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Abstract
This study delved into cross-platform information flow andmultilingual text
analysis by examining social media posts onWeibo and Twitter in Chinese
and English. We investigated public opinions about a violent restaurant
attack in China that received widespread attention and validated three
strategies of Bidirectional Encoder Representations from Transformers
(BERT) to classify multilingual social media posts regarding their attitudes,
targets, and frames. This study found that there was more criticism than
support on Twitter than on Weibo when calling for social justice. When
targeting the governments, Weibo users focused more on the local level,
while Twitter users focused more on the state level. When framing their
opinions, Weibo users focused more on gender violence, while Twitter
users focused more on gang violence. These variations within social media
posts across platforms were fundamentally influenced by the interruption
of transnational information flow as a result of Chinese governance and
censorship of the internet. Through the “porous censorship,” social media
users’ autonomy and trust in the government played critical roles in the
dynamics between online criticism and authoritarian responsiveness.
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CROSS-PLATFORM INFORMATION FLOW AND MULTILINGUAL TEXT ANALYSIS

Introduction

Nowwe are in a network society (Castells, 1996) in which the information
flow constitutes the space of flow that dominates our economic, political,
and symbolic life. The information flow facilitated by communication tech-
nology, as Castells (1996) argued, absorbs the logic andmeaning of places
and blurs the relationship between architecture and society by creating
“time-sharing social practices.” However, although the fluid, dynamic, and
mobile information flow demonstrates the power of crossing national bor-
ders (Shields, 2014), it is controlled and restrictedby governmentsworldwide,
for fear of the decline in the regulatory power of states (Goldsmith & Wu,
2006). Strategies of government censorship, such as internet shutdowns
(Mare, 2020), internet filtering (Zittrain & Edelman, 2003), as well as regula-
tory controls (Deibert, 2009) to repress digital activismandonlinemovement
(Earl et al., 2022) and divert the attention of citizens (Roberts, 2018), interrupt
the transnational information flow.

As we turn our attention to the information flow between China and
the world (Lu et al., 2022), it is crucial to examine its impact on disparate
but interconnected discussions around the same news and trending topics.
For example, why does information flow across national borders despite
government censorship? How have attitudes, targets, and frames of user-
generated content changed during the information flow, and to what extent
are those changes related to the governance and censorship of the internet?
More importantly, when analyzing social media posts in different languages,
how can the multilingual analysis methods be validated?

On June 10, 2022, a group of men attacked four women at a restaurant in
the Chinese city of Tangshan. The video footage triggered both nationwide
and worldwide discussions to call for justice by dividing social media users
into different attitudes (e.g., support, criticism) toward different targets (e.g.,
females, local-level governments, etc.) within different frames (e.g., gender
violence, gang violence, etc.). This study examines the multilingual discus-
sions on Twitter and the Chinese social media platformWeibo about this
newsby comparingEnglish andChinese texts combininghumanannotation
and deep learning.

After human-annotating 5,000 English tweets and 5,000 Chinese Weibo
posts, we conducted experiments using three strategies of Bidirectional
Encoder Representations from Transformers (BERT) and compared their
performance. By validating the three strategies of BERT, we finally classified
all multilingual texts (N = 392,448) into different categories to answer our
research questions. This study found that there was more criticism than
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support on Twitter than onWeibo when calling for social justice. When tar-
geting the governments, Weibo users focused more on the local level, while
Twitter users focused more on the state level. When framing their opinions,
Weibo users focused more on gender violence, while Twitter users focused
more on gang violence. These variations within social media posts across
platforms were fundamentally influenced by the interruption of transna-
tional information flow as a result of Chinese governance and censorship of
the internet. Through the “porous censorship” (Roberts, 2018), social media
users’ autonomy and trust in the government played critical roles in the
dynamics between online criticism and authoritarian responsiveness.

Literature

One World, Two Platforms: Online Criticism Through the
“Porous Censorship”

The Chinese government has been successfully controlling the domestic in-
ternet, including social media platforms, by exercising state power through
legal (Zheng, 2013) and technical (Earl et al., 2022) means to create accessi-
ble but repressive online environments, constructing the “networked au-
thoritarianism” termed byMacKinnon (2011). The censorship techniques
implemented by governments and platforms, such as search filtering, key-
word blocking, and account deletion (Fu et al., 2013; Jiang, 2014), enable
the authoritarian government to respond to threats to regime power (Dal
et al., 2023). The voice of dissidents, lawyers, intellectuals, and prominent
personalities are targeted (Dimitrov, 2017) since conventional theories on
authoritarianism point out that the principal objective of censorship is to
suppress criticisms (Geddes & Zaller, 1989). As a result, self-censorship of
direct and straightforward criticisms widely exists on Chinese social media
to protect users themselves (Luqiu, 2017). Furthermore, to deal with the
information flow from outside, the Chinese government selectively blocks
internet service and social media platforms (e.g., Facebook, Google, Twitter,
etc.) by building up the “Great Firewall” (Ensafi et al., 2015). Thus, Chi-
nese social media users face censorship from domestic platforms such as
Weibo, especiallywhen criticizing the government, and difficulties accessing
international platforms such as Twitter simultaneously.

Additionally, Weibo users are mostly not exposed to major foreign news
outlets that report criticizing topics against the Chinese government, such
as human rights and political activism (Lu et al., 2016), since China blocks
local access to nearly a quarter of them, including BBC, Bloomberg, The
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Economist, The Guardian, The New York Times, Reuters, The Wall Street
Journal, and TheWashington Post (Davis, 2019). Regarding the sentiment
comparison of social media posts on Weibo and Twitter, Gao et al. (2012)
have found that Weibo users are more likely to post positive messages than
Twitter users, and the probability of posting positive messages onWeibo is
11.8% higher than on Twitter. Thus:

RQ1:What were the characteristics of the discussions about the Tang-
shan incident on Twitter andWeibo regarding language and frequency?

H1: There was more criticism on Twitter than onWeibo about the Tang-
shan incident.

Criticizing the Chinese GovernmentWisely: Targeting the
Local Level

Although the most restrictive media and online ecosystems in the world are
created in China (Chen & Yang, 2019), some criticisms of the government are
allowed since government censorship mainly targets those expressions that
call for collective demonstrations (King et al., 2013). It is worth mentioning
the dynamics between online criticism and authoritarian responsiveness,
in which a relatively high level of trust in the Chinese government (Chen et
al., 1997; Chen & Shi, 2001) plays a pivotal role. Social media users trust the
central governmentmore than the local government (Li, 2016) to help realize
social justice by investigating incidents and punishing local officials. Their
“creative use” of political criticism (Wu & Fitzgerald, 2021) indirectly targets
the government to avoid getting censored. In response, the government
adopts a multifaceted approach to address various challenges it faces, such
as collective actions or legitimacy erosions, and cosmetic needs or mun-
dane complaints. To manage political challenges, it employs censorship
measures to curtail dissent (Shao, 2018). Otherwise, it tolerates criticisms of
the government’s performance within certain limits and projects an image
of responsiveness to appease the public (Wang & Han, 2023). Consequently,
within the dynamics, a higher level of responsiveness from the state toward
societal demands leads to a diminished intensity of autonomous social
movements (Castells, 2015), resulting in criticisms against the government
onWeibo confined in scale and intensity.

On the other hand, as the Chinese government lacks direct control over
overseas social media platforms such as Twitter, users who wish to access
and share content not permitted on domestic social media have crossed
the national (and legal) border using tools such as Virtual Private Networks
(VPN). On Twitter, they share technical knowledge to bypass the firewall,
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express political opinions, mobilize activism actions, and disseminate al-
ternative news items (Wu &Mai, 2019; Xu & Feng, 2015), which may target
the central government without censorship. However, the differences when
social media users call for justice for the same incident regarding their spe-
cific targets lack research on a micro level. To address this gap, our paper
examines the following:

H2:When targeting the governments, Weibo users focused more on the
local level, while Twitter users focused more on the state level.

Gender Violence or Gang Violence?

We define the frame of posts as “gender violence” when users describe the
incident as a group of males beating a group of females; we define the frame
of posts as “gang violence” when users portray the incident as a group of
gangsters or bad people beating innocent or good people. The online con-
centration on gender violence has been fundamentally linked to digital ac-
tivism, especially when fostering a rising politics of gender justice (see: Dey,
2020; Puente et al., 2021; Williams, 2016). Powered by self-communication
technology (Castells, 2007), feminists use social media to express a specific
presence or voice that is more difficult to sustain using traditional modes
(Wang&Driscoll, 2019). In China, feministsmobilize public support through
socialmedia by alieningmainstream journalists and deploying hashtag cam-
paigns (see: Han, 2018; Li & Li, 2017; Wang & Driscoll, 2019). However, due
to concerns about the potential consequences of collective actions driven
by feminist activism, the Chinese government attempts to contain online
feminist activism by removing feminist content and shutting down activists’
social media accounts (Fincher, 2016; King et al., 2013). After the incident,
Weibo implemented a zero-tolerance policy toward “harmful speech,” in-
cluding posts that “attacked state policy and the political system” or that
“incited gender conflict,” by removing more than fourteen thousand posts,
suspending eight thousand users and permanently banning one thousand
users (Zhang, 2022). Additionally, feminist activism in China is perceived
as morally deviant, foreign-rooted, and intertwined with nationalism and
a modernization-tradition contradiction (Huang, 2016), impacted by the
culturally ingrained hegemonic masculinity, structural gender inequality,
and the state’s pursuit of capitalist economic development (Luo, 2017).

On the contrary, the frame of gang violence was favored by the govern-
ment and promoted by the state-run media, since the campaign to “sweep
away black societies and eradicate evil forces” started in 2018 targeted gang
violence and crimes of “black and evil forces” by mobilizing the centralized
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lawenforcement that underpinedChina’s campaign-style justice (Yin&Mou,
2023). Campaign-style law enforcement strengthened China’s authoritarian
regime by resolving the legitimacy crisis caused by the economic slowdown,
infiltration of gangs into grassroots political structures, and problems of
police corruption and shirking (Wang, 2020). As a result of authoritarian
responsiveness, the ringleader of the incident was sentenced to 24 years,
and eight other people were jailed as a whole “evil force,” with authorities
framing the incident as a gang-related crime (Reed, 2022). Thus, discussions
under the frame of gang violence were less likely to be censored since they
were aligned with the government’s discourse of “sweeping away black so-
cieties and eradicating evil forces” and campaign-style law enforcement
targeting gang crimes. Therefore, we hypothesize:

H3:When framing their opinions, Weibo users focusedmore on gang
violence, while Twitter users focused more on gender violence.

Multilingual Text Analysis: Crossing Language Borders

Past studies have shown three main gaps in computational text analysis
methods (CTAM) (Baden et al., 2022), especially when dealing with cases
that include different languages. To complete multilingual text analysis,
keywords-based dictionaries (Dobbrick et al., 2022; Lind et al., 2019) and
topic models (Lind et al., 2022; Maier et al., 2022) approaches were used to
classify different themes and narratives among texts across language barri-
ers. However, those measures created the gap between CTAMs’ tendency
to focus on precisely one kind of information and researchers’ need for the
measurement of multiple and textual contents (Baden et al., 2022), because
the main logic of them was extracting specific contents using simple key-
words or formatting rules to determine the theme or narrative instead of
considering the text as a whole in certain contexts.

Recently, as a machine learning technique, deep learning has facilitated
the construction of computational models that consist of multiple layers of
processing to learn representations of data such as text with multiple levels
of abstraction (LeCun et al., 2015). Bidirectional Encoder Representations
from Transformers (BERT), which are developed for pre-training deep bidi-
rectional representations by employing joint conditioning across all layers
(Devlin et al., 2018), have been utilized in communication studies as one of
the CTAMs. By performing deep learning to achieve a relatively comprehen-
sive understanding of texts as data, BERT can be trained to classify texts in
accordance with the distinct demands of specific tasks. For example, Lu et
al. (2021) used the Chinese BERT to analyze the public sentiment onWeibo
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during the COVID-19 pandemic. Since the use of BERT for multilingual text
analysis is still limited, analyzing texts in different languages by including
BERT as a newmethod is worth further testing.

Before the actual stepofmultilingual text analysis, past researchusedma-
chine translation to overcome language gaps (Lind et al., 2021; Reber, 2019),
which has been proven to be useful for further comparative text analysis
(De Vries et al., 2018). But Chan et al. (2020) argued that machine translation
should be avoided because it lacks a static version for reproducibility and
can be ineffective in contextualizing the understanding of words. Thus,
this study uses and validates BERT in different strategies (with and without
machine translation) to complete multilingual text analysis. The following
research questions are raised:

RQ2: What are the advantages and disadvantages of using BERT for
multilingual text analysis?

RQ3: How to compare and validate different strategies using BERT for
multilingual text analysis?

Method

Data Collection

This study uses multilingual texts on Weibo and Twitter as data. In the
second quarter of 2022, Weibo recorded 252 million daily active users1 while
Twitter recorded 238 million daily active users2. Original social media posts
related to the restaurant attack from June 10, 2022, to July 31, 2022, were
collected from the twoplatforms. Weused Python 3 to collect relevantWeibo
posts by searching 15 Weibo topics, such as #Tangshan, #TangshanAttack,
#9SuspectsWereAllArrested, under the platform’s searching tags of “original”
and “trending.” We used Twitter’s API to collect relevant tweets by searching
26 keywords, such as “Tangshan, attack,” “Tangshan, assault,” “Tangshan,
violence.” The post’s posting time, the number of likes, replies, reposts,
and the user’s reported gender (only onWeibo), the number of followings,
followers were collected. We collected 595,480 original Weibo posts, which
were in Chinese, and got 358,677 after removing the duplicate content. We
collected 59,653 original tweets and got 36,049 after removing the duplicate
content, fromwhichwe selected the 33,771 English tweets tagged by Twitter’s
language classification system.

1Weibo quarterly results: http://ir.weibo.com/financial-information/quarterly-results
2Twitter quarterly results: https://www.statista.com/statistics/970920/monetizable-daily-

active-twitter-users-worldwide/
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Text Categories and Human Annotation

To test the hypotheses, we divide the texts into categories from three aspects.
The attitudes are divided into two categories: 1. Support; 2. Criticism. The
targets of support and criticism are divided into five categories: 1. Females;
2. Males; 3. State-level governments; 4. Local-level governments; 5. Media
or social platforms. The frames are divided into five categories: 1. News
or information; 2. Gender violence; 3. Gang violence; 4. Cyber violence; 5.
Questioning information released or censored by governments or platforms.

We randomly selected 6,000 posts (12,000 in total) from each of the two
datasets for manual annotation, of which 1,000 were evenly divided into
four groups for reliability testing, and 5,000 were used for final manual
annotation. Three native speakers of Chinese with proficiency in English
(IELTS 7 or higher) received a week of training to achieve a higher percent
agreement. They manually annotated 250 Chinese Weibo posts and 250
English tweets according to the samecriteria todeterminedifferent attitudes,
targets, and frames. After the first round of annotation, the consistency
rate of the result was 71%; Three labeling personnel were then trained and
tested for consistency in the following rounds. The results of the last three
rounds were 79%, 88%, and 96%, respectively. We believe that the coding has
reached acceptable reliability and the three coders annotated 5,000 Weibo
posts and 5,000 tweets. The final annotations were determined by majority
agreements.

Attitudes. By referring to the classification definition by Lu et al. (2021),
we classify a post as support if it includes a positive evaluation or projects
positive emotions (attitude 1); and classify a post as criticism if it includes
a negative evaluation or projects negative emotions (attitude 2). If both
attitudes were generated within a single post, we select its main attitude.

Targets.Wedivide targets into people and institutions including females
(target 1), males (target 2), state-level governments (target 3), local-level
governments (target 4), and media or social platforms (target 5). State-
level governments refer to the central government of China, the Chinese
Communist Party, the socialist system, and the state-level leaders, while
local-level governments include several tiers from the district level (Lubei
District), city level (Tangshan City), to the province level (Hebei Province),
such as the local police, or the municipal government. If multiple targets
were mentioned within a single post, we select its main target.

Frames. As for frames, our focus centers on how users interpret the inci-
dent and express their opinions. Thus, if the post is completely reporting or
covering the incident (frame 1) or simply spreading cyber violence (frame
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4), we regard them as non-opinion framed posts. For those opinion-framed
posts, there are not only different understandings of the incident, such as
it was an attack of males attacking females (frame 2) or it was an attack of
gangsters beating ordinary people (frame 3), but also questioning informa-
tion released by the government and state-runmedia or doubting that truth
was censored by governments and platforms (frame 5). If multiple frames
were used within a single post, we select its main frame.

Multilingual Text Analysis

Based on human-annotated texts, Bidirectional Encoder Representations
from Transformers (BERT) models will be trained and validated in the three
following strategies. To run the experiments and compare the strategies,
we developed three BERTmodels including a Chinese BERTmodel, an En-
glish BERTmodel, and a multilingual BERTmodel, which can be found at:
https://github.com/antalhs/Text-prediction-based-on-BERT-model-Chinese-
English-. Among the three strategies, we choose the onewith the best perfor-
mance after conducting experiments running three strategies respectively
for each classification task (classifying attitudes, targets, and frames). As
the F1 score represents the model’s combination of precision and recall,
which can be used to reflect how exactly machine-predicted results match
human-annotated results, we use the F1 score of the models to evaluate the
performance of the strategies. Then, we employ the strategy with the best
performance to classify the rest of the dataset.

Train a monolingual model and translate the multiple-language
dataset intoone language. A: TranslateEnglish tweets intoChinese through
Google Translate API. Use the 5,000 hand-annotated Weibo posts and 5,000
hand-annotated and translated tweets to train the Chinese BERT with the
Whole Word Masking model (Chinese BERT-wwm-ext). This strategy will
be validated by the F1 score of the model. B: Translate Chinese Weibo posts
into English through Google Translate API. Use the 5,000 hand-annotated
tweets and 5,000 hand-annotated and translated Weibo posts to train the
English BERT with the BERT base model. This strategy will be validated by
the F1 score of the model;

Train twomodels respectively without machine translation. Use the
5,000 hand-annotatedWeibo posts to train theChinese BERTwith theWhole
Word Masking model (Chinese BERT-wwm-ext), and use the 5,000 hand-
annotated tweets to train the English BERT with the BERT base model. This
strategy will be validated by the weighted arithmetic mean of the F1 score of
both models;
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Train amultilingual model without machine translation. UseMul-
tilingual BERT (M-BERT) with the BERTmultilingual base model to train
all human-annotated data including 5,000 Weibo posts and 5,000 tweets.
M-BERT is a pre-trainedmodel consisting of 12 layers of transformers, being
trained frommonolingual Wikipedia in 104 languages (Devlin et al., 2018),
which enables this strategy to avoid machine translation within a single
model. This strategy will be validated by the F1 score of the model.

Pearson’s Chi-squared Test

After classifying all multilingual social media posts regarding the three as-
pects of attitudes, targets, and frames, we use Pearson’s chi-squared differ-
ence test to examine the differences between how social media users call for
justice onWeibo and Twitter because it allows us to assess the relationship
between categorical variables, such as support/criticism, local-level/state-
level, and gender violence/gang violence, in a large dataset of multilingual
social media posts.

Results
This study totally collected 655,133 social media posts fromWeibo and Twit-
ter, finding that the primary language of Weibo posts was Chinese, and
the main language of tweets was English. Therefore, this study focused on
multilingual text analysis between Chinese and English. After removing du-
plicated content and social media posts in other languages, we got 358,677
Weibo posts and 33,771 English tweets. We found that the discussion on
Weibo started with a high peak in the first five days, while the discussion on
Twitter was relatively at a low popularity level and lacked dramatic changes
over time (Figure 1).

Figure 1: Number of Weibo posts (N = 358,677) and tweets (N = 33,771) from June 10, 2022 to
July 31, 2022.
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Then, we trained BERTmodels in three strategies based on the human-
annotated texts. Within strategy 1, we used Google Translate API to translate
English texts into Chinese texts and translate Chinese texts into English texts
in two independent sub-strategies, 1A and 1B. We trained two models of
sub-strategies respectively for our three classification tasks, and recorded
the F1 scores tomeasure their performance. For strategy 2, we avoided using
machine translation and trained two models for the two languages. After
recording the F1 scores of the two models, we used the weighted arithmetic
mean of the F1 score of both models, since the amounts of Weibo posts and
tweets were not equal. Therefore, we used the final weighted F1 score to
evaluate strategy 2. For strategy 3, we simply trained the model without
translation and imported all texts into the single model. We consequently
recorded the F1 score of the model to evaluate the performance of strategy
3. All F1 scores are demonstrated in Table 1.

Strategies Attitudes Targets Frames Overall performance

Strategy 1A 0.92 0.74 0.80 0.82

Strategy 1B 0.89 0.78 0.76 0.81

Strategy 2 0.92 0.90 0.83 0.88

Strategy 3 0.90 0.73 0.77 0.80

Table 1: Comparison of performances of BERT strategies

By comparing the F1 scores, strategy 2 achieved the highest performance
in three aspects by using two separate models for analyzing texts in two
languages. Therefore, we selected strategy 2 to forward our task. Using two
models, we predicted the rest of the texts in our dataset. The results are
shown in Table 2.

Based on the predicted dataset (N = 392,448), we ran the chi-square
difference test finding that the difference between support and criticism on
Weibo and Twitter was significant (Pearson Chi-Square Value = 17,630.657, p
< .001), and there was more criticism than support on Twitter than onWeibo.
Thus, H1 is supported.

We then selected all social media posts targeting the governments (N =
154,003) fromWeibo and Twitter to run the chi-square difference test finding
that the difference between local-level and state-level on Weibo and Twitter
was significant (Pearson Chi-Square Value = 90,512.330, p < .001), and Weibo
users focused more on the local-level governments, while Twitter users
focused more on the state-level governments. Thus, H2 is supported.
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Among those opinion-framed social media posts including gender vi-
olence or gang violence (N = 213,568), another chi-square difference test
discovered that the difference between frames of gender violence and gang
violence onWeibo and Twitter was significant (Pearson Chi-Square Value =
4,562.324, p < .001). However, Weibo users focused more on gender violence,
while Twitter users focused more on gang violence, opposite to H3.

Weibo Twitter

Attitudes, targets, and frames Number Proportion Number Proportion

Support 148,398 41% 1,943 6%

Criticism 210,279 59% 31,828 94%

Females 157,436 44% 835 2%

Males 53,636 15% 3,004 9%

State-level governments 15,297 4% 29,625 88%

Local-level governments 108,987 30% 94 0%

Media or social platforms 23,321 7% 213 1%

News or information 72,494 20% 22,097 65%

Gender violence 119,123 33% 1,544 5%

Gang violence 83,375 23% 9,526 28%

Spreading cyber violence 48,375 13% 386 1%

Questioning censorship 35,310 10% 218 1%

Table 2: Comparison of attitudes, targets, and frames of discussions on Weibo and Twitter

Discussion
By analyzing the Chinese and English socialmedia posts, this study explored
the differences in what social media users were talking about when calling
for justice for a violent incident in China. The differences among their atti-
tudes, targets, and frames demonstrated the fundamental impact on social
media users created by the interruption of transnational information flow
implemented by the Chinese governance and censorship of the internet.

Weibo, under the Chinese government censorship, and Twitter, uncen-
sored and banned by the Chinese government showed a significant differ-
ence in the amount of positive and negative attitudes. OnWeibo, substantial
posts supported various targets, whereas on Twitter, most posts were criti-
cisms. However, criticisms still existed onWeibo on a large scale, suggesting
the operation of “porous censorship” (Roberts, 2018) allowed criticism un-
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less it called for collective demonstrations (King et al., 2013). Additionally,
Weibo users were not only aware of the censorship (Wang &Mark, 2015), but
also raised questions about it using the fifth frame.

By comparing the criticisms across platforms, we revealed different crit-
icizing strategies betweenWeibo users and Twitter users, who significantly
focused more on the local-level governments and the state-level govern-
ments, respectively. This discovery was aligned with the high level of trust
in the Chinese government (Chen et al., 1997; Chen & Shi, 2001), especially
the trust in the central government (Li, 2016), playing a critical role in the
dynamics between online criticism and authoritarian responsiveness. On
Weibo, social media users demonstrated their autonomy to perceive cen-
sorship and avoid censorship by targeting local-level governments instead
of state-level governments. Mediated by the trust in the government, it
is not surprising that criticism and responsiveness were not in complete
opposition but sought each other’s support in either achieving social justice
or maintaining the role of a “savior” defending people from injustice. On
the “uncensored” Twitter, there lacked such an interplay between online
criticism and authoritarian responsiveness, resulting in not only criticism
becoming the dominating attitude, but also directly targeting state-level
governments and institutions.

Our hypothesis was not supported when looking at the frames of user
expressions to call for social justice. A much higher proportion of social
media posts was framed in gender violence on Weibo, which marked a
quite unusual conflict with the state-level discourse of “sweeping away
black societies and eradicating evil forces.” Nevertheless, as posited by Yang
(2014), digital activism would not be rooted out by the adaptability of the
Chinese internet control butwould develop and adapt to the changing forms
of control. The cultural space provided by Chinese social media remained
an important means of collective resistance by grassroots prosumers (Mao,
2020). From the censorship side, the nuance of gender violence may not be
fully censored by the platform’s machine-learning methods since it was not
likely to train its censoring model per incident, but we did it in our study so
that most posts including (even covert and devious) discussions of gender
violence were coded precisely and used to train our ownmodels. From the
user side, this finding can also be explained by a relatively high proportion
of female users’ posts (N = 253,962, 71% of the Weibo dataset) discussing
relevant topics onWeibo and a previous discovery of a significant positive
relationship between reported gender as female and gender violence frame
selection (Wang et al., Working paper). Although we did not have access
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to the Twitter user’s gender of each tweet, a report3 showed that 71% of
Twitter users weremales as of 2022, whichwas alignedwith another previous
discovery of a significant positive relationship between reported gender as
male and gang violence frame selection (Wang et al., Working paper). On the
other hand, Twitter users’ criticisms of the state-level policy of “sweeping
away black societies and eradicating evil forces” were classified into the
gang violence frame, contributing to another possible reason to explain the
dominance of this frame over the gender violence frame on Twitter.

This study explored how to use the computationalmethod of deep learn-
ing to study large multilingual datasets. In contrast to the existing methods,
Bidirectional Encoder Representations from Transformers (BERT) as a deep
learning technique, consider the entirety of the text and thereby acquire a
deeper understanding of the meaning within its contexts. This technique
overcomes the limitations of keywords-based dictionaries and topic models
by using thorough deep learning to classify texts for multiple tasks. By val-
idating three strategies of BERT including machine translation in a single
model, non-machine translation with separate models, and non-machine
translation in a single model, we found that the second strategy achieved
the highest performance. As Chan et al. (2020) argued, machine transla-
tion should be avoided due to its lack of a static version for reproducibility
and its potential ineffectiveness in contextualizing the comprehension of
words. In our case, machine translation also demonstrated its shortcoming
in performance. As for the M-BERT model, it can be trained without any
cross-linguistic target and consistent data (Wang et al., 2019), showcasing
surprising cross-linguistic capabilities in previous research. However, the
performance was not effective as expected in our case, meaning that M-
BERT does not necessarily perform better than BERTmodels trained based
on a specific language (Panda & Levitan, 2021). The reasonmight be that the
certain model included limited pre-trained experience in each language,
resulting in relatively low F1 scores.

This study is not without limitations. The data collection was performed
during or after the censorship process, creating difficulties in examining a
complete dataset of all user’s posts and how exactly censorship impacted
those posts. Regarding the information flow, it is not clear whether the
Weibo users involved in this discussion were the same as those on Twitter
or not. As mentioned above, certain key data, such as the users’ gender and
location, were not available. However, the definite similarity among users on
the two platformswas that they shared a common ability to comprehend the

3Twitter gender demographics: https://www.oberlo.com/blog/twitter-statistics
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incident and express their opinions about it, constructing a strong connec-
tion to China-related news. Additionally, because of the limited popularity
of this incident, there were rarely third languages talking about it, leaving
only Chinese and English to performmultilingual text analysis. Within our
two-language dataset, the unbalanced amounts between Chinese Weibo
posts and English tweets might have fostered advantages for the Chinese
training model to achieve higher performance. Moreover, the text classifica-
tion using supervised machine learning achieved acceptable performance
measured by F1 scores, which can be higher for some subcategories by aug-
menting human-annotated data to implement further training and tuning
the model parameters to optimize specific tasks.

The challenges and potential of applying BERT to analyze multilingual
datasets are highlighted, particularly when investigating social media posts
in different languages. While BERT has been proven effective in certain
situations, it is important to recognize that there is no guarantee that it
will behave similarly across other languages, especially morphologically
rich languages which encode a lot of information through inflections. The
study’s limitations, such as the difficulty in examining a complete dataset
due to censorship and the focus on only two languages, further underscore
the need for caution when generalizing BERT’s performance across diverse
languages. As a result, researchers must be mindful of these constraints and
continue to explore alternative strategies for analyzing multilingual data to
ensure accurate and comprehensive insights.

We propose several future research directions to develop the current re-
search. As we have identified three aspects (attitudes, targets, and frames) of
social media posts, how did other aspects (e.g., user sentiments) change and
evolve over time? In addition to the textualmodality, it is imperative to direct
focus toward images and videos, since this incident garnered considerable
attention and triggered strong indignation initially because of the video
footage capturing the violent attack at the restaurant. As for the engagement
part, the relationship between socialmedia postmetrics (e.g., the number of
likes) and their attitudes, targets, and frames are worth exploring to evaluate
the effectiveness of users’ strategies to call for social justice. The network
among the users, including their relationships and interactions, can also
be analyzed to determine the out-group and in-group activities and eval-
uate how such activities factored into the network dynamics of the online
community. Furthermore, it remains to be investigated how governments
at various levels modified their policies and adjusted their discourse in re-
sponse to the incident, aiming tomitigate public outrage and rebuild public
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trust, and howmuch state-runmedia succeeded in helping the government
shape public opinions through agenda setting.

This study contributed to the research on cross-platform information
flow andmultilingual text analysis. By addressing our research questions,
we compared different strategies of BERT to analyze the variations within
an information flow where social media users’ posts called for social justice
across language barriers. Based on our dataset (N = 392,448) and 10,000
human-annotated texts, we successfully accomplished the multilingual text
analysis task through the validation of three strategies using deep learning.
Thus, this study offers valuable insights and practical guidance for future
cross-platform andmultilingual textual research.
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