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Article

Hate speech is an unfortunately common occurrence in 
cyber space which often links to religion and racism 
(George, 2017) and in some cases culminates in severe 
threats and harm to individuals and communities (Calvert, 
1997). Previous studies (Ringrose, 2018; S. Sharma, 2013; 
Siapera, 2019; Wahl-Jorgensen, 2019) have accused Twitter 
of propagating racism, populism, and stereotypes on minor-
ities with circulation of gifs, memes, and strategic uses of 
humor, arguing that the affordances of social media plat-
forms have facilitated increasing “ideological silos” and 
“echo chambers” (Ott, 2017).

However, researchers also showed that the rising num-
ber of tweets were in fact defending vulnerable minorities, 
which enabled the formation and circulation of anti-racist 
and anti-Islamophobic in a wider public sphere (Dawes, 
2017; Jackson & Foucault, 2015). For example, the #stop 
Islam hashtag trended Twitter after ISIS (Islamic State of 
Iraq and Syria) took credit for Brussels terror attack in 
2016, with a growing debate around whether there was an 
association between Islam and terrorism. It was noticeable 

that there were rising numbers of tweets actually defending 
Muslims and absolving them from responsibility for the 
attacks (Poole et al., 2021). In Poole et al.’s (2021) study on 
#stop Islam hashtag, the emotional expression against anti-
Islam discourses was conceptualized as counter-narratives, 
pointing to the importance of constructing alternative nar-
ratives against online hate. They argued that although 
Twitter takes an active role in constituting hatred dis-
courses, there are also activist groups subtly re-shaping the 
affordances of platforms in countering hate campaigns 
(Feigenbaum, 2014; Treré, 2019).

This study investigates two major anti-racism hashtag 
activism cases on Twitter (i.e., #BlackLivesMatter [BLM] 
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and #StopAsianHate [SAH]). Hashtag activism refers to the 
online movement where large numbers of postings appear 
under a common hashtag with a social or political claim 
(Yang, 2016). For example, in the case of BLM, anti-racism-
related postings flooded in networked spaces, rendering the 
posters a narrative form and agency to perform the activist 
discourses (Campbell, 1998). In this study, we empirically 
examined two hashtag activism cases of BLM and SAH 
trended on Twitter since 2020 in a comparative manner with 
network agenda-setting (NAS) theory. In particular, we went 
beyond the legacy agenda-setting effects of traditional media 
on the public and focused on the inter agenda-setting effects 
among hashtag activism cases in social media. Being differ-
ent from previous agenda-setting studies regarding issues 
and attributes, the object of this study targets on attributed 
network. By such efforts, we hope to explore how the anti-
racism hashtag activisms have been constructed, progressed, 
and inter-connected.

Agenda-setting theory has seen continuous evolvement 
since the pioneering 1968 Chapel Hill study (McCombs & 
Shaw, 1972). From the first-level agenda-setting effects 
(objects agenda) to second-level agenda-setting (attributes 
agenda), the theoretical focus has been expanded to capture 
the details of audience’ understanding of the world 
(McCombes et al., 2000). The elements of the world image 
investigated to date are objects and attributes, which are dis-
connected elements of the whole. However, in reality, the 
outside world could be presented in a person’s mind in an 
integrated form rather than separated objects. Guo and 
McCombs (2011) introduced third-level agenda-setting to 
advance agenda-setting theory by examining whether news 
media are capable of transferring the relationships, or the 
connections, between the elements of an agenda. Following 
this line of research, this study tried to further empirically 
examine and expand third-level agenda-setting theory in 
social media settings. Practically, the study also aims to help 
the public to understand more about how the underprivileged 
group inter-connect and mobilize each other in countering 
hate campaigns.

BLM and SAH Movements

Entering 2020 the era that COVID-19 pandemic spread glob-
ally, social injustice has been intensified worldwide. Activists 
have fueled their energy in implementing online and offline 
protests, defending community rights while promoting 
mutual aid and solidarity (Aouragh, 2019). Knitting social 
relations across ethnicity play a fundamental role in a time of 
strong resurgence of racism under COVID-19 pandemic 
(Pleyer, 2020). Since 2020, two hashtag activism cases 
against racism stood out. BLM trended on Twitter after the 
murder of George Floyd, a 46-year-old African American 
man killed by a White police officer in Minneapolis on 26 
May 2020. It triggered an international wave of protests 
against racism and police violence. SAH online activism 

broke out after a gunman’s killing eight Asian people at three 
Atlanta-area spas on 16 March 2021. The gun killing had 
sparked fears among advocacy groups that the Anti-Asian 
hate crimes would be racially motivated.

Both cases caused campaigns online and offline against 
racism and hatred. Right after George Floyd’s death, tweets 
fighting against racism flooded under BLM, making the 
movement returned to national headlines and gained interna-
tional attention. Similarly, the crime at Atlanta triggered tsu-
nami of SAH on Twitter overnight. In terms of time order, 
the sudden return of BLM popularity on Twitter happened 
10 months before the rising trend of SAH. Since both cam-
paigns were for counter-racism ends, it is logical to explore 
whether BLM movement on Twitter could influence and set 
the agenda for SAH movement.

However, it is also key to view both cases distinctively as 
racism in the United States is a historical problem with com-
plex social, economic, political, and cultural reasons (Bacon, 
2011; Kim, 2007; Roger, 2002). As Altman (2015) argues, 
Black Lives Matter movement engages in bringing attention 
to police killings and abuse of African Americans which 
reflects the continuous struggle for human equality among 
African Americans in the United States. Discrimination 
against Black people in the United States is a historical hate 
gaze with the affective politics of fear (Ahmed, 2014). 
According to statistics from The Guardian (2021), numbers 
of people killed by police in the United States amounted 207 
and 266 in year 2015 and 2016 separately. Therefore, Black 
Lives Matter movement has been focusing on police abuse of 
African Americans, while addressing some similar issues 
related with previous Black liberation movements, such that 
Black people are seen as criminals, and Black bodies are 
seen as expendable and frightened (Clayton, 2018).

Put differently, SAH movement broadly refers to Asian 
Americans’ struggle against the discrimination they had been 
subject to. Unlike African Americans’ struggles, the Asian 
American movements started much later in 1960s (Wei, 
1993). Studies have found that Asian Americans are still seen 
as “forever foreigners” (Okihiro, 2014; Xu & Lee, 2013). 
Being viewed as clumsy and lacking appropriate skills, Asian 
Americans were left out in the socialization process of the US 
society (Fiske et al., 2002). Therefore, differing from Black 
Americans’ struggle against slavery and police violence, 
Asian Americans’ calling for justice is more originated from 
their dissatisfaction of being recognized as “others” (Li & 
Nicholson, 2021). Today, Asian Americans have achieved 
higher rankings in governments, big corporations, and uni-
versities. Is it the time to optimistically think that Asian 
Americans appear to be assimilating into the US mainstream 
society? The answer is negative. The swift surge of anti-Asian 
racism during the COVID-19 pandemic has exposed the mar-
ginalized and conditional status of Asian Americans by label-
ing Asians as “yellow peril” and “unAmericanness” (Li & 
Nicholson, 2021). Under the COVID-19 pandemic, a non-
profit organization “Stop AAPI Hate” was created to support 
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Asians who were attacked physically or psychologically for 
being accused as the origin of the corona virus. In this study, 
SAH hashtag activism refers to the anti-Asian violence rallies 
with social media supports held across the United States and 
other countries in 2021 in response to racism against Asian 
Americans. Many of which occurred in the wake of series of 
shootings in Georgia in March 2021.

Bearing similarities and differences, the growing public 
attention to and engagement in these two hashtag activism 
cases provide opportunity to have an inquiry on the relation-
ship between the two cases. First, in this study, we capture 
the salient issues (topics) under both hashtags. Second, the 
study also explores the network agenda-setting effect by 
examining the correlations of topic networks within each 
hashtag but between different time periods. More impor-
tantly, we further examine whether the BLM movement has 
set the salient network agenda for SAH movement.

There are several rationales under the above research 
purposes. First, both cases are counter-racism social media 
campaigns after the COVID-19 outbreak, which may share 
similar salient issues. Second, the sudden return of BLM 
happened 10 months before the rising trend of SAH which 
satisfied the premise of temporal causal relationship of 
agenda-setting effect. Third, Twitter, as the social media 
platform being used by both mass media and individuals in 
transferring information, acts as an effective channel of 
information delivery and agenda-setting (Conway et al., 
2015). Once BLM has set the agenda for Twitter commu-
nity, the effects would possibly be transferred to the online 
discourses covering a similar event, such as SAH. Thus, 
this study drew on the network agenda-setting theory in 
investigating how social media could facilitate the network 
agenda-setting between counter-racism hashtag activism 
campaigns.

Agenda-Setting Theory

Agenda-setting research concentrates on the relationship 
between media content and audience perception. Traditionally, 
agenda-setting theory argues that news media play a critical 
role in setting the governments’ agenda and influencing the 
pictures in the public’s mind (McCombs, 2004). Tracing back 
to Walter Lippmann’s (1922) Public Opinion, the news media 
help bridge the perceived world reality in audience’s mind and 
the portrayed environment (p. 3).

Numerous empirical studies have examined the “images” 
in media and that in people’s minds in different countries 
since the groundbreaking 1968 Chapel Hill study (McCombs 
& Shaw, 1972). The commonly adopted approach to study 
agenda-setting is formed by two levels of analysis. The first 
level analyzes the transfer of object salience. Objects are 
conceptualized as anything that can be described, character-
ized, and shaped through text, such as political figures, 
issues, countries, or organizations (T. Zhang et al., 2017). 
The second-level agenda-setting studies the exchange of 

attributes of the issue, suggesting that the attributes or mean-
ings that are attached to objects can be transferred as well 
(Kiousis et al., 2015; McCombs, 2004), including cognitive 
attributes (e.g., frames) and affective attributes (e.g., tone or 
sentiment).

According to the agenda-setting theory, the mass media 
play a normative role in generating consensus among differ-
ent social groups by highlighting a few issues (Chan & Lee, 
2014). The media agenda is operationalized as the issues 
highlighted by the media while the public agenda is what the 
citizens to contemplate and deliberate (McCombs & Shaw, 
1972). As a causal relationship between the media agenda 
and public agenda, the time order is clearly defined that 
media agenda comes first.

The growing interest in agenda-setting scholarship among 
mass communication researchers resulted in substantial 
development of the theory. Guo and McCombs (2011) intro-
duced the third-level analysis, NAS, which examines the 
transference of networked relationships among objects and/
or attributes. The NAS model argues that the news media not 
only can tell the audience what to think and how to think 
about certain objects, it is also capable in demonstrating how 
these objects or attributes are connected. In other words, the 
objects network suggests to what extent they would be per-
ceived and recalled together.

The NAS model incorporates the concept of cognitive 
mapping proposed by some psychologists and philosophers 
(e.g., Armstrong, 1973; Barsalou et al., 1998), arguing that 
people’s mental representations could be operated in pictures 
and diagrams. The mental model of “cognitive mapping” 
suggests that human brain has the spatial and networked 
thinking ability to process “scripts” or “schema” (Guo & 
McCombs, 2011). In other words, after media exposure, 
audiences could map out the salient objects and attributes in 
their mind in the form of a network structure in which one 
unit of information is connected to numerous other nodes 
(Anderson, 1983). By activating and reactivating certain 
information, the media is capable in creating and strengthen-
ing the connection between constructs in the audience’s 
memory (H. T. Chen et al., 2020). For example, on the topic 
of counter-racism, if a media outlet or social media post 
reports crime and immigration recurrently, the audience will 
be likely to retrieve the connection between the two issues.

Research on the third-level agenda-setting is emerging 
(H. T. Chen et al., 2020; Neil et al., 2018; Wanta & Alkazemi, 
2018). The first NAS study found that the interrelationships 
among the political candidates’ attributes emphasized by 
news media had a significant correlation with the public’s 
perception of the candidates (Guo & McCombs, 2011). 
Studies examining the object-based network can also be 
found (e.g., Kiousis et al., 2015; Neil et al., 2018; T. Zhang 
et al., 2017). For instance, Vu et al.’s (2014) study found that 
news media bundled issue objects that could set the agenda 
for the interrelationships salient in the public’s mind. H. T. 
Chen et al. (2020) combined content analyses of news stories 
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and the survey data in Hong Kong to examine selective 
exposure and network agenda-setting, finding that the net-
work agenda of like-minded media was significantly associ-
ated with respondents’ opinion repertoires for those who 
involved in selective exposure.

Studies on agenda-setting effects were also conducted in 
social media settings. For example, Vargo’s (2011) first- and 
second-level agenda-setting analyses on Twitter data suggest 
that traditional newscasts and newspaper articles can predict 
the total amount of Twitter posts an issue receives. This find-
ing was triangulated by Parmelee and Bichard’s (2012) inter-
view with Twitter users. Later, Vargo et al. (2014) applied a 
big Twitter dataset to examine the vertical (top-down) and 
horizontal media agendas during the 2012 US presidential 
election. From the network analysis perspective, this study 
showed how issues about the election were talked about in 
relationship to each other and compared the agenda-setting 
effects on Obama supporters and Romney supporters. Being 
different from their previous studies on the 2008 US election 
(Vargo, 2011), the testing of agenda-setting is not simply 
“How often was issue ‘X’ mentioned during period ‘Y,’” but 
in terms of the interconnections and relationships among 
issues inside of an agenda. The development of NAS model 
goes beyond the individual measurement of issue saliences 
with a focus on the issue linkages.

Reviewing the existing literatures, the NAS model has 
been examined between different types of media outlets. 
However, little attention has been paid to the NAS effects on 
social media in constructing hashtag activisms. We believe it 
is an important area to explore given that it potentially 
reflects social media’s capability in forming users’ opinion 
repertoire and fueling online activisms. In this study, the 
issue network agenda was defined as how the issues under 
one hashtag relate to each other. If the agenda could be set 
effectively, a significant correlation will be found between 
the issue network agenda of A and B.

In digital spaces, the public agenda is not only influenced 
by the agenda set by media accounts, but also by all user-
generated content. Taking a holistic approach, we first expo-
sure the salient topics under BLM and SAH. Second, we 
hypothesize that in both cases, the general issue network 
(including both media posts and user-generated content) 
could set agenda for the network of what was going to be 
talked about in due course. To be specific, if we divided the 
time period of BLM movement by every 2 weeks (unit), 
social media content during the N unit will set network 
agenda on the content during (N + 1) unit (e.g., issue network 
agenda of tweets right after George Floyd’s death could pos-
sibly set network agenda on the next 2 weeks’ discourses 
under BLM). Therefore, we propose the following research 
question and hypothesis:

RQ1. What are the major topics of tweets under BLM and 
SAH?

H1. There exists a network agenda-setting effect of social 
media hashtag content in an ongoing process.

In addition, this study tried to offer a fresh perspective to 
investigate the chronological changes of network agenda-
setting effects. As the focus of public discussion and users’ 
attention usually become fragmented after a wave of con-
centrated discussions on certain topics online (Webster, 
2014; Webster & Ksiazek, 2012), we assume that the issue 
network of hashtag activism will be changed and reshaped 
during the movement in due course. Thus, it is possible that 
the network agenda-setting effects within each case (i.e., 
BLM and SAH) became weaker as time went on. We pro-
pose the second hypothesis:

H2. The network agenda-setting effect proposed in H1 
became weaker as time went on.

More importantly, we compare the network agenda-setting 
effects of BLM on SAH to uncover to what extent their issue 
networks are related to or differ from each other. This helps to 
reflect the characteristics of the two counter-racism hashtag 
activism cases and indicate whether or not social media could 
breed networked connections between online activism move-
ments. We propose the second research question:

RQ2. Is there a significant relationship between the 
increased salience of issue networks under BLM and 
SAH?

Methods

Data Collection

This study applies computational methods in collecting and 
analyzing tweets under BLM posted after George Floyd’s 
death in 2020 and tweets under SAH posted after the 2021 
murder in Atlanta spas. Public tweets under BLM from 26 
May 2020 to 26 August 2020 (3 months data after George 
Floyd’s death) and tweets under SAH from 16 March 2021 to 
16 June 2021 (3 months data after the gun killing in Atlanta) 
were retrieved by using the library Twint. Twint is an 
advanced Twitter scraping tool written in Python and allows 
for scraping tweets without using Twitter’s API. In simple 
terms, it is a function similar to scraping through Twitter’s 
standard web interface (Caren, 2020). Being unique from 
Twitter scraping API, Twint has no limit of downloading 
tweets, it can download almost all the tweets using different 
parameters like hashtags, usernames, and topics (H. Sharma, 
2020). Retweets and replies were excluded to make the data 
focus on original posting. The reason of including tweets of 
3-month period is that this study aimed at comparing the net-
work agenda-setting effects in different time periods. In 
total, we obtained 7,057,548 tweets under #BlackLivesMatter 
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(BLM data) and 822,088 tweets under #StopAsianHate 
(SAH data).

After collecting the whole datasets, we further filtered the 
tweets data to focus on the active Twitter accounts. This also 
helped to filter out some social bots and spam accounts to 
have a more accurate analysis of hashtag activism discourse. 
Therefore, we referred to previous studies (e.g., Hong et al., 
2013; Y. Zhang et al., 2013) and only included the tweets 
from users who have posted at least 10 tweets under the tar-
get hashtags (i.e., BLM, SAH) during the 3 months for fur-
ther analyses. Thus, the final sample size for analysis is 
1,441,748 for BLM and 92,118 for SAH.

Topic Modeling

To examine the third-level agenda-setting, we first investi-
gate the salient issues under the two hashtags (RQ1). These 
issues were operationalized as main topics of tweets. After 
data cleaning and text processing through (1) removing 
punctuation, numbers, special characters, stop words and 
repeated tweets, (2) applying tokenization, and (3) lemmati-
zation with R package Quanteda (Benoit et al., 2018), topic 
modeling techniques were used to extract the topic of each 
tweet. Topic modeling is widely used in natural language 
processing to gain insights about the text data. There are dif-
ferent methods of topic modeling, among which Latent 
Dirichlet Allocation (LDA) is one of the most widely used 
methods (Kumar & Paul, 2016). By LDA, corpus can be pro-
cessed and classified into patterns to project the features of 
higher dimensional space onto a lower-dimensional space. In 
this study, R package seeded-LDA (Lu et al., 2011) was first 
used to automatically set one most relevant topic to each 
tweet. In the first stage, we have tried setting different num-
bers of topics (from 10 to 5) to run LDA. After checking the 
assigned topics manually to finalize the most interpretable 
topics, we found that only depending on automatic topic 
modeling could not provide distinctive and interpretable 
topic results, as the most frequently mentioned keywords in 
each topic were overlapped and scattered. Despite this, the 
automatic method helped produce the most salient tokens in 
clusters.

In the second stage, the authors manually checked the ran-
domly selected 500 automatic LDA results for both BLM 
and SAH datasets to better capture the major topics and cor-
responding keywords. We also reviewed news coverage of 
both movements at the time to know the process and key 
events of the two cases. This process made us concluded five 
major topics under BLM and six topics under SAH.

In the next stage, a dictionary was created to further test 
our manual topic classification and automatically assign 
each tweet a most relevant topic. Based on the previous auto-
matic LDA results, we combined the keywords been identi-
fied and what we knew about major issues of the two cases 
from mass media to construct two separate dictionaries. The 
dictionaries comprise keywords on different topics for both 

datasets respectively and enable us to further conduct semi-
supervised topic modeling using R package seeded-LDA 
(dictionary details could be found in online Appendix). 
Semi-supervised topic modeling is a useful technique to 
guide the computational topic classification process when 
the automatic retrieved topics were overlapping and did not 
make much sense. In this way, we used the dictionary to set 
some seed words to guide the model to converge around 
those terms in certain direction (Wang et al., 2012). For 
tweets with no specific meaning or could not be categorized 
to any topic, the results will be “NA” and “others.” We fil-
tered out these confounding tweets and finalize 1,248,087 
tweets under BLM while 77,955 tweets under SAH with 
assigned topics.

Social Network Analysis

The next step is to operationalize the network of salient 
issues. Based on the semi-supervised LDA coding, topics 
being mentioned by the same Twitter account are considered 
as implicitly linked (Vargo et al., 2014). The datasets were 
converted to adjacency (i.e., co-occurrence) matrices to 
reflect network issue agendas. Each row and column repre-
sent a topic in the network. Each cell in the matrix reports the 
number of times the two topics were mentioned concurrently. 
For example, the matrix cell associated with topic “actions” 
and “violence against black people” is 37,752, which means 
that the two issues were mentioned 37,752 times by the same 
poster during the study period.

To test H1 and H2, we split the BLM and SAH datasets 
into six sub-datasets. Each sub-dataset comprises tweets for 
2 weeks. For example, sub-dataset BLM1 refers to tweets 
posted during the first 2 weeks after Floyd’s death, BLM2 
refers to tweets posted during the third and fourth weeks 
after Floyd’s death. As the last step in network analysis, the 
networks of the sub-datasets were then compared by utiliz-
ing the quadratic assignment procedure (QAP) via R package 
SNA’s qaptest function (Butts, 2008). QAP addresses the 
strength and specification of ties from one network to another 
and calculates a correlation coefficient (Simpson, 2001). 
Employing QAP, the null-hypothesis is that the test-statistic 
of association equals the expected value under permutation 
distribution (Hubert, 1986). In other words, QAP tests 
whether there is no similar pattern between the elements of 
the different variables (Dekker et al., 2003). QAP was found 
to be superior and unbiased to ordinary least squares analysis 
in testing hypothesis in regression models based on dyadic 
data, especially in network analysis as data on network vari-
ables is typically represented in the form of a square matrix 
(Krackhardt, 1988).

Degrees of centrality were also measured for each topic to 
show the significance of different issues, which refers to the 
number of connections between a node (a topic in the analy-
sis here) and all the other nodes in the network (Wasserman 
& Faust, 1994). To test H1 and H2 (the NAS effect within 
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one hashtag across time), QAP correlation tests were per-
formed to compare the network matrices of topics extracted 
between sub-datasets BLM1 and BLM2, BLM2 and BLM3, 
BLM3 and BLM4, BLM4 and BLM5, and BLM5 and BLM6. 
Same tests were conducted between sub-datasets of SAH 
data to see if the results could be replicated.

To answer RQ2 (the NAS effect between the two 
hashtags), which tests the issue network correlation between 
BLM and SAH, the QAP test was conducted to test the cor-
relations between the BLM dataset and the SAH dataset of 
the 3 months. It is worth noting that the data size for these 
two cases is unbalanced, which reflects the actual popularity 
differences between the two hashtags. We did not employ 
data processing technique to deal with it, because QAP Test 
investigates the correlation between two networks in terms 
of both the direction and the strength of tendency and change 
in scale of tweets. Therefore, the unbalanced sample size 
does not influence the value correlation directly.

To make the networks comparable, we further conceptu-
alized the topics retrieved by semi-supervised LDA topic 
modeling and found that the extracted topics under both 
hashtags are similar but with one major difference (details 
provided in the results session). We found that both datasets 
reflected salient topics of specific recent crime (Topic 1), 
general hate and violence (Topic 2), actions (Topic 3), com-
munity support (Topic 4), and criticism against White racism 
(Topic 5). However, the SAH data provides one more distin-
guished topic, namely COVID-19 stigma (Topic 6). The 
results echoed with Ziems et al.’s (2020) study that the pro-
Asian counter-hate tweets were largely COVID-19-related. 
Therefore, the QAP test between BLM data and SAH data 
were only conducted among tweets assigned for Topics 1–5. 
In other words, COVID-19 stigma-related tweets in SAH 

data were filtered out before the QAP test in answering RQ2. 
Figure 1 provided an example of the QAP test structure. As 
visualized in Figure 1, node (tweets issue) on the topic of 
COVID-19 in SAH dataset was removed. What QAP tested 
was the correlation between both networks each with 5 nodes 
and 10 edges.

Results

Based on the semi-supervised LDA topic modeling results, 
five salient topics under BLM and six salient topics under 
SAH were extracted. For BLM data, the salient topics include 
(1) recent crime against Black people (i.e., George Floyd’s 
death), (2) general violence against Black people (including 
some historic cases, such as the death of Tamir Martin in 
2014, death of Philando Castile in 2016, and death of Breonna 
Taylor in 2020), (3) collective actions by Black people 
(including petition, protests, and lawsuits), (4) community 
support, and (5) criticism against the White racism. Figure 2 
indicates the change of popularity on each topic with 2 weeks 
as a unit.

For SAH data, the salient topics include (1) recent crime 
against Asian people (i.e., Atlantic spa shooting), (2) general 
hatred against Asian people, (3) collective actions by Asian 
people, (4) community support (such as Asian Americans/
Pacific Islanders community), and (5) criticism against the 
White racism. Figure 3 visualized the distributions of SAH 
tweets on each topic during different time periods.

Comparing the salient topics extracted from tweets under 
two hashtags, both similarities and differences were clearly 
reflected. As for similarities, tweets under both hashtags fre-
quently mentioned the recent crimes (Topic 1), especially 
during the first week after the crime took place. In this study, 

Figure 1. Network agenda-setting effects between #BlackLivesMatter and #StopAsianHate.
Edge size indicates times of co-occurrence between the two topics posted by the same tweeter during the study period.
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Figure 2. Topic distribution of #BlackLivesMatter tweets per week.

Figure 3. Topic distribution of #StopAsianHate per week.
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the tipping points (George Floyd’s death and Atlantic spa 
shooting) were taken as the starting point for our data collec-
tion. However, the “recent crime” topic lost popularity dra-
matically after the first 2 weeks. It was noticeable that the 
Twitter users frequently talked about general violence or 
hatred against the under privileged groups (Topic 2) and 
called for community support (Topic 4) when the “recent 
crime” ranked as a hot topic. In addition, after the crimes 
took place, more tweets began to focus on real activist actions 
(Topic 3) and criticizing the historical White racism (Topic 
5). As was shown in Figures 2 and 3, Topics 3 and 5 both saw 
an increase during the first 2 weeks after George Floyd’s 
death and the Atlantic spa shooting.

As for differences, the most obvious dimension is the 
popularity of the topics. Apparently, BLM triggered larger 
amount of social media discussions on Twitter. Based on the 
data we collected, during 3 months after George Floyd’s 
death, there were more than 7 million original tweets posted 
with BLM. However, during the same time length after 
Atlantic spa shooting, number of tweets mentioning SAH 
did not reached 1 million. One possible reason could be that 
platform diversity in counter-Asian hate campaigns is higher 
than that in BLM movement. Since many Asian Americans 
are immigrants from Asian countries, it is more common for 
them to use multiple social media platforms like WeChat, 
Weibo, LINE, and KakaoTalk except for Facebook and 
Twitter in their counter-hate discussions. Therefore, the 
issue network on Twitter is supposed to be more scattered 
then BLM.

In addition to the tweets amount under two hashtags, 
other differences also emerged. The BLM tweets frequently 
talked about Black people’s death under police violence. 
Large numbers of tweets called for justice against police bru-
tality. The findings were in line with previous literatures say-
ing that the BlackLivesMatter movement has been focusing 
on police abuse of African Americans (Altman, 2015; 
Clayton, 2018). For SAH tweets, the main focus was on the 
ideological discrimination against Asian people. Asian peo-
ple were trying to make their voice heard and what they 
cared most was that the Western people used comedies to 
make fun of Asians, calling Asians the origins of COVID-19 
virus (Topic 6). Asian’s counter-racism discourse was more 
ideological focused in showing anger against the racism 
comedy shows. However, Black people’s counter-racism dis-
course was more of the life and death matter. Interestingly, 
although with an Asian focus, the SAH tweets hashtag fre-
quently mentioned BLM to show unity and alliance with the 
Black people. In the first topic extracted from SAH tweets, 
the keywords included “black” and “women,” showing alli-
ance with other vulnerable groups in Asians’ hashtag activ-
ism campaigns.

The next step examined the network agenda-setting 
effects. We created two issue networks based on tweets’ top-
ics of the two datasets. Degree centralities captures the cen-
trality or importance of topics being measured by the number 

of ties that a node has. As visualized in Figure 1, a tie meant 
a single co-occurrence between the two topics from the same 
tweeter. For BLM data, degree centralities were recorded as 
326,374 (Topic 1), 361,704 (Topic 2), 289,840 (Topic 3), 
358,604 (Topic 4), and 306,450 (Topic 5) while for the 6 
extracted topics of SAH data, the degree centrality records 
were 9,142 (Topic 1), 8,544 (Topic 2), 7,938 (Topic 3), 
10,510 (Topic 4), 11,978 (Topic 5), and 6,088 (Topic 6).

Table 1 detailed results of QAP tests between different 
time periods. The results showed similar patterns that the first 
2 weeks after the tipping point (recent crimes) could not set 
network agenda for the next 2 weeks’ tweets (BLM: B = .11, 
p > .05; SAH: B = .35, p > .05). However, the network agenda-
setting effects became significant as time went on. Dividing 
the 3-month period under study to six equal time periods, 
results show that although the first period’s network agenda 
could not significantly affect the second period’s network 
agenda, the correlation became significant upon the second 
period. As shown in Table 1, the network agenda of Period 2 
significantly predicted the network agenda of Period 3 (BLM: 
B = .98, p < .01; SAH: B = .97, p < .01). The network agenda-
setting effects were also significant between Periods 3 and 4, 
4 and 5, and 5 and 6. Therefore, H1 was partially supported. 
A slight but continuous decrease of the coefficients was also 
captured in both datasets. Thus, H2 was supported.

Examining the network agenda-setting effects of BLM on 
SAH, QAP test showed non-significant results (B = −.13, 
p = .63), implying that tweets under BLM failed to set the 
network agenda for tweets under SAH. RQ2 was answered.

Table 1. Chronological Changes of NAS Effects on 
#BlackLivesMatter and #StopAsianHate Tweets.

IV DV Coefficient p value

#BlackLivesMatter BLM1 BLM2 .11 .30
BLM2 BLM3 .98 .006**
BLM3 BLM4 .97 .02*
BLM4 BLM5 .90 .01*
BLM5 BLM6 .84 .04*

#StopAsianHate SAH1 SAH2 .35 .10
SAH2 SAH3 .97 .003**
SAH3 SAH4 .96 .001***
SAH4 SAH5 .90 .002**
SAH5 SAH6 .84 .009**

IV: Independent variable; DV: Dependent variable.
QAP tests were conducted between issue networks with different time 
periods using R SNA package. BLM1 (tweets under #BlackLivesMatter 
hashtag from 26 May to 10 June 2020, N = 731,510); BLM2 (from 11 
to 25 June 2020, N = 219,239); BLM3 (from 26 June to 10 July 2020, 
N = 105,717); BLM4 (from 11 to 25 July 2020, N = 72,186); BLM5 (from 
26 July to 9 August 2020, N = 55,347); BLM6 (from 10 to 26 August 2020, 
N = 64,088). SAH1 (tweets under SAH hashtag from 16 to 30 March 2021, 
N = 55,291); SAH2 (from 1 to 14 April 2021, N = 8,475); SAH3 (from 15 
to 30 April 2021, N = 4,417); SAH4 (from 1 to 14 May 2021, N = 3,564); 
SAH5 (from 15 to 30 May 2021, N = 3,875); SAH6 (from 31 May 2021 to 
16 June 2021, N = 2,333).
*p < .05; **p < .01; ***p < .001.
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There could be several possible reasons underlying this 
result. First, as was mentioned above, SAH movement was 
mostly supported by immigrants from Asian countries, it was 
more common for them to use multiple social media plat-
forms except for Twitter to conduct counter-hate discussions. 
Therefore, the networks of discourses on one single platform 
could be scattered and only present one part of the whole 
picture.

Second, although QAP test is based on correlation which 
could not be influenced by tweets numbers, number of edges 
between different topics could be largely affected if one 
author tweeted quite many times on various topics. Thus, as 
we have approximately 15 times of tweets in BLM data com-
pared with the SAH data under analysis, the issue network 
structure of BLM tweets should be more sensitive to indi-
vidual influence, especially the very active tweeters.

Third and most importantly, our findings implied that 
although the counter-racism discourses on Twitter share sim-
ilarities and mutual concerns, the issue networks of different 
movements (e.g., movements by African Americans and 
Asian Americans) are different in nature. As was reflected by 
Figure 1, the BLM issue network has most links between 
Topic 2 (general crime) and Topic 4 (community support). It 
also showed large numbers of links between Topic 1 (recent 
crime) and other topics (i.e., general violence, community 
support, White racism). However, SAH issue network pre-
sented large numbers of edges between Topic 2 (general 
hatred) and Topic 5 (White racism), as well as Topic 3 
(actions) and Topic 5 (White racism) while the BLM issue 
network did not show such patterns. The findings showed 
different logics among discourses under the two hashtags. 
The BLM network underlined that George Floyd’s death and 
historic violence against Black people are most salient topics 
which bear the capability in triggering further discussions. 
However, the SAH network reflected that the SAH move-
ment focused more on general hatred and racism against 
Asian community which required more community support. 
Therefore, although the rising trend of BLM happened 
10 months earlier than the rising popularity of SAH move-
ment, it did not trigger similar network agenda for Asian 
people’s movements.

Discussion

While social media has been criticized for spreading hatred 
and racism (George, 2017; Ringrose, 2018), researchers 
began to recognize that the counter-racism discourses are 
with growing prevalence on social media platforms. With 
large, representative and comparable data scraped from 
Twitter, this study tried to provide comprehensive under-
standing of the salient topics under two hashtag activism 
cases (i.e., BLM and SAH), which were considered as two of 
the most important recent counter-racism campaigns on 
Twitter. By semi-supervised LDA topic modeling methods, 
five topics were extracted from 3-month tweets data under 

BLM after George Floyd’s death while six topics were 
extracted from 3-month tweets data under SAH after the 
Atlantic spa shooting tragedy. Our findings illustrated that 
for both counter-racism cases, the sudden tragedies hap-
pened to vulnerable groups bear capability in triggering dis-
cussions online. Both online movements reflected salient 
topic on the crime just took place during the data collection 
period. In addition, general violence or hatred, actions, com-
munity support, and criticisms against White racism were all 
proved as important issues of the counter-racism discourse 
on social media. Our results echoed with Jackson and 
Foucault’s (2016) study on #Ferguson that the use of the 
hashtag #Ferguson at the center of a counter public network 
has provoked and shaped public debates about race, policing, 
governance, and justice.

In addition to the descriptive findings, our study tried to 
explore the network agenda-setting effects of hashtag activ-
isms on social media. We contend that counter-publics cre-
ated by marginalized groups could be identified as the 
networked public sphere (Benkler, 2008). By testing the 
NAS effects, it could answer part of the questions as how 
hashtag activisms trigger and impact online discussions in 
an ongoing process. It also helped us to understand whether 
different hashtag activisms could be significantly correlated 
with each other and mobilize further actions. Our results 
showed that issue networks of the first 2 weeks’ discourse 
after the crime could not set network agenda for the next 
2 weeks’ discourses. However, the network agenda-setting 
effects became significant from the third and fourth weeks 
and stayed stable as time went on. As we found replicated 
results based on data of two hashtags, the patterns were 
proved to be robust and reliable. A possible reason could be 
that the breaking event like George Floyd’s death and 
Atlantic shooting compounded the network agenda of both 
movements. After discussions on the breaking news lost 
popularity, the network agenda of hashtag activism became 
stable and able to set continuous effects for the ongoing 
counter-racism discourses. Findings of this study added to 
the NAS theory especially in the context of social media. 
Traditional agenda-setting theory stays valid in print or 
broadcasting media. However, as digital media news con-
tent is interactive with fluctuated popularity, the NAS effects 
also seem to be unstable, especially when some breaking 
news burst out.

We did not find a significant relationship between BLM 
and SAH issue networks. The finding could be explained 
according to previous literature that in the United States, rac-
ism against Black people and Asian people are structured in 
different social contexts (Bacon, 2011; Kim, 2007; Roger, 
2002). Therefore, although both communities are considered 
as vulnerable and has been unfairly treated by the American 
mainstream society for long, the major concerns and under-
lying mechanisms of the counter-racism discourses between 
Africans and Asians are different. It counter-argues the 
assumption that one counter-racism movement online could 
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trigger similar movements among different groups. For 
tweets under BLM and SAH, although sharing some similar 
salient topics, it does not necessarily mean both discourses 
formed in similar network structure.

The network agenda-setting studies pioneered by Guo 
and McCombs (2011) presented evidence that news media is 
capable of transferring the salience of the relationships, or 
the connections, between attribute agendas. Other studies 
(e.g., Z. Chen et al., 2019) were interested in whether the 
network agenda-setting effects on social media is from a top-
down approach (from influencer to individual), or actually 
bottom-up (from grassroots to influencers). Instead of exam-
ining whether the social media influencers could set issue 
network agenda to the public, we are typically interested in 
how the collective efforts by both mass media accounts and 
individuals during an online movement could carry-on and 
influence similar collective actions. Thus, in our study, atten-
tion was paid to the agenda of issue relationship covered in 
social media on counter-racism campaigns. This enables us 
to draw a holistic perspective in comparing network agenda 
between online social movements and provides a novel per-
spective in network agenda study.

In addition, this study also contributed to the literature by 
investigating the chronological changes of issue network 
agenda-setting effects. The power of network agenda-setting 
effects does not stay stable as time goes on and may turn 
insignificant in some circumstances. The findings drive us to 
pay more attention to how the networked online audiences 
may become scattered in their attention and become immune 
to similar discourses.

The results could not be interpreted without limitations. 
First, we only scraped 3-month data and took the tweets 
posted by active tweeters under analysis. This may reduce 
the generalizability of our results. Future researcher could try 
to explore the NAS effects in a longer period to examine the 
ongoing trends. Second, as tweets are short in nature, LDA is 
not the most ideal method to extract topics. Although the 
authors combined manual checking and semi-supervised 
LDA to boost accuracy, it is still recommended to further 
advance the machine learning process. Third, the operation-
alization of tweets issue networks is adapted from Vargo 
et al. (2014). The method only adds an edge between the top-
ics mentioned by a same tweeter. It limits the scope of the 
network operationalization. Last but not least, we should 
acknowledge the social bot and spam accounts in Twitter 
may affect the topic modeling results. We tried to attenuate 
the problem by only including tweets posted by active post-
ers (who tweeted at least 10 times under the hashtag) for 
analysis. However, it is not a sufficient method to fully detect 
and rule out the irrelevant tweets.

Despite the limitations, our study was an initial attempt 
in examining the third-level agenda-setting effects of 
social media hashtag activism. Based on data collected 
under two counter-racism discourses on Twitter, we pro-
vide a comparable and comprehensive understanding of 

how such discourses were constructed on social media. 
Practically, the extracted topics for BLM and SAH help the 
academia as well as the public to know what the major 
appeals and demands of the vulnerable groups are. For 
activists who wish to leverage the breaking news as an 
opportunity to mobilize an online movement, it is very 
important for them to realize what specific issues the com-
munity may care about and how these issues are connected. 
This may help in fueling a continuous public attention and 
discussion to finally make policy change.

Theoretically, our study offers a fresh perspective to 
understand chronological changes of network agenda-setting 
effects of hashtag activism, especially after the sudden rise of 
topic popularity triggered by certain news event. Our find-
ings suggested that anti-racism discourses are multi-dimen-
sional with various structures. One hashtag activism may not 
possibly frame the issue networks of upcoming events on 
social media.
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