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Abstract

As generative AI (genAI) systems become embedded in ed-
ucation, employment, healthcare, and creative industries, the
impact and engagement among marginalized groups have be-
come both a widespread discourse and a focus in scholarly re-
search. As a starting point, we examine public discourse and
empirical research to explore the impact of genAI systems
on Black communities. We conducted a systematic literature
review (SLR) of 91 empirical papers alongside a media dis-
course frame analysis of 28 public resources, applying Ent-
man’s framing theory to map how each corpus defines prob-
lems, attributes causes, and proposes treatments. Our SLR
reveals that scholarly research concentrates heavily on tech-
nical bias detection, reducing Blackness to measurable vari-
ables rather than engaging with cultural practices, structural
conditions, or Black knowledge systems. Our frame analy-
sis reveals that public discourse attributes genAI-related harm
to historical and systemic forces, while scholarly research
stops its causal accounts at the dataset and its treatment rec-
ommendations at technical reform. We demonstrate that this
misalignment is structurally produced: anti-Blackness oper-
ates simultaneously across both registers, generating a shared
evacuation of Black epistemic agency. We argue for frame
analysis as an AI ethics methodology capable of surfacing
what technical evaluation forecloses.

Introduction
Public discourse shapes how societies understand, adopt,
and regulate emerging technologies. As generative AI
(genAI) systems become increasingly embedded in educa-
tion, employment, healthcare, and creative industries, nar-
ratives circulating in media outlets, policy briefs, and opin-
ion pieces play a crucial role in signaling anticipated harms,
assigning responsibility, and proposing policy and techni-
cal interventions. For historically marginalized communi-
ties, particularly Black Americans who have borne dispro-
portionate harms from algorithmic systems ranging from bi-
ased facial recognition to discriminatory hiring tools (Noble
2018; Benjamin 2019), understanding how public discourse
frames genAI’s potential impacts is essential for informing
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research agendas, policy priorities, and community organiz-
ing efforts. Similarly, empirical research and the transla-
tional impact observed in research papers have begun to di-
rectly influence the policy, design, development, and use of
genAI tools (Septiandri, Constantinides, and Quercia 2024).
Such scientific explorations are especially pivotal to address-
ing existing and anticipated harms, underscoring the value of
the knowledge cultivated by scholarly research.

This surfaces a critical question that remains underex-
plored: How do the concerns and framings present in pub-
lic discourse about genAI and Black communities align
with—or diverge from—the priorities of research that seeks
to directly study and engage with these communities? As
this work evolves, it is also essential to interrogate concep-
tions of Blackness and how Black communities are engaged
and the ways Black culture and identity are portrayed to
inform AI development. Considering such interactions re-
quires us to interrogate the extractive nature of AI research
and development (Network 2025), and move beyond the op-
pressive nature of “inherently biased algorithms”. If public
discourse emphasizes the importance of community-driven
approaches to identifying and mitigating structural harms
such as cultural erasure (i.e., when AI corrects for bias by
censoring parts of Black history (Small 2023)), scholarly
research may miss the mark of potential impact by focus-
ing predominantly on automating the evaluation of technical
metrics such as bias detection. This misalignment may indi-
cate that research is failing to address the issues that matter
most to affected communities and the broader public, while
also flattening Blackness to merely be categorical dimen-
sions that typically do not capture the full human condition
of this community.

This paper investigates this potential gap through a
frame analysis of public discourse concerning genAI and
Black communities. Drawing on Entman’s (1993) widely-
used framing theory, we systematically analyze media re-
sources—including news articles, opinion pieces, and policy
briefs—to identify how public narratives define problems,
attribute causes, render moral judgments, and propose treat-
ments related to genAI’s impact on Black Americans. We
complement this analysis with a systematic literature review
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(SLR) of empirical literature from research institutions pub-
lished at computing venues to characterize how research has
approached genAI and Black communities, providing con-
text for assessing alignment between public discourse and
scholarly priorities.

Our analysis reveals significant divergences between pub-
lic discourse and empirical scholarly research. Using fram-
ing theory signals and emphasizes several dimensions of
harm that can be attributed to systemic bias and marginaliza-
tion, while the SLR suggests a heavy research focus on tech-
nical bias detection. We offer three contributions to the AIES
community. First, we identify and characterize the dominant
frames shaping public narratives about genAI’s anticipated
impacts on Black communities. Second, we demonstrate the
misalignment between public discourse and empirical re-
search, identifying it as not incidental but structurally pro-
duced. Third, we argue for frame analysis as an AI ethics
methodology — one that captures the structural and antic-
ipatory dimensions of harm that individual-focused techni-
cal evaluation forecloses, and that makes visible what re-
search epistemology is structured to exclude. In doing so,
we respond directly to AIES’s remit of interrogating the so-
cietal dimensions of AI: frame analysis extends the commu-
nity’s methodological repertoire beyond system-level evalu-
ation toward the discursive and structural conditions under
which AI harms are defined, contested, and governed.

We argue that attending to public discourse offers valu-
able insights for AI ethics scholarship. Public frames reveal
what harms are anticipated before they fully materialize,
what causal explanations resonate with broader audiences,
and what interventions are seen as viable—information that
can inform both research agendas and policy development.
By mapping the terrain of public concern and research focus,
this paper contributes to ongoing efforts to ensure that AI
research addresses the issues that matter to the communities
most likely to be affected by these powerful technologies.

Blackness, Racialization & Relation to GenAI
Understanding the relationship between genAI and Black
communities requires situating contemporary bias within
the historical processes of racialization that shape how AI
systems are developed, deployed, and experienced. While
Black people, communities, and practices trace origins well
beyond recent forms of racialization, current racial struc-
tures significantly influence technology at micro (individual
identities and interpersonal interactions), meso (organiza-
tional and institutional practices), and macro (societal struc-
tures, law, and policy) levels (Ray 2019). The logics under-
lying race and Blackness from Western, white perspectives,
what Wynter and McKittrick (Wynter and McKittrick 2015)
describe as the “standard genre of the human”, are embed-
ded in the engineering lifecycle of AI systems (Workman
and Dancy 2026), producing the specific manifestations of
bias documented in empirical research.

These racialized logics have evolved from theological
to biological to cultural rationales, but consistently posi-
tion Blackness as inferior or deviant (Robinson 2020; Kendi
2017; Wynter 2003), operating through what Workman and
Dancy (Workman and Dancy 2026) identify as “inlets”

where anti-Blackness enters AI development at every level.
Within Human-Computer Interaction (HCI), this manifests
through “solutionist” approaches that treat Blackness as a
problem to be corrected rather than recognizing the ontolog-
ical complexity of Black experience and knowledge (Cun-
ningham et al. 2023). Colorblind perspectives (Bonilla-Silva
2015) and the fluidity of racial categories further obscure
the persistence of these logics, making structural interven-
tion difficult even as Black communities continue to imagine
with and beyond racialization (Bray and Harrington 2021).

Related Work
Field Goals and Motivation of GenAI
The values structuring AI development shape how systems
are built and assessed, with consequences for minoritized
communities. Birhane et al. (2022b) identify that AI scholar-
ship prioritizes quantitative empiricism, efficiency, and per-
formance over societal need and negative impacts — a pat-
tern reflected in the field’s reliance on benchmark datasets,
which have been shown to value efficiency and universal-
ity over care and contextuality (Scheuerman, Hanna, and
Denton 2021; Qadri et al. 2025). These field-level values
extend to fairness paradigms: Hanna et al. (2020) argue
that dominant approaches treat oppressed identities as in-
terchangeable, lacking race-consciousness, while Blodgett
et al. (Blodgett et al. 2020) call for researchers to account
for power relations between themselves and the communi-
ties they study.

Biases and Harms in GenAI
Scholarly research has documented a range of social biases
in genAI systems, from racial bias in language models (Sap
et al. 2019) to gender bias in image generation (Wan et al.
2024), generating frameworks for identifying and mitigat-
ing model bias (Dı́az et al. 2024). Shelby et al. (Shelby
et al. 2023) offer the most comprehensive taxonomy of so-
ciotechnical algorithmic harms — representational, alloca-
tive, quality of service, interpersonal, and social system —
which we adopt in our analysis. Research specifically fo-
cused on Black communities has identified failures to un-
derstand African American communication (Brewer, Har-
rington, and Heldreth 2023), inadequate support for Black
cultural contexts (Olojo et al. 2025), and reproduction of
cultural stereotypes in genAI outputs (Hofmann et al. 2024).
Despite the value of this work, researchers have called for
new evaluation methods commensurate with genAI’s scale
and scope, including methods rooted in HCI (Weidinger
et al. 2023).

Bridging Black Communities and AI Development
Public perceptions of AI influence how systems are de-
veloped and deployed (Lima, Grgić-Hlača, and Cha 2023;
Liu et al. 2024), and these perceptions vary across race,
class, and gender (Kelley et al. 2021). Black communi-
ties hold complex, often critical attitudes toward AI —
particularly in healthcare contexts (Lee and Rich 2021;
Parker, Vardoulakis, and Harrington 2026) — and report

2366



pessimism about algorithmic fairness and bias in online plat-
forms (Harris et al. 2023). These perceptions have moti-
vated calls for responsible inclusion of Black communi-
ties in AI development, including feminist-reflexive data
curation (Leavy, Siapera, and O’Sullivan 2021), critical
race theory for AI fairness (Hanna et al. 2020), and CRT-
grounded HCI (Ogbonnaya-Ogburu et al. 2020; Smith et al.
2020). Participatory approaches have demonstrated partic-
ular value: co-design with Black adults for mental health
agents (O’Leary et al. 2025), speculative design with Black
youth for justice-oriented AI principles (Tanksley et al.
2025), and community workshops for equitable speech tech-
nology (Brewer, Harrington, and Heldreth 2023). Yet schol-
ars note that participation alone is insufficient without inten-
tional structural commitment (Sloane et al. 2022; Birhane
et al. 2022a). Our work contributes to this area by exam-
ining the parallel terrain of public discourse and empirical
research to map where emphases, priorities, and concerns
align and where they diverge.

Methods
To map this landscape, we employed a dual-methodological
approach combining a systematic literature review (SLR)
with a frame analysis of discourse found in public media
and reports. Contrasting public concerns and priorities with
focus areas dominating empirical research helps to reveal
misalignments that may indicate where research is failing to
address community-identified needs and anticipatory harms.
We detail our process below (see also Figure 3).

Systematic Literature Review
Data Collection and Corpus Creation To capture the
landscape of research on genAI conducted with Black com-
munities, we conducted a systematic literature review of
full research papers published in major computing and AI
databases between January 2010 and December 2025. We
sought to assess the focus and priorities of existing research,
to examine how Black communities were engaged in the
ideation, evaluation, and testing of genAI tools, and to iden-
tify existing research on their perceptions, attitudes, and
opinions of genAI (Haimson et al. 2025). We focused on
publications from the ACM (encompassing HCI venues in-
cluding CHI, CSCW, DIS, FAccT, and TOCHI) and IEEE
digital libraries, and specialized AI venues, such as ACL,
EAAMO, and NeurIPS.1,2 We also searched ArXiv, a venue
where several prominent AI papers have been published to
date. While other venues in the social sciences and human-

1We initially included AAAI in our database search; however,
in trying to repeat some of the searches, we found the search sys-
tem itself produced inconsistent results across repeated identical
queries, undermining the reproducibility our protocol required. As
such, we removed those papers from our corpus and note this as a
coverage limitation, given AAAI’s prominence as an AI/ML venue.

2Scopus was excluded due to its substantial overlaps with the
ACM and IEEE digital libraries. Google Scholar was considered
unsuitable as a principal search system for a systematic review due
to its non-transparent ranking, personalized results, and unstable
retrieval (Gusenbauer and Haddaway 2020).

ities may have been relevant to the conversation of under-
standing the reception of genAI among various historically
marginalized communities, we prioritized papers published
in the computing field.

Three members of the research team defined search terms
within two categories: “solo/group racial identity terms”
and “generative AI terms”. Solo racial identity terms in-
cluded ‘Black communities’, ‘Black populations’, or ‘Black
Americans’. Group racial identity terms included terms like
‘people of color’, ‘marginalized/minoritized communities’,
or ‘vulnerable populations’. Our search also incorporated all
possible generative AI terms including ‘large language mod-
els’, ‘text-to-text’, , ‘ChatGPT’, ‘AI image generation’, and
‘prompt engineering’ and derivations of these terms.

We then searched using a combination of terms from each
category, for example: ‘Black people’ + ‘generative AI’, or
‘African American’ + ‘text-to-image’. We filtered research
articles with the following inclusion criteria: 1) Must focus
on genAI (images, text, and/or videos); 2) Must be a full
peer-reviewed paper published between 2010-2025; 3) Be
published in English; 4) Must be empirical research where
Black population is the focus of a qualitative study (in-
terviewing, focus groups, participatory design), quantitative
study (testing and evaluation of systems, surveys), or com-
putational techniques (dataset and model evaluation frame-
works). Works in progress, conference extended abstracts,
and poster submissions were omitted.

All authors iterated on a survey coding instrument and
survey items to ensure mutual understanding during coding.
We chose five papers to test the coding instrument for reli-
ability and validity among researchers. Once the coding in-
strument was finalized, the remaining papers in the larger
corpus were split and coded by one of four researchers.

Our search returned 223 papers across the five databases.
Four members of the research team completed a title and
abstract search to remove papers that did not fit the pur-
pose of this review (n=71), and any duplicate papers (n=61)
that may have returned over multiple databases. We then re-
moved 18 papers that did not focus on Black communities
but marginalized groups more broadly, leaving 91 papers for
coding and analysis (19 IEEE, 41 ArXiv, 13 ACM, 18 ACL)
(Figure 3).

Analysis Our coding instrument was used to analytically
process dimensions and concepts and deductively extract
data from 91 research articles. Papers were coded for year
of publication, venue, search terms present in the paper,
type of research study, type of genAI, intended contribu-
tion, domain or context of genAI application, whether the
paper focused on an artifact or dataset, whether the arti-
fact or dataset was evaluated, and forms of engagement. We
also assessed whether the authors defined Blackness or other
terms of identity. We used an aggregate analysis of closed-
ended questions to describe trends in publication timelines
and venues, the frequency of paper topics by type of genAI
system, and research types. Open-ended questions such as
‘Contribution’ and ‘Purpose/Goal’ were analyzed themati-
cally. After our initial coding of the paper corpus, we noticed
that our papers largely centered harms and harm mitigation.
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Figure 1: Systematic Review and Framing Analysis flow diagram.

As such, we recoded our corpus using the frame attributes,
notably Shelby et al. (2023)’s sociotechnical harms, which
helped us articulate the harms present in the papers.

Frame Analysis
We use frame analysis to examine how public discourse
shapes conversations about the impact of genAI technology
production on Black communities. Our frames, organizing
principles that structure the discourse about the social im-
pact of AI, give us the opportunity to understand how the
public both predicts and reacts to the inclusion of genAI
within numerous industries, including finance, healthcare,
and the service sector. This approach also illustrates the driv-
ing factors influencing public discourse about genAI, specif-
ically for and within marginalized communities.

Data Collection and Corpus Creation We used key-
words such as: “Generative AI”, “African American”,
“Black”, “Black American”, and “genAI” to source popular
media to analyze discourse on Black American communities
and their relationship to genAI (Baumer et al. 2017; Zade
et al. 2024). Three authors helped sample various sources,
including the popular press, op-eds, investigative journal-
ism, blogs, and white papers from research organizations
and think tanks. Our final corpus of text includes 28 articles.
Note that our inclusion logic differs across the two corpora
by design: the SLR characterizes the peer-reviewed empir-
ical research record, and so excluded non-archival formats
such as extended abstracts and posters, whereas the frame
analysis characterizes public discourse, of which white pa-
pers and think tank reports are a constitutive genre alongside
journalism and opinion writing.

Analysis Extending prior work (Zhang et al. 2025; Zade
et al. 2024), we leverage Entman’s description of framing
as a way to “select some aspects of a perceived reality and
make them more salient in a communicating text” (Entman
1993). Two authors conducted an initial thematic analysis
of the 28 articles to code frame characteristics, such as the
extent to which positive or negative descriptions of genAI
were included in the text (Van Hulst et al. 2025).

For the second round of analysis, we coded each source

according to Entman’s four functions of a frame: “to pro-
mote a particular problem definition; causal interpretation;
moral evaluation; and/or treatment recommendation” (Ent-
man 1993). Our guide for this portion of analysis stems from
Matthes and Kohring’s framing methodology, which under-
stands frames as “a certain pattern in a given text that is
composed of several elements. These elements are not words
but previously defined components or devices of frames” and
suggest treating each of Entman’s frame elements as com-
posed of several analytical devices, which we term “Frame
attributes” (Matthes and Kohring 2008).

Coding Frame Attributes We drew upon the insights
identified in the initial round of coding to create our frame
attributes for each of Entman’s frame elements (see Tables
2, 3, 4, 5), excluding the subcategories for ‘Problem defini-
tion’, which were derived from Shelby et al. (2023)’s tax-
onomy of sociotechnical harms from algorithmic systems.
We leveraged this taxonomy after recognizing that the main
problems identified in our first round of analysis aligned
with the harms defined in Shelby et al. (2023), and we then
used it to deductively code the corpus. To determine the
frame attributes for subsequent frame elements, we first re-
visited the codes from the first round of thematic analysis
that captured framing themes from the corpus. We used these
categories as guidelines to refine and create new attributes
that best captured Entman’s four frame elements.

Problem Definition. Our initial analysis of the corpus re-
vealed that media resources scrutinized genAI’s impact on
Black communities and often focused on the potential for
genAI to produce algorithmic harm. Recognizing this theme,
we leveraged Shelby et al. (2023)’s taxonomy for sociotech-
nical harms of algorithmic systems as our frame attributes
for Entman’s first frame function, Problem definition, which
occurs when an author describes “what a causal agent is
doing with what costs and benefits” (Entman 1993). We
identified five sociotechnical harms that capture the costs of
genAI’s use on Black communities: social system harm, rep-
resentational harm, allocative harm, quality of service harm,
and interpersonal harm.

Causal Interpretation. Here, we elaborate on Entman’s
second frame function, causal interpretation, defined as how
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authors “identify the forces creating the problem” (Entman
1993). We consider Entman’s forces to be actors (i.e., indi-
viduals, communities, and institutions) with power. We rec-
ognized how authors would attribute the harms of genAI to
actors that could be categorized under two primary causes:
Historical bias and Systemic bias. We consider each cause
as a frame attribute for the Causal interpretation frame ele-
ment. Our understanding of historical bias considers forces
that have historically marginalized communities, often sys-
temic or structural, and are typically evidenced from what
we’ve seen in the past. For example, a machine learning
model may output gendered occupations due to training data
that reflected societal biases at the time of collection (Suresh
and Guttag 2021). We understand systemic bias as the op-
pression of Black people through “policies, customs, or be-
haviors that are part of the culture or structure of an organi-
zation” (Mehrabi et al. 2021). These codes often overlapped
due to the intersectional nature of historical and systemic
oppression; we differentiated them to capture the range of
causal agents described by the media.

Moral Judgment. The third function of Entman’s framing
theory is moral judgment, in which authors “evaluate causal
agents and their effects” (Entman 1993). We determined the
subject’s moral condition by coding the benefits and risks
associated with it (Matthes and Kohring 2008). We applied
a similar analytical method by coding the resources accord-
ing to whether they addressed genAI’s risks and benefits.
For the Moral judgment frame element, we identified two
frame attributes: GenAI is harmful and GenAI can be both
harmful and beneficial. Because these frame attributes were
holistic reflections of a resource, they could not be double-
coded. If an article discussed only the negative implications
of genAI, with no mention of its benefits, we coded it as
GenAI is harmful.

Treatment Recommendation. Following their description
of the problem, authors often suggested methods to avoid or
alleviate the negative effects of genAI. Proposing a treatment
recommendation is the last of Entman’s framing functions,
which occurs when authors “offer and justify treatments for
the problems and predict their likely effects” (Entman 1993).
We coded Treatment recommendation by identifying any
strategies or calls to action in the text. Through our analy-
sis, we identified five recurring strategies which capture the
treatments suggested in media discourse: Expand access to
genAI, Resist genAI, Regulate genAI, Devise strategies to
mitigate harm of genAI, and Reform genAI.

Findings
We present our findings in two parts before putting them
in conversation. First, we report descriptive results from
our systematic literature review, characterizing the research
landscape, methodological trends, and community engage-
ment patterns across the 91-paper corpus. Second, we re-
port descriptive results from our frame analysis, summariz-
ing how Entman’s four frame elements appeared across the
28 media resources. Having established what each corpus
contains on its own terms, we then organize our findings
around three of Entman’s four frame functions, problem def-
inition, causal interpretation, and treatment recommenda-

tion, reading patterns across both corpora through Dancy
and Saucier (2022)’s onto-epistemological framework to
surface not only where public discourse and scholarly re-
search diverge, but what their convergences reveal.

Systematic Literature Review Results
Trends in Types of Empirical Research While our
search spanned 2010 to 2025, our search showed relevant pa-
pers published only between 2021 and 2025, with the largest
numbers published in the last three years: 2023 (n=9), 2024
(n=16), and 2025 (n=62).

Assessing the domain and context of application of
genAI, we found that an overwhelming number of pa-
pers (n=54) papers focused on addressing racial and gender
bias in text-to-text and text-to-image models. When assess-
ing the specific domain topic areas that these research pa-
pers focused on, three papers focused on Economics (e.g.,
Ren et al. 2024; Lakkaraju et al. 2023); ten papers fo-
cused on Health (e.g., Wang and Zhai 2024; Bautista et al.
2023; Zhang et al. 2023); six papers reported on assess-
ing culture (e.g., Xu 2023; Yucer et al. 2020); seven pa-
pers looked at Education (e.g., Graves et al. 2024); four pa-
pers were coded for ‘Social justice/Activism’ (e.g., Basoah
et al. 2025b; Tanksley et al. 2025); and two papers looked
at Archival Practices (e.g., Osti and Roke 2024; Croskey
et al. 2025a). Several papers (n=7) focused on linguistic eq-
uity (e.g., Kim et al. 2025; Kempermann et al. 2026), most of
which looked specifically at comparisons of African Ameri-
can Vernacular English (AAVE) to standard English.

Methods and Technological Focus Across the papers re-
viewed, results show that 52 were model evaluations, 25
were the development of a benchmark or dataset, and 12
were the development of an artifact or system (Figure 3).
Four papers that focused on developing a dataset utilized
surveys to inform these datasets (e.g., Sandoval et al. 2025;
Bosco et al. 2025). Among the papers that focused on eval-
uations and assessments of datasets, four papers utilized or
reported human annotation by consulting a subset of Black
communities as AAVE experts to verify accuracy in transla-
tion of a dataset evaluation (Gupta et al. 2024; Okpala and
Cheng 2025; Deas et al. 2023; Sandoval et al. 2025). While
the main focus of our project’s systematic literature review
methodology was to assess how Black communities were
engaged in genAI research, only four papers engaged Black
communities in needs finding for genAI systems such as in-
terviewing (Solyst et al. 2025; Tanksley et al. 2025; Basoah
et al. 2025b; Bosco et al. 2025).

Looking at the types of genAI across our corpus, we found
that 16 papers focused on a specific named model or system
(e.g., ChatGPT, StyleGAN2, visual language model), 18 pa-
pers focused on text-to-text models, 18 papers focused on
text-to-image papers, four papers focused on text-to-media
(e.g., audio or video), and 1 paper reported on image-to-
image (Yucer et al. 2020).

Communities of Focus and Relationality to Blackness
When examining how Black communities were mentioned
in the research, 28 published papers featured “Black and/or
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African American” communities as the sole focus. 38 pa-
pers reported Black communities as a subset or compari-
son to other racial groups and communities (e.g., Zhou et al.
2024; Nezhad, Bandyapadhyay, and Agrawal 2024; Devin-
ney, Björklund, and Björklund 2024; Guo and Caliskan
2021; Slaughter et al. 2023; Ren et al. 2024; Gupta et al.
2023; Lee et al. 2024; Xu 2023; Yucer et al. 2020; Howard
et al. 2024; Wu et al. 2024), and four as a part of “Peo-
ple of Color (PoC)” (e.g., Kuck 2023; Huang et al. 2025).
A majority of papers used datasets incorporating features
of Black Americans to test models. In terms of relation-
ality to Blackness, many papers reduced the construct of
Blackness to features of skin tone (e.g., (Wilson, Ghosh, and
Caliskan 2025a)) or dialect, with a majority of papers look-
ing at the comparison of these features to other identities
considered “mainstream” (e.g., focusing on the validation of
AAVE language- Graves et al. 2024; Deas et al. 2023; Gupta
et al. 2024). We found that only two papers included any
framing of Blackness or its relationality to technology that
was not categorical features. Both papers note the variation
that exists in Black identity as experienced by those across
the diaspora both within the United States and internation-
ally (Basoah et al. 2025b; Croskey et al. 2025a), with the
latter paper noting their definition of Blackness to encom-
pass “the political identity of those who consciously act in
solidarity with the people and traditions of this global com-
munity–in tandem with their Black ethnic and racial iden-
tities.” Among our corpus, we found that only six papers
pushed for more participation of Black communities in AI
development and research (e.g., Graves et al. 2024; Dossou
and Aı̈dasso 2025; Dildora et al. 2025; Bosco et al. 2025).
Some papers, while not directly engaging members of the
Black community, also advocate for more participatory en-

gagement to promote co-learning, empowerment (Dossou
and Aı̈dasso 2025), and community-centered archival prac-
tices (Croskey et al. 2025a).

Trends in Research Contributions We analyzed the vari-
ous goals and empirical claims as stated in the authors’ goals
and contribution statements. Many papers made straight-
forward claims of testing genAI models (e.g., Wang and
Zhai 2024; Shankar et al. 2024; Gupta et al. 2024; Lee
and Jeon 2024)), while papers like Devinney, Björklund,
and Björklund (2024) state a contribution of “investigating
stereotypes, norms, and identity narratives across models”.
Others, such as Wang and Zhai (2024), report multiple con-
tributions, including establishing an unbiased dataset, devel-
oping a model, evaluating AI-generated images, and testing
the model. Figure 3 details the types of research contribu-
tions made across papers in our corpus.

Most papers referred to bias as a potential harm that
disproportionately impacts Black communities or, more
broadly, communities of darker skin tones (e.g., Lee and
Jeon 2024; Xu 2023; Yucer et al. 2020). Papers that ad-
dressed stereotypes, norms, and identity narratives across
models assessed how LLMs replicate societal stereotypes.
Wu et al. (2024), for example, presents stereotype classifiers
to reduce the perpetuation of societal stereotypes. Lee and
Jeon (2024) explores the impact of skin tone variation across
models, finding that more homogeneous stories are pro-
duced about darker skin tones, particularly among women,
and highlights the need to address intersectional bias. Over-
whelmingly, the majority of papers focused on anticipating
various types and levels of bias and harm.
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Source
type Sociotechnical harm Treatment Recommendation

Represen-
tational

Allocative Social
System

Interper-
sonal

Qual. of
Service

Expand
Access

Resist Regulate Devise Reform

Media (28) 12 8 21 12 11 6 6 13 3 12
SLR (91) 62 24 36 40 36 5 3 5 24 78

Table 1: The number of media sources and systematic literature review (SLR) sources expressing each frame.

Framing Results
Across the 28 media resources, causal attribution was the
most consistent dimension of framing: [25] of [28] sources
identified systemic bias as a causal force, and [21] of [28]
identified historical bias — with over half citing both si-
multaneously, reflecting how the corpus treats these as struc-
turally intertwined rather than distinct explanations. By con-
trast, moral judgment divided the corpus more sharply. The
two resources coded as framing genAI as purely beneficial
— both from Black Enterprise, covering Amazon’s AI ini-
tiatives for Black entrepreneurs and Robert Smith’s invest-
ment in HBCUs (Abdur-Rahman 2025; Enterprise 2025) —
stand as notable outliers: the only sources in the corpus ori-
ented primarily toward opportunity rather than harm. The
remaining resources were split between framing genAI as
harmful only and as both harmful and beneficial, with the
former concentrated in sources addressing cultural represen-
tation and the latter in sources addressing economic and ed-
ucational impacts, where the possibility of equitable access
remained open.

Treatment recommendations further reveal the corpus’s
structural orientation. Regulation was the most frequently
recommended treatment [13] of [28], followed closely by re-
form of AI development [12] of [28]. Notably, the two most
recent sources on data center infrastructure and environmen-
tal harms to Black communities — which contributed sub-
stantially to the prevalence of social system harm coding —
offered no treatment recommendations at all, identifying the
problem without proposing intervention. This pattern sug-
gests that public discourse on the environmental dimensions
of genAI harm remains in an early diagnostic phase, naming
the issue without yet having a remedial vocabulary to match.

Across the 28 media resources and 91 empirical papers,
our frame analysis identified patterns of alignment and di-
vergence in how each corpus defined problems, attributed
causes, rendered moral judgments, and proposed treatments.
Table 1 summarizes the distribution of frame attributes
across both corpora, and Tables 2, 3, 4, 5 provide the full
breakdown of how individual sources map to each attribute.
Having established what each corpus contains on its own
terms, the descriptive patterns documented above — the me-
dia corpus’s structural causal orientation, the SLR corpus’s
concentration on technical reform, and the shared attention
to representational harm across both registers — set the con-
ditions for a deeper analytical question: not simply where
these two corpora diverge, but what their convergences and
silences reveal.

Problem Definition: Representational Harm as a
Shared Epistemic Frame
Although social system harm became the most frequently
coded problem definition in the media corpus, a surge driven
in part by the concentration of 2025 publications focused on
environmental harms of generative AI alongside longstand-
ing concerns about structural inequality, representational
harm remains the organizing frame for this analysis because
it is the only problem definition that appears with compa-
rable force across both corpora, making it the most produc-
tive site for examining what that convergence reveals about
how anti-Blackness structures knowledge production in pub-
lic and research discourse alike. Representational harm ap-
peared in [12] of [28] media resources and [62] of [91] re-
search papers. On the surface, this convergence might ap-
pear to validate representational harm as the central problem
framing for understanding genAI’s impact on Black commu-
nities, evidence that public discourse and empirical research
are, at minimum, looking at the same issue. We argue in-
stead that this convergence is analytically significant, and
that reading it through the onto-epistemological framework
of Dancy and Saucier (2022) reveals it as a symptom of anti-
Blackness structuring knowledge production in both regis-
ters simultaneously, rather than confirmation of a shared and
adequate problem definition.

In the media corpus, representational harm manifested
through descriptive accounts of genAI outputs that erased,
distorted, or stereotyped Black identity. Authors docu-
mented image generation tools that progressively lightened
the skin of darker-skinned subjects with each subsequent
prompt, language models that defaulted to stereotypical de-
pictions of Black Americans, and platforms that systemati-
cally erased Black cultural content when overcorrecting for
racial bias. One piece on Black artists warned that genAI
may “stereotype or censor Black history and culture,” cit-
ing how tools “default to the worst stereotypes that already
exist on the internet” (Small 2023). Alongside representa-
tional concerns, the media corpus also surfaced harms that
the SLR corpus largely did not: social system harms ap-
peared in [21] of [28] resources, with economic outlets em-
phasizing that Black Americans are “overrepresented in four
sectors [...] that are likely to see a great deal of automa-
tion” and already face higher unemployment (Stewart III
2024). Educational resources identified allocative harms —
the risk that AI learning tools’ documented benefits “may
not reach students without resources,” expanding “achieve-
ment and opportunity gaps” (Pham et al. 2024) — and inter-
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personal harms, including findings that Black students were
more than twice as likely as white or Latino students to be
falsely accused of using AI to write their work (Klein 2024).
These harms received no parallel treatment in the SLR cor-
pus, a divergence we return to in our discussion of causal
interpretation.

In the SLR corpus, representational harm was simi-
larly the most frequently identified problem definition,
with stereotyping as the most common descriptor. Re-
search examined stereotyping in LLM personas (Gupta
et al. 2023), vision-language models that represented darker-
skinned Black individuals as more homogeneous than
lighter-skinned individuals (Lee et al. 2024), and image
generation systems that amplified race and gender stereo-
types (Chang and Wiens 2024). As with the media corpus,
the dominant treatment recommendation was technical re-
form. The convergence across both corpora — representa-
tional harm as the problem, technical reform as the solution
— reproduces what Dancy and Saucier describe as the epis-
temic condition in which Blackness is rendered legible pri-
marily as an object of measurement and correction rather
than as a structuring epistemology. Both public discourse
and SLR research concentrate remedial effort in the register
of representation — more accurate depictions, more diverse
datasets, more inclusive development teams — without im-
plicating the structural conditions that make representational
harm possible and persistent.

This argument is sharpened by what is conspicuously
absent from both corpora simultaneously. Neither contains
frames or findings centered on Black communities as knowl-
edge producers, technological leaders, or epistemic agents in
genAI development. Among [28] media resources, no frame
centered on Black-led AI innovation, community-driven de-
sign, or Black technological agency as a structural response
to representational harm. Among [91] research papers (14
of which engaged Black communities directly), only [3] en-
gaged Black community members as sources of knowledge
and validation rather than as subjects of study (e.g., Tanksley
et al. 2025; Dildora et al. 2025; Dorn et al. 2025), two of
which positioned community epistemology as constitutive
of research design. Dancy and Saucier (2022) argue that
increasing representation within systems that maintain anti-
Blackness as their structural condition does not dissolve that
condition but transforms how it operates. The concentration
on representational harm in both corpora, accompanied by
the shared evacuation of Black epistemic agency, demon-
strates precisely this: both registers advocate for more ac-
curate representations of Blackness while maintaining the
structural condition in which Blackness remains the object
of representation and the Human its subject.

Causal Interpretation Across Both Corpora
The most analytically significant divergence between the
two corpora emerged in causal interpretation — how au-
thors in each register identified the forces producing genAI-
related harms to Black communities. Where the media cor-
pus consistently attributed harm to historical and systemic
forces, the empirical corpus revealed a pattern of structural
evacuation: the active removal of causal explanation from

research accounts in ways that reproduce what Dancy and
Saucier (2022) describe as the epistemic tendency of AI
ethics discourse to “skip over addressing Blackness and anti-
Blackness directly”.

In the media corpus, causal attribution was both perva-
sive and structurally oriented. [21] of [28] resources iden-
tified historical bias as a causal force, using language —
“historically,” “pre-existing,” “ingrained,” “embedded” — to
locate the roots of genAI harm in centuries-old racialized
logics that have persisted into contemporary technological
systems. [25] of [28] resources identified systemic bias as
a causal force, attributing harm to current policies, organi-
zational cultures, and exclusionary practices in AI develop-
ment that actively reproduce anti-Black conditions. Notably,
this structural causal framing appeared not only in explic-
itly critical outlets but also in economic and business me-
dia (e.g., Forbes, McKinsey) that have no particular com-
mitment to structural critique. When sources concerned pri-
marily with economic productivity and workforce planning
nonetheless identified historical and systemic bias as the
forces creating harm, this signals that the structural account
of causality is available and legible across the discourse on
genAI and Black communities, rather than a specialized the-
oretical claim requiring particular expertise to make.

The SLR corpus diverged sharply. [30] of [91] papers in-
cluded no causal interpretation at all, treating AI systems
instrumentally, as tools to be evaluated or improved, with-
out implicating any forces as responsible for the harms or
limitations they identified. Among papers that did include
causal interpretation, the most common account attributed
bias to training data: [55] of [91] papers identified embed-
ded bias in datasets as the causal mechanism, with language
such as “given that VLMs are primarily trained on web-
scraped data, which contains human-created content reflect-
ing existing social biases” (Lee et al. 2024). The issue is
not that research papers fail to write like newspaper fea-
tures. It is that the causal accounts they do provide system-
atically stop at the dataset, identifying bias as a property of
the training data without reflecting on the social conditions
that produced it. Dancy and Saucier anticipate this move
precisely, arguing that AI ethics discussions reproduce the
tendency to focus on “individuals and specific acts or bias
towards anti-Black, racist outcomes” while the “individual
focus obscures a structural cause that historically has had
a longer lasting and more pervasive impact” (Dancy and
Saucier 2022). In the SLR corpus, the dataset functions as
the individual-level unit of analysis: bias is located in a spe-
cific artifact rather than in the structuring conditions that
made that artifact possible. The causal account shapes the
treatment account, and a truncated causal account produces
a truncated treatment.

Treatment Recommendation: Technical Reform,
Structural Protection, and the Shared Evacuation
of Black Epistemic Agency
The treatment recommendations across both corpora follow
directly from their causal accounts. Where causal interpreta-
tion was truncated — stopping at the dataset rather than im-
plicating the structural conditions that produced those data
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— treatment recommendations concentrated on technical
reform. Where causal interpretation extended to structural
and historical forces, treatment recommendations reached
toward regulation and systemic intervention.

In the SLR corpus, technical reform dominated over-
whelmingly. [78] of [91] papers recommended improve-
ments to AI development as their primary treatment,
oriented toward better datasets, revised annotation prac-
tices, improved benchmarks, and algorithmic adjustments
to reduce bias. No empirical paper recommended regula-
tory intervention, community-led governance, or structural
changes to the conditions under which AI development oc-
curs. Lakkaraju et al.’s financial advisory study (Lakkaraju
et al. 2023) illustrates how this pattern operates at the level
of individual research: test scenarios designed to evaluate
LLM performance with AAVE speakers reproduced exag-
gerated linguistic stereotypes — “I be makin’ a purchase of
$1000 usin’ i’s credit card” — in the very process of as-
sessing bias. A study oriented toward identifying harm in AI
systems reproduced that harm through its own methodology,
precisely because its remedial horizon extended no further
than the system being evaluated.

The media corpus recommended more expansive treat-
ments. [13] of [28] resources called for regulatory interven-
tion, addressing legislators, educators, and institutional pol-
icymakers as agents capable of governing genAI’s impact
on Black communities. [9] of [28] resources recommended
participatory strategies to prevent or mitigate harm, with
economic media in particular urging employers to “bring a
participatory approach to AI planning” (Keenan 2023). Re-
form of AI development itself was also common, with rep-
resentation among creators framed as a direct intervention:
“Diversifying the creators of AI has a direct impact on the
data that the algorithms produce” (Graves et al. 2024). One
resource concluded with a call to resist, urging readers to
refuse Meta’s AI products, “Either way, we need to be ready
to resist whatever internet decay Meta has in store for us
next” (Attiah 2025), framing individual refusal as a mean-
ingful form of protection.

Yet even the media corpus’s more structurally oriented
recommendations reproduce a specific limitation. Across
all treatments — expand access, regulate, resist, reform —
Black communities are consistently positioned as recipients
of protective action undertaken by others: legislators, ed-
ucators, developers, employers. Even resistance is framed
as individual refusal rather than collective agency in shap-
ing what AI becomes. What is absent from both corpora
— and the absence is shared across both registers despite
their different orientations — is any treatment recommenda-
tion that positions Black communities as epistemic agents in
determining what genAI should do, how it should be gov-
erned, and who should hold authority over its development.
While we could not code for community involvement in
media resources, we found that [14] SLR papers engaged
the community in their research, but in each case, involve-
ment was framed as consultation or input into processes
controlled elsewhere — participatory in method but not in
authority. The treatment recommendations in both corpora,
however structurally ambitious, maintain Blackness as the

object upon which AI systems act, rather than as the episte-
mological subject capable of determining the conditions of
that action.

Discussion
Our findings reveal that the misalignment between public
discourse and scholarly research on genAI and Black com-
munities is not merely a matter of emphasis or priority;
it is structurally produced. Where public discourse consis-
tently attributed genAI-related harm to historical and sys-
temic forces and reached toward regulatory and structural
interventions, the SLR corpus reveals a focus that stops at
causal accounts of datasets and treatment recommendations
primarily involving technical reform. Reading both corpora
through Dancy and Saucier’s 2022 onto-epistemological
framework surfaces what the numbers alone cannot: anti-
Blackness operates simultaneously across both registers,
generating not only divergence but a shared evacuation of
Black epistemic agency that persists even in the more struc-
turally oriented framings of public discourse. This conver-
gence — representational harm as the dominant problem
definition in both corpora, accompanied by the shared ab-
sence of Black communities as participatory agents, knowl-
edge producers and design authorities — is the analytic cen-
ter of what follows.

These findings carry important limitations that bear on
their interpretation. Media discourse, shaped by journalis-
tic news values and editorial priorities, does not straight-
forwardly represent the perspectives of Black communi-
ties themselves; our analysis characterizes public narra-
tives about Black communities and genAI rather than di-
rectly capturing the views of Black users and community
members. Extending frame analysis to social media dis-
course—where Black users articulate their own framings of
genAI rather than being framed by journalistic and institu-
tional intermediaries—is a natural next step, and one par-
ticularly aligned with our call to center Black communities
as epistemic agents. Capturing actual discourse at public fo-
rums and summits that have emerged around the topic of eq-
uitable AI for Black futures may also serve this purpose. Our
review of empirical literature is similarly bounded by com-
puting venues and the recency of genAI research, captur-
ing an early-stage landscape that continues to evolve rapidly.
What both limitations share is an absence of Black commu-
nity voice — not only in the corpora we analyzed, but as
a constitutive condition of how both public discourse and
scholarly research are currently produced. It is precisely this
absence that the following section takes up directly.

Attending to Blackness in GenAI Efforts
The analysis of both media sources and empirical litera-
ture related to genAI and Black communities points to an
epistemological enclosure of Blackness, one that maintains
racialized boundaries (Dancy and Saucier 2022) that ulti-
mately position Black people, communities, and practices
as objects, deviant, and lacking. Yet Blackness should not
be relegated to a site of harm; it is also a site of knowledge,
agency, and what Warren (Warren 2018) calls ‘ontological
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possibility’ in the face of anti-Black terror. Black radical tra-
ditions offer a different cultural grounding altogether, one in
which liberatory futures are not extensions of existing sys-
tems but imaginative departures from them (Robinson 2020;
Kelley 2022). That both public discourse and empirical re-
search systematically foreclose this dimension of Blackness
— its generative, world-making capacity — is therefore not
a minor oversight but a structural condition worth naming
directly. Though analysis of public discourse indicated ac-
counts better positioned to address the multi-level, systemic
issues at the intersection of Blackness and genAI than schol-
arly research, both accounts point to a broader issue: the
recognition of the human agency of Black people and com-
munities as they engage with increasingly embedded genAI
systems.

The maintained enclosure of Blackness in spaces of other
(than human) should, in and of itself, be more directly ad-
dressed in both public discourse and scholarly research re-
lated to genAI, but even this misses key considerations.
First, by failing to register relations between Black being
and (foundational conceptions of) the human (Warren 2018;
Wynter 2003; Wynter and McKittrick 2015), both public dis-
course and research leave the trouble with concepts such as
freedom and equality largely unattended. Second, the sole
focus of Blackness as an epistemological space of dere-
liction in relation to (a genre of) the human limits oth-
erwise possibilities and is a symptom of a predominantly
externalized gaze and non-participatory engagement. Here,
O’Byrn’s (2024) discussion of Blackness, nihilism, and rela-
tions to the universalist assumptions of the human (human-
ism) is helpful as they note work on “Black radical recon-
structions” of the human to address (anti-)Blackness where
Black life may transcend anti-Blackness with “infinite possi-
bilities for thriving”. That is, Black radical, liberatory tradi-
tions (e.g., see Robinson 2020; Kelley 2022) provide a dif-
ferent cultural grounding that makes possible a conceptual
and action space that gives way to understanding Blackness,
relations to the human, and otherwise possibilities due to a
different cultural-experiential conceptual grounding (Lakoff
and Johnson 2003) within Black communities. By discount-
ing the behaviors and practices-the living-that occur within
Black communities in the face of anti-Blackness, both genAI
public discourse and genAI empirical research preclude lib-
eratory futures.

Considering Blackness as a starting place for liberatory
tech futures also creates questions about the role of race and
other social constructs in utopian futures such as the cur-
rent technological landscape that is largely ingrained with
AI. This consideration of Blackness suggests holding space
for existing joy, play, and freedom - the human condition of
Blackness. Although the more recent focus of both public
discourse and empirical research is to engage with the full
human condition of Blackness, this requires no longer lean-
ing towards extractive models that reduce certain humans to
mere data (Network 2025). Such a reorientation raises the
question of whether there is a future in which genAI can be
liberatory, rather than another focal point of harm and bias.
Liberatory instantiations of genAI require both the interro-
gation and perhaps conditional acceptance of these tools,

as well as the imagining of possibilities that cultivate both
belonging and freedom through participatory and consider-
ate approaches. Comparing emphasis in public discourse to
trends in empirical research, we see a focus of research aim-
ing to undo the latent biases of technology racialization, cen-
tering artifacts of Black oppression. Transcending harm mit-
igation offers technologies that empower and embrace com-
munities that have historically been harmed by technology
(Croskey, Benjamin, and Jacobs 2026; Croskey et al. 2025a).
This is where the distinction between participation and epis-
temic grounding becomes critical. Our findings document
that even the most community-engaged papers in the SLR
corpus remained participatory in method but not in authority
— Black communities were consulted but did not determine
the terms of inquiry. A liberatory orientation toward genAI
requires something more fundamental than expanded partic-
ipation: it requires treating Black ways of knowing, mak-
ing, and relating as constitutive of what AI is designed to
do and for whom. This is what DISCO Network means by
’Black Indigeneity’ (Network 2025) as a starting place, not
a demographic consideration or a diversity add-on, but an
ontological grounding that reorients the foundational ques-
tions of AI development: what counts as a problem worth
solving, whose knowledge authorizes a solution, and what
futures are imaginable from the outset. What would it mean
to have Blackness not as a corrective to AI’s defaults, but as
the default itself?

Conclusion

We examined how public discourse and empirical scholarly
research align and misalign on genAI’s impact on Black
communities. Our framing analysis of public discourse re-
vealed an emphasis on historical and structural dimensions
of harm as an important causal force, while analysis of
the scholarly research landscape revealed either an absence
of causal explanation or shallow, technical, infrastructure-
oriented explanations, along with a focus on technical (bias-
oriented) reform in this causal treatment. Even in this diver-
gence of causal treatment, both corpora reveal a limitation
in that Black individuals and communities are mainly posi-
tioned as without authoritative agency in treatment recom-
mendations, precluding the potential interventions towards
otherwise liberatory futures.

Though public discourse can have direct and diffuse ef-
fects on scholarly research, with the former potentially antic-
ipating material harms and consequences, positive impacts
are not guaranteed, and research can be epistemologically
structured to exclude such impacts. In addition to our con-
tributions in public discourse and empirical scholarly liter-
ature analysis, we argue for frame analysis as an AI ethics
methodology suited to the anticipatory, structural questions
that venues like AIES exist to address. By using this method
to understand the terrain of public concern and research fo-
cus, we contribute to the growing effort to ensure that AI
research addresses issues pertinent to the communities most
likely negatively impacted by these systems, and highlight
the continued need for structural interrogations.
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Positionality Statement
Our research team consists of six researchers spanning grad-
uate student, academic faculty, and industry research po-
sitions. Most members of our team are of African and
African American descent, with identities that intersect with
other ethnicities as well, and our lived experience with
anti-Blackness informs, but does not exhaust, our analytic
commitments. Our expertise spans critical theories in HCI
and design, community-based participatory research, AI re-
search centering anti-Blackness, and applied work on AI
harms. Several of us also study how to involve underrep-
resented groups in AI development and evaluation. We ap-
proached this work with the prior conviction — grounded in
Black studies scholarship and in our own research trajecto-
ries — that Blackness is not reducible to a demographic vari-
able, and that anti-Blackness is a structural condition rather
than an artifact of flawed datasets, an orientation that shaped
both how we coded the corpora and what we were positioned
to notice in them.

Our institutional positions also condition this work. Mem-
bers of our team are situated within academic institutions
and within an industry research organization whose parent
company develops and deploys the class of generative AI
systems we critique. We recognize that this proximity af-
fords access and insight while also constraining what is easy
to say and from where; we have tried to hold that tension ex-
plicitly rather than resolve it, and to let the analysis follow
the evidence in both corpora regardless of which institutions
it implicates. Finally, we note that our team’s composition
does not substitute for the community authority we argue
is absent from both registers. This paper analyzes discourse
about Black communities; it does not speak for them, and
our critique of consultation-without-authority applies reflex-
ively to the limits of our own method.
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