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We used public Twitter data to explore Black Lives Matter (BLM)-related hashtags to explore collectivism and sentiment categories.
Tweets containing BLM hashtags were collected at two time points; during Black History Month (BHM) and a non-BHM. At each
time point, two data extractions were performed; one searching tweets containing BHM hashtags and another without. A 2 × 2 design
was used to assess BHMhashtag and time point on emotional tone and personal pronoun use. Findings showedmain effects of hashtag
on all variables. Hashtags promoted greater use of collective pronouns, lesser use of singular pronouns, greater positivity, and lesser
negative tone. Time point had no effect on plural pronoun use, and impacted differentially on emotional tone depending on hashtag
use. Positive associations were found between plural pronoun use and positive tone but only when hashtags were used. Overall, our
findings highlight the importance of online discourse to understand collectivism and sentiment in respect of antiracism movements.
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Despite legislative efforts designed to target discrimination, such
as racism, Black, Asian, and Minority Ethnic (BAME) people still
face an abundance of racism and discrimination (Alang et al., 2017;
Ehrenfeld & Harris, 2020). Within the United States of America
(USA), high-profile cases have illuminated the devastating conse-
quences of racism, such as police brutality (Bullard, 1998; Chaney
& Robertson, 2013; Ellison et al., 2008; Schaffer, 2014; Schwartz,
2020). Additionally, in the United Kingdom (U.K.), many BAME
people are observed to be prone to be targets of Tasers by the police
authorities (Dymond, 2020; Joseph–Salisbury et al., 2020).
The distress brought on by cases such as the above examples have

motivated collective movements, such as Black Lives Matter (BLM).
This originated in July 2013 by being presented as a hashtag (#Black-
LivesMatter) on social media and was designed as a resistance against
racially motivated violence against Black people. This has since

become a globally recognized movement, designed to promote social
and political change surrounding antiracism. Similarly, another social
movement that signals support for antiracism is Black History Month
(also known as African American History Month), which originated in
the U.S., but is now recognized in Canada, Ireland, the Netherlands,
and the U.K. This is observed in the month of October, and in the year
2020, was specifically focused on raising awareness of Black experi-
ences (Dennis, 2005; Farr, 2020; Joseph–Salisbury et al., 2020).

Given that social movements such as Black Lives Matter (BLM)
and Black History Month (BHM) are designed to promote aware-
ness, collectivity, and favorable attitudes surrounding antiracism, it
would be expected that these sentiments are observable in public
discourse. Indeed, findings have revealed that the popularity of
BLM has changed over time (Pew Research Center, 2020). Specifi-
cally, in July 2018, figures show that only 38% of registered U.S.
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voters were in support of BLM, which increased to 53% support in
June 2020 following the infamous George Floyd case.1 Since then,
this has reduced to 48% support in January 2021 (CIVIQS, 2021).
However, much of what we know about public discourses

surrounding racism and antiracist movements particularly around
BLM and BHM are based on surveys such as from Government
agencies whomonitor national statistics. This can be problematic for
a number of reasons. First, asking people to report on their racial
attitudes may be prone to social desirability (Chan, 2009). Second,
social change can occur at a fast pace, and so relying on national data
can be time intensive. Alternative approaches are needed to address
these limitations. One such approach is unobtrusively collected
public online data relating to content on BLM and BHM. Indeed,
this can be achieved from scraping data from platforms such as
Twitter. The role of social media in movements such as BLM has
been discussed as being rather important (Carney, 2016).
The advantages of using online data in research are becoming

more apparent to researchers. Not only can this extend the reach of
researchers, but some forms of online data can also provide objec-
tive indicators of human thought and behavior. Researchers have
noted the benefits of Twitter data, for example, to gain understand-
ing of public attitudes toward movements such as #WorldEnviorn-
mentDay (Reyes-Menendez et al., 2018). When studying the
specifics of online data, online language can reveal human percep-
tions and emotion (Yassine & Hajj, 2010), digital traces from
smartphones can reveal individual differences and personality
(Shaw et al., 2016), and digital data garnered through wearables
and fitness apps can help us explore health-related behaviors (Piwek
et al., 2016) and more widely help reveal insights into human
movement patterns (Hinds et al., 2021).
Specifically, in relation to BLM and BHM, public Twitter data

can reveal a snapshot of public attitudes and sentiment surrounding
these movements, in which extensive data can be collected within
just a few minutes. Recent work, for example, has indicated the role
of social media in political communication (Matos et al., 2020). Not
only does this address some of the aforementioned issues about
social desirability in the research process, but also is much less time
intensive for researchers (which, in turn, is beneficial for ensuring
recency in how collected data represent current attitudes). This
rectifies issues of data collection, but there are also considerations in
respect of data analysis and how the information available in such
data can be useful to draw valid inferences about public attitudes
and sentiment. Here we can draw on the extensive literature in
psycholinguistics.
There are two broad approaches which can be taken with regards

to analyzing Twitter data; the small (netnographic, discourse analy-
sis, etc.) and the big (e.g., frequency of language categories, net
sentiment). The focus of the present article is on the latter approach.
Specifically, we focused on two linguistic categories to draw out
inferences of public sentiment and collectivity surrounding BLM
and BHM. These were emotional tone (positive and negative) and
first-person personal pronoun use (singular and plural), respectively.
The psychological relevance of these will be discussed in the
following sections, followed by a review of how these have been
operationalized in previous research.
Collectivity is not a new phenomenon in social psychology.

Indeed, social identity theory (SIT) has been extensively applied
to explain how one’s sense of self is dependent upon one’s group
membership (Tajfel, 1978, 1979; Tajfel & Turner, 1979). That is, a

personal self is merged with a social self, and the strength of one’s
social identity impacts upon one’s self-regard (Abrams & Hogg,
1988; Ellemers et al., 2003). Formation of social identity is said to
occur through three interrelated processes (Tajfel, 1978). First,
“social categorisation” is when individuals see themselves and
others as categories rather than as individuals. Second, “social
identification” is when an individual’s identity is formulated by
their experiences within a social group or situation. Finally, “social
comparison” is characterized by individuals assessing the worth of
groups by comparing their relative features.Within this, “in-groups”
and “out-groups” are established, and higher regard is afforded to
those identified as part of the in-group. Although individual (e.g.,
“I”) and social (e.g., “others and I”) identity are well-established in
the social psychology literature, it is important to note some further
distinction of “collective” identity (“we”) here (Priante et al., 2018).
That is, unlike social identity, which may derive from identification
to a social group or role, collective identity highlights “we-ness” and
an emotional investment in a sense of commonality with others
(Melucci, 1995; Priante et al., 2018). As such, this may be most
relevant in relation to exploring social movements, such as BLM, as
collectivity toward these may be equally as evident for those who do
not themselves identify as BAME. Adopting the perspective of
collective identity therefore, it may be expected that “we-ness” is a
relevant construct of study in respect of BLM movements. Further-
more, given the fact that collective identity can be characterized by
emotional investment, exploring sentiment associated with indica-
tors of collectivity could be considered a fruitful endeavor.

However, the previous literature, which has applied SIT to racial
issues, has more typically focused on formation and processes of
racial identity (Matro et al., 2008; Pack-Brown, 1999) rather than
collectivity more widely, as may be more relevant to social move-
ments such as BLM and BHM. Further, there is a paucity of research
which explores how antiracism collectivity may be represented in
people’s naturally occurring (online) language. Arguably, identity is
malleable based on people’s social contexts and interactions with
others (Turner, 1981), and that people’s language expression and
behavioral choices may be a source of social or collective identity
(Bucholtz & Hall, 2008). One may expect, for example, that such
social movements may promote collectivity and be represented by
linguistic categories such as personal pronoun use. Indeed, personal
plural pronoun use (we, us, our) may signal collectivity to a given
social group/movement (Best et al., 2018; Davis et al., 2019). This
may especially be the case on platforms such as Twitter where
functions such as hashtags are used as a mechanism for shared
discourse on a given topic or issue. Similarly, it is also the case that
features such as hashtags may encourage users to more openly
express sentiment surrounding issues such as BLM (Bruns &
Burgess, 2015; Harlow & Benbrook, 2019).

Twitter data could be entirely useful for exploring public dis-
course around antiracist social movements such as BLM and BHM.
There is currently no published research which has made use of

1 George Floyd was an African-American U.S. citizen. On the day of his
death, he had been reported to the police following an allegation that he was
using a counterfeited $20 note in a grocery store. The authorities were alerted
and they arrested Mr Floyd. However, footage obtained from the scene of the
arrest showed that the leading officer (Mr Chauvin), while restraining Mr
Floyd, used what was deemed excessive and prolonged force to hold him to
the ground, by placing his knee on Mr Floyd neck. This was attributed to
result in Mr Floyd’s death due to asphyxiation.
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Twitter data to make inferences about collectivity and sentiment on
these specific antiracism movements. Among the research that does
exist in relation to this issue, the findings are currently limited to
general analysis of tweets surrounding previous police brutality
incidents to demonstrate how group identity is fundamental for the
BLM movement (Bonilla & Tillery, 2020; Harlow & Benbrook,
2019; Ince et al., 2017; Ray et al., 2017). However, there are wider
areas of research in respect of using Twitter data to understand
racism and antiracism. For example, research has collected racist
language from Twitter to highlight the efficacy of these sorts of data
collection methods for tracking racism online (Chaudhry, 2015).
Other research explored race-related Tweets immediately following
killings of Black people by law enforcement officers as a way of
gauging public sentiment toward Black people (Nguyen et al.,
2021). Additionally, other work has explored Twitter users’ reports
of Twitter in respect of content relating to race and racism (Criss
et al., 2021). Finally, other work using corpus analysis has identified
the use of terms such as “whitewashed” as a marker of racial identity
(Nguyen, 2016). However, these do not specifically refer to BLM or
BHM, nor do they focus on linguistic markers, which signal
collectivity in relation to these. Further, as noted previously, given
that identity is malleable based on contexts (Turner, 1981), we note
there may be variations in people’s discourses based on race-related
events such as BHM. As such, it would be important to explore
whether psychological constructs, which may be evident in people’s
Tweets, may vary during events such as BHM relative to other time
points.
Despite the paucity of research which has used online data to

apply the principles of SIT to collective identity in respect of BLM,
there are a number of studies which explore social and/or collective
identity from social media data (Alalwan et al., 2017; Fujita et al.,
2018; Hardaker & Mcglashan, 2016), as well as exploring how
collective identity is constructed on social media (e.g., DeCook,
2018; Gerbaudo, 2015). In respect of the former issue, previous
research on different sociopolitical movements such as #MeToo
havemade effective use of Twitter to explore how hashtag use in this
context may help identify identities behind this movement (Reyes-
Menendez, Saura, & Thomas, 2020). Using a combination of corpus
linguistics and discourse analysis, Reyes-Menendez, Saura, and
Filipe (2020) noted that the #MeToo movement has two types of
social identity; destructive negative and constructive positive. Other
work outlines the principles of “cloud protesting” and how algo-
rithmically mediated environments such as social media may serve
collective activism (Milan, 2015). Further, other research indicates
the role of interaction networks from social media data as a way of
exploring collective identities (Monterde et al., 2015). However,
these studies do not specifically establish how naturally occurring
language on Twitter signals collective identity. As noted previously,
collective identity is said to be distinctly different from social
identity (Priante et al., 2018). As such, we sought to explore the
linguistic markers which may signal “we-ness” as a relevant con-
struct to antiracism movements, especially in light of the fact that
“we-ness” may still exist even if an individual themselves may not
occupy BAME social identity. Specifically, we focused on plural
personal pronoun use based on people’s Twitter discourses around
BLM. We also were interested in the sentiment surrounding this
movement and so explored the degree to which positive versus
negative sentiment may be evident in BLM-related Twitter content.

To assess sentiment and collectivity from Twitter data, we used the
linguistic categories available in the software Linguistic Inquiry and
Word Count (LIWC) (Pennebaker et al., 2007, 2015). LIWC is a
software which can process any written form of text. The application
replies on an internal dictionary that defines words which should be
counted based on the text which is input and the domain of the text
(e.g., professional correspondence, personal writing). From this, it
calculates the rate at which different word categories are used in a
piece of text. These categories include summary language variables
(analytical thinking, clout, authenticity, emotional tone), general
descriptor categories (e.g., words per sentence), linguistic dimensions
(e.g., percentage of words in the text that are pronouns, articles), word
categories which relate to psychological constructs (e.g., affect,
cognition, social processes), personal concern categories (e.g.,
work, home, leisure activities), informal language markers (swear
words, netspeak), and punctuation categories (commas, etc.).

LIWC has been used extensively within research and previously
been found to be a useful way of understanding a number of
important psychological and social constructs (Tausczik &
Pennebaker, 2010). For example, the nature of social relationships
can be understood through analyzing the proportion of pronouns
and emotional words (ibid). Similarly, social status can be
revealed, in which those of lower status tend to use more tentative
words and first-person singular pronouns. Of specific interest to the
present research, better group cohesion/collectivity is associated
with using more first-person plural pronouns. Indeed, previous
research using discourse from online platforms has noted the value
of linguistic categories such as plural personal pronouns for
establishing collective identity (Best et al., 2018; Davis et al.,
2019). For example, research on addiction recovery groups on
Facebook highlights how the use of words such as “we” and their
correspondence to affect words are relevant linguistic categories to
explore collective identity for recovery (Best et al., 2018). Further,
other work identifies plural personal pronouns as useful markers of
collective identity to veganism (Davis et al., 2019). Therefore, the
present research was particularly interested in categories such as
linguistic dimensions (first-person singular and plural personal
pronouns), given these would be expected to be most revealing
of social processes relevant to collectivity. Furthermore, it was also
interested in the emotional tone expressed in public discourse
surrounding BLM and BHM, given that this may signal emotional
investment surrounding collectivity. Specifically, we explored the
extent to which this was more positive or negative in sentiment
during a time point of BHM and in cases where BHM hashtags
were used, and whether sentiment was related to level of
collectivity.

In summary, the present research aimed to investigate collectivity
and sentiment in public discourse in respect of BLM-related tweets
and BHM. Specifically, it addressed the following research ques-
tions (RQs):

RQ1: How does the prevalence of collective identity (as
evident from use of first-person plural pronouns) and positive
sentiment toward BLM vary based on BHM hashtag use?

RQ2: How does the prevalence of collective identity (as
evident from use of first-person plural pronouns) and positive
sentiment toward BLM vary between BHM and other time
points?
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RQ3: To what extent does collectivity expressed in BLM-
related tweets relate to sentiment, and does this vary based on
BHM hashtag use and BHM time point?

Method

A 2 × 2 design was used in which BHM hashtag (BHM hashtag
vs. no BHMhashtag) and time point (BHM time point vs. non-BHM
time point) were studied in respect of their impact on four dependent
variables: positive emotional tone, negative emotional tone, first-
person singular pronouns, and first-person plural pronouns.
On the basis of ethical principles outlined by the British Psycho-

logical Society’s Internet-mediated Research Guidelines (BPS,
2021), and Twitter’s own privacy policy (Twitter, 2021), only
public Twitter data were collected and used. This ensured that
the data could be collected unobtrusively and did not require a
participant consent process. As well as being important in the
collection stage, ethical guidelines are also relevant in the dissemi-
nation stage. Namely, that tweet content has not been made available
in the data sharing process, given that this can be reversed searched
to reveal the original source of the tweet, therefore comprising
anonymity. However, the anonymised raw data by condition con-
taining the LIWC categories of interest can be found here: https://osf
.io/khevd/?view_only=cd060ea22ec64f67ad6eff379a8632e0.
BLM hashtag related data were collected at two time points: during

Black History Month (October 2020) and during a non-Black History
Month (November 2020). Within each time point, public Tweets
containing the following hashtags were extracted: #BlackLivesMatter
and #BLM.However, at each time point, data were scraped twice; once
with the hashtag #BlackHistoryMonth and once without, whereby this
created our BHM hashtag and no BHM hashtag conditions.
Phantom Buster software was used to extract public Twitter data

by inputting the hashtags: #BLM, #BlackLivesMatter in all condi-
tions and #BlackHistoryMonth in the respective BHM hashtag
conditions.2 At the Black History Month time point, data were
scraped on 26th October, 2020, with two back-to-back data scrapes
in which the data for the two hashtag conditions were collected
within 1 hr. The collections were set to the maximum number of
tweets which could be collected in one run (5,000 tweets). This
procedure was repeated for the non-Black History Month time point
(November 30 , 2020).
The extracted data from Phantom Buster generated an Excel file

which was subjected to data cleaning. The data were cleaned based
on the inclusion criterion that tweets should be in English, and on the
exclusion criteria of tweets containing retweets, URLs, multimedia,
threads, and replies. The exclusion criteria were chosen to eliminate
any repetition of the same tweets, to reduce tweets with names and
unnecessary data that could not be analyzed such as multimedia.
Table 1 below displays the total number of tweets at the collection
point and the final set following data cleaning.
The final data set was then uploaded into LIWC software, in

which the four linguistic categories were selected to be processed for
analysis.3 First, “I” and “we”which were from the listed items under
the broader “total pronouns” category. “I” refers to any singular
personal pronouns (I, me, my) and “we” to any plural personal
pronouns (we, us, our). Second, positive emotional tone and nega-
tive emotional tone which were taken from the broader category of
“affective or emotional processes.” For all variables, the scores
generated represented percentage of total words. Previous work

indicates that these categories of the LIWC 2015 dictionary have
adequate internal consistency (Pennebaker et al., 2015).

Although no materials are available to share given the unobtru-
sive data collection method, the anonymised raw data by condition
containing the LIWC categories of interest can be found here:
https://osf.io/khevd/?view_only=cd060ea22ec64f67ad6eff379a
8632e0.

Results

Descriptive analyses of percentage of total words were performed
on the study variables by hashtag and time point condition. See
Table 2. It is worth noting that the typical average percentage of
words from Twitter except for these categories has been found to be
as follows: singular personal pronouns (M = 4.75), plural personal
pronouns (M = .74), positive emotion (M = 5.48), and negative
emotion (M = 2.14; Pennebaker et al., 2015).

To give some context to these values, Table 3 provides some
examples of the types of Tweet content per condition. To adhere to
BPS (2021) principles regarding anonymity of data, these are
artificial examples which linguistically mimic the original tweets
for the respective conditions.

Personal Pronoun Use

To ascertain how collectivity in language use varied by condi-
tions, a series of two 2 × 2 factorial ANOVAs were undertaken. The
first 2 × 2 factorial ANOVA was conducted to assess the impact of
hashtag condition and event time point on personal singular pronoun
use (variable labeled here as “i”). Significant main effects were
found for hashtag condition, F(1, 1,762) = 233.07, MSE = 31.48,
p < .001, η2p = .117, and time point, F(1, 1,762) = 124.67, MSE =
31.48, p < .001, η2p = .066. There was also a significant interaction
effect of hashtag condition × time point, F(1, 1,762) = 4120.93,
MSE = 31.48, p < .001, η2p = .069. Simple main effects analysis

Table 1
Total Tweets Per Condition Before and After Data Cleaning

Time point Hashtag
Extracted
data (n)

Cleaned
data (n)

Black History Month Hashtag 4,143 345
No Hashtag 4,337 790

Non-Black History Month Hashtag 3,804 170
No Hashtag 4,006 461

2 We used Phantom Buster for a number of pragmatic reasons. First, many
other tools are designed to extract analytics from one’s own Twitter account
rather than a more general scrape of all public data. Second, we were able to
utilize a free version of Phantom Buster, which was preferable for the
purposes of this small scale project (with no funding). Finally, it was more
straightforward than other options with regards to the exporting capabilities
while others we explored did not export separate metadata to individual
Excel columns, which would have made the data cleaning ready for analysis
very time consuming.

3 A further confidentiality assurance we took here was that all other meta-
data from the Excel files were removed before uploading into LIWC. This
was to ensure that Twitter account names or other potentially identifying
information was not added to this third party software. Therefore only the
tweet content itself was contained in the respective file per condition.
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suggested that the effect of hashtag on personal singular pronoun use
was significant both in BHM, F (1, 1,762 = 523.10, p < .001, and
non-BHM time points, F(1, 1,762) = 5.55, p < .05, whereby
significantly fewer singular pronouns were used when hashtags
were included on Tweets rather than not used. Further, the effect of
time point on personal singular pronoun use was significant but only
when BHM hashtags were not used, F(1, 1,762) = 454.37, p < .001,
whereby more singular pronouns were used during BHM (M= 9.06,
SE = .20) than non-BHM (M = 2.05, SE = .26). See Figure 1.
The second 2 × 2 factorial ANOVA was conducted to assess the

impact of hashtag condition and event time point on personal plural
pronoun use (variable labeled here as “we”). A significant main effect
was found for the hashtag condition, F(1, 1,762) = 6.84, MSE =
10.52, p< .01, η2p = .004, but not for time point, F(1, 1,762)= 10.15,
MSE = 10.52, p = .326, η2p = .001. Specifically, plural pronoun use
was significantly higher in the BHM hashtag condition relative to the
no BHM hashtag condition. There was not a significant interaction
effect of hashtag condition × time point, F(1, 1,762) = 1.41,MSE =
10.52, p = .235, η2p = .001. See Figure 2.

Emotional Tone

To explore how sentiment varies by condition, two 2 × 2 factorial
ANOVAs were undertaken. The first was conducted to assess the
impact of hashtag condition and event time point on positive
emotional tone (variable labeled here as “posemo”). Significant

main effects were found for hashtag condition, F(1, 1,762) = 30.07,
MSE = 13.15, p < .001, η2p = .017, and time point, F(1, 1,762) =
13.12, MSE = 13.15, p < .001, η2p = .007. There was also a
significant interaction effect of hashtag condition × time point,
F(1, 1,762) = 29.71, MSE = 13.15, p < .001, η2p = .017. Simple
main effects analysis suggested that the effect of hashtag on positive
emotional language use was significant only during BHM,
F(1, 1,762 = 87.69, p < .001, whereby more positive tone was
evident when hashtags were used (M = 3.49, SE = .20) rather than
not used (M = 1.31, SE = .17). Further, the effect of time point on
positive emotional tone was significant but only when BHM
hashtags were not used, F(1, 1,762) = 73.19, p < .001, whereby
there was higher positive tone during a non-BHM (M = 3.13,
SE = .17) than during BHM (M = 1.31, SE = .13). See Figure 3.

The final 2 × 2 factorial ANOVA was conducted to assess the
impact of hashtag condition and event time point on negative
emotional tone (variable labeled here as “negemo”). A significant
main effect was found for the hashtag condition, F(1, 1,762) =
75.65, MSE = 14.46, p < .001, η2p = .041, but not for time point,
F(1, 1,762) = 1.47,MSE = 14.46, p = .225, η2p = .001. Specifically,
negative tone was significantly higher when there was no BHM
hashtag compared to when one was present. There was also a
significant interaction effect of hashtag condition × time point,
F(1, 1,762) = 8.09, MSE = 14.46, p < .01, η2p = .005. Simple main
effects analysis suggested that the effect of hashtag on negative
emotional tone was significant both in BHM, F(1, 1,762 = 25.13,
p < .001, and non-BHM time points, F(1, 1,762) = 50.52, p < .001,
whereby not including hashtags elicited more negative tone than
including them. Further, effect of time point on negative emotional
tone was significant but only when BHM hashtags were used,
F(1, 1,762) = 5.73, p < .05. Specifically, more negative tone
was evident during BHM (M = 1.59, SE = .21), than non-BHM
(M = .73, SE = .29). See Figure 4.

Proportion of Singular Versus Plural
Personal Pronouns

The aforementioned analysis identifies there to be some differ-
ences in use of pronouns by condition. However, to more firmly
establish whether this was actually a reflection of collective identity,
within-participant analyses were undertaken to compare the use of
plural versus singular pronouns based on time point and hashtag.

Table 3
Indicative Tweet Content Per Condition

Condition Example tweets

BHM Hashtag/BHM “We celebrate Black History today in Politics!”
“Here are tips on how students can hold universities to account in relation to racism”

No BHM Hashtag/BHM “I will defend the black community until the end. They have been good allies in my community. I want to replay them.
Black lives matter, today, tomorrow, and always. I will not stand for the oppression of my persons of colour siblings”

“I want to live where people are compassionate, sane and kind”
BHM Hashtag/Non-BHM “#BlackLivesMatter #BlackHistoryMonth #BlackWomen #BLMMore facts and statistics to silence the deniers of systemic

racism”

“We are very proud of our Year 12 student Alice, for her original anti racist art. This painting is so wonderful and pertinent”
No BHM Hashtag/Non-BHM “Let’s work together to do good in the world! Help us meet our target of raising $20,000 for #BlackLivesMatter.

An anonymous donor will match it! You can donate online”
“With all this racism occurring in the world, I needed to raise my voice with the BLM movement we have been tackling
this stuff for too long and we are fed up”

Note. BHM = Black History Month; BLM = Black Lives Matter.

Table 2
Descriptive Data by Hashtag and Time Point Condition for the
Study Variables

Linguistic category

BHM Non-BHM

BHM
Hashtag

No BHM
Hashtag

BHM
Hashtag

No BHM
Hashtag

M SE M SE M SE M SE

Singular personal
pronoun

.78 .30 9.06 .20 .86 .43 2.05 .26

Plural personal
pronoun

1.78 .18 1.52 .12 2.17 .25 1.48 .15

Positive emotion 3.50 .20 1.31 .13 3.13 .28 3.13 .17
Negative emotion 1.59 .21 2.82 .14 .73 .29 3.16 .18

Note. BHM = Black History Month.

USING TWITTER DATA TO EXPLORE ANTIRACISM MOVEMENTS 5



Specifically, if use of plural pronouns is indeed reflective of collec-
tive identity, one should expect more plural than singular pronouns
when the hashtag was used, and when it was salient (BHM time
point) compared to at a nonsalient time point and without a hashtag.
A mixed design ANOVA was conducted in which singular and

plural pronouns were the within-condition variables and time point
and hashtag were between-condition variables. A main effect was
found, F(1, 1,762) = 87.50, MSE = 1374.80, p < .001, η2p = .047.
Namely, overall, a greater number of singular pronouns (M = 4.82,
SD = 6.80) compared to plural pronouns (M = 1.62, SD = 3.25)
were used. Exploring this by condition, however, revealed some
interesting effects. That is, there was an interaction effect of both
hashtag, F(1, 1,762)= 282.06,MSE= 4431.64, p< .001, η2p = .138,
and time point, F(1, 1,762) = 137.93, MSE = 2167.11, p < .001,
η2p = .073. When hashtags were used, significantly more plural (M=
1.90, SD = 2.99) compared to singular pronouns (M = .80, SD =
2.40) were used. However, when no hashtags were used, there were
significantly more singular (M = 6.47, SD = 7.31) than plural
pronouns (M = 1.51, SD = 3.34). In respect of time point, however,
singular pronouns were used significantly more than plural pro-
nouns, both during BHM and non-BHM. Namely, during BHM,
singular pronouns (M = 6.54, SD = 7.56) and plural pronouns (M =
1.60, SD = 3.33), and non-BHM, singular pronouns (M = 1.73,
SD = 3.39) and plural pronouns (M = 1.67, SD = 3.10).

Relationship Between Collectivism and Sentiment

Pearson correlations were conducted to explore the relationship
between personal singular pronouns, personal plural pronouns,

positive emotional tone, and negative emotional tone. Data were
split by hashtag condition, whereby the first correlation explored
these associations under conditions in which BHM hashtags were
used and the second where this hashtag was not used. Table 4
presents these analyses.

Use of singular pronouns was related to positive emotional tone in
both the hashtag (r = .26, p < .01) and no hashtag conditions (r =
.06, p < .05), but not to negative tone in either (both p > .05). Plural
pronoun use was positively related to positive emotional tone in the
hashtag condition (r = .14, p < .01), but interestingly, negatively
related in the no hashtag conditions (r=−.08, p< .01). In relation to
negative emotional tone, plural pronouns correlated negatively in
the hashtag condition (r = −.09, p < .05), but were not significantly
related at all in the no hashtag condition.

Finally, correlational analysis was undertaken as previously
mentioned but split by time point, whereby the first correlation
of variables was for BHM and the second for non-BHM. See
Table 5.

Use of singular pronouns was related to negative emotional tone
during BHM (r= .11, p< .001) and to positive emotional tone during
a non-BHM (r = .01, p < .01). Plural pronoun use was not related to
positive or negative emotional tone at either time point (all p > .05).

Discussion

Exploring public discourse around antiracism movements pre-
sents a key opportunity for researchers to assess attitudes and
sentiments to these sociopolitical movements. Using public Twitter
data is a highly fruitful approach in which to achieve this.

Figure 1
Percentage of Singular Personal Pronouns by Condition

Note. BHM = Black History Month.
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The present research utilized Twitter data for BLM-related hashtags
to explore collectivity and sentiment in public discourse in respect of
the antiracism movements of BLM and BHM. Specifically, we
sought to understand the extent to which (a) BHM hashtags and (b)
Black History Month as a celebration month may promote greater
collectivism and positive sentiment surrounding the BLM move-
ment. The key findings and implications will be discussed in the
following sections.
In line with RQ1, in respect of BHM hashtags (relative to

conditions without these), these had a number of significant effects.
Tweets including BHM hashtags had greater use of collective
pronouns and lesser use of singular pronouns, as well as more
positivity in emotional tone when used during BHM, and lower
negative tone. Consequently, these findings of positive sentiment
toward the movement BLM when a hashtag is present reveal that
the inclusion of #BlackHistoryMonth encourages a more collec-
tive, positive attitude toward BLM, as Twitter behaviors exhibit a
communal acknowledgment and understanding of Black History
Month. To provide additional strength to the assertion that plural
pronouns were reflective of collective identity, we compared use of
plural versus singular pronouns to establish whether greater use of
plural pronouns (relative to singular pronouns) was more evident in
conditions where one may expect collectivity to be salient (BHM
and using BHM hashtags). Our findings provided some support for
this, in that significantly more plural pronouns were used in tweets
that used the BHM hashtag and more singular pronouns were used
without the hashtag. These findings suggest something rather
important about the use of hashtags in building collectivism and

positivity in public expression of antiracism movements. The
implications of this should not be underestimated and may not
only represent a snapshot of how we monitor public sentiment, but
importantly, how these may influence subsequent discourse around
these events. Indeed, further research which measures any direct
effects of these discourses on future collective action or attitudes
would be most enlightening. Hashtags encourage people to alter
their behavior to suit the meaning of that hashtag as they are used to
encourage conversations around similar topics (Cunha et al., 2011;
Wang et al., 2016). There are many examples in which “real world”
collective action has ensued from online activism, such as the
#MeToo movement, whereby the use of hashtags has found an
encouragement to act and promote these specific events, and
perhaps a more infamous recent example of how a former U.S.
President’s tweets were attributed to Far-Right protesters subse-
quently terrorizing the Capitol Building in Washington, DC
(Suitner et al., 2013). Hashtags and other online cues, which
can promote collective identity should not be considered insignifi-
cant in social and political discourse and action (see Priante et al.,
2018, for a review of collective action via computer-mediated
communication). Indeed, research suggests that sociopolitical
hashtags such as #MeToo can elucidate different types of social
identity, which may vary from being destructive negative to
constructive positive (Reyes-Menendez, Saura, & Filipe, 2020).
Although we did not seek to explore the nuances of this, the current
findings contribute to the SIT literature in suggesting that such
hashtags may be one mechanism by which individuals are able to
categorize themselves into the in-group supporting the movement

Figure 2
Percentage of Plural Personal Pronouns by Condition

Note. BHM = Black History Month.
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(Blascovich et al., 1997; Tajfel, 1978; Turner, 1981), and highlight
how behavioral cues such as hashtags are entirely relevant to
understand how collective identity is expressed in online sociopo-
litical discourse.
BHM event time point, however (RQ2), appeared to be less

consistent in its effects. Namely, tweets during BHM (relative to a
non-BHM) had greater use of singular pronouns but only when the
BHM hashtags were not used. There were no significant effects of
time point on use of plural pronouns. In relation to emotional tone,
this presented some intriguing findings. Overall, time point had a
significant effect on positive tone but not on negative tone, in which
positive tone was significantly lower during BHM than non-BHM.
Looking more closely at univariate effects, this effect only tran-
spired when BHM hashtags were not used. Correspondingly, when
focusing on when hashtags were used during BHM, a significantly
higher positive tone was evident than when they were not used. In
relation to negative emotional tone, this varied between time points
in which it wasmore apparent during BHM than non-BHM, but only
when hashtags were used. These findings are interesting and suggest
sentiments surrounding BHM (irrespective of whether this is posi-
tive or negative) are expressed more strongly when relevant hash-
tags accompany the discourse. Although BHM time point in itself
did not appear to be particularly influential on the types of language
expressed on Twitter, this did provide a context in which BHM
hashtags could be used and thus facilitate expression of sentiment.
This raises an important issue about time and context for research on
antiracism attitudes and the value of being able to extract public
online data within a highly specified time frame (e.g., a few

minutes). Therefore, the impact of time/context is perhaps much
better controlled than when collecting attitudes via surveys or other
methods, which may be more time intensive.

It appears possible that celebratory events like BHM, on their
own, are not enough to elicit attitudes and views toward BLM
without directly using the hashtag #BlackHistoryMonth (Cunha
et al., 2011; Givens, 2019). Therefore, these findings may help in
understanding that hashtags are considerably more useful in explor-
ing attitudes toward BLM, specifically to distinguish emotional
sentiment, as well as collectivism. To corroborate this further for
RQ3, the correlational findings highlight the association between the
use of plural pronouns and positive emotional tone when BHM
hashtags are used, which was not found when these hashtags were
not used (indeed the converse effect was observed). These findings
broadly support the work of other studies in this area where social
media is an effective form of expression for groups about social
justice issues to promote collective attitudes. For example, it sup-
ports previous work showing how hashtags create communities and
discussions surrounding social movements to help promote collec-
tive attitudes (Cunha et al., 2011; DeLuca et al., 2012; Reyes-
Menendez, Saura, & Filipe, 2020; Wang et al., 2016). Thus, these
findings suggest that hashtags of events or movements are more
powerful in promoting collective identity toward BLM than specific
celebratory events like Black History Month itself. It would be
interesting to see any subsequent effects of this, however, and how
public attitudes and sentiments transmitted over Twitter may pro-
mote contagion and a range of associated “real-world” behaviors.
This would further deepen our understanding of Twitter discourse

Figure 3
Percentage of Positive Emotional Tone by Condition

Note. BHM = Black History Month.
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and how specific hashtags resonate and influence Twitter users
(DeLuca et al., 2012; Papacharissi, 2016).
The present study focused on data from Twitter as the platform of

choice. Like the majority of previous literature using these sorts of
approaches, this was chosen for pragmatic reasons. Namely, this
platform relative to other social media sites has the largest propor-
tion of data which is publicly available and accessible. As such, this
allowed a large population of data to be extractable for analysis. A
further advantage of this platform and its largely open nature is that
it can foster much larger and diverse networks of people to join
together, and hashtags are an operational tool that can support this.
Other social media sites are less successful in this regard as many
users have profiles on these that are closed/protected, which makes
consolidating these collective behaviors more difficult. It is impor-
tant to note that there may be generalizability issues of a Twitter

sample as others have illustrated there may be distinct personality
characteristics of Twitter users, which can be translated into the
types of disclosures that are made online (Marshall et al., 2020). As
such, it may be the case that the current findings are representative
only of a subsample of the general population.

In relation to the findings about collectivity from pronoun use, a
limitation of the present research is that Twitter users’ race could not
be established from the data. It would be interesting for additional
research to ascertain how people’s race or ethnicity may interact
with linguistic expressions of collectivity. That is, previous research
suggests that identity exploration during BHM is especially impor-
tant to African American boys (Landa, 2012), and so user race seems
to be something further to explore in this regard. It is entirely likely
that the current data included people of many racial and ethnic
backgrounds, and in this case, it is promising to note that collectivity
can still be represented in these discourses. Alongside this, it is
important to explore further how the use of plural pronouns is fully
representative of collective identity and not perhaps as a result of a
group’s perception of status over another. That is, collective words
may often be used by those in high status conditions compared to
low status conditions (Dino et al., 2009; Kacewicz et al., 2014), and
so it is important to ascertain how linguistic categories such as plural
pronouns are actually being used in this regard.

Another limitation is that the tweets scraped may also have
included a range of other semantically relevant hashtags such as
#AllLivesMatter or #BlueLivesMatter, which largely oppose the
views of BLM. As a result, these potentially disparate attitudes may
explain findings relating to negative sentiment, rather than the

Figure 4
Percentage of Negative Emotional Tone by Condition

Note. BHM = Black History Month.

Table 4
Correlation Analyses of the Study Variables by Hashtag Condition

Linguistic category 1 2 3 4

1. Personal singular pronouns −.14** .26** −.06
2. Personal plural pronouns .23** .14** −.09*
3. Positive emotional tone .06* −.08** −.20**
4. Negative emotional tone .02 .03 −.03

Note. Values on the top-right of the diagonal correspond to the Black
HistoryMonth (BHM) hashtag condition and those on the bottom-left are the
non-BHM hashtag condition.
* p < .05. ** p < .001.
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negative sentiment being due to Twitter users discussing the pejo-
rative side of BLM and how Black people are treated.
Finally, there have been recent discussions about the efficacy of

dictionary-based sentiment analysis tools, such as those similar to
LIWC. Although this specific platform was not included in the
recent paper by van Atteveldt et al. (2021), their findings suggest
that the agreement level of whether certain words correspond to
positive or negative sentiment is often close to chance and there may
be a heightened risk of type 2 errors in the classification process. As
such, scholars recommend alternative approaches such as trained
coders or machine learning to achieve better performance.
Irrespective of these limitations, the current findings hold some

important implications. Namely, there are some key practical im-
plications for communication campaigns via social media, which
may surround antiracism and racial equality. This may also intersect
with organizations efforts to promote socially inclusive content via
social media and the social mobilization of these issues (Reyes-
Menendez, Saura, & Filipe, 2020), which may generate further
collective identity and collective action.

Conclusion

We sought to understand the extent to which (a) BHM hashtags
and (b) Black History Month may promote greater collectivity and
sentiment surrounding the BLM movement. Specifically, we
explored linguistic dimensions (first-person singular and plural
personal pronouns), given that we expected these to be most
revealing of social processes relevant to collectivity. Furthermore,
we also explored emotional tone and the extent to which this was
more positive or negative in sentiment during a time point of BHM
and in cases where BHM hashtags were used. On the basis of our
analyses of BLM-related hashtag data from public Twitter posts, we
highlight the prominent role of hashtags in facilitating expression
toward sociopolitical movements such as BLM. This study is the
first of its kind to use this type of data and linguistic categories to
explore collective attitudes and sentiment toward the BLM move-
ment during Black History Month. Our findings therefore contribute
new understanding to these important societal issues, but specifi-
cally illuminate that these may elicit enhanced sentiment, which
may both be positive and negative in nature. Although plural
pronouns as a proxy of collectivism, appear to relate favorably to
expression of positive emotional sentiment, it should also be noted
that such collectivism may equally promote shared negative dis-
course. However, this demonstrates the mechanisms by which
shared sentiment may influence subsequent collective action.
Although the behavioral correlates of these discourses cannot be

determined from the current data, the findings do showcase how
hashtags may have the power to shape conversations of race.
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