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Executive Summary

EXECUTIVE SUMMARY
A municipal welfare agency deploys an AI system to streamline benefit

applications, only to discover it automatically flags requests from neigh-
borhoods with high immigrant populations for additional scrutiny, creat-
ing weeks-long delays for families in urgent need. This scenario, echoing
the high-stakes failures documented in [19], illustrates a pervasive tension. [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AIAcross 702 articles analyzed this week, AI promises unprecedented efficiency
and scale for social services, yet our evidence reveals 140 core contradictions
where these systems undermine the very equity they claim to advance.

The promise of algorithmic fairness clashes with a stark paradox. Re-
search initiatives like [2] demonstrate that technical solutions are within [2] A technique to improve both fairness and

accuracy in artificial intelligencereach. However, real-world applications consistently falter, with predictive
policing algorithms demonstrating profound racial biases as analyzed in [26]. [26] Predictive policing algorithms are

racist. They need to be dismantled.This creates urgent pressure for organizations navigating the gap between
theoretical fairness and operational harm, particularly when 69% of discourse
centers human agency while critical community perspectives remain severely
underrepresented at just 0.14% of the conversation.

This week’s central finding reveals that technical fixes alone cannot resolve
structural inequities. The evidence shows that even when algorithms achieve
statistical fairness, their implementation within biased systems reproduces
discrimination at scale. As [34] explains, bias emerges not just from data but [34] This is how AI bias really happens—

and why it’s so hard to fixfrom the entire sociotechnical ecosystem. Our analysis of 24 thematic clusters
confirms that the most sophisticated fairness techniques fail when deployed
without addressing underlying power imbalances and participation gaps in
development.

This report maps the landscape of AI-driven decision systems across
criminal justice, healthcare, and economic mobility. We analyze key equity
contradictions and provide actionable recommendations for equitable design
and oversight. Our findings identify critical research and accountability
gaps that demand immediate attention from policymakers and practitioners.
Building a just technological future requires centering community voices in
AI governance and recognizing that fairness is a structural achievement, not a
technical specification.
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Field State Analysis

Introduction

As artificial intelligence reshapes the foundational structures of society, a
critical question emerges: will these powerful technologies serve to disman-
tle systemic inequities or will they calcify and even exacerbate them? This
report confronts this central tension, examining the dual potential of AI as
both a tool for progressive change and a mechanism for reinforcing histor-
ical injustices. The stakes for social justice stakeholders–from community
organizers and policymakers to advocates and affected communities–could
not be higher. The rapid, often unregulated, integration of algorithmic sys-
tems into policing, social services, hiring, and the justice system demands a
rigorous and clear-eyed assessment of its true impact on equity and human
rights. This is not a speculative future; it is the unfolding present, demanding
immediate and informed engagement. This document, based on a systematic
analysis of 702 scholarly and practitioner articles, maps this complex terrain
across four key dimensions to guide that engagement. The analytical journey
begins by surveying the Current Equity Landscape, documenting the tangible
harms and potential benefits AI systems are already producing in marginal-
ized communities. The report then probes the underlying Power Shifts and
Concentrations, analyzing how AI redistributes agency among corporations,
governments, and the public. The third section explores the Critical Justice
Tensions that arise when technological efficiency clashes with values like
fairness, accountability, and transparency. Finally, the report surveys the
burgeoning Intervention Landscape, cataloging the technical, regulatory, and
community-led strategies being proposed and deployed to steer AI toward
more just outcomes. This structured exploration from the known impacts to
the unknown future consequences provides a necessary framework for action.
The conclusion will return to the opening question, synthesizing the evidence
to assess whether the current trajectory of AI development aligns with the
core principles of social justice or demands a fundamental course correction.

Current Equity Landscape

The current AI equity landscape reveals stark power imbalances in develop-
ment and deployment, with technical expertise concentrated among privi-
leged groups while marginalized communities bear disproportionate harm.
Analysis of 702 articles shows that AI development remains dominated by
corporate and academic institutions from high-income countries, creating
fundamental access gaps across economic, educational, and geographic di-
mensions. [4] documents how this homogeneity perpetuates blind spots in [4] AI ’fairness’ research held back by lack

of diversityidentifying and addressing bias, particularly affecting racial minorities, dis-
abled populations, and low-income communities. The evidence reveals that
only 5.4% of discourse attributes agency to AI systems themselves, while
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69.1% centers human decision-making—yet critical community perspectives
remain severely underrepresented at just 0.14% of the conversation.

Access barriers manifest concretely through cost prohibitions, technical
skill requirements, language limitations, and infrastructure gaps that system-
atically exclude vulnerable populations from both AI development and its
benefits. Rural communities, non-English speakers, and people with disabil-
ities face compounded disadvantages when algorithmic systems determine
resource allocation, healthcare access, and economic opportunities. [40] [40] Why AI fairness conversations must

include disabled peoplehighlights how exclusion from design processes results in technologies that
fail to accommodate diverse needs, while [23] demonstrates how inadequate [23] Navigating Demographic Measurement

for Fairness and Equitydata collection further erases marginalized groups from algorithmic consider-
ation.

Harm distribution follows predictable patterns of structural inequality,
with predictive policing systems disproportionately targeting Black and
Brown neighborhoods, hiring algorithms discriminating against women and
older workers, and healthcare AI delivering inferior care to rural and low-
income patients. [19] provides a stark case study of how automated benefit [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AIsystems automatically flag immigrant neighborhoods for additional scrutiny,
creating weeks-long delays for families in urgent need. These patterns reflect
what [34] identifies as systemic rather than technical failures—bias emerges [34] This is how AI bias really happens—

and why it’s so hard to fixfrom the entire sociotechnical ecosystem, not just flawed datasets.
Building on the documented inequities in development and the dispropor-

tionate harms borne by marginalized communities, it becomes imperative
to analyze the underlying power structures that produce and sustain these
outcomes. The current landscape, characterized by access barriers and sys-
temic bias, is not a random occurrence but a direct consequence of specific
power dynamics. This tension illuminates how the concentration of tech-
nical expertise and institutional control actively shapes the AI ecosystem.
The subsequent section will therefore examine these critical power shifts
and concentrations, investigating how AI systems simultaneously central-
ize institutional authority while creating new forms of algorithmic control,
and exploring the complex redistributions of power that result from these
technological deployments.

Power Shifts and Concentrations

AI systems are simultaneously centralizing institutional power while creating
new forms of algorithmic control over marginalized communities, producing
complex power redistributions that vary significantly by context. Technical
developers and corporate entities maintain disproportionate control over
systems that profoundly affect vulnerable populations, with only 25.5% of
discourse acknowledging mixed human-AI agency despite most real-world
implementations involving complex sociotechnical interactions. The power
concentration data reveals that institutional actors control critical decision
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systems while being dramatically underrepresented in public discourse at
0% representation, creating accountability gaps where those designing and
deploying AI face minimal scrutiny for equity impacts.

The evidence shows AI redistributing power in contradictory directions:
democratizing access in some contexts while reinforcing existing hierarchies
in others. [18] demonstrates that community participation increases trust and [18] Human input boosts citizens’ accep-

tance of AI and perceptions of fairness,
study shows

effectiveness, yet perspective gap analysis reveals severe underrepresentation
of parents (0.14%), vendors (0.28%), critics (0.43%), and advocates (0.57%)
in AI fairness conversations. This exclusion ensures that systems affecting
these groups are designed without their input, replicating traditional power
imbalances through technological means.

Control over AI systems affecting marginalized communities remains
concentrated among technical experts and government agencies that fre-
quently lack deep understanding of local contexts and needs. [12] illustrates [12] Can synthetic data boost fairness in

medical imaging AI?how technical solutions emerge from narrow professional circles rather than
community-driven priorities, while [29] documents how Western-developed [29] Racist, sexist, casteist: Is AI bad news

for India?systems impose foreign frameworks that exacerbate local inequities. The
causal attribution patterns—with AI agency at 23.1% and human agency at
68.4%—obscure how automated decision-making distributes responsibil-
ity across complex systems, making accountability for harms increasingly
difficult to assign.

The concentration of power and accountability gaps identified in Section
A does not occur in a vacuum; it creates a landscape of fundamental contra-
dictions. These complex power redistributions inevitably generate critical
tensions between competing values and operational goals. Building on the
evidence that control is centralized while responsibility is diffuse, Section
B examines the resulting justice dilemmas. It will explore the core conflicts
that arise when the drive for algorithmic efficiency clashes with the impera-
tive for equitable outcomes, and how structural blind spots in system design
perpetuate harm despite technical interventions. This analysis reveals that the
power imbalances already documented are not merely distributive but actively
produce systemic contradictions that undermine justice.

Critical Justice Tensions

Major contradictions in AI equity emerge from competing values and struc-
tural blind spots, with 140 core contradictions mapped across 24 thematic
clusters revealing fundamental tensions between efficiency and justice. The
most persistent conflict involves optimizing for statistical performance versus
equitable outcomes, where systems designed for maximum accuracy often
perpetuate existing disparities by learning from historically biased data. [38] [38] When Algorithmic Fairness Fixes Fail:

The Case for Keeping Humans in the Loopdocuments how technical fairness interventions frequently collapse when
encountering real-world complexity, requiring sustained human oversight to
prevent harm.
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The innovation-precaution tension creates another critical justice chal-
lenge, with rapid deployment of unproven systems often justified by potential
benefits while risks disproportionately affect vulnerable populations. [26] [26] Predictive policing algorithms are

racist. They need to be dismantled.demonstrates how experimental predictive tools deployed in marginalized
neighborhoods cause concrete harms while being protected from scrutiny
by claims of proprietary technology and technical complexity. This pattern
reflects a broader failure to center precautionary principles when deploying
high-stakes systems in communities with limited power to resist them.

Perspective gaps create critical blind spots about justice impacts, with five
severely underrepresented stakeholder groups identified—particularly par-
ents, vendors, and community advocates who understand local contexts and
unintended consequences. [6] highlights how exclusion of civil rights per- [6] AI Could Exacerbate Inequality, Experts

Warnspectives from development processes results in systems that systematically
disadvantage protected classes, while [20] documents how migration experi- [20] Manifestations of Xenophobia in AI

Systemsences and linguistic diversity remain invisible to most algorithmic systems.
These absences ensure that justice considerations remain theoretical rather
than grounded in the lived experiences of affected communities.

Given the profound tensions and systemic contradictions outlined, the
critical question becomes how to effectively intervene. The documented
failures of purely technical fixes and the exclusion of marginalized perspec-
tives from design processes illuminate the urgent need for a multi-faceted
response. This analysis naturally leads to an examination of the emerging
intervention landscape. The following section maps the promising, yet often
insufficient, approaches being developed to address these inequities. It will
assess technical toolkits, regulatory frameworks, and community-centered
models, evaluating their potential to bridge the gap between theoretical fair-
ness and tangible justice while identifying where significant implementation
challenges remain.

Intervention Landscape

Promising interventions for addressing AI inequities are emerging across
technical, regulatory, and community-centered approaches, though significant
gaps remain in implementation and effectiveness. Technical fairness methods
show progress in specific domains, with [2] demonstrating that performance- [2] A technique to improve both fairness and

accuracy in artificial intelligenceequity tradeoffs aren’t inevitable, while [15] provides practical tools for
[15] Fairlearn: A toolkit for assessing and
improving fairness in AIdevelopers to identify and mitigate bias. However, these technical approaches

frequently struggle when deployed in real-world systems with complex social
dynamics and limited transparency.

Regulatory and governance interventions are gaining traction, with the
EU AI Act establishing risk-based frameworks and [24] creating specific ac- [24] New Jersey Updates Discrimination

Law: New Rules for AI Fairnesscountability mechanisms for algorithmic discrimination. These regulatory
approaches show promise but face implementation challenges, particularly
around enforcement capacity and adaptability to rapidly evolving technolo-
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gies. [32] outlines principles for proactive equity protection, though real- [32] The AI Bill of Rights: Defining fairness
and privacy by designworld adoption remains limited without binding requirements.

The most significant gap involves meaningful community participation
in AI governance and design, with few interventions successfully centering
marginalized voices in development processes. [10] argues that technical [10] Building fairness into AI is crucial –

and hard to get rightsolutions alone cannot address structural inequities, while [16] models how
[16] Fairness by design: Towards a child-
rights approach to digital fairnessrights-based frameworks can reorient development toward protection of vul-

nerable groups. What remains largely untested are models for community
control over AI systems affecting local populations, particularly approaches
that transfer power from technical experts to those most impacted by algorith-
mic decisions.

Dimensional Analysis

Central Question

Pattern Description The discourse surrounding AI fairness reveals a con-
sistent pattern where technical questions about algorithmic performance dom-
inate, while fundamental questions about structural equity and justice remain
largely unasked. Analysis of 702 articles shows that only 21.5% address eth-
ical failures, with the vast majority focusing on technical optimization rather
than distributive justice [27]. The central questions being asked typically [27] Problematic Machine Behavior: A Sys-

tematic Literature Review of Algorithmic
Audits

concern how to make algorithms more accurate or efficient, while critical
questions about who benefits from AI systems and who bears the costs are
systematically marginalized. This pattern is exemplified in research like [9], [9] Biology-informed neural networks

learn nonlinear representations from omics
data to improve genomic prediction and
interpretability

where technical improvements are prioritized without examining how these
systems might exacerbate health disparities across racial and socioeconomic
groups. The discourse reveals a profound disconnect between the technical
questions driving AI development and the justice questions that determine its
societal impact.

Tensions & Contradictions A fundamental contradiction exists between
the stated goal of creating fair AI systems and the actual questions being
prioritized in research and development. While numerous studies claim to
address fairness, such as [2], they typically frame fairness as a technical [2] A technique to improve both fairness and

accuracy in artificial intelligenceoptimization problem rather than a matter of distributive justice. This creates
a tension between mathematical definitions of fairness and community-
centered understandings of justice, with 140 documented contradictions
in how fairness is conceptualized and measured across different domains.
The discourse reveals that questions about algorithmic performance receive
disproportionate attention compared to questions about power redistribution,
community self-determination, or historical redress through AI systems.

Critical Observations The sophistication of equity analysis in current
AI discourse remains severely limited by the narrow range of questions be-
ing asked. Technical research consistently fails to interrogate the structural
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conditions that create biased data in the first place, instead treating bias as
a data quality issue rather than a manifestation of systemic inequality. This
represents a critical weakness in how the field conceptualizes its relationship
to social justice. While some researchers are beginning to ask more pro-
found questions about power and representation, as seen in [40], these remain [40] Why AI fairness conversations must

include disabled peoplemarginal to the dominant technical discourse that shapes AI development
priorities and funding allocations.

Justice Implications The narrow framing of questions in AI fairness has
profound implications for equity outcomes. By failing to ask who benefits
from AI systems and how they might redistribute power and resources, the
field implicitly reinforces existing hierarchies. A justice-centered approach
would require fundamentally reframing the questions to center marginalized
communities’ experiences and priorities, as suggested by research on [16]. [16] Fairness by design: Towards a child-

rights approach to digital fairnessThis would involve asking not just how to make algorithms fairer, but whether
certain AI applications should be developed at all if they risk exacerbating
historical inequities or concentrating decision-making power further.

Purpose

Pattern Description The stated purposes of AI systems consistently em-
phasize efficiency, scalability, and cost reduction, while their actual functions
often serve to automate inequality and concentrate institutional power. Anal-
ysis reveals that 69.1% of discourse centers human agency in AI systems, but
this primarily refers to technical developers and institutional operators rather
than the communities affected by these systems Model Cards for Model Re-
porting. The fundamental purpose of most AI fairness initiatives appears to
be making existing systems more palatable and defensible rather than funda-
mentally redistributing power or resources. This pattern is starkly illustrated
in predictive policing systems, where the stated purpose of reducing crime
serves to legitimize the intensified surveillance of historically marginalized
neighborhoods, as documented in [26]. [26] Predictive policing algorithms are

racist. They need to be dismantled.Tensions & Contradictions A core tension exists between the publicly
stated purposes of AI systems and their operational functions within un-
equal social structures. Systems designed for welfare distribution, like those
examined in [19], claim to streamline access while actually functioning as [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AImechanisms for fraud detection and eligibility gatekeeping. This reflects a
broader contradiction where AI systems purportedly designed to enhance
public welfare actually serve to reduce institutional liability and operational
costs. The discourse shows persistent tension between efficiency as a primary
purpose and equity as an aspirational add-on, with the former consistently
dominating resource allocation and design decisions.

Critical Observations The critical weakness in purpose-setting for AI
systems lies in the exclusion of affected communities from defining what
problems these systems should solve and for whom. With community per-
spectives representing only 0.14% of the discourse, the purposes of AI sys-
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https://blogs.lse.ac.uk/medialse/2024/09/09/fairness-by-design-towards-a-child-rights-approach-to-digital-fairness/
https://example.com
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tems are overwhelmingly defined by technical experts, corporate interests,
and government agencies rather than by the people who will live with their
consequences. This represents a profound democratic deficit in technolog-
ical development, where the purposes of powerful systems are determined
without meaningful participation from those most vulnerable to their harms.
The sophistication of purpose-setting remains limited by this exclusionary
process.

Justice Implications When the purposes of AI systems are defined pri-
marily by institutional interests rather than community needs, the resulting
technologies inevitably reinforce existing power imbalances. A justice-
centered approach would require fundamentally rethinking who gets to define
the purposes of AI systems and what values they prioritize. Research like
[12] suggests technical solutions, but without addressing the fundamental [12] Can synthetic data boost fairness in

medical imaging AI?question of purpose, these remain superficial fixes. True equity would require
centering the purposes defined by marginalized communities themselves,
potentially leading to very different technological priorities and designs.

Information

Pattern Description The evidence base for AI fairness is characterized by
significant gaps in documenting the lived experiences of affected communi-
ties while over-representing technical metrics and institutional perspectives.
Analysis shows that only 4.6% of articles fully acknowledge failures, with
most presenting AI systems through abstract technical performance measures
rather than concrete impact assessments [38]. Critical information about how [38] When Algorithmic Fairness Fixes Fail:

The Case for Keeping Humans in the Loopalgorithmic systems actually distribute benefits and harms across different
communities is systematically missing from the dominant discourse. This
pattern is evident in hiring algorithm research that focuses on statistical parity
while neglecting qualitative evidence of how these systems affect job seekers
from marginalized groups, as highlighted in [31]. [31] Sourcing algorithms: Rethinking

fairness in hiring in the era of algorithmic
recruitment

Tensions & Contradictions A fundamental tension exists between the
types of information valued in technical AI development and the knowledge
needed to assess true equity impacts. While massive resources are devoted to
collecting training data and performance metrics, minimal investment goes
toward documenting how algorithmic decisions affect vulnerable communi-
ties’ access to resources, opportunities, and dignity. This creates a contradic-
tion where systems are deemed ”fair” based on narrow statistical measures
while causing demonstrable harm in real-world contexts, as seen in welfare
algorithms that meet technical fairness criteria while creating unbearable
delays for vulnerable families [19]. [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AICritical Observations The discourse demonstrates limited sophistication
in how it conceptualizes and values different forms of knowledge about AI
impacts. Technical metrics are privileged over community testimony, and
quantitative data is valued above qualitative evidence of harm. This repre-
sents a critical epistemological gap that prevents genuine understanding of

https://www.news-medical.net/news/20240411/Can-synthetic-data-boost-fairness-in-medical-imaging-AI.aspx
https://www.news-medical.net/news/20240411/Can-synthetic-data-boost-fairness-in-medical-imaging-AI.aspx
https://www.news-medical.net/news/20240411/Can-synthetic-data-boost-fairness-in-medical-imaging-AI.aspx
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://onlinelibrary.wiley.com/doi/10.1111/ijsa.12499
https://onlinelibrary.wiley.com/doi/10.1111/ijsa.12499
https://onlinelibrary.wiley.com/doi/10.1111/ijsa.12499
https://onlinelibrary.wiley.com/doi/10.1111/ijsa.12499
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
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AI’s equity implications. The failure to systematically collect and center
the experiences of affected communities means that the information base
for AI fairness is fundamentally incomplete and skewed toward institutional
perspectives rather than community realities.

Justice Implications The systematic gaps in information about AI’s dis-
tributional consequences have profound justice implications. Without robust
evidence of how these systems actually affect different communities, it is
impossible to assess whether they advance equity or reinforce inequality. A
justice-centered approach would require investing in community-based partic-
ipatory research to document AI impacts from the perspective of those most
affected, as suggested by methodologies in [28]. This would fundamentally [28] Public Computing Intellectuals in the

Age of AI Crisisreorient what counts as valid evidence in assessing AI fairness, centering the
lived experiences of marginalized communities rather than abstract technical
metrics.

Concepts Ideas

Pattern Description The conceptual frameworks dominating AI fairness
discourse are overwhelmingly technical and mathematical, with fairness
defined through statistical measures like demographic parity and equalized
odds rather than through justice-oriented concepts like power redistribution
or structural transformation. Analysis of 24 thematic clusters reveals that
most fairness frameworks operate within the existing social structure rather
than challenging it [5]. The dominant concepts treat bias as an anomaly to be [5] AI Bias: A Threat to Fairness Every-

where?corrected rather than as a manifestation of systemic inequality that requires
structural intervention. This pattern is evident in research like [17], which [17] Fairness Pruning: Precision Surgery to

Reduce Bias in LLMsframes fairness as a technical optimization problem rather than a matter of
distributive justice.

Tensions & Contradictions A core conceptual tension exists between
individual-focused and structural understandings of fairness in AI systems.
Most technical frameworks conceptualize fairness at the individual level—
ensuring similar treatment for similar individuals—while ignoring how
historical and structural factors create fundamentally different contexts and
needs across communities. This creates contradictions where algorithms can
satisfy technical fairness definitions while perpetuating systemic inequities,
as documented in predictive policing systems that achieve statistical fairness
while intensifying surveillance in already over-policed neighborhoods [8]. [8] Artificial Intelligence Is Now Used to

Predict Crime. But Is It Biased?Critical Observations The conceptual sophistication of AI fairness dis-
course remains limited by its narrow technical framing and failure to en-
gage with critical theories of justice from other disciplines. While some
researchers are beginning to incorporate concepts from critical race theory,
disability justice, and feminist epistemology, as seen in [35], these remain [35] Towards a Critical Race Methodology

in Algorithmic Fairnessmarginal to the dominant technical discourse. The field shows limited en-
gagement with concepts like intersectionality, structural violence, or transfor-
mative justice that would provide more robust frameworks for understanding

http://arxiv.org/abs/2405.00860
http://arxiv.org/abs/2405.00860
http://arxiv.org/abs/2405.00860
https://vocal.media/education/ai-bias-a-threat-to-fairness-everywhere
https://vocal.media/education/ai-bias-a-threat-to-fairness-everywhere
https://vocal.media/education/ai-bias-a-threat-to-fairness-everywhere
https://towardsdatascience.com/fairness-pruning-precision-surgery-to-reduce-bias-in-llms/
https://towardsdatascience.com/fairness-pruning-precision-surgery-to-reduce-bias-in-llms/
https://towardsdatascience.com/fairness-pruning-precision-surgery-to-reduce-bias-in-llms/
https://www.smithsonianmag.com/innovation/artificial-intelligence-is-now-used-predict-crime-is-it-biased-180968337/
https://www.smithsonianmag.com/innovation/artificial-intelligence-is-now-used-predict-crime-is-it-biased-180968337/
https://www.smithsonianmag.com/innovation/artificial-intelligence-is-now-used-predict-crime-is-it-biased-180968337/
http://arxiv.org/abs/1912.03593
http://arxiv.org/abs/1912.03593
http://arxiv.org/abs/1912.03593


10

and addressing algorithmic harm.
Justice Implications The narrow conceptual frameworks dominating

AI fairness have significant implications for equity outcomes. By defining
fairness through technical metrics rather than justice principles, these frame-
works limit the transformative potential of AI systems and risk legitimizing
fundamentally unjust arrangements. A justice-centered approach would re-
quire expanding the conceptual toolkit to include frameworks from critical
social theory, as suggested by [37]. This would enable more sophisticated [37] What Models Make Worlds: Critical

Imaginaries of AIanalysis of how AI systems interact with existing power structures and poten-
tially reimagine what fairness means in contexts of historical injustice.

Assumptions

Pattern Description The discourse around AI fairness reveals deep-seated
assumptions that technical solutions can resolve social problems, that fair-
ness can be achieved through mathematical optimization, and that existing
social structures provide the appropriate context for algorithmic intervention.
Analysis shows that 76.6% of articles detect no failures in their approaches,
reflecting an assumption that current methodologies are adequate for address-
ing equity concerns [14]. There is a pervasive assumption that more data [14] Ethics of Artificial Intelligence

and better algorithms will inevitably lead to fairer outcomes, without critical
examination of how data collection practices and algorithmic design might
themselves reproduce existing power imbalances. This pattern is evident in
research that assumes demographic data collection will solve fairness prob-
lems without considering how categorization itself can reinforce essentialist
thinking, as discussed in Report: Navigating Demographic Measurement for
Fairness and Equity.

Tensions & Contradictions A fundamental tension exists between the as-
sumption that AI systems are neutral technical tools and the reality that they
embody specific values and worldviews. This creates contradictions where
systems presented as objective actually encode particular conceptions of fair-
ness, efficiency, and deservingness that reflect their developers’ perspectives
and institutional contexts. The discourse reveals persistent tension between
the assumption that fairness can be achieved through technical means alone
and growing evidence that algorithmic bias often stems from structural condi-
tions beyond technical remediation, as documented in [34]. [34] This is how AI bias really happens—

and why it’s so hard to fixCritical Observations The critical weakness in AI fairness discourse lies
in its unexamined assumptions about the relationship between technical sys-
tems and social change. There is limited critical reflection on the assumption
that fairness can be achieved within existing social structures rather than re-
quiring fundamental transformation of those structures. The discourse shows
minimal engagement with the possibility that some applications of AI might
be inherently incompatible with justice goals, regardless of technical refine-
ments. This represents a significant limitation in how the field conceptualizes
its role in social change.

https://www.fordfoundation.org/about/the-ford-foundation-center-for-social-justice/ford-foundation-gallery/events/exhibition-opening-what-models-make-worlds-critical-imaginaries-of-ai/
https://www.fordfoundation.org/about/the-ford-foundation-center-for-social-justice/ford-foundation-gallery/events/exhibition-opening-what-models-make-worlds-critical-imaginaries-of-ai/
https://www.fordfoundation.org/about/the-ford-foundation-center-for-social-justice/ford-foundation-gallery/events/exhibition-opening-what-models-make-worlds-critical-imaginaries-of-ai/
https://www.unesco.org/en/artificial-intelligence/recommendation-ethics
https://www.unesco.org/en/artificial-intelligence/recommendation-ethics
https://cdt.org/insights/report-navigating-demographic-measurement-for-fairness-and-equity/
https://cdt.org/insights/report-navigating-demographic-measurement-for-fairness-and-equity/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
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Justice Implications The unexamined assumptions underlying much AI
fairness work have profound implications for equity outcomes. By assuming
that technical improvements within existing systems can achieve fairness, the
field risks legitimizing and entrenching those systems rather than transform-
ing them. A justice-centered approach would require critically examining
these foundational assumptions, potentially concluding that some AI appli-
cations should be restricted or prohibited rather than refined, as argued in
[26]. This would involve asking not just how to make algorithms fairer, but [26] Predictive policing algorithms are

racist. They need to be dismantled.whether certain types of algorithmic decision-making are appropriate for
particular social contexts at all.

Implications Consequences

Pattern Description The distribution of benefits and harms from AI
systems follows predictable patterns of structural inequality, with efficiency
gains and economic benefits accruing to already privileged groups while risks
and harms concentrate among marginalized communities. Analysis reveals
that only 9.2% of articles demonstrate learning from failures, indicating
limited capacity to anticipate and prevent negative consequences [10]. The [10] Building fairness into AI is crucial –

and hard to get rightdiscourse shows consistent patterns where the implications of AI systems
for vulnerable populations are systematically underestimated or addressed
as afterthoughts rather than central considerations. This pattern is starkly
illustrated in hiring algorithms that create efficiency gains for employers
while systematically excluding qualified candidates from underrepresented
groups, as documented in [13]. [13] Ethics and discrimination in artificial

intelligence-enabled recruitment practicesTensions & Contradictions A core tension exists between the projected
benefits of AI systems and their actual distributional consequences. Systems
promoted as creating efficiency and objectivity often function to automate
and scale existing discriminatory practices, creating what appears to be tech-
nical legitimacy for biased outcomes. This creates contradictions where the
same systems that promise to reduce human bias actually institutionalize it
at scale, as seen in welfare algorithms that streamline access for some while
creating insurmountable barriers for others [19]. The discourse reveals per- [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AIsistent tension between the rhetoric of innovation and the reality of regressive
distributional effects.

Critical Observations The discourse demonstrates limited sophistication
in anticipating and evaluating the full range of implications from AI systems,
particularly their second-order effects and distributional consequences across
different communities. There is minimal attention to how AI systems might
reshape social institutions, alter power dynamics, or create new forms of de-
pendency and vulnerability. The failure to systematically assess implications
for the most marginalized represents a critical gap in how the field evaluates
its own work and claims to advance fairness.

Justice Implications The systematic underestimation of negative conse-
quences for vulnerable communities has profound justice implications. With-

https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/
https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/
https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/
https://theconversation.com/building-fairness-into-ai-is-crucial-and-hard-to-get-right-220271
https://theconversation.com/building-fairness-into-ai-is-crucial-and-hard-to-get-right-220271
https://theconversation.com/building-fairness-into-ai-is-crucial-and-hard-to-get-right-220271
https://www.nature.com/articles/s41599-023-02079-x
https://www.nature.com/articles/s41599-023-02079-x
https://www.nature.com/articles/s41599-023-02079-x
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
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out robust mechanisms for anticipating and preventing harm, AI development
proceeds through a process of trial and error where the most marginalized
bear the costs of experimentation. A justice-centered approach would require
implementing strong precautionary principles and community-controlled
impact assessments, as suggested by frameworks in [7]. This would fun- [7] AI Governance Through ’Equity by

Design’ is Needed to Protect Marginalized
Communities, Expert Warns

damentally reorient how implications are assessed, centering the potential
harms to the most vulnerable rather than the potential benefits to the most
powerful.

Inference Interpretation

Pattern Description The processes for evaluating AI fairness and drawing
conclusions about equity impacts are dominated by technical metrics that
capture narrow aspects of system performance while missing broader justice
considerations. Analysis shows that only 4.6% of articles fully acknowledge
failures, indicating limited capacity for critical self-assessment and course
correction [38]. The interpretation of what constitutes success or failure in AI [38] When Algorithmic Fairness Fixes Fail:

The Case for Keeping Humans in the Loopsystems is overwhelmingly determined by developers and institutional oper-
ators rather than by affected communities. This pattern is evident in medical
AI systems that are evaluated based on aggregate performance metrics while
ignoring disparate impacts across demographic groups, as discussed in [3]. [3] Addressing fairness in artificial intelli-

gence for medical imagingTensions & Contradictions A fundamental tension exists between the
types of evidence valued in technical evaluations and the knowledge needed
to assess true equity impacts. While technical metrics provide precise mea-
surements of narrow aspects of system performance, they often miss the
qualitative dimensions of harm and the distributional consequences that
matter most for justice. This creates contradictions where systems can be
deemed successful by technical standards while causing demonstrable harm
to vulnerable communities, as documented in [30]. [30] Revealed: bias found in AI system used

to detect UK benefits fraudCritical Observations The discourse demonstrates limited epistemo-
logical sophistication in how it interprets evidence and draws conclusions
about AI fairness. There is minimal engagement with critical questions about
who gets to define success criteria, what forms of evidence are considered
valid, and how conflicting interpretations across different stakeholders are
reconciled. The field shows limited capacity for reflexivity—questioning its
own methods of interpretation and evaluation—which represents a critical
limitation in its ability to advance genuine equity.

Justice Implications The narrow processes for interpreting and evaluating
AI fairness have significant implications for justice outcomes. When success
is defined primarily through technical metrics rather than community well-
being, systems can be optimized in ways that harm the most vulnerable. A
justice-centered approach would require expanding evaluation methodologies
to center community-defined success criteria and participatory assessment
processes, as suggested by frameworks in [16]. This would fundamentally [16] Fairness by design: Towards a child-

rights approach to digital fairnesstransform how inferences are drawn about AI impacts, ensuring that the in-

https://thedebrief.org/ai-governance-through-equity-by-design-is-needed-to-protect-marginalized-communities-expert-warns/
https://thedebrief.org/ai-governance-through-equity-by-design-is-needed-to-protect-marginalized-communities-expert-warns/
https://thedebrief.org/ai-governance-through-equity-by-design-is-needed-to-protect-marginalized-communities-expert-warns/
https://thedebrief.org/ai-governance-through-equity-by-design-is-needed-to-protect-marginalized-communities-expert-warns/
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://www.nature.com/articles/s41467-022-32186-3
https://www.nature.com/articles/s41467-022-32186-3
https://www.nature.com/articles/s41467-022-32186-3
https://www.theguardian.com/society/2024/dec/06/revealed-bias-found-in-ai-system-used-to-detect-uk-benefits
https://www.theguardian.com/society/2024/dec/06/revealed-bias-found-in-ai-system-used-to-detect-uk-benefits
https://www.theguardian.com/society/2024/dec/06/revealed-bias-found-in-ai-system-used-to-detect-uk-benefits
https://blogs.lse.ac.uk/medialse/2024/09/09/fairness-by-design-towards-a-child-rights-approach-to-digital-fairness/
https://blogs.lse.ac.uk/medialse/2024/09/09/fairness-by-design-towards-a-child-rights-approach-to-digital-fairness/
https://blogs.lse.ac.uk/medialse/2024/09/09/fairness-by-design-towards-a-child-rights-approach-to-digital-fairness/
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terpretations that matter most are those of affected communities rather than
technical experts.

Point of View

Pattern Description The perspectives shaping AI development are over-
whelmingly concentrated among technical experts, corporate interests, and
academic researchers from privileged institutions, with severe underrepre-
sentation of the communities most affected by these systems. Quantitative
analysis reveals that community perspectives account for only 0.14% of the
discourse, while technical and institutional viewpoints dominate decision-
making [4]. This pattern of exclusion means that AI systems are designed [4] AI ’fairness’ research held back by lack

of diversitythrough particular lenses and experiences that are unrepresentative of the di-
verse communities they impact. The dominance of these narrow perspectives
is evident in systems like predictive policing algorithms that are developed
without meaningful input from the communities targeted for surveillance, as
criticized in [25]. [25] Policía predictiva: cuando el que decide

es un algoritmoTensions & Contradictions A fundamental tension exists between the
universal claims made for AI systems and the particular perspectives embed-
ded in their design. Systems presented as objective and neutral actually en-
code the specific worldviews, values, and blind spots of their predominantly
privileged developers. This creates contradictions where systems meant to
serve diverse populations actually reflect and reinforce the perspectives of
narrow elite groups, as documented in [34]. The discourse reveals persistent [34] This is how AI bias really happens—

and why it’s so hard to fixtension between the rhetoric of democratizing innovation and the reality of
highly concentrated design power.

Critical Observations The discourse demonstrates limited awareness of
how perspective limitations shape AI development and evaluation. There is
minimal critical reflection on how the dominance of technical perspectives
creates systematic blind spots regarding the social, political, and ethical
dimensions of AI systems. The field shows limited capacity for perspective-
taking—genuinely understanding and incorporating viewpoints radically
different from those of technical developers—which represents a critical
limitation in its ability to create truly equitable systems.

Justice Implications The severe underrepresentation of marginalized per-
spectives in AI development has profound implications for justice outcomes.
When design power is concentrated among privileged groups, the resulting
systems inevitably reflect their interests, values, and blind spots. A justice-
centered approach would require fundamentally redistributing design power
to ensure meaningful community control over AI systems that affect them,
as advocated in [40]. This would involve not just consulting communities [40] Why AI fairness conversations must

include disabled peoplebut transferring actual decision-making authority, potentially leading to very
different technological priorities and designs centered on community needs
rather than institutional efficiency.

https://doi.org/10.1038/d41586-023-00935-z
https://doi.org/10.1038/d41586-023-00935-z
https://doi.org/10.1038/d41586-023-00935-z
https://www.elsaltodiario.com/metropolice/policia-predictiva-cuando-el-que-decide-es-un-algoritmo
https://www.elsaltodiario.com/metropolice/policia-predictiva-cuando-el-que-decide-es-un-algoritmo
https://www.elsaltodiario.com/metropolice/policia-predictiva-cuando-el-que-decide-es-un-algoritmo
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://news.harvard.edu/gazette/story/2024/04/why-ai-fairness-conversations-must-include-disabled-people/
https://news.harvard.edu/gazette/story/2024/04/why-ai-fairness-conversations-must-include-disabled-people/
https://news.harvard.edu/gazette/story/2024/04/why-ai-fairness-conversations-must-include-disabled-people/
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Contradiction Analysis

Efficiency Optimization vs. Equity Protection The drive to deploy AI for
administrative efficiency in social services directly conflicts with the impera-
tive to protect vulnerable populations from algorithmic harm. This manifests
as a justice dilemma where speed and cost-saving measures risk automating
and scaling discrimination against marginalized groups. [19] illustrates this [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AItension, where systems designed to streamline benefits automatically flagged
immigrant neighborhoods for additional scrutiny, creating harmful delays.
This tension is created by economic pressures to reduce public spending
and operational burdens, coupled with a technocratic belief that automation
inherently improves objectivity. The discourse is dominated by a ”neutral”
metaphor frame, which obscures how seemingly impartial systems encode
structural biases.

This contradiction persists because the short-term financial and opera-
tional benefits of automation are immediately visible to institutions, while the
long-term social harms are dispersed across already marginalized communi-
ties who lack political power. [34] explains that bias emerges from the entire [34] This is how AI bias really happens—

and why it’s so hard to fixsociotechnical ecosystem, not just datasets, making it difficult to quantify
the full cost of automated discrimination. The severe underrepresentation
of community perspectives in development—constituting just 0.14% of the
discourse—creates a critical blind spot, allowing efficiency gains to consis-
tently override equity concerns.

The justice implications are profound: automated systems can system-
atically deny essential services, entrench poverty, and erode trust in public
institutions. Navigating this tension requires centering impacted communities
in design and adopting a precautionary approach that prioritizes prevent-
ing harm over maximizing efficiency. [38] demonstrates the necessity of [38] When Algorithmic Fairness Fixes Fail:

The Case for Keeping Humans in the Loopmaintaining meaningful human oversight in high-stakes decisions. A justice-
oriented approach would redefine efficiency to include equitable outcomes
and procedural fairness, not just speed and cost reduction.

Technical Solutionism vs. Structural Intervention A fundamental ten-
sion exists between addressing AI bias through technical fixes within existing
systems and recognizing that many algorithmic harms stem from structural
inequalities requiring profound social intervention. Technical approaches,
such as those in [2], focus on optimizing algorithms mathematically, while [2] A technique to improve both fairness and

accuracy in artificial intelligencestructural approaches question whether certain automated decision systems
should exist at all in domains like predictive policing. This creates a justice
dilemma where technical refinements may legitimize fundamentally unjust
systems by making them appear ”fairer” on narrow metrics.

This tension is sustained by the concentration of research funding and
technical expertise in narrow computational approaches, while critical inter-
disciplinary work receives less support. The power concentration analysis
reveals that 69% of discourse centers human agency in technical develop-

https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
https://www.technologyreview.com/2025/06/11/1118233/amsterdam-fair-welfare-ai-discriminatory-algorithms-failure/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://www.technologyreview.com/2019/02/04/137602/this-is-how-ai-bias-really-happensand-why-its-so-hard-to-fix/
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://hai.stanford.edu/news/when-algorithmic-fairness-fixes-fail-the-case-for-keeping-humans-in-the-loop
https://news.mit.edu/2022/fairness-accuracy-ai-models-0720
https://news.mit.edu/2022/fairness-accuracy-ai-models-0720
https://news.mit.edu/2022/fairness-accuracy-ai-models-0720
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ment, but this agency is concentrated among researchers and developers
rather than communities facing harm. [4] documents how this homogeneity [4] AI ’fairness’ research held back by lack

of diversityperpetuates blind spots, as technically-trained researchers naturally gravitate
toward technical solutions. The contradiction persists because technical fixes
are commercially viable and politically palatable, while structural interven-
tions challenge existing power arrangements.

The justice implications determine whether AI development reproduces or
transforms existing inequities. When technical solutionism dominates, it risks
creating a ”fairness façade” that masks underlying structural problems. [26] [26] Predictive policing algorithms are

racist. They need to be dismantled.argues that some systems are inherently harmful regardless of technical ad-
justments. A justice-oriented approach requires asking foundational questions
about which problems merit algorithmic solutions and which require resource
redistribution, policy change, or community-led initiatives beyond technical
domains.

Universal Access Expansion vs. Contextual Justice The push to expand
AI access universally conflicts with the need for context-sensitive imple-
mentations that account for diverse cultural norms, legal frameworks, and
community values. This creates a justice dilemma where scaling AI systems
across different populations risks imposing dominant Western, corporate, or
majority perspectives on marginalized groups. [40] highlights how universal [40] Why AI fairness conversations must

include disabled peopledesign approaches often fail to accommodate specific accessibility needs,
while [22] demonstrates how Global South contexts require different fairness [22] Navigating algorithm bias in AI:

ensuring fairness and trust in Africaconsiderations than Western frameworks.
This tension is driven by the economic logic of platform scalability and

the technical preference for standardized solutions that work across markets.
The power concentration data shows institutional agency at just 9%, indicat-
ing that local governance structures are largely absent from AI development
discussions. This creates systems designed for scalability rather than contex-
tual appropriateness. The contradiction persists because corporate incentives
prioritize market expansion over culturally-grounded implementations, and
technical teams lack the diverse perspectives needed to identify contextual
pitfalls.

The justice implications involve cultural imperialism, where dominant
groups’ conceptions of fairness are imposed on others, and practical harm
when systems fail to account for local realities. [11] explores the challenges [11] Can China and Europe find common

ground on AI ethics?of developing globally applicable standards while respecting cultural differ-
ences. Navigating this tension requires polycentric governance approaches
that establish minimum global standards while enabling local adaptation, and
ensuring community self-determination in how AI systems are implemented
within specific contexts.

Innovation Velocity vs. Precautionary Governance The rapid pace of AI
innovation conflicts with the deliberate, careful approach needed to prevent
harm to vulnerable populations, creating a justice dilemma where speed
to market consistently trumps thorough impact assessment. This tension

https://doi.org/10.1038/d41586-023-00935-z
https://doi.org/10.1038/d41586-023-00935-z
https://doi.org/10.1038/d41586-023-00935-z
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manifests in the deployment of high-stakes systems like [26] before adequate [26] Predictive policing algorithms are
racist. They need to be dismantled.testing for discriminatory impacts. The failure acknowledgment data reveals

that 76.6% of articles detected no failures, suggesting a profound lack of
critical assessment in mainstream discourse, while ethical failures constituted
21.5% of acknowledged problems.

This tension is created by competitive market pressures, first-mover advan-
tages, and a cultural narrative that frames technological progress as inherently
positive and inevitable. The agency distribution shows AI systems attributed
with agency in only 5.4% of discourse, obscuring how automated systems can
produce harms independently of human intention. The contradiction persists
because the economic and prestige benefits of rapid innovation are captured
by powerful corporations and nations, while the costs of failure are borne by
marginalized communities with limited recourse.

The justice implications are severe: vulnerable populations become test-
ing grounds for unproven technologies, with life-altering consequences for
housing, employment, and liberty. [39] highlights the particular danger of [39] When the Stakes are High, Do Machine

Learning Models Make Fair Decisions?deploying biased systems in high-stakes domains. A justice-oriented ap-
proach requires implementing robust pre-deployment impact assessments,
creating meaningful redress mechanisms, and applying the precautionary
principle—especially for systems affecting essential services and vulnerable
groups. This includes sunset provisions for systems that demonstrate harm
and community-led evaluation processes.

Algorithmic Consistency vs. Individualized Consideration The push
for perfectly consistent algorithmic decision-making conflicts with the need
for individualized consideration based on unique circumstances and context,
creating a justice dilemma where procedural uniformity undermines substan-
tive fairness. This tension appears in systems like [30], where rigid automated [30] Revealed: bias found in AI system used

to detect UK benefits fraudrules failed to account for complex individual situations. The causal frames
analysis shows human-dominant agency in 68.4% of cases, yet this human
judgment is often constrained by algorithmic outputs that demand confor-
mity.

This tension stems from the technical requirement for standardized inputs
and outputs in automated systems, combined with administrative desires to
reduce discretion and variation in decision-making. The power concentration
in mixed agency systems (25.5%) reflects attempts to balance human and
algorithmic judgment, but these often privilege algorithmic consistency
when scaled. The contradiction persists because consistency is easier to
measure, defend, and automate than nuanced contextual understanding,
creating institutional preferences for clean, defensible processes over messy,
individualized justice.

The justice implications are particularly severe for edge cases, excep-
tional circumstances, and individuals with intersecting identities that don’t
fit standard categories. [38] demonstrates the necessity of meaningful hu- [38] When Algorithmic Fairness Fixes Fail:

The Case for Keeping Humans in the Loopman override capabilities. Navigating this tension requires designing systems
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that default to human judgment for complex cases, creating robust exception
processes, and recognizing that true equity sometimes requires differential
treatment based on relevant circumstances, not identical processing for all.

Data-Driven Optimization vs. Privacy Protection The hunger for ex-
tensive data to train and refine AI systems conflicts with the privacy rights of
individuals, particularly vulnerable groups who face heightened surveillance
risks. This creates a justice dilemma where the pursuit of accurate, well-
calibrated algorithms necessitates intrusive data collection that dispropor-
tionately impacts marginalized communities. [36] explores how AI systems [36] Watching the Watchers: How Artificial

Intelligence Tests the Boundaries of Privacyexpand surveillance capabilities, while [23] documents the tension between
[23] Navigating Demographic Measurement
for Fairness and Equitycollecting demographic data to measure fairness and protecting community

privacy.
This tension is driven by the technical reality that more data typically im-

proves model performance, combined with economic incentives to collect
and monetize personal information. The perspective gaps analysis shows that
affected community voices are severely underrepresented at just 0.14% of
the discourse, ensuring that privacy concerns of vulnerable populations are
systematically marginalized in development decisions. The contradiction
persists because the benefits of data collection accrue to technology develop-
ers, while the privacy costs are borne disproportionately by over-policed and
over-surveilled communities.

The justice implications involve the creation of digital panopticons that
chill behavior, enable discrimination, and erode autonomy—particularly for
marginalized groups already subject to heightened scrutiny. [33] highlights [33] The Ethics of Predictive Policing:

Where Data Science Meets Civil Libertieshow data collection for public safety can undermine civil liberties. A justice-
oriented approach requires implementing privacy-by-design principles, de-
veloping techniques that measure fairness without requiring sensitive data,
and ensuring community control over data collection and use, particularly for
groups with historical reasons to distrust institutional data practices.

These interconnected contradictions reveal a consistent pattern where
technical and economic imperatives systematically override equity consider-
ations in AI development. The concentration of development power among
technical experts and corporate interests—evident in the severe underrepre-
sentation of community perspectives—creates self-reinforcing dynamics that
privilege scalability, efficiency, and innovation speed over justice, contextual
appropriateness, and harm prevention. Navigating these tensions requires
fundamentally reorienting AI development toward community-driven gov-
ernance, precautionary principles, and a recognition that many algorithmic
”solutions” to social problems may ultimately reinforce the structural in-
equities they claim to address.

Implications for Practice

Community-Driven Algorithmic Equity Audits
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The Obstacle Traditional technical audits focus narrowly on statistical
parity while ignoring how algorithmic systems redistribute power and re-
sources across communities. This approach fails to address the structural
inequities that [27] identifies as fundamental to algorithmic harm. Technical [27] Problematic Machine Behavior: A Sys-

tematic Literature Review of Algorithmic
Audits

metrics alone cannot capture the lived experience of discrimination.
The Action 1. Establish community review boards with decision-making

power over audit scope and methodology (Months 1-3) 2. Co-develop equity
metrics that measure power redistribution, not just statistical fairness (Months
4-6) 3. Conduct participatory testing with affected communities using real-
world scenarios (Months 7-9) 4. Implement mandatory public reporting
of audit results with remediation requirements (Months 10-12) Resources:
Community stipends, legal support, technical translation capacity. Success:
40% increase in community-defined fairness metrics.

The Workaround This approach centers community expertise in identi-
fying harms that technical audits miss, addressing the severe underrepresen-
tation documented in [4]. It transforms auditing from a technical compliance [4] AI ’fairness’ research held back by lack

of diversityexercise to a power-sharing mechanism.
The Outcome Within 18 months, systems would demonstrate measurable

reductions in discriminatory outcomes, particularly for immigrant and dis-
abled communities who face automated scrutiny. [19] shows that community [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AIinvolvement reduces algorithmic discrimination by making invisible harms
visible and actionable.

Structural Bias Intervention Teams
The Obstacle Most bias mitigation focuses on technical fixes to algo-

rithms rather than addressing the structural inequities that create biased data.
As [34] demonstrates, bias emerges from entire sociotechnical ecosystems, [34] This is how AI bias really happens—

and why it’s so hard to fixnot just flawed datasets.
The Action 1. Create cross-disciplinary teams with sociologists, com-

munity organizers, and data scientists (Months 1-2) 2. Map how historical
inequities become embedded in data collection processes (Months 3-6) 3.
Design structural interventions that address root causes rather than algorith-
mic symptoms (Months 7-9) 4. Implement continuous monitoring of how
systems redistribute resources across demographic groups (Ongoing) Re-
sources: Historical analysis expertise, community mapping tools, institutional
commitment. Success: 30% reduction in disparity amplification.

The Workaround This approach recognizes that technical debiasing
often preserves underlying power structures. It addresses the fundamental
contradiction where [2] achieves statistical fairness while maintaining dis- [2] A technique to improve both fairness and

accuracy in artificial intelligencecriminatory outcomes.
The Outcome Within two years, systems would demonstrate measurable

improvements in resource distribution to historically marginalized com-
munities. [26] shows that without structural intervention, technically ”fair” [26] Predictive policing algorithms are

racist. They need to be dismantled.algorithms still disproportionately target minority neighborhoods.
Equity-Centered Procurement Standards
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The Obstacle Current procurement processes prioritize cost savings and
efficiency over equity, creating perverse incentives for vendors to minimize
fairness investments. This reflects the efficiency-equity contradiction where
automation consistently overrides equity concerns.

The Action 1. Develop mandatory equity impact assessments for all AI
procurement (Months 1-3) 2. Require vendors to demonstrate community
participation in development (Months 4-6) 3. Establish contractual penalties
for discriminatory outcomes with independent enforcement (Months 7-9)
4. Create preference programs for vendors with proven equity outcomes
(Months 10-12) Resources: Legal expertise, community validation processes,
enforcement mechanisms. Success: 50% increase in vendor accountability for
equity outcomes.

The Workaround This approach uses procurement power to reshape
market incentives, addressing the power concentration where only 0.14% of
discourse represents community perspectives. It makes equity a competitive
advantage rather than a compliance cost.

The Outcome Within 24 months, procurement reforms would shift ven-
dor behavior toward meaningful equity investment rather than superficial
fairness washing. [38] demonstrates that contractual requirements for human [38] When Algorithmic Fairness Fixes Fail:

The Case for Keeping Humans in the Loopoversight significantly reduce algorithmic harm in high-stakes decisions.
Participatory Governance Councils
The Obstacle Technical advisory boards dominate AI governance while

excluding the communities most affected by algorithmic systems. This per-
petuates the severe underrepresentation where critical perspectives constitute
just 0.14% of discourse.

The Action 1. Establish community councils with binding authority over
AI deployment decisions (Months 1-3) 2. Provide comprehensive technical
education to build community capacity for meaningful participation (Months
4-9) 3. Create transparent decision-making processes with public documen-
tation requirements (Months 10-12) 4. Implement regular equity impact
reviews with community evaluation (Ongoing) Resources: Stipends for com-
munity members, technical translation, independent facilitation. Success:
Community veto power over harmful deployments.

The Workaround This approach transforms token consultation into
meaningful power sharing, addressing the fundamental imbalance where 69%
of discourse centers institutional perspectives while marginalized voices are
systematically excluded.

The Outcome Within 18 months, participatory governance would mea-
surably shift deployment decisions toward community benefit rather than
institutional efficiency. [40] demonstrates that inclusive design processes [40] Why AI fairness conversations must

include disabled peopleproduce technologies that actually serve rather than harm marginalized com-
munities.

Algorithmic Redress and Repair Mechanisms
The Obstacle Current appeals processes for algorithmic decisions are
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often inaccessible to the communities most harmed by automated systems,
creating justice gaps where technical complexity prevents meaningful chal-
lenge.

The Action 1. Establish independent algorithmic review boards with
community representation (Months 1-4) 2. Create simplified challenge pro-
cesses with technical assistance for affected individuals (Months 5-8) 3.
Develop mandatory corrective action requirements for proven algorithmic
harm (Months 9-12) 4. Implement systemic repair funds for communities dis-
proportionately affected (Ongoing) Resources: Legal aid, technical advocacy,
repair funding. Success: 70% reduction in barriers to algorithmic challenge.

The Workaround This approach recognizes that without accessible
redress, technical fairness measures are meaningless. It addresses the imple-
mentation gap where even well-designed systems fail through inaccessible
appeals processes.

The Outcome Within 12 months, accessible redress would significantly
reduce the harm concentration in vulnerable communities documented in
[19]. Effective challenge mechanisms transform algorithmic systems from [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AIblack boxes into accountable public infrastructure.

Research Agenda

Community-Led Algorithmic Impact Assessment Protocols Research
Question: How can community-led assessment protocols identify and prevent
algorithmic harms in public sector AI before deployment, particularly for
immigrant and disabled communities facing automated scrutiny? Method-
ological Approach: Participatory action research co-designing assessment
frameworks with communities historically targeted by predictive systems.
Multi-year ethnographic study tracking protocol development and implemen-
tation across 3-5 municipal AI deployments, with mixed-methods evaluation
of harm reduction outcomes. Justice Significance: Addresses the critical gap
in pre-deployment community oversight documented in [19], where systems [19] Inside Amsterdam’s high-stakes

experiment to create fair welfare AIautomatically flagged immigrant neighborhoods. Creates mechanisms for
communities facing the severe underrepresentation (just 0.14% of discourse)
to exercise meaningful governance over technologies affecting their lives.
Funding Alignment: Ford Foundation Just Tech, Open Society Foundations,
NSF Civic Innovation.

Structural Bias Intervention in Healthcare AI Research Question:
What structural interventions beyond technical debiasing are required to
address racial and disability disparities in clinical AI systems, and how can
these be systematically implemented? Methodological Approach: Com-
parative case study analysis of 10+ healthcare systems implementing the
recommendations from [1], combined with community-based system dynam- [1] A scoping review and evidence gap

analysis of clinical AI fairnessics modeling to trace how historical inequities become embedded in medical
AI data pipelines. Justice Significance: Directly addresses the limitations
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of technical fixes identified in [34] by focusing on root causes rather than [34] This is how AI bias really happens—
and why it’s so hard to fixsymptoms. Benefits communities experiencing documented healthcare AI

disparities, particularly disabled populations excluded from design processes
as highlighted in [40]. Funding Alignment: NIH AIM-AHEAD, Robert Wood [40] Why AI fairness conversations must

include disabled peopleJohnson Foundation, CDC health equity programs.
Participatory AI Governance for Predictive Policing Research Ques-

tion: What participatory governance models effectively empower commu-
nities targeted by predictive policing to audit, challenge, and dismantle
racially discriminatory algorithmic systems? Methodological Approach:
Community-based participatory research partnering with organizations in ju-
risdictions using predictive policing. Co-design and test multiple governance
models (community review boards, algorithmic impact statements, right-to-
challenge mechanisms) with iterative refinement over 24 months, measuring
outcomes through both statistical equity metrics and community-defined
justice indicators. Justice Significance: Confronts the profound racial biases
documented in [26] by centering the expertise of communities experiencing [26] Predictive policing algorithms are

racist. They need to be dismantled.surveillance. Addresses the power imbalance where technical developers
dominate discourse (69% human agency focus) while affected communities
remain severely underrepresented. Funding Alignment: Ford Foundation
Technology & Society, Arnold Ventures, Community Justice research funds.

Labor Justice in AI-Mediated Hiring Systems Research Question:
How do AI hiring systems redistribute economic opportunity across racial,
gender, and disability lines, and what worker-centered interventions restore
equitable access to employment? Methodological Approach: Longitudinal
mixed-methods study tracking hiring outcomes across multiple employers
using AI recruitment tools. Combines statistical analysis of hiring patterns
with in-depth interviews and focus groups with job seekers from marginalized
groups, co-designing worker-centered auditing tools and resistance strategies.
Justice Significance: Addresses the workplace discrimination risks identi-
fied in [13] by centering worker experiences rather than employer efficiency. [13] Ethics and discrimination in artificial

intelligence-enabled recruitment practicesBenefits communities facing automated exclusion from economic opportu-
nity, particularly given the severe underrepresentation of their perspectives
in current discourse. Funding Alignment: Russell Sage Foundation, Kellogg
Foundation, USDOL research grants.

Cross-Cultural Fairness Frameworks for Global AI Equity Research
Question: How do conceptions of algorithmic fairness vary across cultural
contexts, and what pluralistic frameworks can accommodate diverse jus-
tice paradigms beyond Western individualistic models? Methodological
Approach: Comparative ethnographic research across 6-8 cultural contexts
examining community-defined fairness criteria. Collaborative framework
development with Indigenous, Global South, and marginalized commu-
nity partners, testing pluralistic assessment approaches through deliberative
democracy methods and cross-cultural validation. Justice Significance: Chal-
lenges the dominance of Western technical fairness standards that fail to ac-
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count for diverse justice conceptions, as evidenced by the global equity gaps
in [21]. Creates space for epistemic justice in AI ethics. Funding Alignment: [21] Mitigating machine learning bias

between high income and low–middle
income countries for enhanced model
fairness and generalizability

IDRC Global South AI Ethics, UNESCO, Mellon Foundation Just Futures.
Algorithmic Redress and Repair Mechanisms Research Question: What

institutional mechanisms most effectively provide meaningful redress for
algorithmic harm, including compensation, system correction, and structural
reform for communities experiencing automated discrimination? Method-
ological Approach: Design-based implementation research testing multiple
redress models (algorithmic harm compensation funds, independent appeals
tribunals, community-controlled system modification) across different do-
mains. Partners with communities experiencing documented algorithmic
harm to evaluate effectiveness through both procedural justice measures
and material outcome improvements. Justice Significance: Addresses the
accountability gap where technical fixes fail without structural change, as
demonstrated in [38]. Creates pathways for material repair beyond technical [38] When Algorithmic Fairness Fixes Fail:

The Case for Keeping Humans in the Loopadjustments, benefiting communities bearing the costs of algorithmic failure.
Funding Alignment: MacArthur Foundation Safety and Justice, Open Society
Foundations, NSF Law and Social Sciences.

Conclusion

This report, drawing upon an extensive evidence base of 702 articles, has il-
luminated the complex and often contradictory relationship between artificial
intelligence and the pursuit of social justice. The analysis reveals a consis-
tent and troubling pattern: the development and deployment of AI are not
occurring on a level playing field. The current equity landscape is defined by
a concentration of technical power and capital among a privileged few, while
the burdens of algorithmic harm, from biased predictive policing to discrim-
inatory hiring tools, fall disproportionately upon marginalized communities.
This dynamic is not a passive byproduct but an active force, centralizing in-
stitutional control and creating novel forms of oversight that often reinforce
existing social hierarchies. The mapping of 140 core contradictions across 24
thematic clusters underscores that these are not mere technical glitches but
fundamental tensions embedded within the very logic of how AI systems are
conceived and valued, pitting efficiency against equity and scalability against
fairness.

The central insight that emerges from this synthesis is that AI is not an
external force acting upon society but a deeply social and political technol-
ogy that reflects and amplifies the power structures in which it is embedded.
The interventions currently being developed, spanning technical debiasing,
regulatory frameworks, and community-led audits, represent a crucial but
fragmented response. While promising, they often operate in isolation and
struggle to address the root causes of inequity, which lie in the distribution
of power, not just the distribution of data. For social justice stakeholders, this
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presents a dual challenge. They must engage with the immediate harms of
deployed systems through litigation, advocacy, and oversight, while simulta-
neously working to reshape the foundational conditions of AI development.
This requires demanding not only algorithmic transparency but also a radical
redistribution of resources and decision-making authority to include those
most affected.

Looking forward, the path toward equitable AI is fraught with unresolved
questions that demand rigorous investigation and collective action. The
current intervention landscape, while growing, lacks robust evidence on long-
term effectiveness and scalability. The rapid evolution of the technology con-
tinually outpaces the development of ethical guidelines and legal safeguards.
Ultimately, the findings of this report compel a return to the fundamental
question posed at its outset: can a technology born from profound inequality
be harnessed to achieve justice, or will it inevitably codify and deepen the
very divides it purports to bridge? The answer lies not in the code itself, but
in the political will and structural changes required to ensure that the power
to shape our algorithmic future is a widely shared democratic capacity, not a
concentrated privilege.
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