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Abstract Anti-Asian prejudice increased during the COVID-19 pandemic, evi-
denced by a rise in physical attacks on individuals of Asian descent. Concurrently, as
many governments enacted stay-at-home mandates, the spread of anti-Asian content
increased in online spaces, including social media platforms such as Twitter. In the
present study, we investigated temporal and geographic patterns in the prevalence of
social media content relevant to anti-Asian prejudice within the U.S. and worldwide.
Specifically, we used the Twitter Data Collection API to query over 13 million tweets
posted during the first 15 months of the pandemic (i.e., from January 30, 2020 to
April 30, 2021), for both negative (e.g., #kungflu) and positive (e.g., #stopAAPI-
hate) hashtags and keywords related to anti-Asian prejudice. Results of a range of
exploratory and descriptive analyses offer novel insights. For instance, in the U.S.,
results from a burst analysis indicated that the prevalence of negative (anti-Asian)
and positive (counter-hate) messages fluctuated over time in patterns that largely
mirrored salient events relevant to COVID-19 (e.g., political tweets, highly-visible
hate crimes targeting Asians). Other representative findings include geographic dif-
ferences in the frequency of negative and positive keywords that shed light on the
regions within the U.S. and the countries worldwide in which negative and positive
messages were most frequent. Additional analyses revealed informative patterns in
the prevalence of original tweets versus retweets, the co-occurrence of negative and
positive content within a tweet, and fluctuations in content in relation to the number
of new COVID-19 cases and reported COVID-related deaths. Together, these find-
ings underscore the value of research examining trends in social media messages of
hate and counter-hate during the COVID-19 pandemic.
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1 Introduction

The World Health Organization (WHO) reported on January 4, 2020, that it was
monitoring an outbreak of a new virus in the Wuhan, Hubei Province of China
[1]. At this time, knowledge of and concern about the virus from the public was
limited. Less than one month later, however, on January 30, the WHO declared
the spread of the virus, termed COVID-19, a public health emergency, bringing
global attention to this widespread health concern [1, 2]. The name ‘coronavirus’
was developed according to WHO’s “Best Practices for the Naming of New Human
Infectious Diseases,” which recommends avoiding cultural, social, regional, or ethnic
associations when naming a disease [3]. Despite these recommendations, because
of the origins of the virus, COVID-19 was frequently referred to in the media as the
“Chinese virus,” the “Wuhan virus,” and the “Asian virus” [4, 5, 6, 7]. To illustrate,
a widely-shared image revealed that President Trump had crossed out the word
“corona” in “coronavirus” from his notes and replaced it with the word “Chinese”
[8].

While some have argued that this terminology is not inherently racist, given
the virus’ origin, anti-Asian prejudice notably increased in prevalence and salience
during this time [9, 10, 11, 12, 13]. For example, police reports in the U.S. involving
anti-Asian hate and physical violence against Asian Americans and Pacific Islanders
(AAPI) increased 145% in 2020 compared to previous years [11] and Stop AAPI
Hate–a non-profit organization dedicated to reducing anti-Asian prejudice–reported
2,583 incidents of anti-Asian prejudice between March 18, 2020 and August 5, 2020
[15]. This number of incidents may, in fact, be higher given that these only represent
reported instances and do not account for unreported acts of hate or harassment [16].

Online anti-Asian hate speech, defined as any online message that includes “pro-
fanity, offensive language, or toxicity” directed at Asian individuals [18], also in-
creased during this time. The Anti-Defamation League, for instance, reported an
85% increase in anti-Asian discrimination online [19]. To illustrate, during the first
months of the pandemic, 72,000 posts on Instagram contained the hashtag #Wuhan-
Virus, while another 10,000 contained the hashtag #KungFlu [20]. Notably, social
media posts (i.e., tweets) generated by President Trump and other political leaders
used the phrase “Chinese Virus” [9]. The role of these tweets in promoting the con-
tinued use of the term is perhaps reflected by the finding that 18% of tweets using
anti-Asian hashtags referred to Trump in some capacity [9, 21]. In fact, recent re-
search by Kim and Kesari [22] identified marked increases in anti-Asian terminology
after President Trump first started using similar language.

Whereas some have argued that the use of this language is benign, others have
found its deliberate and continued use signals support for anti-Asian attitudes and
contributes to the proliferation and wider dissemination of hateful messages [9, 23].
The increased prevalence of hate in online spaces is also particularly concerning,
given that it has paralleled increases in real-life (i.e., offline) hate crimes [17, 24].
Indeed, the use of these terms is one of the most frequently cited reasons for the
increase in anti-Asian hate crimes, according to individuals of Asian descent [10, 11].
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Research has demonstrated that, despite its widespread nature, hateful content on
Twitter tends to be produced by a small number of users–an alarming finding given
the amount of content produced [25]. Interestingly, counter-hate content (i.e., positive
language intended to combat hateful messages) that drew connections between anti-
Asian terminology and xenophobia and prejudice also increased during this time
[22]. Producers of counter-hate content were more likely to be women, younger
adults, and–perhaps not surprisingly in light of the profound impact on their lives–
Asian-American reporters, professors, and politicians [26].

Although a number of studies on anti-Asian sentiment during the COVID-19
pandemic have been conducted within the United States, comparatively fewer studies
have taken a global perspective on this issue. Yet, it is important to recognize that
violent attacks and hate speech online are not limited to one particular geographic
location. Reports from the United Kingdom, for instance, have shown that Asian
individuals were also subjected to physical assaults and exclusion from various
social settings [27, 28, 29].

In order to better understand national-level cultural differences related to anti-
Asian sentiment, Hofstede’s cultural dimensions [30, 31] have been used in previous
research. Hofstede’s framework suggests that there are several key factors associated
with evaluating cultural differences, including individualism (i.e., the extent to which
individuals are integrated within the community), masculinity (i.e., the extent to
which emotional roles are distributed evenly across genders), uncertainty avoidance
(i.e., the extent to which individuals within a culture can feel comfortable in uncertain
situations), and power distance (i.e., the extent to which power is distributed equally
across members of the community).

Building on this, Ng [31] found that cultures high in individualism, power dis-
tance, and uncertainty avoidance, such as the United Kingdom, India, and Ghana,
exhibited higher levels of negative, anti-Asian sentiment during the pandemic. This
phenomenon can be attributed to various factors that are unique to each cultural
dimension. In societies that value individualism, individuals tend to prioritize their
personal opinions and express their emotions more openly [31]. Consequently, there
was a greater tendency to direct blame and anger toward Asian individuals during
the pandemic, resulting in a higher level of negative sentiments [31]. Cultures with
high power distance tend to exhibit greater inequality, which perpetuates social di-
chotomies and fuels xenophobic sentiments toward individuals perceived to have
a lower status. Thus, high power distance predicted a heightened level of negative
sentiment directed toward Asian individuals, who were deemed unworthy of respect
due to their perceived lower status [31]. Cultures with high uncertainty avoidance
tend to label others based on a variety of stigmas that reinforce negative stereotypes
and perpetuate a lack of tolerance toward certain groups of people [31]. In the case of
the COVID-19 pandemic, this construct was also associated with increased negative
sentiment directed toward Asian individuals [31].

In addition to research that adopts a global perspective, studies that build on
and speak to the relationship between online hate and real-world outcomes [17, 24]
may be particularly beneficial. By the middle of 2021, the COVID-19 pandemic
had caused the loss of over four million lives globally, with more than 188 mil-
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lion individuals contracting the virus [32]. One important consideration is how the
prevalence of online anti-Asian content may have varied in relation to COVID-19
milestones and transmission rates, such as the number of new COVID-19 cases and
COVID-19-related deaths.

Finally, it is worth noting that prejudicial attitudes have also been observed during
other infectious disease outbreaks [33, 34, 35, 36]. In the U.S., the 2009 H1N1 out-
break originating in Mexico led to a surge in stigma against Mexicans and people of
Hispanic descent [34, 36]. Similarly, after the 2003 Severe Acute Respiratory Syn-
drome (SARS) outbreak, which was linked to China, Asian Americans were targeted
with disease-related stigma [33]. A crucial difference between these prior outbreaks
and the COVID-19 pandemic, however, is the pervasiveness of social media in
the daily lives of individuals on a global scale. Thus, understanding temporal and
geographic patterns in anti-Asian content online during the COVID-19 pandemic–
especially in the context of influential events and pandemic-related milestones–can
provide unique insights about the spread of online hate, more generally, during global
public health crises.

In this paper, we present the results of a range of exploratory and descriptive
analyses to shed light on anti-Asian prejudice–as well as messages to counter this
hate–on Twitter during a 15-month span of the COVID-19 pandemic. We begin by
reviewing findings originally discussed in our previous work [37] that offer insights
on temporal and geographic patterns in the frequency of anti-Asian and counter-hate
content. Crucially, however, we extend our previous work in several important ways.
For instance, one concern with the frequent use of anti-Asian rhetoric on social
media has been the potential for the re-circulation of this content. On Twitter, re-
circulation can occur through replies (i.e., a tweet directed at the original poster by
utilizing the ‘reply’ button) and retweets (i.e., a pure echoing of content created by
another user) [38]. Retweeting hateful anti-Asian content is particularly harmful, as
it allows the content to be amplified and reach new and wider audiences, signals
support from a listening audience, and validates the original poster’s ideas [39].
While limited research has evaluated this re-circulation with a focus on anti-Asian
messages, research by Lindgren [38] examining other online movements found that
increased retweets can be viewed as micro-acts of support. This is further illustrated
by the work of Solovev and Prollochs [40], who found that tweets initially containing
more negative sentiment are more likely to contain higher levels of hate speech within
replies.

In our previous work [37], we sought to contribute to the body of research regard-
ing anti-Asian prejudice by covering a significantly longer time frame, considering
both anti-Asian and positive keywords, and employing a relatively under-utilized
method (i.e., burst analysis) to understand trends in keyword use associated with
anti-Asian prejudice. In the present paper, we seek to expand on these findings by
taking a more fine-grained approach to evaluating anti-Asian and counter-hate con-
tent on Twitter. Specifically, in our previous work, we covered broad trends in the use
of specific hateful and counter-hate terminology–which, although beneficial, does
not account for the differences in how users can engage with this content (i.e., reply,
retweet, post original content). Additionally, given that previous research has indi-
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cated that most hateful content is produced by a relatively limited number of users
[25], we seek to evaluate trends in anti-Asian and counter-hate messages within the
top 10% of producers of relevant content. That is, understanding the trends associated
with the most “influential” users can provide valuable insights, given their centrality
within online discussions. Also, while global trends were touched upon within our
previous paper, we dis-aggregate this content to better understand negative and pos-
itive content trends from the top three countries producing this content. Drawing on
Hofstede’s work on cultural dimensions [30], we aim to develop an understanding
of why certain countries generated more anti-Asian and counter-hate content. Fur-
thermore, new additions to this work include an evaluation of the co-occurrence of
anti-Asian and counter-hate keywords at the level of individual tweets and a descrip-
tive analysis of reply conversion (i.e., when replies to a message change sentiment).
These analyses can provide a better understanding of the interplay of anti-Asian
and counter-hate messages within tweets and the subsequent online interactions they
elicit. Lastly, we re-generated several of the figures presented in our previous work
which only considered U.S. data with a broader focus on global trends and integrated
data on new COVID-19 cases and COVID-related deaths with temporal trends in
anti-Asian and counter-hate tweets.

The remainder of the paper is organized as follows: In Section II, we discuss in
greater detail the procedures we employed to collect and clean two complementary
sets of Twitter data. In Section III, we present the results of a set of diverse analyses
examining temporal and geographic patterns in the data, as well as exploratory
findings that shed light on more nuanced aspects of anti-Asian and counter-hate
content. Finally, in Section IV, we discuss implications, limitations, and crucial
directions for future research.

2 Methods

2.1 Data

All data were collected according to Twitter data collection guidelines and using the
proper API access provided to researchers [41, 42]. In the following sections, we
refer to anti-Asian content as “negative” and counter-hate content as “positive.”
Archive Dataset. Using the Twitter Data Collection API [43], we queried tweets con-
taining negative and positive hashtags and keywords related to anti-Asian prejudice
from January 30, 2020 to April 30, 2021. This time frame was selected to corre-
spond with the date on which the World Health Organization indicated the spread of
COVID-19 was a global health issue and the start of AAPI Heritage Month the follow-
ing year (when positive AAPI messages might increase independent of COVID-19).
We used 12 specific negative hashtags/keywords as indicators of anti-Asian preju-
dice (#batsoup, #chinavirus, #gobacktochina, #chinesevirus, #chineseplague, #gook,
#chinaliedpeopledied, #kungflu, #wuflu, #chingchong, #makechinapay, #ccpvirus)
and 5 specific positive hashtags/keywords (#hateisavirus, #Iamnotavirus, #racis-
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(a) Logarithmic scale of the number of negative and positive tweets.

(b) Logarithmic scale of the number of negative and positive tweets for the top 10% of producers.

(c) Number of new COVID-19 cases and deaths by week.

Fig. 1 Global number of negative and positive tweets and the number of new COVID-19 cases and
deaths between January 2020 and April 2021.
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Fig. 2 Number of negative and positive tweets between January 2020 and April 2021 by type of
tweet.

misavirus, #washthehate, #stopasianhate), which were chosen based on the relevant
literature [44], news publications [45, 46, 47], and social media posts discussing anti-
Asian attitudes during the beginning of the pandemic. The total sample consisted of
13,008,053 tweets from 3,298,940 distinct users.
1% Dataset. The 1% sample stream dataset was generated from Twitter’s sample
stream endpoint [49] which provides access to a roughly 1% random sample of
publicly available tweets in real-time. This dataset was compiled from the tweets
gathered over the course of 24 hours (August 1-2, 2021) to estimate the amount of
activity that 1% of the Twitter platform could generate in one day. 4,093,933 tweets
were collected in this sample from 2,956,806 distinct users.

2.2 Geographic Location Labeling.

During the collection of both datasets, a filter was applied to collect a list of users who
had publicly available geolocation data through their location settings. To perform
descriptive analyses based on geographic location, we devised a geolocation labeling
strategy similar to Jiang and colleagues [48]. This strategy was necessary because
less than 0.5% of the tweets in our dataset had available geo place information. For
our analysis, we considered the state granularity for the tweets originating in the
U.S. and the country granularity for the tweets originating in other countries, based
on self-reported user profile locations. Using a fuzzy text matching algorithm [50],
pre-processed user-reported locations were matched against a set of predetermined
locations inside and outside of the U.S. The similarity between user-reported loca-
tions and predetermined locations was computed using the edit distance metric. The
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score threshold to consider a matching pair of locations, which was set to 80%, was
defined based on a validation analysis conducted by an external human annotator
who manually verified a random sample of labeled locations considering country
names and U.S. state names. Considering the precision validation measure (TP/(TP +
FP)), the geolocation labeling strategy achieved a predictive positive value of 99.8%
for the U.S. locations and varied from 89.8% to 100% for the other countries that, to-
gether with the U.S., account for 90% of the collected data. The set of predetermined
locations inside the U.S. consisted of state names and state abbreviations. The set of
predetermined locations outside the U.S. was built using the top 20 countries with
the most Twitter users as of July 2020 [53] and their 5 most populous cities [54]. To
avoid ambiguity, only the country abbreviations that didn’t overlap with a U.S. state
abbreviation were included. Additionally, we used an ambiguous locations list–built
throughout the testing process–to adjust the geolocation labeling by removing am-
biguous matches. (An example of an ambiguous match is the token ‘valencia,’ which
can refer to a city in Spain and a town in California.)

2.3 Analytic Plan

Using the previously described datasets, a series of descriptive analyses were per-
formed to investigate the overall prevalence of negative and positive keyword use, as
well as trends over time and across locations. We then performed a burst analysis to
examine whether there were significant increases in the frequency of negative and
positive keywords and, if so, whether such bursts in activity followed similar trends
associated with offline hate directed at individuals of Asian descent. (Additional
information about the burst detection analysis is presented in the following section.)

3 Results

3.1 Descriptive Analyses

Overall Tweet Frequency. As shown in Fig. 1(a), the use of negative keywords
before March 2020 was relatively low. However, within that month, there was a
marked increase in the use of negative keywords, with the frequency of negative
keywords reaching its peak later in that month. Although considerably less frequent
throughout most portions of the timeline, the use of positive keywords, in contrast,
culminated in major spikes in late February 2021. Similar trends are also apparent
in Fig. 1(b) for the top 10% of users, as the frequency of these negative and positive
keywords shows similar peaks in activity. The top 10% producers in our dataset
generated 56.1% of tweets and the top 1% were responsible for 24.2%. Fig. 1(c)
displays the frequency of new COVID-19 cases and COVID-related deaths globally,
based on data from the Centers for Disease Control [55]. Interestingly, there were two
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Fig. 3 Frequency of Reply Conversions.

major spikes in the number of reported COVID-related deaths - the first occurring
between the months of March 2020 to May 2020, coinciding with the surge in
positive keyword frequencies seen in Fig. 1(a). The second spike occurred in early
2021, when the number of positive keywords, especially “stopasianhate,” increased
sharply again. These findings suggest a potential link between real-world outcomes,
such as the prevalence of COVID-19 cases and deaths, and the generation of counter-
hate messages.
Trends by Type of Tweet. To analyze the relation between different types of tweets, we
broke down the data presented in Fig. 1(a) to examine trends over time based on tweet
type (i.e., original tweet, quote, reply, retweet). Retweets, in particular, may be useful
for gauging agreement with an original tweet, as they do not alter its meaning. As
depicted in Fig. 2, the vast majority of tweets (78.39%) were retweets, indicating that
most tweets containing our selected keywords were not original content. Additionally,
while 87.72% of positive tweets were retweets, only 62.99% of negative tweets were
retweets, suggesting that tweets containing negative keywords may have been less
popular to share overall. Quotes were the least common tweet type, accounting
for only 3.75% of tweets. Similar to Fig. 1(a), the dis-aggregated trends in Fig. 2
exhibited comparable patterns over time, with the ratio between the different tweet
types remaining relatively constant, particularly for negative tweets. However, we
noted a significant spike in the frequency of retweets containing positive keywords
around December 2020, compared to subsequent months. This shift was remarkable
given that, for several months prior to December, the number of positive retweets was
not substantially greater than replies or original tweets. During these same months,
negative retweets were far more prevalent than other types of negative tweets, but
this dynamic abruptly reversed between December 2020 and February 2021. Replies,
unlike retweets, were primarily negative, with 71.76% of them containing negative
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keywords, and they were also less common, accounting for only 9.73% of tweets in
our dataset.
Sentiment Transitions. Fig. 3 displays daily counts of the number of replies where
the original tweet contained a positive keyword and the reply contained a negative
keyword or vice versa. We refer to a negative response to a positive tweet as a
“positive to negative transition” in the figure. Across all tweets in our data, we only
observed 454 transitions of any kind, which amounts to less than 0.04% of the
total number of replies–in short, transitions were a particularly rare occurrence. The
vast majority of these transitions occurred between February and April of 2021, the
same period in which the “stopasianhate” keyword peaked in frequency. Most of
these transitions were positive to negative transitions, suggesting a strong response
by users of negative keywords to the sudden surge in positive keyword frequency,
which was not observed in other time periods.

(a) Frequency of Negative Keyword Use on Twitter

(b) Frequency of Positive Keyword Use on Twitter

Fig. 4 Frequency of negative and positive keywords on Twitter between January 2020 and April
2021.
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Fig. 5 Percentages of original tweets and retweets for all keywords

Fig. 6 Percentages of original tweets and retweets for negative keywords

Trends by Type of Keyword. Fig. 4 depicts trends in negative and positive keyword use
for the whole dataset over time. As shown, sharp spikes in negative activity occurred
following President Trump’s first use of the term “Chinese Virus” in March 2020 [4].
Additionally, although there were more tweets containing positive keywords, overall,
these tweets were mainly generated between February 2021 and April 2021. That
is, they coincided with a prominent event that occurred in the U.S.–the Atlanta-area
spa shootings that resulted in the deaths of multiple individuals of Asian-descent
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Fig. 7 Percentages of original tweets and retweets for positive keywords

[51]. There was minimal use of these keywords during the early months of the
pandemic. As shown in Fig. 4(a), the most frequently used negative keyword was
“ccpvirus,” followed by “chinavirus” and “chinesevirus.” The most frequently used
positive keywords were “stopasianhate” and “hateisavirus.”
Tweets Vs. Retweets for Individual Keywords. Given the proportion of retweets
within the data, we also evaluated the proportion of frequently used keywords within
types of retweets, specifically (see Fig. 5, 6, and 7). Three of the four most frequently
retweeted keywords were positive, implying that tweets containing negative keywords
may have been less appealing to share (i.e., retweet). Furthermore, reflecting its
popularity, 88.02% of tweets referencing the “stopasianhate” keyword were retweets.
The only keyword with a higher proportion of retweets was “chineseplague,” with
89.35% of tweets being retweets.
Co-occurrence Patterns. Fig. 8 displays the frequency of pairs of keywords used
together in the same conversation (defined as an original tweet and all replies to
that tweet). We can observe that, except for “chineseplague,” “hateisavirus,” and
“racismisavirus,” when more than one keyword appeared in the same conversation,
the subsequent keyword(s) tended to be the same (instead of a different) keyword. We
did not find this pattern of mirroring, or repetition, for the positive keywords, perhaps
because “stopasianhate” alone comprised more than 98% of all positive keyword use.
That is, other positive keywords tended to appear alongside “stopasianhate.” One
possible explanation is that “iamnotavirus” and “washthehate” were either popular
with different users from those who used “stopasianhate” or were popular at different
points in time. While some keywords, such as “gook,” were almost never used
together with other keywords in a conversation, most keywords showed some level
of co-occurrence with other keywords. In cases of co-occurrence, positive keywords
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Fig. 8 Frequency table of the number of times keywords co-occur in the same conversation.

Fig. 9 Percentage of times keywords co-occur in the same conversation.
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tended to be paired with other positive keywords, and negative keywords with other
negative keywords.

Notably, the negative keywords “chinesevirus,” “chinavirus,” “chinaliedpeo-
pledied,” “batsoup,” and “ccpvirus” frequently appeared together relative to their
individual usage. This implies that these particular negative keywords might have
either a similar meaning or a common group of supporters and users. Fig. 9 provides
a simplified comparison between keywords of varying frequencies. It is a scaled ver-
sion of Fig. 8, where each entry represents the percentage of co-occurrences of the
original keyword on the left with the corresponding keyword on the bottom, within
the same conversation. This is based on the condition that the conversation contained
at least two keywords. Although positive keywords rarely appeared with negative
keywords and vice versa, “chingchong” was an exception. Specifically, given an ini-
tial tweet containing the keyword “chingchong,” 39.3% of keywords that appeared
in the same conversation were “stopasianhate.” This may be partly explained by
the overwhelmingly greater frequency of “stopasianhate” than “chingchong” and the
finding that other negative keywords appeared alongside a positive keyword less than
10% of the time. This suggests that “chingchong” was more likely than other nega-
tive keywords to spark discourse on Twitter between users of positive and negative
keywords, although further analysis is needed to determine the exact nature of these
interactions.

Fig. 10 Count of Negative Tweets per Country
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Fig. 11 Count of Positive Tweets per Country

Fig. 12 Count of Negative Tweets in the U.S.

3.2 Regional Trends

Despite its global impact, the COVID-19 pandemic affected different parts of the
world at differing rates. Whereas trends in various geographic regions share similari-
ties with the aggregated global trends, exploration of regional differences in negative
and positive tweets can yield novel insights.
Negative Keyword Use. As shown in Figures 10-13, globally, 4,521,457 distinct
tweets contained at least one of the 12 negative keywords, with most of this content
generated in the U.S. and India (USA = 233,705 tweets; IND = 228,621 tweets).
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Fig. 13 Count of Positive Tweets in the U.S.

Within the U.S., New York, California, and Florida were the largest producers of
negative content (NY = 37,986 tweets; CA = 30,139 tweets; FL = 27,076).

Fig. 14(a) shows that within the U.S., the country with the highest frequency
of negative content, most negative keywords were used infrequently until Febru-
ary 2020, after which point, there was a gradual increase. The majority of nega-
tive keywords were used between February and March 2020; after this, there was
a clear decline in negative keyword use. The term “Chinesevirus” was the most
frequently used negative keyword in the U.S., peaking in March 2020 before de-
clining. In March and April 2020, the most commonly used negative keywords were
“Chinavirus,” “ccpvirus,” “wuflu,” “kungflu,” “makechinapay,” and “Chinesevirus.”
Although negative keyword use declined after April 2020, small spikes in “kungflu”
and “Chinavirus” were observed in June 2020.

As shown in Fig. 14(b), India–the second-highest producer of negative content–
showed similar trends. Negative keyword use in India began in February 2020, peaked
between February and July 2020, and then gradually declined. “Chinavirus” was the
most frequently used negative keyword in India, mainly in March, April, and July
2020. Other frequently used negative keywords in India were “Chinaliedpeopledied,”
“ccpvirus,” and “MakeChinaPay.” Fig. 14(c) shows that in Brazil, the third-highest
producer of negative content, negative keyword use did not begin until February
2020, at which point it began to rise. “Chinavirus” was the most frequently used
negative keyword in Brazil, peaking in March 2020 before declining. After April
2020, the use of negative keywords in Brazil was minimal.
Positive Keyword Use. The analysis of positive content in different regions revealed
interesting trends across different countries (Figures 10-13). 6,660,469 distinct tweets
contained at least one of the 5 positive keywords, with most of the positive content
also generated in the U.S., followed by Thailand (USA = 263,827 tweets; TH = 82,696
tweets). Notably, however, California and New York also produced the most content
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(a) Frequencies of Negative Keywords in the US

(b) Frequencies of Negative Keywords in India

(c) Frequencies of Negative Keywords in Brazil

Fig. 14 Frequencies of each negative keyword over the data collection period created by the top
three countries of production.
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(a) Frequencies of Positive Keywords in the US

(b) Frequencies of Positive Keywords in Thailand

(c) Frequencies of Positive Keywords in Canada

Fig. 15 Frequencies of each positive keyword over the data collection period created by the top
three countries of production.
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(a) Normalized Frequencies - Negative Keywords

(b) Normalized Frequencies - Positive Keywords

Fig. 16 Normalized comparison of the frequencies of negative and positive keywords. The raw
frequencies of the sample stream were first divided by the total number of tweets in the archive
search produced in each state. Then, these ratios were averaged across all states.

containing positive keywords (CA = 45,886; NY = 48,595). As depicted in Fig. 15(a),
in the U.S., the top producer of positive tweets, positive keyword use was low until
February 2020, after which point it began to rise steadily. The most frequently used
keyword was “stopasianhate,” followed by “racismisvirus” and “hateisavirus,” which
reached their peaks in May 2020 and March 2021, respectively. “Washthehate” and
“hateisavirus” showed surges in March 2020 and April 2021, respectively. Notably,
the use of positive keywords was minimal from June to December 2020.

Fig. 15(b) shows that in Thailand, the second-highest producer of positive tweets,
positive keyword use was almost non-existent until January 2021, but then picked
up significantly from February 2021 onwards. The most commonly used keyword
in Thailand was “stopasianhate,” which reached its peak in March 2021. Lastly, as
depicted in Fig. 15(c), in Canada–the third top producer of positive tweets, the use
of positive keywords was minimal until April 2020, but steadily increased thereafter.
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“Stopasianhate” was once again the most frequently used term, as in the U.S. and
Thailand. The frequency of this keyword peaked in March 2021 and then began to
decline. Together, these findings demonstrate that different countries showed distinct
patterns in the frequency of positive keywords over time. The widespread use of
“stopasianhate” across all three countries highlights the urgency of addressing anti-
Asian sentiment globally.

3.3 Analyses Using the 1% Dataset

The goal of this task was to normalize the frequencies of tweets based on the amount
of overall Twitter activity in each state of the U.S. To this end, an initial ratio was
computed by dividing the counts of positive and negative tweets with valid geolo-
cation in the archive dataset by the count of tweets in the 1% dataset for each state.
Then, the average initial ratio was computed across all states (i.e., 4.277 for positive
keywords and 3.786 for negative keywords). A new ratio was calculated for each
state by dividing the initial ratio by the average ratio. The final ratios for negative and
positive keywords are reported in Fig. 16. As depicted, Tennessee had the highest
ratio of negative keywords (i.e., 201% higher than the average), followed by Alaska,
which was 151% higher than the average. In contrast, Washington D.C. had the
highest ratio of positive keywords (i.e., 211% higher than the average), followed by
Washington state (i.e., 203% higher than the average) and New York (i.e., 148%
higher than the average).

3.4 Burst Analysis

We used Kleinberg’s burst analysis algorithm [52] to identify bursts of heightened
negative and positive keyword use across time. This approach identifies bursts of
activity in a series of events by modeling the transitions between two states–baseline
and bursty. Bursty states are associated with periods of time when an event (e.g.,
negative or positive tweets) is unusually frequent. The approach uses two main
parameters, s and gamma, which affect different aspects of the way the algorithm
detects bursts.

• s: This parameter controls the threshold of event frequencies, or intensiveness,
for each state. Higher values of this parameter will require stronger increases of
activity to detect a burst.

• gamma: Gamma controls the difficulty of changing states. Higher values of this
parameter will require more effort to switch states.

Multiple s and gamma parameters for determining the sensitivity of the bursts were
assessed in an iterative fashion. For example, as the s parameter cannot be less than or
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Timeline of Negative Keywords and Phrases Used on Twitter

A
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March 22nd, 2020 My friend (always there when I’ve needed him!), Senator @RandPaul, was just tested 
“positive” from the Chinese Virus. That is not good! He is strong and will get better. Just spoke to him and he was 
in good spirits. -Trump Twitter Quote

May 25th, 2020 Great reviews on our handling of Covid 19, sometimes referred to as the China Virus. 
Ventilators, Testing, Medical Supply Distribution, we made a lot of Governors look very good - And got no credit 
for so doing. Most importantly, we helped a lot of great people! -Trump Twitter Quote

B
June 25th, 2020 The number of China Virus cases goes up, because of GREAT TESTING, while the number of 
deaths (mortality rate), goes way down. The Fake News doesn’t like telling you that! -Trump Twitter Quote

January 16th, 2021 “Officials warned that the UK variant of coronavirus could become the main strain in the US 
come March. The CDC worries the variant will have rapid growth, causing President-elect Joe Biden to ramp up 
vaccine distribution.” -BBC News Article

January 18th, 2021 “U.S COVID-19 death toll surpasses 400,000.” -CDC Timeline
January 20th, 2021 “President Joe Biden was officially inaugurated.” -CBS News Article

1

Number of Negative Tweets (Log Scale)

July 20th, 2020 We are United in our effort to defeat the Invisible China Virus, and many people say that it is 
Patriotic to wear a face mask [….]-Trump Twitter Quote
July 21st, 2020 You will never hear this on the Fake News concerning the China Virus, but by comparison to 
most other countries, [….]-Trump Twitter Quote

July 26th, 2020 Because of my strong focus on the China Virus, including scheduled meetings on Vaccines, our 
economy and much else, I won’t be able to be in New York to throw out the opening pitch for the @Yankees on 
August 15th. We will make it later in the season! -Trump Twitter Quote

March 16th, 2020 The United States will be powerfully supporting those industries, like Airlines and others, that 
are particularly affected by the Chinese Virus. We will be stronger than ever before! -Trump Twitter Quote
March 18th, 2020 For the people that are now out of work because of the important and necessary containment 
policies, for instance the shutting down of hotels, bars and restaurants, money will soon be coming to you. The 
onslaught of the Chinese Virus is not your fault! Will be stronger than ever! -Trump Twitter Quote
I always treated the Chinese Virus very seriously, and have done a very good job from the beginning, including 
my very early decision to close the “borders” from China - against the wishes of almost all. [….]-Trump Twitter 
Quote

July 7th, 2020 “COVID-19 (China Virus) Death Rate PLUNGES From Peak In U.S.” A Tenfold Decrease In 
Mortality. [….]-Trump Twitter Quote
July 8th, 2020 Economy and Jobs are growing MUCH faster than anyone (except me!) expected. Job growth is 
biggest in history. China Virus Mortality Rate is among the LOWEST of any country. [….]-Trump Twitter Quote

September 18th, 2020 Biden FAILED BADLY with the Swine Flu. It was the Gang That Couldn’t Shoot 
Straight”. He didn’t have a clue. We have done an incredible job with the much tougher China Virus! -Trump 
Twitter Quote

October 5th, 2020 ....invincible hero, who not only survived every dirty trick the Democrats threw at him, but the 
Chinese virus as well. He will show America we no longer have to be afraid.” @MirandaDevine @NYPost  
Thank you Miranda. Was over until the Plague came in from China. Will win anyway! -Trump Twitter Quote
October 7th, 2020 My highly regarded Executive Order protected 525,000 American jobs during the height of the 
Chinese Plague. Democrats want to have Open Borders! RT @stclairashley: The only thing Trump has called a lid 
on is China virus 🔥🔥 -Trump Twitter Quote
Just spoke with Prime Minister @BorisJohnson of the United Kingdom. Very thankful for his friendship and 
support as I recovered from the China Virus. [….]-Trump Twitter Quote

January 26th, 2021 “Worldwide COVID-19 cases surpass 100 million.” -CDC Timeline

January-31-21

February-28-21

March-31-21

April-30-20

December-31-20

November-30-20

October-31-20

September-30-20

August-31-20

October 11th, 2020 […] during the Obama/Sleepy Joe Biden Administration, even as we round the turn on the 
China Plague. Thank you. Next year will be the BEST EVER!!! -Trump Twitter Quote
October 12th, 2020 Big spike in the China Plague in Europe and other places that the Fake News used to hold up 
as examples of places [….]-Trump Twitter Quote
October 13th, 2020 Totally Negative China Virus Reports. Hit it early and hard. Fake News is devastated. They 
are very bad (and sick!) people! -Trump Twitter Quote

Fig. 17 Timeline of negative keywords and phrases with a subset of representative tweets occurring
within bursts of heightened anti-Asian activity.
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Fig. 18 Bursts of heightened positive activity.

equal to 1, steadily decreasing values of gamma were tested ranging from the default
of 1 to 0. During many of these combinations of s and gamma values, either the
analysis resulted in a binary burst (i.e., all of the data represents a burst of activity
or none of the activity is considered a burst) or the bursts were inconsequential.
From this testing, values of 1.1 for the s parameter and 0.0 for gamma were selected.
These values provided optimal visual output, in terms of producing the clearest
separation between burst and non-burst regions and using multiple levels to capture
burst intensity [52].

We performed separate burst analyses (with the same parameters) for the datasets
with negative and positive keywords. Specifically, we used the burst detection algo-
rithm to identify bursts in discrete bundles of events, where each bundle was defined
as the set of negative or positive tweets received in a single day. For this analysis,
we considered the tweets in the U.S. based on the geolocation labeling strategy
previously described. To facilitate the processing of large frequency values using
the Python Burst Detection library, we applied a logarithmic transformation before
feeding the data to the algorithm. The output of this burst analysis step was a set of
date ranges for the identified bursts.

Negative Keyword Use. The dates identified in the burst analysis were labeled with
events on a timeline corresponding to the use of anti-Asian terminology (e.g., “Chi-
nese virus,” “China virus”) on President Trump’s Twitter account, key political
events, and COVID-19 milestones. In total, 8 bursts of activity were identified (la-
beled A through H in Fig. 17). Events were taken from dates up to 2 days before and
after the beginning and end of the date ranges identified by the burst analysis. Events
for Bursts A through F correspond primarily with tweets posted by (and originating
from) Trump’s Twitter account [56]. Events for Bursts G and H were taken from
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news media coverage of significant events [57, 58] that occurred at the time, as well
as from the CDC’s COVID-19 pandemic timeline [59].

Positive Keyword Use. Evaluating positive keyword use, 3 bursts of activity were
identified, ranging from March 17, 2020 to June 16, 2020; June 19, 2020 to June
30, 2020; and February 2, 2021 to April 4, 2021 (Fig. 18). These bursts in positive
keyword use immediately followed increases in physical violence and offline hate
toward Asian Americans. For example, from March to June 2020, the Federal Bu-
reau of Investigation reported increases in crimes directed toward Asian Americans
[60]. Further, the burst of positive activity following February 2, 2021 culminates
when there was a marked increase in physical violence against Asian individuals.
For example, within this time frame, the highly-publicized Atlanta-area spa shoot-
ings occurred, in which Asian women were targeted, leading to the deaths of 8
individuals[51]. There were also several reports of individuals of Asian-descent be-
ing verbally and physically assaulted in public, resulting in serious injury or death
[61, 62]. The burst in positive keyword use, in the form of prosocial, counter-hate
messages, could be interpreted as a protective response to raise awareness as protests,
rallies, and non-profit organizations were mobilized to fight this hostility [63, 64, 65].
Additionally, during this time (i.e., on March 23, 2020), President Trump publicly
denounced his use of the term ‘Chinese virus’ and stated that Asian Americans
should “not be blamed in any way, shape, or form” for the pandemic [66, 67].

4 Discussion and Concluding Remarks

The present study investigated temporal and geographic trends in anti-Asian preju-
dice and counter-hate messages on Twitter in the 15 months after the World Health
Organization declared COVID-19 a public health emergency. Consistent with other
recent research, our findings indicate that the increased prevalence of anti-Asian
prejudice during the early stages of the pandemic was a global phenomenon [68, 69].
Specifically, marked increases in anti-Asian hate on Twitter occurred during the
months of February 2020 and March 2020. Strong similarities in the trends for the
overall data and for the data from the top 10% of producers provide some evidence
that a relatively small but influential number of users were contributing largely to
anti-Asian and counter-hate discussions online. Further, dis-aggregation of the data
by type of tweet (e.g., original tweet vs. retweet) provided a more nuanced look
at how and the extent to which anti-Asian and counter-hate messages are shared.
The finding that replies were more likely to contain negative content might be an
indication of a call to discuss anti-Asian hate online, given the interactive nature of
replying. In contrast, retweets were more likely to contain positive content. Because
retweeting may reflect the motive to share, promote, or express agreement with an
original tweet, this finding may be indicative of greater support for positive content
compared to negative content on Twitter [39]. Although we did not have access to
information regarding users’ motives for retweeting, our interpretation is consistent



24 Wheeler, Purohit, Furman, Jung, Hall, Barioni, & Silva

with prior research finding that retweets are a good indicator of links between like-
minded individuals [70] and that retweeting content is associated with increased
trust in, interest in, and agreement with the original message [71].

Our analyses also revealed geographic differences in the frequency of negative
(anti-Asian) and positive (counter-hate) content generated by Twitter users, both
within the U.S. and on a global scale. Although we did not directly assess Hofst-
ede’s cultural dimensions [30], our findings are largely aligned with this theoretical
framework. That is, Hofstede has indicated that the U.S. is high on individualism,
India is high on power distance, and Brazil is high on uncertainty avoidance. This is
particularly insightful, as it lends support to Ng’s [31] findings that countries high
on these factors might have a greater inclination to attribute blame to others in the
face of uncertain events. The spread of positive keywords was more geographically
focused in the U.S. Because individuals around the world increasingly view the U.S.
as a source of influence [72], greater positivity (e.g., anti-racist messages) in online
discourse within the U.S. may be beneficial for increasing positive online discourse
on a global scale.

New York, California, and Florida were the largest producers of anti-Asian key-
words within the U.S. in our archive dataset (based on our query of over 13 million
tweets). However, a complementary analysis performed on a random sample of ap-
proximately 1% of publicly available tweets from a single date yielded additional
insights. When considering the 1% of tweets on a given day, the states with the
highest ratio of anti-Asian keywords to all Twitter content generated by users in the
state were Tennessee and Alaska. In contrast, whereas California and New York were
the largest producers of counter-hate keywords in our archive dataset, Washington
D.C. had the highest ratio of counter-hate keywords in the 1% dataset, followed by
Washington state and New York. The greater positive Twitter content generated by
users in New York, in particular, is interesting in light of the relatively higher rate
of crime targeting AAPI individuals in this state. That is, data from Stop AAPI Hate
[73] indicates that out of 9,081 reported incidents of anti-Asian hate (i.e., physical
violence, online harassment, civil rights violations) in the U.S. from March 2020
to June 2021, roughly 15% occurred in New York. The dynamic ways in which
prejudice manifests itself in face-to-face interactions and online spaces–and the role
of social media in conveying messages of support and solidarity in response to acts
of racial animosity–warrant further empirical attention.

Using burst analysis, we identified several significant surges (i.e., bursts) in the
frequency of both anti-Asian and counter-hate keywords on Twitter. Examination of
these bursts in relation to relevant content generated by President Trump on Twitter,
political events, and key milestones in the COVID-19 timeline helps contextualize
these temporal findings and underscores the extent to which social media can both re-
flect and potentially influence anti-Asian sentiment. Crucially, our results are largely
consistent with previous research indicating that President Trump’s use of politi-
cally incorrect terminology when discussing political events precipitated increases
in White nationalist ideals and racism [74], broadly, and the finding that bursts of
negative activity occurred after President Trump started using anti-Asian rhetoric
in his tweets, speeches, and interviews during the pandemic [9]. Furthermore, the
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complexity of the prejudice fueled by and evident throughout the pandemic is per-
haps illustrated by the political connotation of some of the anti-Asian keywords. For
example, “ccpvirus”–in reference to the Chinese Communist Party–likely stemmed
from news reports that this political party withheld information about COVID-19
during the early months of the pandemic [75]. A better understanding of the link be-
tween these bursts of activity and offline behavior may be particularly beneficial for
social media platforms. For example, following a hate-speech triggering event (e.g.,
a violent attack or hate crime), social media companies might closely monitor hateful
keywords and evaluate the use of mechanisms to amplify anti-hate messaging.

Finally, although there were more transitions from positive to negative (counter-
hate to anti-Asian) than from negative to positive (anti-Asian to counter-hate) content
within Twitter replies, bursts in the frequency of positive messages following violent
attacks directed at Asian individuals highlight the protective nature of counter-hate
messages online. This heightened positive activity can bring increased awareness
of anti-Asian prejudice through “hashtag activism.” It remains unclear, however,
whether surges in the use of counter-hate keywords (e.g., #hateisavirus, #stopasian-
hate) led to a measurable reduction in verbal and physical attacks against AAPI
individuals; notably, similar campaigns aimed at reducing violence have lost mo-
mentum over time [37].

4.1 Limitations and Future Directions

A few noteworthy limitations of this research stem from the data sample. For example,
only tweets containing one of the English keywords or hashtags were collected and
subsequently analyzed. Although over 1.4 billion individuals speak English globally
[76] and about 53% of all tweets are in English [77], given that the COVID-19
pandemic and violence directed at individuals of Asian-descent occurred on a global
scale (including in regions where English is not a commonly-spoken language),
our exclusive reliance on tweets written in English limits the generalizability of
our results. Future research using culturally-relevant anti-Asian and counter-hate
keywords in other languages will contribute to a more complete understanding of
the spread of anti-Asian hate online during this time.

Furthermore, we only utilized the top 20 countries with the most Twitter users
(as of July 2020) along with their 5 most populous cities as locations within our
geolocation strategy. Although we were able to classify roughly 10% of the collected
data using this strategy, approximately 50% of our data did not contain a valid
geolocation and approximately 40% did not contain any geolocation at all. This
decreased the usable sample size for our analyses and leaves open questions about
related phenomena in smaller countries and nations with limited access to Twitter.
Although research focusing on Canadian [78] and U.K. [29] populations and findings
from other global analyses (e.g., [31]) are largely consistent with our results, future
research should evaluate these geographical trends across a wider range of countries.



26 Wheeler, Purohit, Furman, Jung, Hall, Barioni, & Silva

Finally, it is important to note that the patterns of findings discussed in this
research are correlational in nature. It is thus not possible to conclude that hateful
messages directed toward Asian individuals caused or were caused by increases in
offline violent attacks, salient events, statements by prominent figures, etc. It is also
not possible to infer that rises in COVID-19 cases or deaths caused increases in
anti-Asian or counter-hate messages. These relationships could also be impacted by
a variety of confounding factors, such as individuals’ political beliefs, access to and
willingness to receive the COVID-19 vaccine, knowledge about the pandemic, and
coverage of violent attacks against Asian individuals in the news media. Interestingly,
however, we note that some research has supported the effectiveness of using Twitter
activity as an indicator of the “wisdom of crowds.” Specifically, Turiel et al. [79]
found that the intensity of COVID-19-related tweets in different geographic regions
during incipient stages of the pandemic predicted COVID-19 morbidity rates in these
regions one month later.

This research aims to build initial awareness of patterns of hate and counter-
hate on social media, with important questions remaining regarding the mechanisms
underlying these observations. Our hope is that our efforts to expand on recent
research in this area will contribute to a deeper understanding of how prejudice and
hatred, as well as empathy and counter-hate, proliferate online during global crises.
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