of synchronized amplification. However, this design
choice means that we may overlook other forms of coordination, such as synchronized
URL sharing, hashtag co-use, near-duplicate text production, simultaneous original or
quote tweeting, or coordinated replies and mentions. Shifting the lens from themes and
language to coordinated actors and actions, future research could apply a multimodal co-
ordination detection to provide a more comprehensive account of coordinated activity.

Finally, it is essential to clarify that we do not make definitive claims regarding the iden-
tities of the entities responsible for organizing online protest and repression. We cannot
rule out the possibility that distracting or demoralizing content may have hijacked protest-
related hashtags and keywords for genuine purposes, such as drawing attention to a cer-
tain issue or attracting new customers for products or services. At the same time, our re-
sults indicate that accounts spreading demoralizing content exhibited behavioral patterns
that differ systematically from those commonly associated with opportunistic commercial
spam. In particular, these accounts primarily reactivated older content during key protest
moments rather than promoting newly created material, and their activity was tightly syn-
chronized with protest-related peaks (see Results section for RQ2). These patterns suggest
a form of coordinated intervention into the protest-related information space that is dif-
ficult to explain solely by profit-seeking motives, yet also hard to attribute to pro-regime
actors. Importantly, this activity affected the discourse composition on Twitter and ulti-
mately benefited the regime by reducing the visibility of protests. In this sense, our find-
ings speak to effects rather than attribution: even in the absence of conclusive evidence
about organizers, the observed coordination aligns with mechanisms of covert informa-
tion channeling described in the digital repression literature [11]. Finally, our analysis fo-
cuses primarily on coordination at the level of tweets and retweeting behavior, rather than
on a systematic examination of account-level characteristics. While our analysis incorpo-
rates selected account-level characteristics, such as account creation dates and average
retweet delay, to differentiate coordination patterns, we do not conduct a comprehen-
sive account-level profiling of coordinated actors. Incorporating an investigative approach
could enable a more fine-grained grouping of coordinated accounts into distinct cliques
or roles, helping to distinguish, for example, accounts primarily engaged in opportunis-
tic spam from those participating in more sustained and strategically timed coordination.
Future research combining coordination detection with richer account-level diagnostics
could therefore address questions about the organization, division of labor, and persis-
tence of coordinated repression and protest activity.

Despite its limitations, our study shows how online discourse supported and suppressed
China’s COVID-19 protests on Twitter through coordinated sharing in simplified Chi-
nese, traditional Chinese, and English. By conducting this study, we responded to calls
for research on digital spaces that transcend China’s borders and go beyond conven-
tional tools of repression [39]. The tweets we analyzed were posted by users from all
over the world, including those locked within the Great Firewall. They likely reflected
the grievances of individuals who know how to get around the firewall, the relative “win-
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ners” of China’s economic reform [20]. However, it is crucial to remember that the protests
were sparked by the plight of less privileged citizens in Xinjiang, whose voices were in-
adequately represented in online discourse. While the protests led to the relaxation of
COVID-19 measures, it remains unclear whether the underlying grievances of marginal-
ized groups and individuals were addressed. Distracting and demoralizing content target-
ing English-speaking audiences further hindered global awareness and advocacy for these
repressed voices. This highlights the need for more coordinated and inclusive efforts to
amplify protests in authoritarian regimes and counteract repression on an international

scale.

Appendix A

A.1 Keywords for data collection

The list of keywords includes terms such as “H AUz 5l “HACER), “H40E A, “ H AU
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“BHMEI 1, SRSy« Ll “ABET TN BRI, “PEIT WG, “BET, “AdRevo-

» o«

lution’, “FreeChina’;, “foxconn’, “Urumgifire’, “ChinaRevolution”, “ChinaProtests’, “Chin-
aUprising’, “ChinaProtest2022”, “A4 Revolution’, “Free China’, “China Revolution’, “China
Protests”, “China Uprising”, “China Unrest’, “Urumqi fire”, “Urumgqi’, “Uriimqi’, “Wulu-

CCP step down’, “white
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mugqi’, “Beijing’,
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Shanghai’; “Guangzhou’; “Xi Jinping step down’,
paper movement’, “Communist party step down”.

Appendix B

B.1 Robustness of coordination detection

It could be argued that coordinated activity during protest events may capture routine
spam and noise on Twitter, despite the use of protest-related hashtags and keywords. To
verify that the coordinated activity we identified during the period of protests (November
25 to December 7, 2022) was not routine, we performed additional detection of coordi-
nation for the subsequent period extending to December 19. We found that coordinated
activity has massively decreased, with only 802 accounts co-retweeting 1315 unique posts.
Of the original 759 accounts co-retweeting demoralizing content only 75 remained en-
gaged in coordination in the period immediately following the protests. Moreover, the
number of accounts co-retweeting distracting information decreased from 949 accounts
to merely 23. And finally, the 46 accounts spreading government propaganda completely
desisted. Due to our continuous data collection during the protests and afterward, we can
rule out the possibility that these accounts and their posts were deleted.

To assess whether the post-protest decline in coordinated activity was driven by one
side of the network, we also investigate coordination by community affiliation. As shown
in Table 4, both protest-supporting and repression-supporting communities exhibit clear
declines after December 8, though the reduction is generally more pronounced among
repression-aligned clusters. One repression community (community 08) ceased coordina-
tion entirely (—100%), and the broader repression-aligned “other” group dropped by 49%,
whereas protest-supporting clusters show more moderate but still substantial reductions
(ranging from —1.6% to —62.6%). This pattern indicates that the decrease in coordination
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Table 4 Decline in the number of accounts within coordinated communities

Community Affiliation N accounts before Dec 8 N accounts after Dec 8 Decline (%)
community 01 Protest 1401 1137 -18.84
community 02 Protest 1217 752 -38.21
community 03 Protest 379 373 -1.58
community 04 Protest 637 238 -62.64
community 05 Repression 355 340 -4.23
community 06 Repression 255 160 -37.25
community 07 Protest 83 63 -24.1
community 08 Repression 242 0 -100.00
community 09 Repression 66 62 -6.06
community 10 Protest 46 26 -43.48
other Repression 3144 1598 -49.17

is system-wide and reflects an event-specific surge rather than routine or automated ac-
tivity.

Appendix C
C.1 Validation metrics of BERTopic

Table 5 Validation metrics of BERTopic

Topic category Precision Recall F1
leadership-critical 0.84 0.87 0.85
policy-critical 0.86 0.82 0.84
descriptive 0.95 0.51 0.67
government propaganda 093 0.54 0.68
distracting information 0.83 0.86 0.84
demoralizing content 0.84 0.83 0.83
not classifiable 044 094 0.60
overall 0.84 0.80 0.81
Appendix D

D.1 Language detection method

The Twitter API returns a language classification for each tweet that only contains one
label for Chinese (zh). Automatically distinguishing content posted in traditional Chi-
nese from simplified Chinese can be challenging, because there are many cases where
the tweet Authors may use both scripts together (e.g., writing in traditional Chinese, but
using hashtags in simplified Chinese). Therefore, the character usage is arguably a con-
tinuous measurement, rather than discrete. In order to distinguish tweets composed in
simplified Chinese from traditional Chinese, we resorted to a dictionary-based approach.
The tmcen package [29] contains a dictionary of simplified and traditional Chinese that
can be used to translate characters from one script to another. We used this reference to
count all traditional and simplified Chinese characters in a tweet, then we divided each
count by the total number of Chinese characters for each tweet. Finally, we subtracted
the proportion of simplified Chinese characters from the proportion of traditional Chi-
nese characters, yielding a score ranging from —1.0 to 1.0. Negative values indicate more
simplified Chinese characters than traditional Chinese characters, while positive values
indicate the opposite. We then assigned tweets to traditional Chinese if their score was
greater than zero and to simplified Chinese if their score was zero or below.
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Figure 6 Cumulative shares for communities detected with the Louvain algorithm

Appendix E

E.1 Chi-square test

Protest-supporting content appears to be shared predominantly in Chinese, while repres-
sive and, to a lesser extent, not classifiable content is more likely to be posted in English,
according to a chi-square test, x2 (2, N = 284,667) = 92,699, p <.0001. This conclusion is
supported by the standardized residuals [48], which show a significant overrepresentation
of protest content in Chinese (std. res. = 304.46) and repressive content in English (std.
res. = 302.82), with not classifiable content also showing a moderate tendency toward En-
glish (std. res. = 25.10).

Appendix F

To evaluate the robustness of the Louvain community partitions, we followed a common
practice for stochastic community-detection algorithms and generated an ensemble of 100
independent Louvain runs [27]. Pairwise similarity between two randomly drawn parti-
tions was quantified using both the Rand Index and the Adjusted Rand Index (ARI). The
high mean Rand Index (0.976) and Adjusted Rand Index (0.812) show that the algorithm
repeatedly returns highly similar community structures despite random initializations,
confirming the robustness of the identified modular organization. Cumulative shares for
communities detected with the Louvain algorithm are shown in Fig. 6.
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