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Abstract
Current AI safety paradigms operate on a flawed assumption:
a technical reduction in system-wide error equates to a uni-
versal reduction in harm. This paper challenges the ”opti-
mization logic” by revealing that current safety safeguards
do not eliminate risk but rather redistribute it. We define
this phenomenon as the Hidden Tax of Safety, a condition
where the burdens of imperfect AI protections are systemat-
ically offloaded onto marginalized populations. Using a so-
ciotechnical analysis of content moderation, deepfake detec-
tion, and Automated Speech Recognition (ASR), we show
that ”safety” measures often result in Individualized Respon-
sibility.
When an AI safeguard fails or produces a false positive, the
burden of correcting it, appealing a ban, proving identity, or
overcoming linguistic exclusion falls exclusively on the user.
The paper moves beyond technical robustness to propose a
Fair Risk Distribution framework grounded in distributive
justice. We argue that for an AI system to be truly ”safe,”
the cost of its failures must be borne by the developer and the
institution, not the vulnerable subject. We propose ”Burden-
Shifting Governance” mechanisms, including automated re-
dress protocols and equity-weighted safety metrics.

Introduction
As generative artificial intelligence (GenAI) systems be-
come increasingly embedded within education, labor, gover-
nance, communication, and public administration, AI safety
has emerged as a defining challenge of contemporary tech-
nological governance (Crawford 2021a; Bommasani et al.
2021). Notably, prevailing safety paradigms remain domi-
nated by an optimization-centered logic that evaluates sys-
tem reliability primarily through aggregate technical metrics
such as robustness, alignment, accuracy, and benchmark per-
formance (National Institute of Standards and Technology
2023). Within this framework, reductions in overall system
error are often treated as evidence of universally improved
outcomes. This assumption obscures a more fundamental
sociotechnical reality: the harms that remain after safeguards
are implemented are rarely distributed equally across popu-
lations (Hoffman 2019; Suresh and Guttag 2021).

This paper argues that contemporary AI safety infras-
tructures frequently operate through a form of distributive
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asymmetry in which the burdens of technological imperfec-
tion are systematically transferred onto marginalized users.
Safety systems, including automated content moderation,
AI-generated text detectors, facial recognition technologies,
and automated speech recognition (ASR), are typically de-
signed to maximize institutional protection and operational
scalability. When these systems fail, however, institutions
rarely absorb the consequences directly. Instead, affected
individuals must bear the cognitive, emotional, temporal,
and procedural costs of remediation by appealing moder-
ation decisions, correcting inaccurate captions, disproving
algorithmic suspicion, or repeatedly verifying identity (Eu-
banks 2018; Herd and Moynihan 2018). We conceptualize
this phenomenon as the Hidden Tax of Safety: the unequal
redistribution of residual harm produced by imperfect AI
safeguards.

Recent scholarship increasingly demonstrates that algo-
rithmic systems reproduce and amplify existing social hi-
erarchies rather than functioning as neutral computational
infrastructures. For example, Liang et al. (2023b) shows
that AI-generated text detectors disproportionately classify
non-native English writing as machine-generated because
second-language writing patterns often resemble the sta-
tistical regularities associated with synthetic text. Simi-
larly, ASR systems exhibit significantly higher error rates
for African American Vernacular English (AAVE), ac-
cented English varieties, and other linguistically marginal-
ized speech communities (Koenecke et al. 2020b). Research
on facial recognition has documented substantial demo-
graphic disparities, with darker-skinned individuals, partic-
ularly women, experiencing disproportionately high rates of
misidentification (Buolamwini and Gebru 2018a). Taken to-
gether, these studies suggest that safeguard failures are not
merely isolated technical anomalies. Once embedded into
institutional infrastructures, uneven error distribution be-
comes a mechanism of structural inequality.

Existing approaches to AI fairness and safety struggle to
account for these dynamics because they often prioritize ag-
gregate optimization while neglecting the unequal distribu-
tion of residual harm. Hoffmann argues that fairness metrics
frequently reduce justice to problems of statistical calibra-
tion while obscuring deeper institutional inequities (Hoff-
mann 2019). Similarly, Selbst et al. (2019) caution that com-
putational fairness frameworks often abstract social prob-
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lems into technical variables, thereby masking the structural
conditions through which harms are experienced. Building
on these critiques, this paper argues that AI safety itself in-
creasingly functions as a mechanism of burden redistribu-
tion. The central issue is therefore not simply whether sys-
tems are accurate on average, but whether the remaining
costs of technological failure are concentrated among groups
with the least institutional capacity to contest them.

Drawing on sociotechnical theory, distributive justice, and
critical AI governance scholarship, this paper reconceptual-
izes AI safety as a problem of residual risk distribution rather
than narrow technical optimization. We introduce Residual
Risk Redistribution Theory (RRRT). This framework ex-
plains how imperfect safeguards transfer corrective respon-
sibility from institutions to users through what we term cor-
rection labor: the cognitive, temporal, and procedural effort
required to overcome safeguard failures. Rather than asking
only how much risk remains after optimization, RRRT asks
who bears the burden of the remaining risk and under what
institutional conditions.

The paper proceeds as follows. Section 2 develops the
theoretical foundations of RRRT and introduces the con-
cept of the Safety Illusion. Section 3 examines the mech-
anisms through which burdens are redistributed from in-
stitutions to users, including unequal exposure, correction
labor, and institutional opacity. Section 4 synthesizes evi-
dence across multiple AI domains, including AI detection
systems, ASR, content moderation, and facial recognition,
to demonstrate recurring patterns of redistributive harm.
Section 5 introduces the Fair Risk Distribution Framework
(FRDF), Equity-Weighted Residual Risk (EWRR), and Pre-
sumptive Humanity Principle (PHPs) as governance inter-
ventions designed to address distributive asymmetries in AI
safety. Finally, Section 6 considers the broader implications
of distributive AI governance for regulatory institutions and
democratic legitimacy.

Finally, this paper argues that the central challenge of
AI governance is no longer merely reducing technical er-
ror, but governing how unavoidable technological failures
are socially distributed. As AI systems increasingly func-
tion as infrastructures of participation, recognition, and in-
stitutional access, the legitimacy of AI safety will depend
not only on whether systems become more accurate, but on
whether democratic institutions can prevent the burdens of
technological imperfection from being systematically trans-
ferred onto those with the least power to resist them.

Residual Risk Redistribution Theory
Limits of Optimization-Centric Safety
Contemporary AI governance frameworks are increasingly
organized around technical robustness (Raji et al. 2020).
Across industry, policy, and research communities, safer AI
systems are commonly associated with improved alignment,
benchmark performance, adversarial resilience, and lower
aggregate error rates (National Institute of Standards and
Technology 2023). Within this paradigm, safety is primar-
ily treated as a measurable engineering outcome. If a sys-
tem demonstrates higher overall accuracy or reduced harm-

ful outputs, it is assumed to produce socially improved out-
comes (Birhane 2021; Selbst et al. 2019).

While these interventions remain important, they also
generate what this paper conceptualizes as the Safety Illu-
sion: the assumption that reductions in aggregate system
error necessarily correspond to reductions in socially dis-
tributed harm. Aggregate optimization can conceal signif-
icant subgroup disparities because harms produced by au-
tomated systems are rarely experienced uniformly across
populations (Buolamwini and Gebru 2018a). A system re-
porting exceptionally high overall accuracy may still ex-
pose marginalized users to disproportionately high rates of
misclassification, procedural burden, or exclusion. In such
cases, benchmark success obscures distributive inequality
by rendering unequal exposure statistically invisible (Suresh
and Guttag 2021).

This limitation becomes particularly consequential once
safeguards are embedded into institutional infrastructure. AI
systems no longer function merely as technical artifacts;
they increasingly regulate participation, legitimacy, visibil-
ity, and access across education, employment, communica-
tion, surveillance, and digital governance. Under these con-
ditions, even relatively small disparities in system perfor-
mance can generate substantial downstream consequences
(Costanza-Chock 2020; Eubanks 2018). A false positive
generated by an AI-detection system can trigger reputational
damage, disciplinary suspicion, or procedural burdens that
vulnerable users disproportionately bear. As Selbst et al.
(2019) argues, computational fairness frameworks often ab-
stract social problems into technical variables while obscur-
ing the institutional conditions through which harms are ex-
perienced.

The emphasis on benchmark optimization also reinforces
a hidden assumption in AI governance: that the ”average
user” serves as a socially neutral baseline around which
safety can be designed. However, AI systems do not operate
within neutral environments. Training data, annotation prac-
tices, optimization objectives, and deployment contexts are
all shaped by historical inequalities and institutional power
structures (Noble 2018; Eubanks 2018). Crawford describes
AI infrastructure not as isolated technical systems, but as
political and social arrangements embedded within existing
relations of power (Crawford 2021b). Consequently, safe-
guards optimized for dominant populations may still inten-
sify exclusion for users positioned outside normative insti-
tutional expectations. We argue that the critical governance
question is no longer simply how much risk remains after
safeguards are implemented, but who bears the burden of
that risk.

The Residual Risk Redistribution
To address these limitations, this paper introduces Resid-
ual Risk Redistribution Theory (RRRT), a sociotechnical
framework explaining how imperfect AI safeguards redis-
tribute residual harm across unequal institutional structures.
RRRT departs from conventional safety paradigms by argu-
ing that safeguards do not eliminate harm through optimiza-
tion; rather, they reorganize the distribution of unavoidable
harms socially, institutionally, and politically.
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Stage Technical Pro-
cess

Redistributive
Outcome

Optimization Aggregate error
minimization

Minority variance
obscured

Deployment Institutional em-
bedding

Safeguard be-
comes infrastruc-
ture

Failure Event False posi-
tive/negative

Residual harm
emerges

Burden
Transfer

User remediation Responsibility in-
dividualized

Institutional
Shielding

Proprietary opac-
ity

Accountability
asymmetry

Stratification Repeated unequal
exposure

Structural in-
equality repro-
duced

Table 1: Residual Risk Redistribution Lifecycle

Within traditional engineering and risk management
frameworks, residual risk refers to the level of risk that
remains after mitigation strategies have been implemented
(National Institute of Standards and Technology 2023).
RRRT extends this concept by arguing that residual risk in
AI systems cannot be understood purely as a technical re-
mainder. Because automated systems interact with unequal
social environments, failures in safeguarding become dis-
tributive events. False positives, moderation errors, acces-
sibility failures, and biometric misidentifications do not af-
fect all users equally. Instead, their burdens frequently clus-
ter among populations with reduced institutional power, lim-
ited procedural recourse, or non-dominant forms of commu-
nication (Birhane 2021; Devinney, Miltenburg, and Sluyter-
Beltman 2023). Central to RRRT is the Residual Risk Re-
distribution Lifecycle, which explains how optimization-
centered safeguards evolve into mechanisms of structural in-
equality once deployed institutionally (see Table 1).

The lifecycle begins with optimization processes oriented
toward improving aggregate performance. During this stage,
subgroup disparities may remain hidden because minority
variance becomes diluted within larger populations. Once
deployed institutionally, safeguards transition from isolated
technical systems to infrastructures that govern communi-
cation, access, enforcement, and participation (Suresh and
Guttag 2021). Failures occurring within these infrastructures
subsequently generate residual harms that require remedia-
tion. Rather than institutions absorbing these costs directly,
responsibility is frequently transferred downward onto users
through appeals, correction labor, repeated verification, or
procedural navigation (Herd and Moynihan 2018).

Importantly, institutions often remain insulated from
accountability through proprietary opacity, limited trans-
parency, and asymmetrical access to technical knowledge
(Pasquale 2015; Zuboff 2019). RRRT conceptualizes this
condition as accountability asymmetry: institutions retain
the efficiency gains of automation, while marginalized users
bear the burdens of safeguard failures. Over time, repeated

unequal exposure to residual harms contributes to broader
forms of structural stratification in which technological sys-
tems reproduce and stabilize existing inequalities (Birhane
2021; Crawford 2021b).

RRRT therefore shifts the analytical focus of AI safety
away from narrow questions of technical accuracy toward
broader questions of distributive legitimacy. Rather than ask-
ing whether safeguards function effectively ”on average”,
the framework asks how the unavoidable imperfections of
automated governance are distributed across social and in-
stitutional contexts.

Distributive Governance
The theoretical foundations of RRRT draw from broader
traditions of distributive justice and critical sociotechnical
scholarship. Rawls (1971) argued that just institutions must
be evaluated according to how they affect the least advan-
taged members of society rather than through aggregate
utility. Applied to AI governance, this principle suggests
that high overall performance cannot ethically justify sys-
tems whose residual harms are systematically concentrated
among marginalized groups.

Similarly, Birhane emphasizes that algorithmic systems
inherit and amplify existing relational inequalities because
they are embedded within historically unequal social struc-
tures (Birhane 2021). AI infrastructures cannot be treated
as neutral technical tools operating independently of institu-
tional power. Crawford argues that AI systems function as
political infrastructures governing visibility, legitimacy, and
social participation (Crawford 2021b).

Taken together, these perspectives support a broader
reconceptualization of AI safety as distributive governance.
As automated systems increasingly mediate institutional
participation, governance is no longer limited to regulat-
ing technological outputs. It increasingly involves govern-
ing the distribution of technological vulnerability across so-
ciety. The central ethical challenge of AI safety is therefore
not merely minimizing error but ensuring that the burdens
of unavoidable technological imperfection are not systemat-
ically imposed on those with the least institutional power to
resist them.

Mechanisms of Burden Transfer
The redistribution of residual harm does not occur randomly.
Rather, it emerges through recurring sociotechnical mecha-
nisms embedded within the design, deployment, and gover-
nance of AI systems. These mechanisms transform techni-
cal imperfections into institutionalized forms of unequal ex-
posure, procedural friction, and asymmetric accountability,
as shown in (see Table 2). While safeguards are frequently
framed as neutral infrastructures of protection, their opera-
tional logic often privileges users whose language, behav-
ior, and identity align most closely with dominant institu-
tional norms. Consequently, the benefits of automation be-
come centralized within institutions, while the burdens of
technological imperfection are externalized onto vulnerable
populations.
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Computational Normativity
AI systems are trained on data infrastructures that inevitably
encode dominant linguistic patterns, cultural assumptions,
and institutional expectations. Although machine learning
models are often presented as objective computational sys-
tems, their outputs remain deeply shaped by the distribu-
tions embedded within training corpora, annotation prac-
tices, benchmark construction, and optimization objectives
(Birhane 2021; Crawford 2021b). What appears computa-
tionally ”normal” is therefore not neutral, but historically
contingent and institutionally produced.

This dynamic creates what may be understood as norma-
tive infrastructure: the computational privileging of dom-
inant populations through the operationalization of major-
ity norms as technical baselines. Linguistic systems, for in-
stance, are commonly optimized around standardized forms
of English and highly represented speech patterns. In con-
trast, accented speech, Indigenous languages, dialectal vari-
ation, and multilingual communication remain compara-
tively underrepresented (Koenecke et al. 2020b). Similarly,
automated moderation systems frequently classify dominant
communicative practices as legitimate while disproportion-
ately interpreting marginalized linguistic expression as sus-
picious, toxic, or deviant.

Importantly, these disparities cannot be reduced to iso-
lated dataset imbalances. They reflect broader institutional
assumptions concerning whose communication is consid-
ered intelligible, trustworthy, and normatively acceptable
within digital infrastructures. As Benjamin (2019a) argues,
automated systems often reproduce ”default discrimination”
by embedding historical inequities into technological ar-
chitectures that appear formally neutral. AI infrastructures,
therefore, do not simply process social reality; they actively
organize participation by computationally privileging users
who conform most closely to dominant institutional expec-
tations.

The Burden of Corrective Labor
One of the most significant consequences of safeguard fail-
ure is the emergence of what this paper conceptualizes as
correction labor: the cognitive, emotional, temporal, and in-
stitutional labor required to overcome automated error. Cor-
rection labor represents the practical mechanism through
which residual harm becomes individualized. Rather than
institutions absorbing the costs of technological imperfec-
tion, users themselves become responsible for restoring ac-
curacy, legitimacy, or procedural standing after a safeguard
failure (Eubanks 2018; Zuboff 2019).

Correction labor manifests across multiple AI domains.
Users may be required to appeal moderation decisions, man-
ually correct inaccurate captions generated by ASR systems,
complete repeated identity verification procedures, or de-
fend themselves against algorithmically generated suspicion
(Eubanks 2018; DeVito 2022). In educational settings, stu-
dents incorrectly flagged by AI detection systems may need
to provide drafting histories, explain their writing processes,
or navigate disciplinary review procedures to disprove au-
tomated suspicions (Liang et al. 2023b). Similarly, speakers

Mechanism Technical
Framing

Redistributed
Burden

Unequal Expo-
sure

Statistical vari-
ance

Demographic
exclusion

Correction La-
bor

User remedia-
tion

Cognitive/time
burden

Institutional
Shielding

Proprietary safe-
guards

Limited recourse

Automated En-
forcement

Safety optimiza-
tion

Presumption of
suspicion

Table 2: Mechanisms of Redistribution

whose accents are poorly recognized by ASR systems often
spend additional time and cognitive effort correcting tran-
scription errors to achieve equivalent communicative out-
comes.

Although these activities are frequently treated as mi-
nor inconveniences, their cumulative effects are structurally
significant. Correction labor redistribution shifts the oper-
ational costs of AI safety away from institutions and onto
individuals least able to absorb them. What institutions gain
through automation efficiency and scalability is offset by the
hidden remediation burden imposed on users. Technologi-
cal failure, therefore, becomes a form of invisible labor dis-
proportionately borne by marginalized populations (Star and
Strauss 1999; Gray and Suri 2019).

Correction labor also extends beyond measurable time
expenditure. Repeatedly contesting moderation decisions,
disproving algorithmic accusations, or correcting machine-
generated inaccuracies can lead to institutional fatigue and
diminished procedural trust (Herd and Moynihan 2018; Vac-
caro, Sandvig, and Karahalios 2021). In this sense, correc-
tion labor is not merely technical remediation; it is a gover-
nance burden produced through the unequal distribution of
technological imperfection.

Institutional Burden Transfer
The broader consequence of normative infrastructure and
correction labor is the emergence of institutional burden
transfer: a governance dynamic in which institutions retain
the efficiency gains of automation. At the same time, users
absorb the residual harms resulting from safeguard failures.
AI systems enable organizations to scale moderation, ver-
ification, surveillance, accessibility, and enforcement pro-
cesses at unprecedented speed and cost (Zuboff 2019; Eu-
banks 2018). However, the imperfections inherent within
these systems do not disappear through optimization. In-
stead, the burdens associated with those imperfections are
displaced downward onto users through individualized re-
mediation requirements (Herd and Moynihan 2018; Gille-
spie 2018).

This process produces what RRRT conceptualizes as in-
dividualized responsibility. Institutional legitimacy increas-
ingly depends on automated systems; responsibility for cor-
recting those systems’ failures is transferred to affected in-
dividuals. Users become responsible for proving author-
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ship, restoring communicative clarity, verifying identity, or
contesting algorithmic suspicion within systems they nei-
ther designed nor control (Pasquale 2015). Moreover, most
users lack meaningful insight into how safeguards operate,
how thresholds are determined, or how automated decisions
may be challenged. As a result, procedural recourse be-
comes unevenly accessible, particularly for populations al-
ready marginalized by linguistic, racial, or institutional bar-
riers (DeVito 2022).

Taken together, these mechanisms reveal that AI safety
infrastructures operate not only as systems of protection, but
also as systems of burden allocation. The central issue is
therefore not simply whether safeguards reduce harm over-
all, but whether the social costs of unavoidable technologi-
cal failure are distributed in ways that reinforce existing in-
equalities. AI governance increasingly operates by manag-
ing procedural friction, institutional access, and technologi-
cal vulnerability, thereby making the redistribution of resid-
ual harm a central political and ethical problem in automated
societies (Crawford 2021b; Herd and Moynihan 2018).

Cross-Domain Patterns of Residual Harm
Residual Risk Redistribution Theory (RRRT) becomes most
visible when AI safeguards are examined across domains
that appear technically distinct but share a common gov-
ernance pattern. AI detection systems, automated speech
recognition, content moderation, and facial recognition tech-
nologies are typically justified by different institutional ob-
jectives: academic integrity, accessibility, platform safety,
and security. However, each domain reveals the same redis-
tributive logic (see Table 3). Safeguards are introduced to
reduce institutional risk, but when they fail, the burdens of
correction, proof, appeal, or misidentification are dispropor-
tionately shifted onto populations already marginalized by
language, race, disability, nationality, or institutional power
(Costanza-Chock 2020; Birhane 2021). Residual harm is
therefore not merely a by-product of technical imperfection;
it is a patterned outcome of automated governance.

AI Detection and Academic Integrity
AI-generated text detection systems have become increas-
ingly attractive to educational institutions seeking scalable
solutions amid the rapid adoption of large language models
(Liang et al. 2023a; Weber-Wulff et al. 2023). These sys-
tems promise to preserve academic integrity by distinguish-
ing student-authored work from machine-generated content.
However, the apparent efficiency of automated detection
conceals a significant distributive problem. When AI detec-
tors produce false positives, the institutional burden of prov-
ing misconduct is often reversed. Students become respon-
sible for proving that their own writing is human.

This reversal disproportionately affects non-native En-
glish writers. Liang et al. demonstrate that widely used
GPT detectors frequently misclassify second-language writ-
ing as AI-generated because non-native linguistic patterns
often resemble the statistical regularities associated with
synthetic text (Liang et al. 2023b). Writing that is more
formulaic, grammatically constrained, or shaped by second-
language acquisition may therefore appear computationally

”machine-like” despite being fully human-authored. Lin-
guistic difference becomes algorithmic suspicion.

From the perspective of RRRT, AI detection systems illus-
trate how residual risk becomes individualized through insti-
tutional procedures. Institutions gain a scalable enforcement
mechanism, while students absorb the burden of contesting
opaque technical judgments. This may involve producing
drafts, explaining writing processes, attending hearings, or
managing the reputational consequences of suspected mis-
conduct. In effect, students are increasingly required to es-
tablish human authorship before being subject to algorith-
mic suspicion. Importantly, this burden is not distributed
equally. It falls most heavily on students whose writing di-
verges from dominant academic English norms and who
may already occupy precarious institutional positions.

The ethical issue, therefore, extends beyond detector ac-
curacy. Even if AI detectors improve technically, the gov-
ernance structure surrounding their use may continue to re-
produce distributive injustice if suspicion is automated while
accountability remains individualized. AI detection thus re-
veals the hidden tax of safety in educational governance:
institutions protect themselves against uncertainty by trans-
ferring residual procedural burdens onto students least posi-
tioned to contest them.

ASR and Linguistic Marginalization
Automated Speech Recognition (ASR) systems are of-
ten presented as accessibility safeguards across education,
healthcare, employment, and digital communication (Koe-
necke et al. 2020a; Tatman 2017). By converting speech
into text, ASR promises broader participation for users who
rely on captions, transcripts, or speech-based interfaces. In
practice, substantial evidence demonstrates that ASR per-
formance remains uneven across accents, dialects, and non-
dominant speech varieties. Koenecke et al. found signif-
icant racial disparities in commercial ASR systems, with
markedly higher error rates for Black speakers than for
White speakers (Koenecke et al. 2020b). These disparities
reveal how accessibility infrastructures can simultaneously
expand participation for some users while reproducing lin-
guistic inequality for others.

From the perspective of RRRT, the central issue is not
merely unequal transcription accuracy but unequal correc-
tion burden. When ASR systems fail, users must engage
in repetitive clarification, manual caption correction, tran-
script editing, or conversational repair to restore commu-
nicative accuracy. These activities constitute forms of cor-
rective labor that are rarely captured in institutional assess-
ments of automation value, as organizations typically eval-
uate accessibility systems based on efficiency, scalability,
and cost reduction rather than the labor required to repair
machine-generated errors (Gray and Suri 2019; Star and
Strauss 1999).

This burden is not distributed evenly. Accented speak-
ers, multilingual users, dialect speakers, and linguistically
marginalized communities often face repeated misrecogni-
tion in environments where accurate transcription is tied to
participation, visibility, and credibility (Fu, Harrison, and
Lee 2023). In educational settings, inaccurate captions may
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distort instructional meaning (Koenecke et al. 2020a). In
professional environments, they may undermine commu-
nicative legitimacy and institutional recognition. What ap-
pears institutionally as an accessibility safeguard may there-
fore operate experientially as an infrastructure of friction.
ASR systems thus demonstrate the dual character of AI ac-
cessibility technologies. Institutions benefit from automa-
tion because it reduces labor and costs associated with pro-
viding access services at scale. However, when safeguards
fail, remediation costs become individualized.

Content Moderation and Linguistic Legitimacy
Automated content moderation systems are typically justi-
fied as safeguards against hate speech, harassment, misinfor-
mation, and platform abuse (Gillespie 2018; Robers 2019).
Their institutional purpose is to make digital environments
safer and more governable at scale. However, moderation
systems also demonstrate how dominant linguistic norms
become computationally privileged forms of legitimacy.

Research on racial bias in hate speech detection illus-
trates this problem clearly. Sap et al. show that toxicity
datasets and moderation systems frequently associate mark-
ers of African American English (AAVE) with offensive or
abusive language, partly because annotators often fail to dis-
tinguish dialectal expression from harmful intent (Sap et al.
2019a). Related work demonstrates that attempts to debias
moderation systems remain difficult when bias is embedded
within annotation practices and dataset construction rather
than solely within model architecture (Zhou et al. 2021).

The same logic extends beyond AAVE to Indigenous lan-
guage use, reclaimed language, political speech, and cultur-
ally specific forms of expression. Communities may employ
terms, rhetorical styles, or communicative practices that ap-
pear suspicious to automated systems trained predominantly
on dominant-language corpora and decontextualized mod-
eration labels. Reclaimed slurs, activist discourse, and lo-
cal political expression may therefore be misclassified when
systems lack contextual understanding (Sap et al. 2019b;
DeVito, Walker, and Vance 2021). In such cases, safeguards
designed to reduce harm may simultaneously suppress le-
gitimate expression by groups already marginalized within
dominant public spheres.

Through RRRT, content moderation can be understood as
a system that redistributes expressive risk. Platforms gain the
ability to manage content at scale and reduce reputational or
regulatory exposure. At the same time, users bear the resid-
ual costs of false positives, shadowbanning, account suspen-
sions, appeals, and self-censorship. The result is a hierar-
chy of linguistic legitimacy in which dominant communica-
tive norms move through governance systems with compar-
atively less friction, while marginalized forms of expression
encounter heightened scrutiny.

Facial Recognition and Unequal Surveillance
Facial recognition systems are commonly portrayed as se-
curity safeguards that enhance verification, fraud prevention,
surveillance, and access control (Browne 2015; Gates 2011).
However, research on demographic disparities repeatedly

Domain Safety Objec-
tive

Residual Bur-
den

AI Detection Academic in-
tegrity

Proving author-
ship

ASR Accessibility Correction labor
Moderation Platform safety Linguistic sup-

pression
Facial Recog-
nition

Security Misidentification
risk

Table 3: Cross-Domain Redistribution Patterns

demonstrates that facial recognition technologies do not per-
form equally across populations. Buolamwini and Gebru’s
Gender Shades study documented substantial intersectional
disparities in commercial gender classification systems, with
darker-skinned women experiencing significantly higher er-
ror rates than lighter-skinned men (Buolamwini and Gebru
2018a). NIST demographic evaluations similarly found un-
even performance across race, sex, and age groups depend-
ing on deployment context and model architecture (Grother,
Ngan, and Hanaoka 2019).

These disparities become particularly consequential be-
cause facial recognition is often deployed within high-stakes
institutional environments. For example, in identity verifi-
cation and fraud detection, misidentification can trigger de-
tention, exclusion, investigation, or reputational harm (Buo-
lamwini and Gebru 2018b; Benjamin 2019b). The techni-
cal language of false positives and false negatives, therefore,
understates the social significance of these failures. A false
match can lead to an encounter with state authorities; a failed
verification can result in denial of institutional access.

From the perspective of RRRT, facial recognition demon-
strates how security optimization redistributes vulnerabil-
ity in surveillance. Institutions benefit from expanded mon-
itoring capacity, faster identification, and scalable verifica-
tion systems, while the residual risks of misidentification are
disproportionately borne by populations already exposed to
heightened surveillance. This creates a form of asymmet-
ric safety in which institutional security is enhanced at the
cost of increased procedural vulnerability for marginalized
groups.

Fair Risk Distribution Framework
The preceding sections demonstrated that contemporary AI
safeguards frequently redistribute residual harm rather than
eliminate it. If AI governance continues to evaluate safety
primarily through aggregate optimization, then systems ca-
pable of reproducing substantial distributive inequities may
still be institutionally classified as ”safe”. Addressing this
limitation requires a shift from robustness-centric gover-
nance toward frameworks that evaluate how technological
burdens are socially allocated. In response, this paper pro-
poses the Fair Risk Distribution Framework (FRDF): a gov-
ernance architecture designed to ensure that the unavoidable
imperfections of AI systems are managed through princi-
ples of distributive justice rather than displaced onto vul-
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Pillar Governance
Goal

Institutional Re-
quirement

Proportionality Consequence-
aware evalua-
tion

Harm-weighted
assessment

Shared Ac-
countability

Reverse burden
transfer

Institution-
funded remedia-
tion

Accessibility
Equity

Inclusive partic-
ipation

Subgroup perfor-
mance floors

Procedural
Justice

Contestability Human review
pathways

Participatory
Governance

Democratic le-
gitimacy

Community over-
sight

Table 4: Fair Risk Distribution Framework

nerable populations as depicted in Table 4. The FRDF con-
sists of five interdependent governance pillars: proportion-
ality, shared accountability, accessibility, equity, procedural
justice, and participatory governance (see Figure 1).

The FRDF does not reject technical safety measures such
as robustness, alignment, or risk mitigation. Instead, it situ-
ates them within a broader sociotechnical governance frame-
work that evaluates safety by how residual harms are dis-
tributed among populations and institutions.

The first pillar, proportionality, challenges the assumption
that all technical errors carry equivalent ethical significance.
Conventional evaluations often treat false positives and false
negatives as interchangeable optimization problems (Klein-
berg, Mullainathan, and Raghavan 2016; Barocas and Selbst
2016). However, the downstream consequences of these er-
rors vary substantially across contexts and populations.

A false positive generated by an AI-detection system may
expose a student to disciplinary suspicion and reputational
harm, while a moderation error may suppress political ex-
pression or disproportionately silence marginalized com-
munities. Proportionality, therefore, requires institutions to
evaluate safeguards based on the severity and concentration
of downstream harms rather than on aggregate accuracy.

The second pillar, shared accountability, addresses the re-
distribution of corrective burden identified throughout this
paper. Current governance models frequently externalize the
costs of safeguard failure onto users through appeals, re-
peated verification, and correction labor. Under the FRDF,
institutions that deploy AI safeguards retain responsibility
for the social consequences of system imperfections. This
includes providing meaningful remediation pathways, ac-
cessible review mechanisms, and institutionally supported
appeals rather than forcing affected individuals to absorb re-
mediation burdens independently.

Accessibility equity, the third pillar, reframes performance
disparities as problems of participatory inclusion rather than
isolated technical deficiencies. Systems cannot be consid-
ered socially safe if marginalized users experience system-
atically reduced access, increased procedural friction, or el-
evated exposure to automated failure. Institutions should

therefore establish subgroup performance floors to prevent
systems with substantial demographic disparities from be-
ing deployed solely based on strong aggregate performance.
Accessibility, within this framework, becomes an issue of
institutional recognition rather than an optional usability en-
hancement.

The fourth pillar, procedural justice, recognizes that AI
safeguards increasingly function as governance infrastruc-
tures regulating participation, legitimacy, and institutional
access. Users must therefore possess meaningful opportu-
nities to challenge, contest, and understand automated de-
cisions. Procedural justice requires transparent review path-
ways, human oversight mechanisms, and accessible recourse
systems capable of addressing the asymmetries produced by
opaque automated governance. Without contestability, safe-
guards risk functioning as unaccountable systems of institu-
tional authority.

Finally, participatory governance addresses the demo-
cratic legitimacy of AI safety itself. Decisions about accept-
able levels of technological risk cannot remain under the ex-
clusive control of developers, corporations, or institutional
administrators. Communities disproportionately affected by
safeguard failures must participate in defining governance
standards, remediation expectations, and safety thresholds.
This principle aligns with broader traditions of participatory
justice and challenges the concentration of epistemic author-
ity within centralized technical institutions.

Equity-Weighted Residual Risk (EWRR)
A central limitation of contemporary AI safety evaluation is
its dependence on aggregate performance metrics that treat
residual harms as statistically neutral. Accuracy, precision,
robustness, and benchmark optimization remain dominant
indicators of system quality across both industry and regu-
latory environments (Raji et al. 2020; Thomas and Umin-
sky 2021). However, these measures often obscure how the
remaining harms of automated systems are distributed so-
cially. A safeguard may achieve exceptionally high average
performance while still exposing particular populations to
disproportionately high levels of procedural burden, exclu-
sion, surveillance, or misidentification.

To address this limitation, this paper introduces Equity-
Weighted Residual Risk (EWRR), a distributive governance
metric for evaluating the social concentration of residual
technological harm. EWRR extends beyond conventional
safety assessment by asking not merely how much risk re-
mains after optimization, but where that remaining risk is
concentrated and who bears its consequences.

The central principle underlying EWRR is straightfor-
ward: a system cannot be considered socially safe if its
residual harms cluster systematically within vulnerable pop-
ulations. Concentrated exposure to safeguard failure consti-
tutes a governance problem even when aggregate metrics
appear favorable. A facial recognition system that achieves
high overall accuracy while disproportionately misidenti-
fying darker-skinned users, cannot be ethically legitimized
through average performance. Similarly, moderation sys-
tems that disproportionately suppress marginalized linguis-
tic communities remain distributively unsafe regardless of
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Figure 1: Residual Risk Redistribution Theory (RRRT) framework illustrating how optimization-centered AI safeguards re-
distribute residual harms through sociotechnical infrastructures. The framework traces the progression from aggregate opti-
mization and institutional deployment to burden transfer, accountability asymmetry, and structural stratification. The lower
governance layer presents the proposed interventions: the Fair Risk Distribution Framework (FRDF), Equity-Weighted Resid-
ual Risk (EWRR), and Presumptive Humanity Principles (PHPs), designed to mitigate the unequal distribution of technological
vulnerability.

benchmark success.
EWRR therefore reframes residual error as a sociotech-

nical distribution problem rather than a purely computa-
tional remainder. Instead of evaluating safeguards solely by
total error reduction, institutions must assess how techno-
logical imperfections interact with preexisting inequalities
related to race, language, disability, citizenship, or institu-
tional power. In this sense, EWRR functions as a distributive
complement to existing technical safety metrics by estab-
lishing a normative threshold: when residual harms become
systematically concentrated within groups already exposed
to structural vulnerability, additional accountability obliga-
tions emerge. These obligations may include subgroup au-
diting, enhanced remediation pathways, contextual deploy-
ment restrictions, or reconsideration of deployment in high-
risk environments. The legitimacy of AI systems, therefore,
depends not only on minimizing total harm but on prevent-
ing the unequal concentration of unavoidable harms.

Presumptive Humanity Principle
One of the most consequential features of contemporary
AI governance is the normalization of automated suspicion.
Across educational systems, content moderation platforms,
fraud detection systems, and biometric verification infras-

tructures, individuals are increasingly required to establish
legitimacy amid algorithmically generated doubt (Citron
and Pasquale 2014; Benjamin 2019b). This paper proposes
Presumptive Humanity Principle (PHPs) as a governance
mechanism designed to reverse this burden structure.

The core principle of PHPs is that users should not
bear the burden of disproving algorithmic suspicion. Insti-
tutions deploying safeguards must instead assume responsi-
bility for validating automated claims before imposing dis-
ciplinary, procedural, or exclusionary consequences. This
principle represents a significant departure from prevailing
governance models in which algorithmic outputs are rou-
tinely treated as presumptively credible despite the well-
documented limitations of automated systems.

Within educational environments, PHPs would prohibit
AI-detection systems from functioning as standalone evi-
dence of academic misconduct. Institutions would instead be
required to contextualize automated outputs within broader
human-centered review procedures before initiating disci-
plinary action. Students would not be compelled to produce
extensive drafting histories or procedural evidence merely to
overcome probabilistic suspicion generated by opaque sys-
tems.

In content moderation systems, PHPs would similarly re-
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strict punitive automation by requiring meaningful review
opportunities before sanctions such as account suspension,
content removal, or visibility suppression are finalized. Be-
cause moderation systems frequently struggle with dialectal
variation, reclaimed language, and culturally specific forms
of expression, automated enforcement can disproportion-
ately burden marginalized communities (Sap et al. 2019a).
PHPs therefore function as safeguards against procedural
overreach by ensuring that users retain meaningful opportu-
nities to contest automated judgments before punitive action
is imposed.

The relevance of PHPs is equally significant within iden-
tity verification and biometric governance systems. Fa-
cial recognition infrastructures increasingly mediate access
to banking systems, employment platforms, immigration
checkpoints, and public services. However, demographic
disparities in biometric performance expose certain popula-
tions to disproportionately high rates of verification failure
and misidentification (Grother, Ngan, and Hanaoka 2019).
Under current governance arrangements, individuals sub-
jected to failed verification often bear the burden of nav-
igating opaque remediation procedures, despite having no
control over the systems that generate those failures. PHPs
would require institutions to provide accessible human-
review pathways and alternative verification mechanisms
before making exclusionary decisions.

Governance Implications
Beyond Technical Safety
Current regulatory frameworks increasingly acknowledge
that AI systems pose societal risks that extend beyond tech-
nical malfunction (European Parliament and Council of the
European Union 2024; Veale and Zuiderveen Borgesius
2021). However, most governance models continue to con-
ceptualize safety primarily through performance, reliability,
and risk classification rather than through distributive con-
sequence. The European Union AI Act, for example, repre-
sents one of the most significant attempts to regulate high-
risk AI systems through obligations related to transparency,
human oversight, accountability, and risk management (Eu-
ropean Parliament 2024). While the framework marks a
substantial regulatory advance, its underlying logic remains
largely centered on preventing harmful outputs rather than
evaluating how residual harms become socially concentrated
after deployment.

Similarly, UNESCO’s Recommendation on the Ethics of
Artificial Intelligence emphasizes fairness, inclusion, human
rights, and non-discrimination as foundational principles of
AI governance (UNESCO 2021). However, operationaliz-
ing these commitments requires moving beyond generalized
ethical principles toward governance mechanisms capable
of identifying and addressing redistributive harms. A safe-
guard may formally satisfy transparency or accountability
requirements while still systematically shifting procedural
burdens onto marginalized populations through correction
labor, asymmetrical recourse systems, or concentrated ex-
posure to false positives.

The central governance challenge is therefore no longer

simply whether systems generate harmful outputs, but
whether institutions justly distribute the burdens of unavoid-
able technological imperfection. Future governance frame-
works must evaluate AI systems not only by aggregate per-
formance, but also by who bears the costs of residual fail-
ure. AI safety must consequently be reframed from a narrow
engineering problem into a broader sociotechnical problem
concerning institutional legitimacy, democratic accountabil-
ity, and distributive justice.

Residual Risk Auditing
To operationalize distributive governance, this paper pro-
poses adopting Residual Risk Auditing as an institutional
and regulatory oversight mechanism. Existing AI audits fre-
quently emphasize robustness testing, adversarial evalua-
tion, or compliance verification (Raji et al. 2020; Falco et al.
2021). While important, these approaches remain insuffi-
cient for identifying how residual harms become concen-
trated among vulnerable populations. Residual Risk Audit-
ing extends beyond technical reliability by evaluating how
safeguard failures interact with social inequality, procedural
burden, and institutional asymmetry.

A central component of this approach involves subgroup
disparity audits that measure not only aggregate error rates,
but also the unequal distribution of false positives, acces-
sibility failures, moderation actions, and misidentification
events across demographic and linguistic groups. Systems
that disproportionately harm particular populations should
trigger enhanced oversight obligations, deployment restric-
tions, or institutional remediation requirements. This shifts
auditing away from abstract performance evaluation toward
assessments of distributive consequence.

Residual Risk Auditing should also incorporate correc-
tion labor reporting. Institutions deploying safeguards rarely
account for the cognitive effort, emotional stress, tempo-
ral burden, and procedural navigation required for users to
overcome automated failures (Herd and Moynihan 2018; Al-
varado, Fox, and Bernstein 2020). However, these burdens
represent one of the primary mechanisms through which
residual harm becomes individualized. Reporting frame-
works should therefore evaluate the remediation burdens as-
sociated with appeals, caption corrections, identity verifica-
tion, moderation disputes, and other user-driven recovery ef-
forts following safeguard failures.

In addition, recourse transparency must become a cen-
tral requirement of AI governance. Users frequently en-
counter opaque safeguards that lack meaningful information
about how decisions are generated, challenged, or reversed
(Kaminski 2019; Citron and Pasquale 2014). Institutions
should therefore disclose available review pathways, esca-
lation procedures, subgroup risk profiles, and remediation
mechanisms associated with deployed safeguards. Within
this framework, transparency is not merely informational
disclosure; it is a condition of procedural legitimacy.

Finally, Residual Risk Auditing requires explicit burden
distribution analysis. Institutions should evaluate whether
automation efficiency is achieved by displacing residual
harms onto populations with reduced institutional power.
Systems that systematically externalize corrective burdens
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onto marginalized users cannot be considered socially safe
regardless of aggregate optimization performance. Auditing,
therefore, becomes not merely a technical compliance mech-
anism, but a form of distributive governance oversight. Po-
tential implementation mechanisms include mandatory sub-
group auditing requirements, independent oversight bodies,
public transparency reporting, and procedural review stan-
dards for high-risk AI deployments. Together, these mech-
anisms would help shift AI governance away from narrow
performance compliance toward sustained oversight of how
residual harms are distributed across populations.

Democratic Legitimacy
The redistributive dynamics identified throughout this paper
raise a broader question of democratic legitimacy. Decisions
concerning acceptable technological risk are rarely neutral
technical judgments. They are political decisions concerning
whose vulnerability is considered tolerable, whose burdens
are rendered visible, and whose experiences are prioritized
within governance systems (Winner 1980; D’Ignazio and
Klein 2020). Notably, these decisions are frequently made
by developers, corporations, regulators, or institutional ad-
ministrators without meaningful participation from the com-
munities most affected by safeguard failures (Costanza-
Chock 2020; Abebe et al. 2020).

This asymmetry is particularly problematic because resid-
ual harms tend to cluster among populations already posi-
tioned at the margins of institutional power. Linguistically
marginalized users, racial minorities, immigrants, disabled
communities, and economically vulnerable populations of-
ten experience the highest levels of procedural friction,
surveillance exposure, and correction labor while having the
least influence over the systems governing them (Eubanks
2018; Benjamin 2019b). Democratic legitimacy, therefore,
requires moving beyond top-down governance structures to-
ward participatory models that incorporate affected commu-
nities directly into risk-definition processes.

The principle of ”Nothing About Us Without Us” is espe-
cially relevant in this context. Originally associated with dis-
ability justice and participatory rights movements, the prin-
ciple holds that populations subject to institutional gover-
nance must meaningfully participate in decisions affecting
their lives (Charlton 1998; Costanza-Chock 2020). Applied
to AI governance, this means that communities dispropor-
tionately affected by automated safeguards should help de-
fine acceptable risk thresholds, remediation standards, de-
ployment conditions, and oversight mechanisms. Safety can-
not be legitimately imposed through purely technocratic pro-
cesses when the burdens of residual harm remain socially
unequal.

Participatory governance also serves an epistemic func-
tion. Marginalized communities frequently possess situated
forms of knowledge concerning safeguard failure that re-
main invisible within institutional optimization frameworks.
Users experiencing repeated misrecognition, procedural bur-
den, or moderation suppression often identify governance
failures long before institutions formally acknowledge them
(Haraway 1988; D’Ignazio and Klein 2020). Incorporating
these perspectives into governance structures, therefore, im-

proves not only democratic legitimacy but also institutional
capacity to recognize and address redistributive harms.

Conclusion

Contemporary AI governance has largely approached safety
as a technical optimization problem centered on improving
robustness, alignment, and overall accuracy. While these ob-
jectives remain important, they are insufficient for under-
standing the broader sociotechnical consequences of auto-
mated systems. AI safeguards operate within institutional
environments shaped by unequal distributions of linguistic
legitimacy, procedural access, political power, and techno-
logical vulnerability. As a result, the remaining harms of im-
perfect safeguards are rarely distributed evenly. Instead, they
are often transferred onto populations already positioned at
the margins of institutional protection.

This paper reframes AI safety as a problem of distribu-
tive governance rather than narrow technical containment.
Through Residual Risk Redistribution Theory (RRRT), it
showed how safeguards designed to reduce institutional risk
can externalize the costs of imperfection through correc-
tion labor, procedural friction, automated suspicion, and un-
equal exposure to failure. As AI increasingly mediates par-
ticipation across education, communication, employment,
surveillance, and public services, governance is becoming
less about regulating outputs and more about governing how
technological vulnerability is distributed across society.

This shift carries important implications for AI ethics and
regulation. Aggregate optimization cannot serve as the sole
measure of legitimate governance if residual harms remain
concentrated among populations with the least institutional
power to contest them. Safety metrics that obscure subgroup
burden and governance structures that externalize corrective
responsibility risk transforming safeguards into infrastruc-
tures of structural inequality.

The Fair Risk Distribution Framework (FRDF), Equity-
Weighted Residual Risk (EWRR), and Presumptive Human-
ity Principle (PHPs) proposed in this paper collectively ar-
gue for governance models centered on accountability, pro-
cedural dignity, accessibility, equity, and democratic legiti-
macy. These frameworks do not reject technological innova-
tion; rather, they insist that innovation cannot be separated
from the institutional distribution of its failures. A system
cannot be considered socially safe simply because it reduces
aggregate harm if vulnerable populations disproportionately
bear the remaining burdens.

AI governance is therefore increasingly becoming gov-
ernance over the distribution of technological vulnerability.
The future of AI safety will depend not only on whether sys-
tems become more accurate but also on whether democratic
institutions can prevent the failures of automation from be-
ing systematically imposed on those with the least power to
resist them. True safety is not achieved when residual harm
disappears, but when the burdens of technological imperfec-
tion are governed justly.
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