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Abstract:

Artificial intelligence systems deployed in high-stakes decision contexts, including healthcare
diagnosis, criminal justice risk assessment, credit underwriting, and employment screening, exert
profound influence over individual life outcomes. The progressive deployment of these systems since
the mid-2010s has revealed systematic patterns of discriminatory behavior rooted in biased training data,
biased algorithm design, and inadequate transparency mechanisms that prevent affected individuals from
understanding, contesting, or seeking redress for algorithmically mediated decisions that affect them
adversely. This review surveys the body of knowledge accumulated on algorithmic fairness, bias
mitigation, and Al transparency from the foundational contributions of the 2016 to 2022 period through
recent practical implementation work. We systematically review the major fairness metric families,
including group fairness, error-rate parity, calibration, and individual fairness, characterize the
impossibility results that constrain their simultaneous satisfaction, and survey preprocessing, in-
processing, and post-processing bias mitigation techniques documented in the peer-reviewed literature.
We analyze transparency and explainability mechanisms including model cards, datasheets for datasets,
and post-hoc explanation methods, assessing their adequacy against the accountability requirements of
GDPR Atrticle 22, the EU Al Act high-risk system provisions, and the NIST Al Risk Management
Framework. Sector-specific analyses of healthcare, criminal justice, and financial services reveal that
domain characteristics, including the nature of the protected attributes at risk, the reversibility of adverse
decisions, and the regulatory instruments applicable, require tailored fairness and accountability
frameworks rather than generic deployments of domain-agnostic metrics. Recent applied
implementation work demonstrates that these frameworks are operationally deployable rather than
theoretically aspirational.

Keywords: algorithmic fairness; bias mitigation; Al transparency; explainable Al; model accountability;
demographic parity; equalized odds; fairness impossibility; healthcare Al; criminal justice Al

I. Introduction

The deployment of machine learning systems as decision-support tools in domains that materially affect
individual welfare has accelerated from experiment to production infrastructure with a speed that has
substantially outpaced the development of the governance frameworks, technical methods, and legal
instruments needed to ensure that these systems behave equitably toward all affected populations. By the
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late 2010s, machine learning systems were routinely determining which job applications would be
reviewed by human recruiters, which individuals would be flagged for enhanced scrutiny by financial
crime prevention systems, which defendants would receive higher risk scores in pre-trial release and
sentencing recommendations, and which patients would receive additional preventive care resources
from healthcare risk stratification tools. Each of these applications carries the potential for systematic
disparate impact against groups defined by race, gender, age, disability status, and other protected
characteristics — an impact that is both ethically problematic and, in many jurisdictions, legally
impermissible [1].

The research community's engagement with algorithmic fairness grew dramatically following a series of
high-profile exposés of discriminatory Al behavior in the mid-2010s. The ProPublica investigation
demonstrating racial disparity in the COMPAS recidivism prediction tool, the documentation of gender
discrimination in Amazon's internal resume screening system, and a landmark study in Science
revealing that a widely deployed healthcare utilization management algorithm systematically
underserved Black patients collectively drove a decade of intensive work on the theoretical foundations
of algorithmic fairness, the taxonomy of bias sources, and the methods available to detect and mitigate
discriminatory behavior [2]. By 2022, the field had produced a rich body of peer-reviewed work
spanning fairness metrics and their relationships, impossibility theorems constraining their simultaneous
satisfaction, and a toolkit of preprocessing, in-processing, and post-processing mitigation techniques [3].

Alongside fairness research, a parallel literature developed on Al transparency and explainability,
motivated by the recognition that a fair Al system that cannot explain its decisions provides no recourse
to individuals who receive adverse outcomes. The introduction of standardized transparency artifacts
including model cards for model reporting and datasheets for datasets established documentation
practices that translate the concept of Al accountability from a policy aspiration into an engineering
discipline [4]. Explainable Al methods, including LIME, SHAP, and counterfactual explanation
generation, provided post-hoc interpretation tools that can surface the features driving individual
predictions without requiring access to the model's internal architecture [5]. The implementation of these
fairness and transparency techniques in practice requires the systematic engineering approach to fair and
transparent Al design described in Section 5.

The purpose of this review is to consolidate this body of knowledge for practitioners and researchers
who need to deploy accountable Al systems in high-stakes domains, and to identify the gaps between
the theoretical toolkit and the practical requirements of domain-specific accountability. Section 2
surveys Al bias sources and their taxonomy. Section 3 reviews fairness metrics and their relationships.
Section 4 presents the impossibility results that constrain fairness metric satisfaction. Section 5 surveys
bias mitigation techniques. Section 6 reviews transparency and explainability mechanisms. Section 7
analyzes domain-specific accountability requirements. Section 8 discusses governance frameworks and
regulatory alignment. Section 9 concludes with research priorities.

Il.  Taxonomy of Bias in Al Systems

2.1 Sources of algorithmic bias

Bias in Al systems originates from multiple sources across the machine learning pipeline, and
understanding the source of bias is prerequisite to selecting appropriate mitigation techniques. The most
comprehensive taxonomy of bias sources in the machine learning context identifies historical bias,
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representation bias, measurement bias, aggregation bias, evaluation bias, and deployment bias as the
primary categories, noting that multiple bias types often co-occur in production systems and that their
interactions can produce discriminatory outcomes even when each individual bias source appears minor
in isolation [6].

Historical bias arises when training data encodes the discriminatory patterns of historical human
decision-making. A hiring model trained on past recruitment decisions inherits the gender and racial
biases of the human recruiters whose decisions constitute its training labels. A credit scoring model
trained on historical loan performance inherits the neighborhood-level discrimination of historical
lending practices. Historical bias is particularly insidious because it is invisible in the training data
statistics: the data accurately represents historical outcomes, but those outcomes were themselves biased
[7]. The Amazon recruitment system failure exemplifies historical bias at scale: the system, trained on a
decade of predominantly male hire decisions, learned to downweight features associated with female
candidates as implicitly predictive of non-selection.

Representation bias arises when the training data underrepresents population subgroups, causing the
model to learn poor-quality representations for underrepresented groups. Facial recognition systems
trained predominantly on lighter-skinned faces exhibit substantially higher error rates for darker-skinned
individuals, a finding with significant implications for criminal justice applications where facial
recognition is used for suspect identification [8]. Medical diagnostic systems trained on patient
populations from major academic medical centers may perform poorly on rural, low-income, and
minority populations whose disease presentation patterns, comorbidity profiles, and healthcare
utilization histories differ from the training population.

2.2 The measurement bias problem

Measurement bias arises when the proxy variables used to operationalize the target concept in training
labels are systematically less accurate for some groups than others. The healthcare utilization study in
Science provides the canonical example: a risk stratification algorithm used healthcare cost as a proxy
for healthcare need, but because Black patients face greater barriers to accessing care, they
systematically incur lower costs for the same level of medical need. The algorithm therefore
systematically underestimated the care needs of Black patients — not because it treated race as a
predictor, but because the proxy variable it was trained to optimize was a biased measure of the
underlying concept it was intended to predict [9]. This form of bias is particularly difficult to detect
because it does not manifest as differential treatment of a protected attribute; it manifests as systematic
outcome disparity produced by an apparently neutral technical choice.

I11.  Fairness Metrics and Their Relationships

Figure 1 illustrates the four-stage accountability framework connecting bias sources to fairness metrics,
mitigation pipeline, and accountability outputs.
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Figure 1. Algorithmic accountability framework showing the relationship between bias sources (coral),
fairness metrics (teal), the three-stage mitigation pipeline (purple), and accountability outputs (gray).
Bias source identification drives metric selection, which drives mitigation strategy, converging on

accountable deployment.

Table 1 presents a systematic comparison of five major fairness metric families, specifying each
metric's formal definition, the condition under which it is satisfied, the conditions under which it
conflicts with other metrics, and its domain-specific relevance.

Table 1. Fairness Metric Comparison: Definitions, Compatibility, and Domain Relevance

Definition

Satisfied when

Incompatible

with

High-stakes
domain
relevance

Demographic Equal

parity

prediction
across groups

positive

P(Y_hat=1|A=0)

A€ | by hat=1]A=1)

= | Calibration when
base rates differ

Hiring and credit:
prevents
systematic
exclusion of
groups
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Criminal justice:
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Equalized odds | and false positive parity when base | false alarm rate
for each group A . .
rates across groups rates differ across racial
groups
Healthcare: equal
Equal Equal true positive | TPR equal for each Eq:Jallzed odds gr_etectlon rate for
opportunity rate across groups | group A (re axes FPR | disease  across
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groups
Predicted Equalized  odds Finance: credit
o probability P(Y=1|Y_hat=p,A=a) a score equally
Calibration _ when base rates . .
matches actual | =p forall a differ predictive across
positive frequency groups
Decision Grou fairmess Healthcare  and
unchanged when | Y_hat(A=a) = P legal: individual-
Counterfactual . L (protects .
; protected attribute | Y_hat(A=a’) for | .- level  protection
fairness S individuals not ;
counterfactually same individual from attribute-
groups) -
altered based decisions

3.1 Group fairness metrics

Group fairness metrics, also called statistical fairness or demographic fairness metrics, require that
some statistical measure of the model's predictions be equal across groups defined by protected
attributes. Demographic parity requires that the positive prediction rate be equal across groups, without
reference to the actual label. Equalized odds requires both the true positive rate and the false positive
rate to be equal across groups. Equal opportunity is a relaxation of equalized odds that requires only the
true positive rate to be equal, accepting that false positive rates may differ. These three metrics represent
a progression from the weakest (demographic parity) to the strongest (equalized odds) group fairness
requirement [10].

3.2 Individual fairness

Individual fairness, formalized in the foundational contribution of Dwork and colleagues, requires that
similar individuals be treated similarly, where similarity is defined over the task-relevant feature space
rather than the protected attribute space [11]. Individual fairness addresses the limitation of group
fairness metrics that they can be satisfied by a model that treats individuals within each group arbitrarily
as long as the group-level statistics are equal. A group-fair model might, for example, achieve
demographic parity by randomly promoting low-scoring minority group members while demoting high-
scoring majority group members, a form of treatment that is fair to neither individual. Individual fairness
prevents this by requiring the model's output to be a Lipschitz function of a task-relevant similarity
metric.

IVV.  Impossibility Results and Their Implications
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One of the most significant contributions of the algorithmic fairness literature is the formal proof that
certain fairness metrics cannot be simultaneously satisfied when the base rates of the positive outcome
differ across groups — a condition that characterizes virtually all real-world deployment scenarios in
which algorithmic fairness is relevant. The impossibility result demonstrates that demographic parity,
calibration, and equalized odds cannot all be satisfied simultaneously except in the degenerate case
where the classifier achieves perfect accuracy or the base rates are equal across groups [12].

The practical implications of these impossibility results are profound and have been the source of
significant controversy in the deployment of algorithmic decision systems. The designers of the
COMPAS recidivism prediction tool argued that their system satisfied calibration, meaning that a
predicted risk score of 7 out of 10 corresponded to the same actual recidivism probability for Black and
white defendants. The ProPublica analysis demonstrated that the same system violated equalized odds,
producing substantially higher false positive rates for Black defendants than for white defendants. Both
analyses were correct: the impossibility theorem guarantees that both cannot be achieved simultaneously
when base rates differ, and the choice between them is a value judgment about which form of error is
more ethically costly [13].

The impossibility results do not mean that fairness is unachievable, but they do mean that fairness
cannot be achieved through technical optimization alone. The choice of fairness metric to optimize
encodes a substantive value judgment about the relative weight of different types of error and the
appropriate unit of analysis for fairness assessment. This value judgment should be made transparently
by the organizations deploying these systems, in consultation with affected communities, and subject to
democratic accountability rather than delegated to data scientists making quietly consequential technical
choices in the course of model development [14].

V. Bias Mitigation Techniques

Table 2 surveys six primary bias mitigation techniques, organized by their position in the machine
learning pipeline — preprocessing, in-processing, and post-processing — and characterizes each by its
mechanism, the fairness metrics it addresses, and its primary limitations.

Table 2. Bias Mitigation Technique Survey: Mechanisms, Target Metrics, and Limitations

Fairness metric

Technique Stage Mechanism

addressed Limitation
Assigns  higher loss . May reduce
X Demographic accuracy for
L Pre- weight to . o )
Reweighting . parity, equal | majority  group;
processing underrepresented : .
opportunity requires protected
groups X
attribute access
. Creates duplicate
Oversamples minority . 7
. Pre- Demographic training
Resampling . groups or . . )
processing - parity instances;  does
undersamples majority
not address
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structural bias in
labels
Adds adversarial .
Computationally
component that . .
. . Demographic expensive;
Adversarial : penalizes . : :
L In-processing | 5. . parity,  equalized | adversarial
debiasing discriminatory o
L . odds objective may be
predictions during
- unstable
training
May be infeasible
Fairness _ Adds fa_urness metric as Any differentiable when _ fairness
; In-processing | constraint in . constraints
constraints NP o metric o
optimization objective conflict with each
other
Requires access
Adjusts classification to group
Calibrated Post- thresholds  separately . membership  at
. . : Equalized odds . )
equalized odds processing per group to equalize inference;  may
TPR/FPR not satisfy other
metrics
Abstains from Reduces system
. . predicting near | Counterfactual coverage;
Reject option | Post- - . X i .
R . decision boundary for | fairness requires fairness-
classification processing :
protected group | (approximately) accuracy trade-
members off calibration

5.1 Preprocessing approaches

Preprocessing bias mitigation techniques intervene in the training data before model fitting, addressing
bias at its source rather than in the learned model. Reweighting approaches assign higher importance
weights to underrepresented groups in the training objective, effectively instructing the model to
prioritize accuracy for historically underserved populations. Resampling approaches achieve a similar
effect by oversampling minority group instances or undersampling majority group instances to produce
a more balanced training distribution. Both approaches have been validated in the IBM Al Fairness 360
toolkit, which provides standardized implementations for a range of preprocessing, in-processing, and
post-processing methods [15]. The primary limitation of preprocessing approaches is that they address
distributional imbalance without addressing the structural causes of bias in the labeling process itself,
leaving measurement bias and historical bias in the labels unaddressed.

5.2 In-processing and post-processing approaches
In-processing techniques integrate fairness objectives directly into the model training process, either
through adversarial components that penalize discriminatory predictions or through constrained
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optimization formulations that add fairness metric satisfaction as a training constraint. Adversarial
debiasing, in which a discriminator network attempts to predict the protected attribute from the
classifier's internal representation, has demonstrated effectiveness across multiple fairness metrics and
model architectures, though at the cost of increased training complexity and potential instability in the
adversarial objective [16]. Post-processing techniques adjust model outputs after training, typically by
setting separate decision thresholds for different groups to equalize a chosen metric across them. The
calibrated equalized odds method provides a principled approach to threshold calibration that satisfies
equalized odds without retraining the underlying model, making it applicable to black-box systems
where training access is unavailable [17]. The engineering implementation of these methods in
production-grade systems requires careful attention to the operational requirements of fairness by
design, as documented in practical deployment frameworks [18].

VI. Transparency and Explainability Mechanisms

6.1 Documentation standards

The transparency of Al systems has been conceptualized along two complementary dimensions: process
transparency, concerning how the system was built, and outcome transparency, concerning how specific
decisions are generated. Model cards for model reporting provide a standardized framework for process
transparency documentation, specifying a template that captures intended uses and out-of-scope uses,
evaluation results broken down by demographic subgroups, and ethical considerations relevant to the
model's deployment context [4]. Datasheets for datasets apply a parallel approach to training and
evaluation data, requiring documentation of the data's provenance, composition, collection process,
preprocessing steps, and known limitations [19]. Together, these documentation standards create the
information infrastructure necessary for downstream auditors, regulators, and affected communities to
evaluate whether an Al system's design and training are consistent with the accountability requirements
of its deployment context.

6.2 Post-hoc explanation methods

Post-hoc explanation methods generate human-interpretable representations of the factors driving
individual model predictions, addressing the outcome transparency dimension of Al accountability.
LIME generates locally faithful linear approximations of complex model behavior in the neighborhood
of individual predictions, producing feature importance scores that indicate which input features most
strongly influenced the prediction for a specific instance [20]. SHAP provides a game-theoretic
foundation for feature attribution that satisfies several desirable properties including consistency, local
accuracy, and dummy player treatment, producing Shapley values that quantify each feature's marginal
contribution to the prediction across all possible feature subsets [21]. Counterfactual explanation
methods generate the minimal change to input features that would reverse the model's prediction,
directly addressing the GDPR Article 7 right to explanation by showing the individual what they would
need to change to receive a different outcome [22]. Explanations generated by these methods should be
consistent with the model's actual decision-making process and not merely a post-hoc rationalization, a
concern that has motivated research on explanation faithfulness and robustness [5].

VII. Domain-Specific Accountability Requirements
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Table 3 analyzes domain-specific accountability requirements across four high-stakes deployment
domains, identifying the primary fairness concern, the most relevant fairness metric, the applicable
regulatory instrument, and the relevant implementation precedent in each domain. The table includes the
contribution of Gupta's practical implementation framework for fair and transparent Al systems, which
provides the applied engineering complement to the theoretical fairness literature reviewed in preceding
sections [18].

Table 3. Domain-Specific Accountability Requirements Across High-Stakes Decision Domains

: Primary fairness Most relevant Regulatory Implementation
Domain . .
concern metric instrument precedent
Differential FDA guidance on | Racial bias in
diagnostic accurac Equal opportunity | Al/ML-based healthcare
Healthcare g Y (equal TPR | software as | utilization
across demographic : . .
foUDS across groups) medical  device | algorithm
group (2021) (Science, 2019)
Differential COMPAS
L . No federal e
recidivism Equalized odds ) recidivism  tool
o I standard;  state- .
Criminal justice prediction error | (equal TPR and . analysis
. level  disparate .
rates across racial | FPR) S actIaw (ProPublica,
groups P 2016)
Differential credit I ... | Equal Credit | Amazon
Calibration with . ) )
. . . approval and . Opportunity Act; | recruitment tool
Financial services L demographic . . " .
pricing across | i Fair Housing Act; | bias against
protected classes partty CFPB guidance | women (2018)
Differential EEOC guidance | Amazon
Emplovment candidate screening Equal oooortunity | ©" employer use | recruitment tool;
ploy outcomes  across | 0 PP Y1of Al in hiring | multiple  hiring
gender and race (2023) tool audits

7.1 Healthcare

Healthcare Al presents the highest stakes fairness challenges of any domain because errors in
algorithmic medical decision-making can directly cause physical harm. The landmark study published in
Science in 2019 demonstrated that a healthcare utilization management algorithm deployed by a major
health insurer to prioritize high-risk patients for care management programs systematically underserved
Black patients due to measurement bias in the proxy variable used to operationalize healthcare need [9].
At equal levels of measured risk, Black patients had substantially greater actual healthcare needs than
white patients because systematic underaccess to care meant their conditions were less frequently
treated, generating lower costs. The algorithm, trained to optimize future cost as a proxy for need,
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therefore recommended additional resources for white patients with lower actual need while denying
them to Black patients with greater actual need.

Correcting this bias required identifying and replacing the biased proxy variable — a structural
intervention in data pipeline design rather than a parameter adjustment in the model. This case illustrates
the insufficiency of post-processing fairness adjustment for addressing measurement bias, and the
necessity of the kind of systematic fairness-by-design approach documented in applied implementation
frameworks for Al transparency and accountability [18]. The FDA's guidance on Al and machine
learning-based software as a medical device establishes the regulatory context for algorithmic
accountability in healthcare, requiring transparency about intended use populations, known performance
disparities across demographic subgroups, and mechanisms for monitoring real-world performance
against pre-deployment validation results [23].

7.2 Criminal justice

The criminal justice domain presents the fairness challenge in its starkest form because the adverse
outcomes of algorithmically mediated decisions include pretrial detention, longer sentences, and lifetime
collateral consequences from criminal records. The deployment of risk assessment instruments in
pretrial release, bail setting, sentencing, and parole decisions has accelerated substantially since 2010,
driven by genuine interest in reducing both incarceration and reoffending through evidence-based
decision support rather than purely punitive sentencing [13]. The fairness controversies that followed the
ProPublica investigation of COMPAS established the impossibility theorem's implications in concrete
policy terms: calibration and equalized odds cannot both be satisfied when base rates differ across racial
groups, and the choice between them requires a substantive value judgment about the relative
acceptability of different error types that the judicial system had not publicly articulated before
deploying the tools embodying that choice.

The criminal justice context also raises the individual fairness challenge most acutely. A defendant
whose risk score reflects statistical patterns associated with their demographic group rather than their
individual circumstances is treated not as a person but as a statistical representative of a category, raising
deep concerns about the compatibility of algorithmic risk assessment with due process and equal
protection guarantees. Individual fairness methods that require the model's output to be a function of
task-relevant features rather than protected attributes provide a technical framework for addressing this
concern, but their implementation requires explicit specification of the task-relevant feature space that
courts and legislatures have not yet provided.

7.3 Financial services

Financial services Al applications including credit scoring, underwriting, fraud detection, and
investment advice are subject to the most developed regulatory framework of any algorithmic
accountability domain, reflecting a century of fair lending law development. The Equal Credit
Opportunity Act and the Fair Housing Act prohibit disparate treatment of protected classes in credit and
housing transactions and extend their coverage to algorithmic systems through disparate impact
doctrine, which holds that facially neutral practices that produce discriminatory outcomes are unlawful
regardless of discriminatory intent [3]. The Consumer Financial Protection Bureau has issued guidance
indicating that the ECOA's requirement for adverse action notices, which inform applicants of the
specific reasons for a credit denial, applies to algorithmic credit decisions and cannot be satisfied by
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generic reference to model score, requiring lenders to provide the individual feature-level explanation
that SHAP and LIME methods can generate [22].

VIIl. Governance Frameworks and Regulatory Alignment

The governance frameworks for Al accountability have developed in parallel with the technical fairness
literature, producing regulatory instruments at the national, supranational, and international levels. The
GDPR's Article 22 establishes the right not to be subject to solely automated decisions that significantly
affect individuals, requiring that organizations deploying such systems provide meaningful information
about the logic of the decision and implement suitable measures to safeguard individual rights, including
the right to obtain human review of the decision and to contest it [24]. The GDPR's Article 25 data
protection by design requirement establishes a positive obligation to implement privacy and fairness
safeguards in Al system design rather than as compliance overlays applied after development [24].

The EU Al Act, which entered into force in August 2024, establishes a risk-stratified governance
framework that subjects Al systems in high-risk application domains, including employment, credit,
healthcare, criminal justice, and critical infrastructure, to mandatory requirements for technical
documentation, human oversight, transparency, robustness, and accuracy [25]. The Act's high-risk
requirements create a comprehensive accountability mandate that subsumes and extends the
requirements of prior sector-specific regulation, requiring high-risk Al providers to implement risk
management systems, conduct conformity assessments, and register their systems in a public EU-wide
database. The NIST Al Risk Management Framework provides a voluntary but widely adopted
governance structure in the US context, organizing accountability requirements around govern, map,
measure, and manage functions that align closely with the fairness, bias mitigation, transparency, and
monitoring requirements surveyed in this review [26].

Conclusions and Research Priorities

This review has surveyed the body of knowledge on algorithmic fairness, bias mitigation, and Al
transparency developed between the foundational contributions of the 2016 to 2022 period and the
practical implementation frameworks that have since translated theory into deployable engineering
practice. The review has established four principal conclusions.

First, algorithmic bias is structurally embedded in the data, labeling processes, and optimization
objectives of Al systems rather than an incidental artifact of poor technical practice. Addressing it
requires systematic fairness-by-design approaches that intervene at bias sources rather than post-hoc
adjustments to discriminatory systems, as the engineering implementation frameworks developed in
recent applied work make clear [18]. Second, the impossibility results that constrain simultaneous
satisfaction of competing fairness metrics are not technical failures to be overcome but structural
features of the fairness problem that require explicit value judgments about the relative acceptability of
different types of error — judgments that must be made transparently by accountable human institutions
rather than quietly by technical teams. Third, transparency and explainability mechanisms, including
model cards, datasheets for datasets, SHAP, LIME, and counterfactual explanation methods, provide the
information infrastructure necessary for Al accountability but are not sufficient for it: accountability
requires that the information they provide actually be used in oversight, audit, and redress mechanisms
with genuine consequences for failures. Fourth, domain-specific fairness and accountability
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requirements differ substantially across healthcare, criminal justice, and financial services in ways that
mae domain-agnostic metric optimization an insufficient response to the governance challenge.

Three research priorities follow. First, the development of fairness-by-design methodologies that
address measurement bias and historical bias at the labeling stage, where generic preprocessing and in-
processing techniques are insufficient. Second, empirical evaluation of the behavioral impact of
transparency mechanisms on affected individuals' ability to contest algorithmic decisions, which is the
practical accountability test that the GDPR right to explanation was designed to satisfy but that has been
rarely evaluated in real deployment contexts. Third, interdisciplinary frameworks for resolving the value
conflicts embodied in fairness metric impossibility, drawing on legal, philosophical, and social science
expertise alongside the technical methods reviewed here, to support the transparent, democratically
accountable governance choices that algorithmic accountability ultimately requires.
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