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Abstract

In the wake of the 2024 US presidential election, pundits on
both the left and the right pointed to a conservative back-
lash against “woke politics” to explain the election’s out-
come. These politics, rooted in substantive beliefs about eq-
uity and justice—and particularly racial justice—owe their most
recent rise to prominence to the Black Lives Matter (BLM)
movement. A significant body of work, both qualitative and
quantitative, has documented how BLM was able to move
these beliefs from the margin to the mainstream. In this pa-
per, we focus on the words that index these beliefs, devis-
ing a novel method of modeling semantic leadership across a
set of communities associated with the BLM movement that
is informed by domain-specific theory about Black Twitter.
We describe our bespoke approaches to time-binning, com-
munity clustering, and connecting communities over time, as
well as our adaptation of state-of-the-art approaches to se-
mantic change detection and semantic leadership induction.
We find evidence at scale of the leadership role of BLM ac-
tivists and progressives, as well as of Black celebrities. We
also find evidence of sustained conservative engagement with
this discourse, suggesting an alternative explanation for how
we have arrived at the present political moment.

Introduction

In early 2020, when the Black Lives Matter (BLM) move-
ment had secured its place in the US national conscious-
ness and when this project began, it was still necessary to
provide evidence of how battles over social and political
change are waged through both words and action. Writing
again in April 2025, as we prepare this paper for final sub-
mission, it is evident to all (or should be) that words index
larger concepts and debates. We need look no further than
the US federal government, where ideas about equity and
justice—and racial justice in particular—have not only become
renewed topics of debate; the terms “equity” and “racial jus-
tice” themselves have been banned from government use
(Yourish et al. 2025). While this act of censorship serves as a
negative example, ample evidence also points to how words
can open up conversations, introduce new ideas into pub-
lic consciousness, and positively impact social behavior and
government policy alike (Dunivin et al. 2022; Yan, Chiang,
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and Lin 2024). In this paper, we return to the Black Lives
Matter movement, which we see as one of the most success-
ful contemporary examples of the positive value of words
(among other contributions), to explore with precision how
words enter into a specific sociopolitical conversation, how
they transform as that conversation evolves, and who is re-
sponsible for carrying forward those new or changed mean-
ings.

progressives
bcelebs

\

¢
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. btwitter

Figure 1: Semantic leadership in #BlackLivesMatter:
Nodes represent the most central communities of the BLM
network. The thickness of the edges are proportional to the
number of word changes shared by each pair.

While there exists abundant research on Black Lives Mat-
ter (BLM), both as a hashtag (Choudhury et al. 2016; Jack-
son, Bailey, and Welles 2020; Le-Khac, Antoniak, and So
2023; Giorgi et al. 2022; Jones, Nurse, and Li 2022) and
a movement (Freelon, Mcllwain, and Clark 2016; del Rio
2020; Clark 2024), there are still open questions about how
precisely BLM was able to “push the mainstream public
sphere on issues of social progress” (Jackson, Bailey, and
Welles 2020, p. xxvii). This is largely due to the unique com-
munity structure of Twitter, in which communities are de-
fined not by individual users but by hashtags, and by the con-
versations among users that hashtags enable (Tufekci 2013;



Spiro and Monroy-Herndndez 2016; Jackson, Bailey, and
Welles 2020; Brock 2020). Operationalizing these medium-
specific theories about community formation on Twitter, as
well as about “Twitter time,” we present a multipart model
that allows us to 1) detect the latent communities associ-
ated with the #BlackLivesMatter hashtag and link them over
time; and 2) detect semantic changes associated with each
community using word embeddings. Together with a mea-
sure of semantic leadership (Soni, Klein, and Eisenstein
2021), we are able to induce a semantic leadership network
(see Figure 1), allowing us to identify the communities re-
sponsible for introducing new or changed word meanings
into the BLM network and the communities responsible for
adopting (or co-opting) them.

We find that the community of BLM activists plays an
outsized role in introducing semantic changes into the net-
work, and that these changes are most consistently taken
up by the conservative community. We find a similar al-
beit weaker signal between the progressive and conservative
communities, confirming the role of left-leaning discourse
in shaping the general terms of debate (Le-Khac, Antoniak,
and So 2023). We also find that Black celebrities signifi-
cantly shape the discourse, introducing word changes that
the center/left news media as well as the conservative com-
munity later take up. The scale of our data, combined with
our methods of validation, provide a new layer of evidence
to support the largely qualitative scholarship that affirms the
role of the BLM movement for bringing ideas about racial
justice from the margin to the mainstream. Our results also
provide an alternative explanation for how we have arrived
at the present political moment. Contrary to a narrative of
conservative backlash against a movement that became “too
woke”, we find that the conservative community — as the
largest follower of word changes across the entire timespan
of our study — had been engaging directly with the BLM
movement from its very start. Today, we see the end goal
of this engagement: to distort and disrupt the messaging of
the BLM movement, and ultimately, to weaponize the move-
ment’s words against its most closely held beliefs.

To summarize, our contributions are as follows:

» Evidence at scale of how BLM activists shaped the dis-
course around racial justice, pushing new ideas from the
margin to the mainstream

» Early examples of specific terms (e.g. theory) that have
since become central to government policy and debate
* A precise network structure of the communities that com-

prise the #BlackLivesMatter hashtag, derived from ex-
tensive hand-labeling and domain-specific research

* An example of how domain-specific theory—here, media
studies scholarship on Black Twitter—can inform techni-
cal modeling approaches

Background and Prior Work
Research on Black Twitter

The topic of Twitter, and Black Twitter in particular, has
been the subject of significant research in the fields of com-
munication and media studies, among other humanities and
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social science fields. In Distributed Blackness (2020), André
Brock theorizes the community structure of Black Twitter
as consisting of the people who are online and in conver-
sation with each other at any given time. He also theorizes
“Twitter time” as non-linear, defined more by specific events
and the bursts of conversation they prompt than by any stan-
dard timescale. In Hashtag Activism (2020), Sarah J. Jack-
son, Moya Bailey, and Brooke Foucault Welles propose a
similar conception of Twitter communities organized by the
hashtag itself. Hashtags, they explain, “designate collective
thoughts, ideas, arguments, and experiences that might oth-
erwise stand alone.” Additional work on Black Twitter has
considered the perspectives of the users themselves (Clark
2024), its historical antecedents (Klassen et al. 2022), and its
possible futures (Walcott 2024). This qualitative work con-
stitutes the foundation for our project. Our contribution rep-
resents an attempt to formalize the concepts and structures
that these media studies scholars describe.

Online Social Movements

Several characteristics of online social movements, includ-
ing the motivation and role of participants (Tufekci and
Wilson 2012; Bozarth and Budak 2017; Jones, Nurse, and
Li 2022), activist influence on potential recruits (Gonzélez-
Bailon et al. 2011), formation and sustenance of collec-
tive identities (Brown et al. 2017), and mobilization of ac-
tivists (Theocharis et al. 2015; Freelon, Mcllwain, and Clark
2018; Mundt, Ross, and Burnett 2018; Yan, Chiang, and Lin
2024; Mendelsohn et al. 2024), have been extensively stud-
ied. BLM, in particular, has been studied as a unique exam-
ple of a highly contested social movement with a sizeable
online footprint (Arif, Stewart, and Starbird 2018; Stewart
et al. 2017; Gallagher et al. 2018; Giorgi et al. 2022). The
online discourse of this movement has been shaped by tragic
offline events (Peng, Budak, and Romero 2019) and has per-
sisted for almost a decade (Dunivin et al. 2022). In terms of
our project, the closest related work is Freelon, Mcllwain,
and Clark’s “Beyond the Hashtags” report (2016), which
employs community detection followed by hand-labeling by
domain experts in order to trace the changes in network
structure over the first 18 months of the BLM movement.
Recognizing the knowledge and expertise involved in this
project, our goal was to carry forward the authors’ work.
Here, we extend the timeframe of analysis by another five
years; develop new methods that allow us to expand the ini-
tial set of communities labeled by their team; and introduce
an additional layer of linguistic analysis that complements
the original study.

Linguistic methods have also been used to study different
aspects of BLM. For example, the dynamics of participation
have been shown to be correlated with textual features of
tweets (Choudhury et al. 2016); the impact of police killings
has been shown to reflect in the emotional narratives of so-
cial media participants (Field et al. 2022); hashtag use has
been shown to draw attention (Blevins et al. 2019; Yan, Chi-
ang, and Lin 2024) or push back against issues (Gallagher
et al. 2018). Framing and rhetorical strategies have been
shown to be means of differentiation and coalition form-
ing (Stewart et al. 2017; Wilkins, Livingstone, and Levine
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Figure 2: Volume of tweets per month: We visualize the temporal distribution of tweets in our dataset in the style of Freelon
et al (2016). The seven temporal partitions are indicated here both by color and a reference label (e.g., Period 1). Some pivotal
events to the BLM movement in each partition are annotated.

2019; Mendelsohn et al. 2024). We extend this line of work
by inducing the leadership structure within the coalition of
communities through the adoption of linguistic changes by
community members.

Semantic Change and Leadership

Sociocultural changes often get encoded as lexical semantic
changes in language (Tahmasebi, Borin, and Jatowt 2019).
Consequently, computational methods to automatically ex-
tract semantic changes, given a timestamped text collec-
tion, have been developed with increasing regularity (Wi-
jaya and Yeniterzi 2011; Kim et al. 2014; Kulkarni et al.
2015; Hamilton, Leskovec, and Jurafsky 2016b; Giulianelli,
Del Tredici, and Fernandez 2020; Card 2023, interalia). Se-
mantic changes detected by such methods are demonstrably
effective in two ways: 1) as first-order objects of analyti-
cal interest, such as in tracking the evolution of political is-
sues (Rudolph and Blei 2018) or shift in racial attitudes over
time (Garg et al. 2018); 2) as units that can be aggregated to
recover the latent leadership structure among scholarly ar-
ticles (Soni, Lerman, and Eisenstein 2020; Soni, Bamman,
and Eisenstein 2022) or newspapers (Soni, Klein, and Eisen-
stein 2021). In this work, we follow the latter approach,
using word embeddings to unveil the leadership dynamics
between communities and their role in shaping online dis-
course of the BLM movement.

Data

Our dataset consists of tweets containing “#BlackLivesMat-
ter” between June 1, 2014 and December 31, 2020. These
tweets were collected in two phases: tweets between June 1,
2014 and May 31, 2015 were rehydrated in April 2021 using
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twarc! from tweet IDs provided by Freelon et al. ( 2016).2
Our choice of this data source was motivated by our desire
to build upon the hand-labeled communities in that paper,
which we then used to seed our own community detection
step (see next section). Tweets between June 1, 2015 and De-
cember 31, 2020, were collected using Twitter’s search API
between April and August 2021. Together, this resulted in a
total of 82,661,364 tweets from 14,914,359 unique users.

Filtering

Our analysis proceeds in two steps: a community detec-
tion step (see Community Detection and Matching) and a
semantic leadership network induction step (see Leader-
ship Network Induction). For the former, we filtered out all
tweets tagged as non-English using langid (Lui and Bald-
win 2012); for the latter, we did additional filtering passes
to remove tweets that were retweets, exact duplicates, or
tagged as non-English by langid (Lui and Baldwin 2012)
and fasttext (Grave et al. 2018). The first round of filter-
ing left 69,560,572 tweets; the second round of filtering left
32,652,123 tweets. The breakdown of tweets by timebin and
unique users is shown in Table 1.

Ethics and Privacy

Throughout our analysis, we remain attentive to concerns
about extracting knowledge and intellectual labor from on-
line communities for academic research (Bruckman 2002;

"https://twarc-project.readthedocs.io/en/latest/

In addition to the #BlackLivesMatter hashtag, these tweets
also included 44 additional “keywords related to BLM and po-
lice killings of Black people under questionable circumstances”
(Freelon, Mcllwain, and Clark 2016, p. 21)



Period Time Span Days  Pre-filtered Tweets  Post-filtered Tweets  Post-filtered Users
1 Jan 01, 2014 - Sep 01, 2014 244 7,852,863 1,809,274 331,479

2 Sep 02, 2014 - Dec 24, 2014 114 11,590,864 2,744,459 497,168

3 Dec 25, 2014 - Aug 30, 2015 249 6,775,714 1,804,867 228,935

4 Aug 31, 2015 - Jul 07, 2016 312 2,539,907 695,180 143,220

5 Jul 08, 2016 - May 26, 2020 1419 7,196,284 1,630,376 347,567

6 May 27, 2020 - Aug 06, 2020 72 41,593,336 5,252,117 1,659,510

7 Aug 07, 2020 - Dec 31, 2020 146 5,112,396 877,086 214,050

Table 1: Descriptive statistics: Tweet and user statistics for each temporal partition. Start and end dates are inclusive.

Jules, Summers, and Mitchell 2018; Dym and Fiesler 2020;
Jackson, Bailey, and Welles 2020; Walsh 2023). These con-
cerns motivate our modeling approach, which is designed
to extend rather than replace existing scholarship. In addi-
tion, our multiracial project team has members who have
engaged with the BLM movement in various roles, on and
offline. With respect to concerns about privacy and attribu-
tion, we are not required to identify individual users in most
cases, as the majority of our analysis is undertaken at an
aggregate level. In the four instances where we identify in-
dividual users or their tweets, we take a context-specific ap-
proach (Dym and Fiesler 2020). Figure 6 requires that we
give a sense of the users that comprise each community.
In this case, to avoid unwanted exposure, we rank users by
in-degree and name only those within the top five of each
community that a) have maintained public accounts through
Twitter’s transition to X; and b) as of September 2024, still
meet the “reasonably public” threshold of 3000 or more fol-
lowers as formulated by Freelon et al. (2016). Table 2 re-
quires that we provide examples of the word changes that
our model detects. Here, we follow current best practice by
paraphrasing tweets rather than quoting directly (Dym and
Fiesler 2020; Walsh 2024) because we do not want to expose
activist users or users with low follower counts to unwanted
attention or possible harm (Jules, Summers, and Mitchell
2018). We also confirm via the current X.com search in-
terface that our “ethically fabricated” language (Markham
2012) is not traceable back to the original user. The two
users mentioned by name in the paper are public figures and
as such, have upwards of one million followers.

Community Detection and Matching

Our first goal is to find relatively persistent communities of
Twitter users throughout the full timespan of this study. In
this section we describe the procedure for partitioning the
timespan, mapping nodes to clusters within temporal par-
titions, and matching clusters across temporal partitions to
find cohesive communities.

Defining Discrete Time Periods

We partition the dataset around the local maxima of tweet
frequency, allowing irregular intervals. We find that the rel-
ative maxima correspond to real-world events relating to
BLM. For instance, the first local maximum is found on Au-
gust 11th, 2014, two days after the murder of Michael Brown
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(Anderson 2016; Freelon, Mcllwain, and Clark 2016). We
use these real-world events as a qualitative baseline for val-
idating possible maxima. When additional maxima occur
within 30 days of another maximum, they are grouped into
one period (see Table 3). From the 11 relative maxima that
were extracted using this method, six became markers for
time periods resulting in seven intervals (see Figure 2 and
Table 1).

Time-Specific User Clustering

User graphs We use Freelon’s Twitter Subgraph Ma-
nipulator (TSM)? package to construct graphs from three
forms of user-to-user interaction on Twitter found in tweets:
replies, mentions, and retweets. These graphs are used to
partition users into disjoint clusters in each of the seven tem-
poral bins.

Clustering objective To obtain user clusters, we maxi-
mize intra-group modularity (Newman and Girvan 2004;
Newman 2006) by modifying the Louvain clustering algo-
rithm (Blondel et al. 2008) — a well-known algorithm for
detection of an unconstrained number of communities — us-
ing the TSM package.

Because of our goal of extending the communities iden-
tified in Freelon, Mcllwain, and Clark (2016), which were
hand-labeled by experts on BLM and Black Twitter, we aug-
ment the basic Louvain approach with six seed communi-
ties, consisting of 60 users, which were reconstructed from
the communities documented in the original study. This im-
proved the overall coherence of the clusters, which initial
experiments had demonstrated to be poor.

Clusters We extract the top 50 clusters for each temporal
bin, which can be seen as slices of the larger BLM network,
in the sense that they capture the time-bound representation
of the BLM community structure.

From Clusters to Communities

To find persistent communities from the ephemeral clus-
ters obtained in the previous step, we cast the problem as a
matching problem in a bipartite graph. Specifically, for a pair
of successive intervals, we construct a bipartite graph link-
ing each cluster from one interval to every cluster in the next

*https://github.com/dfreelon/TSM
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Figure 3: Tweet counts over time after filtering, by commu-
nity. Grouping subcommunities allows for more consistent
representation of each community over the entire span.

interval. The weight on these links represents similarity be-
tween the two clusters, and is calculated as a weighted Jac-
card score taking into account the in-degree of the users in a
cluster (Freelon, Lynch, and Aday 2015). Following Freelon
et al., we experimented with pruning the “weaker” edges if
their similarity was below 0.3. However, since our intervals
span over months or years, we see a greater level of frag-
mentation at this threshold. Consequently, we used a knee
plot, which highlights the tradeoff between the number of
matched communities and the jaccard threshold. Using this
diagnostic, we lower the threshold to 0.07, a brightline that
permits persistent communities with noise confined to spu-
rious matches (see Figure 7).

We repeat the matching process between each succes-
sive temporal interval, and throw out any intermediary edges
with similarity less than 0.07, effectively identifying the
chains of clusters that remain most persistent over time.
In summary, the sets of disjoint, independent clusters are
matched to the preceding and succeeding periods producing
65 cohesive and persistent communities (see Figure 3).

Labeling
Labeling Users

With the sequenced slices matched, we can begin to develop
qualitative characteristics for the 65 communities that result.
We sought to generate a basic profile for each by survey-
ing the top 20 users ranked by in-degree in each commu-
nity, and giving each label from a set of iteratively redefined
labels. The decision to use the top 20 users was heuristic;
on average, the top 20 users made up 46.7% of the total
in-degree, demonstrating their centrality to each of the 65
communities. A sub-label is included which qualifies the
sort of membership a user has. For instance, a CNN jour-
nalist like @donlemon would be classified as “Established
Media”, sub-labeled “Journalist.” Each user is given a sec-
ond optional label if the first is insufficiently representative;
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Figure 4: Community size: Count of unique users in each
community. Bar segments represent subcommunity clusters
with height proportional to cluster size.

these labels are not hierarchical, as they are jointly impor-
tant. From this set of classifications and from background re-
search, we agree upon a set of categories which could max-
imally encompass our communities.

In order to establish label agreement, the annotators con-
structed a series of pilot tests. These pilot test annotations
yielded 83% agreement between annotators on average.
With this established, each of the four annotators labeled 360
users. We randomly selected six communities (120 users) to
be annotated by two annotators for agreement. Thus, annota-
tors labeled 1,200 total users once and 120 twice to check for
agreement. We computed Fleiss’s Kappa from the random
pairwise assignment. Since some users received two non-
ordinal labels, we present the maximum agreement score as
reference. On average, interrater agreement was 0.798. Af-
ter coming to consensus on how to define the mismatched
labels, we continued from this user-level analysis to consol-
idating labels for the communities more broadly.

Describing and Grouping Communities

To develop a stronger sense of each community as a whole,
the annotators used the set of labels assigned to its top 20
users to define a short description of each community. Us-
ing the two to four alternative descriptions for each commu-
nity, the annotators then agreed on a final short description.
In order to conduct semantic change analysis and perform
permutation tests, it is necessary to condense the number
of communities analyzed. Using the final short descriptions,
we merged our 65 communities into 12 larger groups (see
Figure 4 and Figure 6; “miscellaneous” not shown).

We excluded two groups from this analysis, one for not
being written in English and the other for containing spam.
Since communities on Twitter change in membership over
time, it is important to check if these group labels are apt.
Once grouped into the 12 macro communities, the average
in-degree of the top 20 users was no less than 20%, suggest-
ing that, relative to the size of their respective communities,



these users play a central role in its dialogue. Thus, their
presence provides important information about the back-
ground of other users and potential insight into how they
may approach discussing social issues.

Leadership Network Induction

We adopted the method from Soni, Klein, and Eisen-
stein (2021) to induce a semantic leadership network be-
tween document sources. Soni et al. 2021 considered a set
of historical newspapers as document sources and individ-
ual articles as documents. In contrast, we consider our Twit-
ter user communities as document sources and individual
tweets as documents.

Besides this superficial difference in the setup, there are
two substantive differences. First, Soni et al. 2021 divided
their timestamped collection of newspaper articles into tem-
poral slices of equal timespans. In contrast, our tweet col-
lection is divided into intervals demarcated by timestamps
of real-world incidents. Second, Soni et al. 2021 considered
document sources to remain fixed over time. In contrast, we
consider communities of Twitter users as document sources
which may undergo changes as a result of users joining,
leaving and migrating between communities. We thus apply
the methodology to our data but note that the interpretation
of influence across communities should be qualified to ac-
count for these user dynamics.

For completeness, we briefly describe the core method-
ology here. Consider any tweet ¢ as a sequence of tokens
(words) w; = (w1, W;2,-..,W; ) from a finite vocabu-
lary V, where n; indicates the tweet length. Our corpus con-
sists of NV tweets, W = {wy,ws,...,wy }. Each tweet has
two labels: a discrete timestamp ¢;, obtained by binning the
document timestamps into one of 7" bins; and a community
label s; based on the community of the tweet’s author.

Semantic Change Detection

To identify semantic changes, we learn temporal word-type
embeddings from data. Other methods to detect semantic
changes using token embeddings have been proposed but
with mixed success (Laicher et al. 2020). Consequently, we
approach the task as learning word embeddings and then
enhancing them to account for information from temporal
or other facets. Words are mapped to embeddings, typically
by maximizing the following probability under the skipgram
language model (Mikolov et al. 2013) between any pair of
nearby tokens (w;, w;/) in a single document ,

ey

where Vo, is the “output” embedding of w;/, and u,,; is the

“input” embeddmg of wj;; both set of embeddings are the pa-
rameters of the skipgram model that are learned from data.
If documents are timestamped, then every input embedding
can be split into a core embedding and a time-specific devi-
ation as follows,

P(wj | wj) o exp (vw,, -uwj) ,

ulj) =by, )

.., is the base embedding of the word w; ; and

; +r£f?').,

where by,

(t)

ry; ; is the residual for time ¢;. The residual turns the core
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meaning to a temporally specific meaning and are hence reg-
ularized towards zero to follow the assumption that for most
words the core meaning remains intact over time. Embed-
ding decomposition of this type has been used in other appli-
cations such as to identify geographic variation (Bamman,
Dyer, and Smith 2014) or perceptual differences in mean-
ing (Gillani and Levy 2019).

Once the base and the residual components of the input
embeddings for each word are obtained, semantic changes
can be found by comparing near-neighbors in the embed-
ding space (Hamilton, Leskovec, and Jurafsky 2016a). The
upshot, at the end of this step, is a ranked order list of triples,
consisting of the word that has changed, the timestamp for
the onset of the change, and the timestamp for the conclu-
sion of the change.

Identifying Semantic Leaders

For each semantic change, we then score the communities
that lead or lag that change. To do this, the input embeddings
in Equation 3 are modified to include a residual term for the
community of each token. The input embedding is rewritten,

) = by, 3)

’Ll)77’

+I‘(t) +I‘(t 5)7

Wi, j Wi, j
where rgu i ) s the source-specific temporal deviation
added to the temporal and atemporal components of the in-
put embedding.

Next, a leadership score is calculated between a pair of
communities s; and s, and for a given change (w,ty,t2),
where ¢; < 5 are the timestamps of a change in the mean-
ing of word w, as a ratio of cross-correlation between the
sources to the auto-correlation in meaning as follows,

usjlv'sl) . u7(j2782)
LEAD(s1 = s9,w, t1,t2) = ——s—r—s ()
ulbs2) |yl

The tuple (s1 — s2,w, t1,t2) can be referred as a leader-
ship event denoted by e. A higher LEAD(e) score indicates
more leadership; a score of 1 corresponds to a baseline case
of no leadership.

Inducing Leadership Network

We can aggregate the leadership scores for each word ob-
tained from Equation 4 to construct a dense network be-
tween the communities. However, such a network may in-
clude changes that are, at best, spurious correlations due to
random noise or structural biases such as temporal prece-
dence of certain communities over others. To account for
spurious correlations, we create K = 100 randomized
datasets by randomly swapping word tokens between com-
munities. In principle, randomization breaks the link be-
tween individual communities and their contextual word
statistics. Consequently, lead-lag relationships retained in
the randomized dataset must be attributed to either structural
bias or random noise. We filter out such spurious lead-lag
relationships by comparing the lead score for a leadership
event in the original non-randomized dataset against a set
of lead scores for the same event in each of the randomized



datasets. Any event in the final set of leadership events for
further analysis satisfies the following criterion,
LEAD(e) > ® g5 ({LEAD(k)(e)}szl) , )
where the function @ o5 (.5) selects the 95th percentile value
of the set S. The final output of the entire procedure is a
list of events that can be aggregated to produce a weighted
directed network between the communities, with the weight
on any edge indicating the number of linguistic changes for

which the pair of communities are in a lead-lag relationship
of statistical significance.

Results

Our approach offers insight into the changing meaning of
conceptual keywords (Williams 1985) related to political ac-
tivism and the BLM movement, as well as about the specific
communities that helped to spread those changed meanings.
Here we discuss several sets of semantic changes identified
by our model and the significance of the overall network we
construct. Taken together, these results affirm the validity
of our model and its underlying community clustering ap-
proach, as well as the crucial work done by BLM activists to
shape conversations about police violence, antiblack racism,
and possible solutions to both. They also affirm the impor-
tance of Black celebrities in communicating the ideas of
BLM to the general public, as well as the presence of con-
servative critics who push back against activist discourse —
and, at times, co-opt its language. Below we discuss the find-
ings from each phase of our methodological pipeline, build-
ing towards a conclusion about the decade-long lead-up to
the current political climate in which the words of social
justice and antiracism themselves have become the subject
of legislative attention.

Semantic Changes

The first part of our model identifies the words that demon-
strated statistically-significant semantic changes (Table 2).
Beginning with general terms related to activism, we find
that the term activists undergoes a shift in meaning be-
tween 2014-2015, following the murders of Freddie Gray
and Sandra Bland, when it has no particular connection to
the work of BLM — its near neighbors are terms like “de-
tained,” “targeted,” and “scuffle” — to the summer of 2020,
by which point the term is very clearly associated with BLM
activists in particular, as indicated by near neighbors in-
cluding “blackled,” “movements,” “bipoc,” and “advocates.”
The term action, similarly, enters the dataset with no spe-
cific connotations of activism (its near neighbors are re-
lated to TV news channels) but, by the summer of 2020,
has acquired specific valences of political change, as evi-
denced by the near neighbors of “meaningful,” “tangible,”
“steps,” and “stand.” In a similar manner, the word active
also acquires connotations specific to allyship, as indicated
by near neighbors of “learning,” “listening,” and “unlearn-
ing,” among others. (The terms allyship and learning un-
dergo similar changes, acquiring each other as near neigh-
bors along similar timeframes).
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Terms like “listening” and “learning” point to more spe-
cific ways that BLM activists shaped the broader conversa-
tion about how to engage in activism around racial justice as
well as how to contribute as an ally. But additional terms in-
dex specific issues and debates. For example, the term abol-
ish begins with associations with the death penalty and, in
2020, acquires an expanded meaning that encompasses the
abolition of the police — a key component of the BLM
platform. The term abolishing, similarly, acquires the near
neighbors of “defunding,” “reallocating,” “reforming,” and
“demilitarization” as the summer of 2020 approaches. We
also find theory, as in “critical race theory,” coalescing as a
keyword during this time, acquiring associations with both
“crt” and “ideology.” Taken together, these word changes
point to a clear coalescing around the discourse of racial jus-
tice that we have come to associate with the movement.
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Leadership Network

Unexpected insights begin to emerge when looking at the
leadership network overall. To be sure, we observe the influ-
ence of the BLM activists (Figure 5a), who claim an outsized
number of word changes in comparison to most other com-
munities. The progressive community, which sits slightly
closer to the center than the activist community, can count
a significant number of word changes as well (Figure 5d),
and it would make sense that the pattern of the progressives
would track that of the BLM activists but less strongly. What
is perhaps unexpected is that the conservative community —
moreso than the center/left news media — is the most sub-
stantial follower of both the activist and progressive com-
munities. While we might expect a more gradual path from
the left to the center, and then to the right, our method shows
how the conservative community engaged directly with the
activist and progressive communities from the start.
Another unexpected but not surprising result was the
strong role of the community of Black celebrities in com-
municating the ideas of the BLM movement to the general
public (Figure 5b). Indeed, Black celebrities claim 24.73%
of all of word changes, and are followed by activists, then
center/left news media, and conservatives in high propor-
tion. This finding suggests that the direct association with
the BLM movement may mark its activists for pushback
— and, at times, outright aggression — by the conserva-
tive community, the celebrity status of those in the Black
celebrity community may protect them from some of the
conservative vitriol, and as a result, allow them to communi-
cate the ideas of the activists to a broader public. We see this
in their leadership of terms like activism, which transforms
from the specific context of social movements to a word
that itself indexes a role of social importance, as indicated
by the near neighbors of “importance,” “career,” “societal,”
and “impact.” We also see this in the terms that one would
seem to associate with the BLM movement itself, such as
listen. The connotations of learning and unlearning, as well
as amplifying the voices of those with direct experience-as
indicated by the near neighbors of “learn,” “unlearn,” “am-
plify,” and “explain,” are communicated to the center/left
news media commmunity from the Black celebrities. In ad-
dition, we find this community influencing the community



Word Span Earlier Tweet Later Tweet

theory T3—T7  #MikeBrown smearing follows classic a conspiracy the-  Critical Race Theory is an actual theory not just three
ory pattern... words...

active T2—T6  Downtown is active right now! I'm calling for everyone, regardless of race, to get up

and get active, and NOT BE SILENT!

abolish T4—T6  Miscarriages of justice occur, especially to African  Abolish the police. Their actions have shown for
Americans. This is precisely why the US should abolish  DECADES that they do not value Black lives.
executions!

allyship  T2—T6  #AllLivesMatter is not allyship. It’s not all lives that are A great convo on allyship, the importance of unlearn-
in danger... ing, and the dangers of white apathy...

learning T1—T6  Just learning the details about #MikeBrown. Heartsick  Listening. Learning. Acting. Here is an update on the

for him, his family, his community, and all of society

steps we are taking

Table 2: Semantic changes: Examples of semantic changes with the tweets in which they appear, paraphrased from the original.

of progressives, passing along the changed meaning of the-
ory, discussed above, as well as the more basic concept of
equity. Interestingly, the conservative community at times
learns directly from the Black celebrity community. In par-
ticular, the term nonracist is introduced by this community,
and is adopted directly from the conservative community
from there.

A final observation has to do with the role of the conserva-
tive community in introducing new word meanings-and not
just adopting them (Figure 5c). While few of these words
are conceptual keywords, their overall number is substantial.
This finding confirms the consistent and persistent engage-
ment of these ideas by the conservative community — not
only in the wake of the summer of 2020, but from the move-
ment’s start. That these words are not conceptual keywords
at once confirms prior findings about how conservatives —
as well as white people as a group — demonstrate a lead-lag
relationship with BLM activists (Le-Khac, Antoniak, and So
2023) and shows how they engaged at the level of discourse:
through the wide array of words that make up a language.

Implications and Limitations

The wide range of statistically significant words in our
dataset that are associated with political activism and with
the BLM movement in particular, as well as the communi-
ties that they were introduced and/or adopted by, confirm the
effectiveness of our approach for detecting semantic change
and measuring leadership within a large and heterogeneous
Twitter community. It also provides an additional layer of
evidence for the valuable work of BLM activists, as well
as Black celebrities, in advancing the cause of racial justice
over the past decade. More recently, as Twitter has become
X, and has prompted the scattering of the diverse commu-
nities who previously conversed together, we may need to
consider additional adaptations to our method of detecting
semantic change, just as we will need to reimagine the ways
in which activists can spread their messages to a broader
public and enlist others in their cause.

As far as the prominence of the conservative community
in our study, we see significant implications for our under-
standing of the emergence of the “anti-woke” and ‘“anti-
DEI” agenda that, at the time of this writing, has entered
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legislation in nine US states (Ray and Gibbons 2021) and
appears poised to wholly reshape government agencies and
funding at the federal level. Whereas the common narrative
is that this movement emerged in the aftermath of the sum-
mer of 2020, and has since been fueled by the Republican
party, our findings show that there has always been direct
conservative engagement with the discourse of Black Lives
Matter. Moving forward, this finding may reshape the narra-
tive of “conservative backlash” and, instead, point to a story
of continual pushback and even outright aggression that met
the movement from its start.

Finally, we would like to highlight a key absence in this
project, which is the missing data that might otherwise docu-
ment the crucial role of the young Black activists who fueled
the movement from its start. These regular young people
were essential in the movement’s early phases, as they were
in organizing the on-the-ground protests that took place in
every city where a police killing took place. Qualitative re-
searchers have documented their crucial role (Jackson, Bai-
ley, and Welles 2020; Clark 2024), as have news reports
(Xue 2020), yet their status as regular young people has
meant that they lack the protections granted to celebrities or
even to adults. As activists, they have been subjected to ha-
rassment and intimidation, and in some cases they have even
been killed by the police themselves (Press 2019; del Rio
2020). As early as mid-2015, when Freelon et al released
their initial findings on the network structure of #BLM, they
found that the young Black activists who had been present
in their data in 2014 had disappeared eighteen months later
(Freelon, Mcllwain, and Clark 2016). Using the usernames
of their young Black activist community as seeds, we found
similarly that these users had largely disappeared-save for
the few who themselves became famous, and joined the
Black celebrity community instead.

In her influential theorization of missing data sets, the
artist and educator Mimi Onuoha explains how the gaps
in datasets provide “cultural and colloquial hints of what
is deemed important,” and further observes how “this lack
of data typically correlates with issues affecting those who
are most vulnerable in that context” (Onuoha 2018). In our
#BlackLivesMatter dataset and the findings that it has en-
abled, these young Black activists constitute this precise
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Figure 5: Linguistic leadership: The linguistic leadership of key communities including (a) activists, (b) Black celebrities, (c)
conservatives, and (d) progressives with their contributions highlighted. The height of each bar is proportional to the overall
number of words a community leads (left) or follows (right). The height of the connecting band is proportional to the number

of words the community on the left leads the one on right.

form of missing data. Thus as we celebrate our findings for
how they affirm the role of the Black Lives Matter move-
ment in shaping a larger public conversation, we must also
hold space for what our study cannot confirm, which is the
equally crucial role played by the activists whose words
are missing from our dataset. Even if their words are un-
recorded, they are not unremembered.

Conclusion

In this project we describe a method of modeling seman-
tic leadership across a set of communities associated with
the Black Lives Matter movement, which has been informed
by qualitative research on the structure of social media and
of Black Twitter in particular. We describe our bespoke ap-
proaches to time-binning, community clustering, and con-
necting communities over time, as well as our adaptation of
state-of-the-art approaches to semantic change detection and
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semantic leadership induction. We find substantial evidence
of the leadership role of BLM activists and progressives, as
well as Black celebrities. We also find evidence of the sus-
tained engagement of the conservative community with this
discourse, suggesting an alternative explanation for how we
have arrived at the present political moment, in which “anti-
woke” and “anti-DEI” policy is being enacted nation-wide.
Contrary to the dominant narrative of conservative backlash
against a movement that became too radical for the center to
support, we find that the conservative community had been
engaging directly with the BLM movement from its very
start. The conservative community is the largest follower of
word changes across the entire timespan of our study, and
introduces many word changes as well, albeit few original
conceptual keywords.

From our present vantage-point, in Spring 2025, we can
now see the result of this sustained conservative engage-



ment: a distortion of the meaning of the words that Black
Lives Matter worked so hard to bring to public attention, ul-
timately weaponizing the most powerful of these words to
lead to policies that dismantle, rather than more fully real-
ize, the movement’s original goals. With this in mind, just as
we recognize the role of the young Black activists who are
missing from our data, we also recognize and hold space for
the valuable work of all those involved in the Black Lives
Matter movement. While the immediate gains of their work
are currently being dismantled, the ideas behind their words
remain a powerful force. We submit this paper as evidence
of what words can accomplish when coupled with a commit-
ment to action and an unwavering belief in the importance
of equality and justice for all.
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1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying dis-
respect to societies or cultures? Yes, and in fact this
research seeks to directly intervene into and help to
remedy existing socio-economic divides.

(b) Do your main claims in the abstract and introduc-
tion accurately reflect the paper’s contributions and
scope?Yes, see the Abstract and Introduction.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made Yes, see the
Background and Prior Work section, along with the
various methods sections.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, see
the Data and Implications and Limitations sections.

(e) Did you describe the limitations of your work? Yes,
see the Implications and Limitations sections.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, see the Ethics and Privacy
section, which discusses harms potentially brought
about by social media research and our steps to mit-
igate them.

(g) Did you discuss any potential misuse of your work?
No, because we do not see any potential misuse of our
work.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, see the Ethics and Privacy section,
which discusses harms potentially brought about by
identifying individual users and our steps to mitigate
them. Should the paper be accepted, we will provide
only derivative data so as to preserve anonymity. We
will make our own code publicly available via GitHub.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes,and we
take ethical considerations very seriously.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? NA

(b) Have you provided justifications for all theoretical re-
sults? NA



(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA

(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? NA

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? NA

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? NA

(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, see the Background and Prior Work and
Data sections.

(b) Did you mention the license of the assets? NA

(c) Did you include any new assets in the supplemental

material or as a URL? No, but we will put our code on

GitHub if the paper is accepted.

Did you discuss whether and how consent was ob-

tained from people whose data you’re using/curating?

Yes, see the Ethics and Privacy section, which dis-

cusses our decision to paraphrase rather than obtain

consent from individual users; and our use of a “rea-
sonably public” threshold for naming specific users,
both employe due to concerns over exposure and harm.

Did you discuss whether the data you are us-

ing/curating contains personally identifiable informa-

tion or offensive content? Yes, see the Ethics and Pri-
vacy section and our response to 5d just above.

(d)

(e)
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(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see (FORCELI1 2020))? NA

(g) If you are curating or releasing new datasets, did you

create a Datasheet for the Dataset (see (Gebru et al.
2021))? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

Appendix
Maxima Additional Candidate Maxima
Sep 02, 2014 n/a
Dec 25,2014  Dec 18, 2014
Aug 31,2015  Mar 14, 2015; Apr 10, 2015; May 04, 2015
Jul 08, 2016 n/a
May 27,2020 n/a
Aug 07,2020  Sep 05, 2020; Sep 25, 2020

Table 3: Maxima: Additional candidate maxima that were
merged into the final time bin segments.

Community Short Label
Black Twitter btwitter
Allies/Academics allies

BLM Activists activists
Progressives progressives
Conservatives conserv
Black Celebrities bcelebs
Mixed Celebrities mcelebs
Center/Left Politicians centleftpols
Center/Left News Media  centleftnews
Local News localnews

International Users intl

Table 4: Labeling Scheme: Table translating between the
long and short labels used throughout this paper.
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Figure 6: Top Community Members: The most central users of each subcommunity cluster, with color indicating final com-
munity grouping. Users with fewer than 3000 followers (as of September 2024) or with inactive accounts are not shown. Note
that ranking by in degree leads to certain users (e.g. @realdonaldtrump) being included in communities in which they engage
adversarially.
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Figure 7: Viable thresholds: A knee plot showing the num-
ber of matched communities at Jaccard similarity thresholds
between 0 and .3 in increments of .0125.
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