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Abstract
Black Twitter is an informal online network of Black users
who leverage Twitter to share perspectives, build commu-
nity, and mobilize around cultural and social justice issues.
Black Twitter is a unique socio-cultural space where collec-
tive identity, shared experience, and cultural production con-
verge. In this empirical study, we discuss Black Twitter as a
virtual community, an online field site shaped by social in-
teraction and platform dynamics, drawing on digital ethno-
graphic methods like participant observation to understand
its dynamics and the socio-technical systems that shape it.
While existing frameworks and checklists fall short in pro-
viding methods for specifically studying virtual communities
such as ignoring concerns of extracting data from closed com-
munities and pushing for open access, we introduce an ethics-
centered checklist for studying Black Twitter and more gen-
erally, marginalized virtual communities by addressing risks
such as data misuse, data ownership, and misrepresentation.
Applying this checklist, we conduct case studies to: 1) ana-
lyze how automatic moderation systems impact Black Twit-
ter users’ experiences and 2) explore in-group agreement on
ownership and usage of reclaimed language. We find that
moderation systems often misinterpret culturally-specific lan-
guage and norms around reclaimed terms. To illustrate how
users adapt language to circumvent flawed moderation sys-
tems, we perform keyword analysis to reveal that character-
level perturbations of the communities’ reclaimed slur re-
duces toxicity scores by 30.7%. Additionally, we conduct
a community-sourced survey in which responses show that
views on reclaimed slurs vary, with some linking them to
the African diaspora and others to Black American identity,
underscoring the need for culturally-aware moderation. Ulti-
mately, our checklist offers an actionable framework for re-
searchers to ethically engage with marginalized virtual com-
munities emphasizing cultural nuance, accountability, and
self-awareness.

Introduction
Black Twitter represents a vibrant virtual community where
collective identity, shared experiences, and cultural produc-
tion converge to create a socio-cultural hub for members
of the African Diaspora. It is a space that highlights both
the potential of marginalized communities to build solidar-
ity and the challenges posed by the algorithms that surveil,
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shape, and sometimes suppress their voices. In a 2019 in-
terview with Baylor University Media and Public Relations,
Dr. Mia Moody-Ramirez, co-author of From Blackface to
Black Twitter: Reflections on Black Humor, Race, Politics,
& Gender and professor of Journalism, Public Relations and
New Media at Baylor University, described Black Twitter as

a grassroots movement within Twitter that has
provided a virtual community of mostly African-
American Twitter users a collective voice on a variety
of issues, including Black Lives Matter. Black Twit-
ter users often identify themselves using the #black-
twitter hashtag or by focusing on issues related to the
black experience (White 2019).

This articulation underscores the importance of Black Twit-
ter not only as a cultural and political force, but also, from
a research standpoint, as a rich and influential online com-
munity that drives internet culture, supports political mo-
bilization, and offers a valuable site for cross-disciplinary
scholarly inquiry. Existing at the intersection of media stud-
ies, race and ethnicity studies, linguistics, and computer sci-
ence, this community has the potential to inform and bring
insight to many existing questions that these disciplines pose
(i.e. What role do marginalized virtual communities play
in agenda-setting and framing during political and social
movements? How are distinctive features of African Amer-
ican Vernacular English (AAVE) introduced on Twitter and
influence internet language?). While Black Twitter has been
examined meaningfully across these disciplines, with many
scholars acknowledging the ethical complexities of studying
a marginalized online community (Mott and and 2021; El-
wood and and 2018; Hair and Clark 2007; McInroy 2016),
the field of AI has largely fallen behind in adopting simi-
lar practices and approaches (Lee, Jung, and Oh 2023; Dev
et al. 2021; Koenecke et al. 2020).

Within AI and machine learning (ML), Black Twitter and
other marginalized digital communities are often treated as
mere data sources rather than as communities, with little
regard for the potential harms of extraction, misrepresen-
tation, generalization, or misuse. These harms range from
the appropriation of entire online personas to seed syn-
thetic data for generative models, to LLMs generating text
about closed religious practices in Indigenous languages,
sometimes exposing cultural secrets (Farahani and Ghasemi
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2024; Haj Ahmad et al. 2025; Arora et al. 2023; Colón Var-
gas 2024; Olson, Guzmán, and Kunneman 2023). The ML
community has built socio-technical infrastructures on the
backs of data extracted from marginalized communities, of-
ten without adequate ethical precautions or care to protect
them (McElroy and Vergerio 2022; Farayola et al. 2023;
Angwin et al. 2016). As a result, these communities have
grown wary and distrustful of AI and ML systems (Latham
and Crockett 2024). They are often forced to find ways to
circumvent or resist these technologies, or to bear the bur-
den of discovering and advocating for solutions to the harms
and biases these systems perpetuate (Knowles et al. 2023;
Katyal 2022). This lack of ethical engagement not only risks
reinforcing systemic biases but also overlooks the cultural,
political, and emotional labor used to build and maintain
these spaces. As a result, AI often fails to account for the
impact that model development, deployment, and evaluation
can have on the very communities it draws from.

Several checklists, frameworks, and guidelines have been
proposed to support ethical, community-aware AI research.
Many emphasize the importance of engaging with stud-
ied communities through participatory methods across the
research pipeline (Olson, Guzmán, and Kunneman 2023;
Parthasarathy and Katzman 2024; Ungless et al. 2025).
These works often highlight the need for community feed-
back on research questions and methods, as well as the for-
mation of community partnerships to validate the reliability
of decisions made throughout the process. Other research fo-
cuses on data stewardship, advocating for responsible data
collection practices such as respecting copyright and terms
of use, accurately documenting the population from which
the data originates, and being mindful of potential misuse
or exposure of the studied community (Rogers, Baldwin,
and Leins 2021). Some scholars have even challenged dom-
inant notions of autonomy and self-determination, arguing
that these ideals can further marginalize underrepresented
groups. Instead, they call for a shift toward relational auton-
omy as part of broader efforts to decolonize AI (Mhlambi
and Tiribelli 2023).

While these and other ethical AI guidelines exist, they
are often too broad to address the specific challenges of re-
searching marginalized digital communities. In this paper,
we propose a community-informed ethics checklist tailored
to studying Black Twitter as a virtual community. Our goal
is to offer actionable guidance for responsible engagement,
data stewardship, and navigating the ethical complexities of
virtual ethnography, particularly in contexts where algorith-
mic systems may amplify harm. Through this work we ex-
plore the following questions: How can Black Twitter be
conceptualized as a virtual community? What ethical chal-
lenges arise when studying marginalized online communi-
ties? How do algorithms affect the visibility and interactions
within Black Twitter?

Additionally, we will situate Black Twitter within broader
discussions of content moderation and platform governance,
advocating for community-centered approaches that amplify
marginalized voices. We utilize this checklist to conduct a
small mixed-method study on the usage of the n-word within
Black Twitter. Through this case study we perform a quali-

tative analysis of survey responses centered around the topic
of reclaimed slur ownership and in-group vs out-group us-
age of the n-word. We found differing views on ownership
of the reclaimed slur, with many respondents sharing that the
historical context of this word influence what specific group
this word is tied to. These responses aligned with general
acceptability and usage of the word, noting that 80% of re-
spondents stated that individuals out-of-group should never
use the reclaimed slur. Additionally, we analyzed about 1.7
thousand tweets that utilized the n-word, assessing the sen-
sitivity of Detoxify, a popular toxicity classifier, around the
use of linguistic self-censorship, the misspelling and pertur-
bation of words as a method to evade content moderation,
as a means to circumnavigate repressive and bias content
moderation systems. We found an alignment with the use of
self-censorship and lower identity attack scores compared to
the uncensored use of the word. Specifically, when we aug-
mented the tweet from an uncensored use to an censored use,
the self-censorship reduced the identity attack score on aver-
age by 30.7%. This suggested 1) that Detoxify heavily relies
on reclaimed slur usage as a feature for classification and
2) that the use of self-censorship seems to successfully re-
duce the likelihood of a tweet being classified as an identity
attack.

This research contributes to the larger body of work on
virtual communities by framing Black Twitter as a case
study that highlights the need for socio-technical systems
that prioritize equity and inclusion. The long term goal is to
explore how platform design can be improved to better serve
marginalized groups and address the ethical and technologi-
cal challenges they face.

Background
Concept of a Virtual Community The concept of vir-
tual communities has been explored in numerous scholarly
works, offering frameworks for understanding how digital
spaces facilitate social connections and shared identities.
Rheingold (2000) defines virtual communities as “social ag-
gregations that emerge from the Net when enough people
carry on those public discussions long enough, with suffi-
cient human feeling, to form webs of personal relationships
in cyberspace.” This definition emphasizes the importance
of emotional bonds and information exchange as core fea-
tures of virtual communities. Ellis, Oldridge, and Vascon-
celos (2004) builds on this, noting that virtual communities
also balance the provision of social support with the sharing
of personal experiences, which helps to create a sense of be-
longing. Kuntsman (1970), in her study of a virtual commu-
nity of Queer Russian GLBT individuals in Israel, highlights
how societal hierarchies and unspoken community rules per-
sist even in digital spaces. These foundational works provide
the tools to analyze the features necessary for defining vir-
tual communities.

In the case of Black Twitter, it is a space where mem-
bers can share personal experiences, engage in political dis-
course, and perform collective identity. These activities are
central to understanding Black Twitter as a virtual commu-
nity. By leveraging language, humor, and cultural practices,
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members navigate a space that both shapes and is shaped by
their collective experiences as part of the African Diaspora.

Algorithms and Marginalized Communities Within the
virtual space, algorithms play an increasingly important role
in shaping these communities often reinforcing and am-
plifying biases that disproportionately affect marginalized
groups. Noble (2018) discusses how algorithms encode sys-
temic inequities, particularly within search engines and so-
cial media platforms. She argues that these algorithms pri-
oritize dominant narratives while suppressing marginalized
voices, which exacerbates issues of visibility through sys-
temic biases. Bender et al. (2021) extend this argument
to large-scale language models, showing how AI systems
trained on biased datasets further perpetuate these inequities.
The result is an amplification of societal biases and a distor-
tion of the representation of marginalized groups, including
Black Twitter users.

In the context of Black Twitter, algorithms can signifi-
cantly influence which voices are heard, which trends gain
traction, and how discourse is shaped. The amplification of
certain narratives—especially those that align with main-
stream cultural norms—can suppress the complex, diverse,
and often resistant voices of marginalized communities. This
suppression can have serious implications, not only for the
visibility of Black Twitter, but for its role as a space for cul-
tural production and resistance.

Black Twitter Black Twitter has become a critical space
for cultural production, activism, and resistance. Scholars
like Brock (2012) and Williams (2016) frame Black Twit-
ter as a cultural hub where linguistic creativity and shared
experiences converge. Black Twitter has served as a site of
political resistance and collective action, with movements
like #BlackLivesMatter using the platform to mobilize and
organize. Harlow and Benbrook (2019) and Jones (2013) ex-
plore how Black Twitter acts as both a space for social com-
mentary and a platform for social empowerment. Through
the use of humor, wordplay, and shared cultural knowledge,
Black Twitter users navigate racial and social dynamics in
ways that mainstream platforms may overlook or suppress.

Black Twitter also plays a key role in counteracting the
marginalization of Black voices. It is a space where users as-
sert their identity, engage in cultural expression, and create
solidarity around shared experiences. Through these activi-
ties, Black Twitter serves as both a virtual community and
a site of resistance against the algorithms and systems that
attempt to control or suppress these voices.

Ethical Considerations Researching communities like
Black Twitter raises critical ethical questions, particularly
when the researcher’s role is that of both observer and par-
ticipant. Haraway (1988) critiques the notion of objectivity,
emphasizing that claims of neutrality often serve to dismiss
the voices of marginalized groups. She argues that instead
of striving for an unattainable objectivity, researchers should
embrace positionality, acknowledging their own biases and
the ways in which their research practices can influence the
communities they study. This aligns with Harrison (2016)
argument that the perspectives of marginalized groups must

be central to research and theory-building.
Ethical concerns in studying Black Twitter are com-

pounded by the dynamics of digital research. Constable
(2012) discusses the challenges of building trust in online
spaces, particularly when the researcher’s presence can dis-
rupt the natural flow of community dynamics. Trust and au-
thenticity are crucial when engaging with marginalized com-
munities, and researchers must be mindful of their role in
preserving the integrity of the communities they study.

Methodology for Ethical Checklist
In this section we discuss the various axes of ethical con-
cerns and considerations that researchers should take when
studying marginalized digital communities including posi-
tionality, data sharing, anonymity, and aggregation, the in-
clusion of community in the research pipeline, and obser-
vation of community discourse and practices. We will then
contextualize each axes in the context of researching Black
Twitter. Within this section we attempt to answer the ques-
tion: What ethical challenges arise when studying marginal-
ized online communities? At the end of the section, we pose
a ethics checklist of actionable items that we encourage re-
searchers to take in order to better protect studied communi-
ties.

Positionality of Researcher Fuchs (2018) highlights how
data ownership becomes complex when individuals share
content in public forums. Black Twitter, despite being hosted
on a public platform, functions as a relatively enclosed com-
munity defined by shared cultural practices, followed ac-
counts, and specific content. Without dedicated hashtags or
explicit demarcated spaces, Black Twitter’s boundaries are
subtler, making it difficult for outsiders to identify its mem-
bers and content accurately.

As a researcher and participant within this virtual space of
Black Twitter, I 1 recognize the exclusivity and privacy that
characterizes the community. This raises a critical question:
Do I, or more generally Black researchers, have the right to
research it? The answer is not straightforward. While Black
researchers like myself seek to highlight the importance, in-
fluence, and power of Black Twitter, we must also acknowl-
edge the potential costs. Many works infer that marginal-
ized communities are more comfortable working with in-
community members due to the distrust and extractive na-
ture of out-group members as well as an overall distrust
of research (Lee and Rich 2021; George, Duran, and Nor-
ris 2014). Dr. Cindy Peltier, a associate professor specializ-
ing in Indigenous and community-based research methods,
shared in a 2021 Wired article discussing Indigenous data
sovereignty and the study of Indigenous communities that
“folks would come in and take information and then publish
whatever they wanted without ever consulting the commu-
nity” (Huckins 2021). Klassen and Fiesler (2022) explains
that, “[s]everal participants expressed that White people do-
ing research on Black Twitter . . . seemed colonizing” and
one of their participants noted that “[they] don’t mind Black
people in the academic world sort of reflecting and research-

1”I” is in reference to the first author.
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ing these experiences because [they] think, on some levels,
it’s a shared experience. And [they] think those voices need
to be heard in those areas” (pg 7). These perspectives under-
score that positionality matters. Researchers within the com-
munity are better positioned to engage ethically whilst still
approaching the work with humility, sensitivity, and aware-
ness of impact.

Positionality refers to the idea that our situated knowl-
edge, shaped by our identities, lived experiences, and socio-
cultural backgrounds, influences our perspectives, assump-
tions, and decision-making processes (Rose 1997; Secules
et al. 2021; Yip 2024). For both in-group and out-group com-
munity members, researchers must consistently assess how
their positionality and identity, in the context of the work
being conducted, shape the decisions they make throughout
the research process.

As researchers, we must ask ourselves: Why do we care
about the work we do? What motivates us to pursue it? And
how does our identity influence the lens through which we
interpret this work?

This self-reflection is especially important for research
that directly engages with or impacts communities, includ-
ing work on fairness, ethics, and the deployment of machine
learning systems. Yet even seemingly distant areas like in-
formation extraction or code generation must account for
how data diversity, language accessibility, and inclusive de-
sign are shaped by the researcher’s own positionality.

Regardless of community membership or the type of re-
search you conduct, it is essential to examine our own biases
and beliefs and how they shape the decisions we make and
the research we pursue (Singh et al. 2025). Acknowledging
one’s positionality in relation to their work is a foundational
step in responsible research.

Anonymity, Data Sharing, and Aggregation
Anonymization of identifiable markers - such as han-
dles, replies, and location - is a critical ethical step prior to
analyzing or sharing data from marginalized communities.
This is particularly important because Black Twitter often
serves as a site for discourse and organizing, making vocal
users vulnerable to suppression or targeting. Although users
consented to share their content publicly under Twitter’s
guidelines, they did not consent to have their sometimes
outlandish tweets be plastered on a research poster for
out-group members to engage with out of context or without
social understanding. The ability to trace a tweet or social
media posting back to real identity of the author poses
various threats to the separation of online and in-person
existence, and for many individuals is a violation of their
privacy. Beyond anonymization, ethical analysis of social
media data also requires careful attention to how data is
aggregated, as the ways we group and categorize users can
significantly shape both the findings and their potential
impact.

Aggregation of data must be approached with care. Re-
searchers should avoid overgeneralization or drawing overly
broad claims based on a small subset of data. While data can
reveal trends, it is crucial to acknowledge this limitation and
that the studied community is not homogeneous in thought

and belief. Aggregation should be informed by existing so-
cial science literature to avoid harmful oversimplifications.
For instance, grouping individuals from diverse Asian back-
grounds under a single label like ”Asian” ignores varying
lived experiences and can lead to inaccurate conclusions. In
many communities, there has already been a push for dis-
aggregation of demographic groups. Studies have found that
disaggregated methods have had explicit benefit to the in-
dividual communities and improved data quality and anal-
ysis when communities were assessed separately (Nguyen,
Nguyen, and Nguyen 2014).

Parallel to this, within computer science, an increasing
number of studies highlight the importance of preserving
disagreement in subjective tasks such as hate speech de-
tection or emotion classification (Sandri et al. 2023; Lari-
more et al. 2021). These works often note that even aggre-
gating annotations across in-group and out-group members
can obscure meaningful differences, as individuals within
the same community may still express diverse and conflict-
ing perspectives. By being more intentional in our aggre-
gation practices and being more transparent about our meth-
ods, researchers can minimize the harm inflicted on the stud-
ied communities. In addition to careful aggregation, ethical
research also demands thoughtful consideration of how data
is shared, as the redistribution of content from marginalized
communities can amplify harm if not handled with care.

Inclusion of the Community and Data Sovereignty We
emphasize the need for participatory research. The inclu-
sion of community members at every stage of the research
pipeline is crucial. This extends beyond relying on re-
searchers who identify as part of the community. Individual
researchers bring their own biases and cannot fully represent
the diversity of the community - they are not a representation
of their community. Failing to involve the broader commu-
nity risks undermining both the quality of the research and
its relevance to those it seeks to represent.

Community involvement can take many forms. For ex-
ample, researchers could partner with nonprofit organiza-
tions embedded in the community, involve representatives in
research meetings, and incorporate their feedback at every
step. Sharing major milestones with community members
outside of academia and implementing their suggestions can
further enhance the research. Employing in-group annota-
tors to validate results ensures that the conclusions align
with the community’s perspectives. Using mixed methods,
researchers can incorporate qualitative insights to comple-
ment quantitative findings, producing research that the com-
munity values and supports.

Furthermore, the inclusion of Indigenous data sovereignty
principles and data practices should be utilized to en-
sure self-determination of studied marginalized virtual com-
munity. Walter et al. (2021) states that Indigenous data
sovereignty ”affirms the rights of Indigenous Peoples to de-
termine the means of collection, access, analysis, interpre-
tation, management, dissemination and re-use of data per-
taining to the Indigenous Peoples from whom it has been
derived, or to whom it relates”. It is the idea that data ex-
tracted from these indigenous communities are cultural arti-
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facts. We can apply similar principles for marginalized vir-
tual communities in which the data and content they craft
and create are culturally specific relics that embody social,
political, and community norms. These relics thus need to
be protected and managed by the communities they are ex-
tracted from.

Platform Capitalism Platform capitalism refers to the
economic beneficiary structure that underlies many digital
platforms, that is the commodification of user behavior and
generated data for profit (Pasquale 2016; Srnicek 2017).
Rather than finding value in goods and services, platforms
like Twitter extract value from social interactions on their
platforms. Under this model, platforms do not merely host
communities, they exploit them. Spaces like Black Twit-
ter are harvested by researchers, marketers, advertisers, and
the platforms themselves for the rich cultural linguistic data
that is labored by the users without consent. This creates
a dynamic of data extraction, where Black cultural produc-
tion fuels platform engagement and profit, but the commu-
nities that generate it are rarely acknowledged or materi-
ally supported. Black users have consistently been overrep-
resented on Twitter making up about 25% of U.S. users by
2010 despite only being about 13% of the general population
(Heussner 2010). Twitter has generated significant revenue
from this user base, capitalizing on trends and cultural con-
versations without investing in or protecting the community
itself.

This disproportionately impacts marginalized digital
communities, extracting and commodifying their lived ex-
periences and thoughts, while over-moderating users when
it seems inconvenient for the platform and their needs while
allowing for racism and misogynoir to infiltrate the same
safe spaces that these platforms claim to care and profit from
(Noble 2018). In recent years, platforms like Twitter have
failed to moderate the rise of anti-Black, Nazi, and racist
content, contributing to a mass disengagement and exodus
from Black Twitter (Dwoskin 2023; Siddiqui and Merrill
2023; Faverio 2023). This reflects a broader pattern: plat-
forms capitalize on communities they did not build or sus-
tain, and whose survival is often jeopardized by the very
policies that make the platforms profitable.

Researchers, too, can inadvertently reproduce this extrac-
tive logic by relying on data produced by marginalized com-
munities without critically examining the power structures
that make such data accessible. Ethical research must move
beyond checklists and surface-level safeguards to engage
with the deeper question of how to disincentivize extraction,
both in platform design and in research practice.

The Checklist
By adopting these considerations, researchers can reduce
potential harms associated with studying marginalized and
oppressed virtual communities. This ethical checklist prior-
itizes privacy, transparency, accountability, and meaningful
community participation, ensuring that the research ampli-
fies the voices of the studied community without exposing
them to risk. In doing so, researchers can conduct research
that not only meets academic standards but also earns the

trust and respect of the communities studied. 2

1. Aggregation should be informed by established social
science work, especially around features such as race
and ethnicity (Schwabish and Feng 2022) and should
push against standard approaches such as majority-vote
by considering the context and reasoning behind the ag-
gregation step (Fleisig et al. 2024).

2. Do not assume demographic features of a user based on
emoji use, geo-location information, or use of dialectal
language unless explicitly specified by user; use contin-
uous metric analysis such as automatic dialect density
(Washington et al. 2018; Johnson et al. 2022) to bet-
ter understand population features without making ex-
plicit ties to a group (i.e. even if someone uses African-
American Vernacular English online, does not mean they
are African-American) (Wong 2019; Henning 2025).

3. Always annonymize data (e.g. handles, geo-location,
published date and time) through approaches like mask-
ing (i.e. @this is my handle→ @username) or deletion
of certain features.

4. Regulate distribution of data; put data behind access
walls through request forms and justification for potential
use of data to keep bad actors (and even well-intentioned
actors with poor discernment of use case) from misusing
data.

5. When studying closed community groups (e.g. private
Facebook groups or private community threads on Twit-
ter), shift ownership and control of the data to the leads
of these communities empowering them to decide the
dissemination and storage of data; draw strategies from
existing Indigenous data sovereignty researchers work
(Rainie et al. 2019; Walter et al. 2021).

6. Leverage both quantitative and qualitative approaches as
online and offline communities influence one another as
we gain nuance and experiential understanding through
qualitative analysis; conduct interviews and host surveys
of the studied population to include community voice.

7. Assess your positionality throughout the research process
and document reasoning of decisions made and how your
understanding influences these decisions; include posi-
tionality statement; answer the questions: Why do we
care about the work we do? What motivates us to pursue
it? And how does our identity influence the lens through
which we interpret this work?

While this checklist is not an exhaustive guide to resist-
ing extractive research practices, it offers an important start-
ing point. That said, many of the steps outlined may be
difficult to implement without institutional support or ac-
cess to adequate resources. Institutional buy-in can be dif-
ficult to secure, but top-down strategies can help. These
often involve framing methods to align with institutional
values, emphasizing the utility of community-grounded ap-
proaches for developing more effective and applicable inter-

2Note: Throughout the case studies and discussion, we note
which item on the checklist is being used by referencing it in the
format (Item 1).
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ventions, or appealing to the tried and true argument that in-
clusive socio-technical systems are ultimately more robust.
But these strategies come with trade-offs. To gain traction,
they often require flattening the social complexity at the core
of this work, translating deeply contextual and relational re-
search into simplified narratives that institutions find legi-
ble (Ovalle et al. 2023). This oversimplification is not just
a strategic concession; it can be a harm. It reduces commu-
nities to tools for optimization, positioning inclusion as a
means to improve model accuracy rather than as a response
to structural injustice. In doing so, it risks erasing the on-
going harms these communities face and creates space for
institutions to declare “success” once certain performance
metrics are met, regardless of whether meaningful change
has occurred. Nonetheless, even with these approaches, in-
stitutional norms and broader community standards often
carry more weight in decision-making than the merits of
these methods alone, particularly in the eyes of funding in-
stitutions. Therefore to address this, we highlight several
items on the checklist that are both achievable and should
be considered a bare minimum for all researchers. Items 1,
2, and 3, focused on data processing and analysis, are de-
signed to be accessible regardless of a researcher’s institu-
tional backing. Item 7, which calls for proactive, introspec-
tive engagement through a positionality statement, similarly
requires minimal resources. While positionality statements
can raise concerns around page limits, we recommend in-
cluding them within the Ethical Considerations section of
papers, which should ideally be exempt from page count
restrictions. Incorporating these four items, though modest
in scope, lays the groundwork for more ethical engagement
and helps foster a broader culture of accountability and re-
sistance to extractive research practices.

Case Studies
We perform two case studies leveraging our proposed check-
list to study Black Twitter through the lens of the n-word, a
reclaimed slur within the Black community.

The n-word, a historic slur used against Black Americans
as early as the 1600, has roots in slavery and the Jim Crow
era. It has been used to diminish the character and existence
of Black Americans within the United States for centuries.
However, the word, re-imagined, was introduced into main-
stream media via Hip Hop in the late 1980s (Asim 2007).
Since then, the word has taken on two distinct forms, the
first being the original derogatory use, and the other a term
of comradery and membership mainly used among Black
people in the United States. However due to the contin-
ual contentious use of the word, work studying the actual
reclaimed-ness of the word differs between linguists, social
scientists, and non-academics (Smith 2019; Rahman 2012).
This contention allows for the study of usage and learned
norms around the word to be fruitful and rich in discovery
around the impact of environment on acceptability of cul-
tural features.3

3While this study focuses on the use of the n-word in the context
of Black Twitter and its users, it does not seek to essentialize the
term as the defining feature of Black culture, particularly not Black

Demographic Feature N %

Ethnicity
Caribbean-American, Jamaican, Black 2 16.67
Black Southeast-African 1 8.33
African-American, Black 1 8.33
Black, Ugandan/American 1 8.33
Black 3 25.00
African-American 1 8.33
African-American, Black 2 16.67
African-American, Black, Caribbean-

American, Jamaican, Puerto Rican 1 8.33

Age
24 2 16.67
22 2 16.67
26 1 8.33
25 2 16.67
23 3 25.00
27 2 16.67

Are you Black?
Yes 12 100.00
No 0 0.00

Are you a woman?
Yes 6 50.00
No 6 50.00

Table 1: Demographic features of the survey respondents.

We use these case studies to 1) qualitatively investigate
and learn how reclaimed word usage varies within the Black
community and discuss the bounds of usage of the word
and 2) quantitatively assess how the usage of this words and
different perturbations of this word online signal in-group
vs out-group usage and how this community finds ways to
continue usage despite biased automatic toxicity and hate
speech classification moderation systems online. Through
these two case studies, we gain insight into word use and
community opinions while respecting the communities pri-
vacy as well as aligning with ethical concerns. Additionally,
we hope to answer the question: How do algorithms affect
the visibility and interactions within Black Twitter?

Qualitative Case Study on Observing Discourse,
Language, and Practices
Researchers use virtual ethnography to observe the cultural
practices, language use, and communal norms within Black
Twitter. By focusing on the digital communication strate-
gies employed by Black Twitter users, it highlights how race,
identity, and culture are performed in a virtual space. Florini
(2014) examines how the tradition of ”signifyin’”, a core as-
pect of Black American cultural expression, is adapted and
enacted on Twitter. This form of cultural performance, along

culture as it manifests within Black Twitter. Black Twitter repre-
sents a dynamic and multifaceted digital community with a long
history of political activism, in-community accountability, cultural
commentary, and community building. From driving national con-
versations to shaping pop culture, its influence extends far beyond
any single linguistic practice. This work aims to engage with one
aspect of Black discourse without reducing the richness and com-
plexity of Black Twitter to the usage of the n-word alone.
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with the use of reclaimed language, marking, and loud-
talking, and other communal linguistic features, allows users
to navigate and assert their identity in a space that might oth-
erwise obscure their racial and cultural background (Rick-
ford 2015). Building on prior work that has employed this
approach to study online communities, this work adapts sev-
eral of these informal methods and principles.

With this context in mind, the following study examines
how the lived experiences of social media users shape their
use of the n-word as a reclaimed term and how that trans-
lates into online spaces. This study underscores the idea that
no community is a monolithic entity. This work also investi-
gate participants’ expectations and perceptions regarding the
word’s use within in-group and out-group communities, as
well as how in-group membership is defined for the n-word.

To conduct this study, a survey was hosted through
Google Forms, gathering demographic information and ask-
ing participants a series of questions about their use of the
word. This survey is part of a larger project exploring how
members of Black Twitter perceive toxicity surrounding the
n-word and how content moderation systems can better sup-
port marginalized communities. Twelve participants who
identify as Black social media and Twitter users completed
the form. The unique demographic features, with emails re-
moved (Item 3), of our subpopulation are shown in Table 1.
In the context of the larger Black population, a subsample of
12 participants is not representative, limiting our ability to
generalize these findings. Therefore, we focus our analysis
on insights drawn from this specific subset of surveyed indi-
viduals, rather than making broader claims about the wider
community.

Our survey revealed several key insights. The first stage
of analysis focused on identifying which community the
reclaimed word is most closely associated with. Partici-
pants shared differing views on whether the n-word belongs
exclusively to the Black African-American community or
whether its usage extends to the broader African Diaspora,
given its connotations of camaraderie. Some argued that, be-
cause the slur was historically weaponized against African
Americans, its reclamation should remain specific to African
Americans or second-generation Black individuals in the
United States who have experienced oppression within that
context. The question of ownership over the n-word, and by
extension many elements of Black culture, has long been
a contentious issue within the Black community. On Black
Twitter, this debate frequently surfaces in discussions about
appropriation and the erasure of Black African-American
culture amid the celebration of broader Black culture. This
dynamic reflects just one dimension of the larger conversa-
tions occurring within Black Twitter.

Another set of questions focused on personal and collec-
tive usage of the word. 41.7% of the respondents reported
that they do not personally use the reclaimed word. How-
ever, 91.7% agreed that in-group individuals should use it if
they choose to, and all participants acknowledged knowing
in-group members who use the word. Additionally, 83.3% of
participants believed that out-group individuals should never
use the word, though 58.3% indicated they knew out-group
individuals who have used it. These findings offer meaning-

ful insights into the dynamics of reclaimed language in on-
line communities and participants’ comfort levels with en-
gaging with content that features such language. Even if a
content moderation system could accurately distinguish be-
tween in-group and out-group members, should it allow all
in-group members to use and view content that includes their
community’s reclaimed language?

We also examined the word’s use in reference to and in
spaces with others. 70% of participants agreed that the word
should not be used in reference to out-group individuals.4
Participants were divided, however, on whether it should be
used in the presence of out-group individuals. One partici-
pant noted in the additional context section that the n-word
“should only be used by and in the company of Black folks.”
When applied to Black Twitter, this perspective raises ques-
tions about who engages with and participates in content
within Black Twitter. While there was no majority consen-
sus among participants, the suggestion of limiting its use to
Black Twitter members highlights broader questions about
how Black Twitter can remain predominantly or exclusively
Black on a platform that does not support private groups or
spaces.

Through this small subset of participants, the diversity of
opinions on what might initially appear to be a straight-
forward and widely agreed-upon topic, the use of the n-
word, was explored. Studies like this, combining small sam-
ple sizes with mixed methods, offer valuable insights into a
community’s dynamics without requiring full access to its
entire population, with the understanding that such findings
do not represent the community as a whole.

Quantitative Case Studies on Algorithmic Impact
Case studies are a common method for assessing specific
features of marginalized online communities. Studies such
as Zhao et al. (2017) on AI biases and Dorn et al. (2024)
on harmful speech detection highlight how algorithmic bi-
ases disproportionately affect marginalized users. Algorith-
mic case studies, such as audits, that assess the interplay
between algorithmic soico-technical systems and the social
contexts they are employed in allow us to study the impact
these systems have (Christin 2020). These studies reveal the
limitations of current algorithmic and content moderation
systems and underscore the need for more equitable content
moderation practices.

In this case study, we explore a workaround for term bi-
ases in existing content moderation systems, focusing on re-
claimed language through what Calhoun and Fawcett (2023)
describes as linguistic self-censorship. Originally defined in
the context of TikTok and other video-based platforms, lin-
guistic self-censorship refers to

any instance of a social media creator intentionally
changing their linguistic practices to avoid using a
specific word or phrase, either because of potential
risk for actual censorship through algorithmic en-
forcement of community guidelines or as a form of
mimetic language play (Calhoun and Fawcett 2023,
p. 2).
4Note that only 10 respondents answered this question.
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Figure 1: Distribution of identity attack scores from the
Detoxify model comparing tweets using censored vs uncen-
sored forms of the n-word.

While this concept was initially applied to video platforms,
it can be generalized to other forms of social media, where
users adjust their language to evade suppression by con-
tent moderation algorithms. This study examines linguistic
self-censorship of the n-word, specifically intentional mis-
spellings or character substitutions, and its effects on toxic-
ity classification models.

Term Bias Previous research has demonstrated that con-
tent moderation systems exhibit term bias. This refers to
the disproportionate weight given to certain identity markers
(e.g. ‘Black’, ‘Jewish’), slurs (e.g. n-word, f-word, k-word),
and expletives (e.g. ‘fuck’, ‘shit’, ‘ass’) in text classification,
regardless of the content or intent of their usage (ElSherief
et al. 2021; van Aken et al. 2018; Vidgen et al. 2019).

To counter this, many users employ character perturba-
tions, such as replacing vowels with symbols (e.g. asterisks
or ampersands) or substituting letters with similar numbers
(e.g. f*ck, sh*t, b1tch, wh0re). These strategies make it more
difficult for content moderation systems to flag and remove
posts. This approach is especially prevalent in marginalized
online communities, where reclaimed language is a signifi-
cant part of online vernacular.

Methodology This analysis focused on tweets containing
both the linguistically self censored and uncensored version
of the n-word (including its full and shortened form which
are often used as reclaimed language). Tweets were col-
lected using Twitter’s Pro API on June 17th, August 2nd,
September 16th, and September 19th, 2024. The queries tar-
geted both singular and plural forms of the n-word with -
er and -a endings, as well as a perturbed variant in which
the letter ”i” was replaced with an asterisk (*). From these
queries, 2,780 tweets were obtained. In this study, we ad-
hered to this social norm and only used the conventionally
accepted censorship of the n-word.

After text processing, including removing URLs, masking
Twitter handles, converting emojis to textual descriptions,
and removing duplicate tweets (Item 3), the dataset was
reduced to 1,695 tweets. Each tweet was then categorized

based on whether it contained a censored or uncensored ver-
sion of the n-word. Of these, 1,018 tweets used a censored
version, while 677 used an uncensored version. To evaluate
toxicity, we used the Detoxify model, a toxic comment clas-
sifier developed by Unitary(Hanu and Unitary team 2020).
Detoxify was trained to predict toxic comments using data
from three Jigsaw challenges: Toxic Comment Classifica-
tion Challenge, Unintended Bias in Toxicity Classification,
and Multilingual Toxic Comment Classification. It produces
scores for several categories, including toxic, severe toxic,
obscene, threat, insult, and identity threat. The tweets were
processed through the Detoxify model, focusing on the iden-
tity attacks toxicity score, as the use of slurs is central to this
analysis. As seen in Figure 1, we visualized the results us-
ing a histogram with the following parameters: bins = 10,
kde=True, alpha =0.6.

Findings Our analysis and results in Figure 1 reveal a
clear trend: tweets using self-censorship generally have
lower toxicity scores for identity attacks compared to tweets
using the uncensored version. The findings suggest two
things. First, it suggests a distinction between in-group and
out-group usage. Users who use the uncensored version of
the n-word may belong to out-groups and often employ the
term in derogatory or hateful contexts. In contrast, those
using the censored version, following the common Black
Twitter norm of censoring vowels rather than consonants,
are more likely to be in-group members using the term in a
positive, reclaimed way, connoting camaraderie and shared
identity.

Additionally, we found that tweets using the uncensored
n-word received higher identity attack scores from Detoxify
compared to those using the censored version. Several con-
founding factors could influence this result, such as whether
the tweet’s context was hateful or if it was mainly influ-
enced by term bias. To address these confounding factors,
we performed a perturbation where we swapped the cen-
sored and uncensored versions of the term. This allowed us
to control for the tweet’s context and specifically examine
term bias. Figure 2 presents two violin plots, with each plot
corresponding to the form of the n-word used in the origi-
nal tweet and illustrating the difference between the uncen-
sored and censored identity attack scores. This figure indi-
cates that self-censorship generally reduces the attack score
significantly, with an average score difference of 0.307 be-
tween the original censored and uncensored versions (0.204
for censored and 0.462 for uncensored). This suggests that
Detoxify relies heavily on the presence of the uncensored
term itself, rather than on the surrounding context, when
making toxicity classifications. In contrast, tweets that use
censored versions of the n-word are often rated as less toxic,
even when the underlying sentiment remains unchanged.
This highlights a critical limitation of current toxicity de-
tection models: they prioritize surface-level term matching
over contextual understanding. As a result, linguistic self-
censorship becomes a necessary strategy for marginalized
users not only to evade unjust suppression but also to pre-
serve the in-group usage of reclaimed language that fos-
ters identity, solidarity, and cultural expression within Black
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Figure 2: Distribution of the difference of Uncensored - Cen-
sored identity attack scores from the Detoxify model com-
paring tweets using censored vs uncensored forms of the n-
word from the original text.

Twitter.
This small case study demonstrates how marginalized on-

line communities navigate and resist the existing limitations
of content moderation systems. By leveraging these strate-
gies like linguistic self-censorship, these communities can
effectively push back against algorithmic suppression to en-
sure their content remains visible and more generally en-
sure an existence of their virtual community. Additionally,
we were able to conduct this analysis without exposing the
community or specific participants to harm and without en-
gaging in uninformed aggregation.

Discussion
Case Study Results This study addresses these central
questions posed in the introduction by proposing an ethi-
cal checklist for researching marginalized virtual commu-
nities and applying it to two case studies informed by the
checklist. First we ask what ethical challenges arise when
studying marginalized virtual communities? To answer this,
an ethical framework for conducting ethnography in virtual
spaces and communities is presented, emphasizing privacy
and transparency, proposing harm-reduction approaches for
data sharing, and outlining meaningful ways to include the
studied community throughout the research process. These
methods are then applied to subsequent studies, ensuring
ethical considerations remained central to the research.

Second we ask, how can we conceptualize Black Twitter
as a virtual community? Using mixed-method approaches,
we probed the virtual presence of marginalized communi-
ties, focusing on small yet significant features such as the
comfort and acceptability of reclaimed language (i.e. the
n-word). This analysis reveals the nuanced ways in which
language fosters identity and belonging, providing insight
into Black social media users and a culturally rich discus-
sion within the Black Diaspora. Specifically, the discussion
of the ownership of the n-word is such a complex one,

shown by the drastic variance in responses. While all partic-
ipants agreed that the term belongs to — and should remain
within — the Black-identifying community, the more com-
pelling question lies in how “Black” is defined. The word
carries immovable ties to slavery and a deep-rooted history
in the United States. However, with the increasing number
of Black immigrants entering the country, the boundaries of
Black identity within the U.S. are shifting. This shift is re-
flected in some of the more specific responses, such as those
that reference the number of generations someone’s fam-
ily has held American citizenship. These responses offer a
window into how deeply layered and interconnected ques-
tions of identity can be. More importantly, they prompt us
to consider how these complexities are translated into digi-
tal spaces—and how the idea of a global online community
further influences the already nuanced and sensitive bonds
of Black identity.

Finally we ask, how do algorithms influence and affect
visibility and interactions within Black Twitter? Through an
algorithmic case study, we observe online trends in linguis-
tic adaptations employed by marginalized communities to
resist algorithmic suppression and ensure their survival on-
line. The case study on linguistic self-censorship demon-
strates one method of navigating the limitations of con-
tent moderation systems, offering a small yet meaningful
glimpse into how algorithms shape digital interactions and
visibility. Our results highlight the effectiveness of linguistic
self-censorship, demonstrated by the substantial decrease in
identity attack scores for tweets that originally contained the
uncensored n-word once they are censored. This suggests
that automated systems place significant and potentially bi-
ased weight on the presence of the n-word itself. In con-
trast, tweets that were already censored show a much smaller
change in score, indicating that their usage is less likely to
be interpreted as hateful. While we are unable to analyze
these findings by user demographics, the patterns suggest
that many of the originally censored tweets are likely exam-
ples of reclamatory use rather than hate speech (Item 6).

Applying the Checklist Throughout both case studies, we
applied several of the recommended practices from the pro-
posed ethical checklist. I explicitly reflected on my position-
ality as both a member of the Black community and an active
participant in Black Twitter, acknowledging how this shaped
my assumptions and interpretations (Item 7). For example,
I initially assumed that tweets containing the uncensored n-
word, excluding explicitly derogatory uses ending in ”-er”,
were written by individuals outside the Black community.
This assumption was based on a biased belief that Black
Twitter users would not use the term in contexts aligned with
hate speech (Item 2). This assumption was flawed not only
because the racial identity of tweet authors was unknown,
but also because it falsely implied moral innocence on the
part of in-group users. We also prioritized anonymization:
before analysis, we removed any potential PII such as email
addresses and user handles to protect individual identities.
Finally, due to the sensitive nature of the dataset, we do
not plan to release it publicly (Item 4). Keeping the data
internal helps prevent misuse and preserves its intended pur-
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pose which was for evaluating how moderation systems han-
dle reclaimed slurs rather than enabling unintended appli-
cations. Using this checklist compelled me to more deeply
consider the broader ethical context of the research.

Conclusion
This study introduces an ethical, community-centered
checklist for researching marginalized online communities,
drawing from virtual ethnographic methods and Indige-
nous data practices. Unlike broader ethical frameworks, this
checklist offers more actionable and context-specific guid-
ance tailored to virtual communities. We apply the checklist
in a mixed-methods study focused on Black Twitter and the
use of the n-word, examining the diverse and often conflict-
ing perspectives within the community. Our findings high-
light not only the lack of consensus around the word’s us-
age but also the creative strategies users employ, such as lin-
guistic self-censorship, to navigate and resist biased toxicity
classification systems.

This work takes a meaningful step toward more account-
able and community-informed research practices, offering
a broadly applicable and adaptable checklist that can guide
ethical engagement with marginalized virtual communities.
While rooted in a specific platform and linguistic phe-
nomenon, the checklist we present is intentionally designed
to be extensible and relevant across diverse socio-technical
environments. We see this not as a constraint, but as a base
for future scholarship.

To that point, we invite future work to explore how this
checklist functions across a broader range of platforms with
differing architectures, such as those with varying modera-
tion policies, levels of anonymity, and forms of algorithmic
amplification. Our approach also opens the door for partic-
ipatory design methodologies, where community members
take an active role in shaping and refining ethical guidelines.
Moreover, this work lays a foundation for re-imagining
platform governance itself, encouraging more collaborative,
user-facing systems that move beyond one-size-fits-all solu-
tions and better support the autonomy and cultural nuance
of marginalized communities. We hope this work inspires
further community-centered research and design that pushes
the boundaries of how we ethically and effectively engage
with digital communities.

Limitations
One of the major limitations of the study is the subpopula-
tion size for the qualitative case study. A subpopulation of
only 12 individuals is not representative of an entire pop-
ulation, which was acknowledged within our work. Addi-
tionally we are not able to draw any conclusions about the
beliefs of the population as one of the goals of the case study
was the highlight the variance in opinion. With a greater
sample size, we would be able to gather more information
on varying opinions within the community. Another major
limitation is the bounds in which we discuss Black Twit-
ter. As Black Twitter is not always ascribed to one hashtag
such as #BlackTwitter, unless linked to a specific movement
or topic such as #BlackLivesMatter or #ThanksgivingClap-

Back, we are unable to specifically gather tweets and post
from directly within Black Twitter. This work positions the
conversation of Black Twitter members’ opinions of the n-
word usage and the actual usage of the n-word online to
try to highlight approaches known and leveraged within the
Black Twitter community.

Ethical Consideration
Positionality Statement. The first author of this study is
a Black woman who regularly participates in Black Twit-
ter and other Black virtual communities across social me-
dia platforms. This work is informed by her engagement
with scholarship and content that often overlooks the safety
and privacy of Black Twitter in pursuit of publicizable or
attention-grabbing research. She is additionally a daughter
of Caribbean-immigrants, and the first American born in-
dividual in her immediate family. Her cultural context and
community does influence her understanding of reclaimed
language more generally and especially the n-word.
Dataset Distribution. This study used a subset of roughly
2.7 thousand tweets containing the various forms of the n-
word from another project that collected tweets for a variety
of reclaimed languages. Due to potential misuse, we will not
be sharing the dataset and will keep it closed to the current
research team that helped curate dataset as to reduce harms.
Participant Survey. This study is covered under the IRB ap-
proval of the project used to curate the dataset. That project
went through IRB approval and received IRB exemption.
Any Personally Identifiable Information from the survey
collection process has been de-identified to protect the pri-
vacy of the respondents.
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