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Abstract

Artificial intelligence (AI) systems are increasingly embedded in decisions that affect health,
employment, housing, justice, and social policy. Rather than neutral tools, they reflect the
data on which they are trained, the objectives they optimize, and the contexts in which they
operate, reinforcing and amplifying existing social inequalities. This paper addresses two
interrelated questions: how can we detect bias across the Al lifecycle, and what technical
and governance strategies can effectively mitigate it? Drawing on critical social science
perspectives, empirical case studies from healthcare, housing, policing, and labor markets,
and recent advances in fair machine learning (including causal debiasing, synthetic data
generation, and fair representation learning), the paper develops a conceptual framework,
grounded in sociological theories, spanning data collection, preprocessing, model training,
deployment, and post-deployment monitoring. As an original contribution, the paper
proposes two complementary analytical frameworks: a Social Harm-Intervention Mapping
that recasts mitigation strategies in terms of the types of inequality they address, and
an Accountability Matrix that maps agency and accountability gaps across social actors
and pipeline stages. The paper argues that these frameworks provide social researchers
and policymakers with more actionable guidance than conventional pipeline taxonomies
because they foreground the social and institutional dimensions of Al-induced inequality
rather than treating bias as a purely technical problem.

Keywords: artificial intelligence; social inequalities; algorithmic bias; fair machine learning;
causal models; synthetic data; accountability; ethics; public policy

1. Introduction

Artificial intelligence has moved rapidly from a niche technical field to a pervasive
force shaping diverse domains of human activity. Algorithms now influence decisions
about who receives medical care, where policing is intensified, how welfare eligibility is
assessed, and which job candidates are shortlisted. In none of these cases is Al neutral: it
reflects the data on which it has been trained, the objectives it is designed to optimize, and
the institutional contexts in which it is deployed.

This paper is a conceptual study that provides new insights and new ways of looking
at existing knowledge. Its aim is to develop a broader conceptual understanding of how Al
bias can contribute to the reproduction and exacerbation of social inequalities across the
Al lifecycle. To our knowledge, this is the first paper to bring together different bodies of
scholarship (the computer-science literature on bias and fairness, the sociological and criti-
cal data studies literature on algorithmic harm, the survey-statistics literature on coverage
and selection) on the basis of their conceptual relevance to this issue. By connecting these
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perspectives, the paper develops new theoretical insights into the mechanisms through
which biases arising at different stages of the Al lifecycle may translate into, reproduce,
and exacerbate existing social inequalities. The two frameworks proposed in the paper,
the Social Harm-Intervention Mapping and the Accountability Matrix, are intended as
analytical and hypothesis-generating tools to support further theoretical and empirical
investigation of these processes.

Artificial intelligence refers to computational systems capable of performing tasks that
typically require human intelligence, such as recognizing patterns, making decisions, and
processing natural language. Within Al, machine learning has emerged as the dominant
paradigm: algorithms learn statistical regularities from data rather than following explicitly
programmed rules. Generative Al models, such as large language models, extend this by
producing new content based on learned distributions, and a rapidly growing literature has
begun to map the distinctive ethical risks they introduce [1]. These systems are not neutral
instruments: they inherit the biases, omissions, and power relations embedded in the data
on which they are trained [2]. The result is that Al can simultaneously promise efficiency
and equity while systematically producing the opposite for those already marginalized.

The relationship between Al and inequality has attracted growing attention across
the social sciences. As Crawford [3] argues, Al is not an abstract technology but a material
and social assemblage embedded in specific political economies, whose planetary costs
of computation and data extraction fall disproportionately on less powerful communi-
ties. Pasquale [4] warns of a “black-box society” in which algorithmic systems govern
consequential decisions with no transparency or accountability, while Beer [5] traces how
the “data gaze” shapes what can be known and who counts as a legitimate subject of
knowledge. Zuboff [6] situates these developments within a broader logic of surveillance
capitalism, in which human experience is converted into behavioral data as a raw material
for prediction and control.

From a sociological perspective, Grassi’s [7] concept of the “algomorphic society”
captures the degree to which algorithms have become structural features of social life,
co-constituting identities, opportunities, and power relations. Noble’s [8] analysis of al-
gorithmic oppression shows how search engines and recommendation systems actively
reproduce racial and gender hierarchies, while Couldry and Mejias’s [9] critique of data
colonialism illuminates how data extraction from marginalized communities mirrors his-
torical patterns of resource appropriation without consent or compensation. Eubanks [10]
grounds these arguments empirically, demonstrating how automated systems for welfare
eligibility, child welfare, and policing in the United States systematically disadvantage
already marginalized groups. These perspectives are not merely theoretical: they help iden-
tify which inequalities to look for, why they arise, and what kind of responses are adequate.

At the same time, Al and computational methods offer genuine opportunities for
social research: enabling analysis of large scale administrative data, detecting patterns of
inequality that would be invisible to traditional survey methods, and supporting audit
studies that document discrimination in labor and housing markets. The task is not to
reject Al but to subject it to the same critical scrutiny that social scientists apply to any other
method or institution.

For social scientists, this raises urgent questions. Does Al risk perpetuating or even
amplifying existing social inequalities? And what can social research contribute to detecting
and mitigating these harms?

Existing scholarship approaches Al bias from two largely separate directions. Tech-
nical surveys catalogue bias types and mitigation methods across the machine-learning
lifecycle [2,11,12], while the critical social science literature powerfully diagnoses the harms
that biased systems inflict on marginalized groups [3,8,10] without connecting those harms
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to stage-specific interventions or to the actors responsible for them. The contribution of this
paper lies in bringing these strands together: it offers a full-lifecycle account of bias from
an explicitly sociological standpoint, a mapping of mitigation onto types of social harm
rather than technical stage, an accountability matrix across social actors and pipeline stages,
and the integration of survey-statistical correction methods that are largely absent from the
computer-science fairness literature. It is this combination, rather than any single element,
that distinguishes the present work from prior surveys and critiques.

On bias mitigation in artificial intelligence, existing research offers firm foundations
on which the present work builds. A first, predominantly technical literature organizes
mitigation techniques by their location in the machine-learning pipeline [13]. This paper
builds on this technical repertoire by adding the social conditions that mitigation is ulti-
mately meant to address: the harms that motivate it, the actors who must enact it, and the
sociological mechanisms through which bias becomes inequality. A second, socio-technical
strand takes an important step in that direction. In particular, the review by Ahmad
et al. [14] couples statistical diagnostics with governance across the Al lifecycle, providing
an integrated framework for more equitable Al Other studies focus on specific domains.
Hanna et al. [15], for instance, examine ethical and bias considerations within the clinical
and pathology context, categorizing bias into data, development, and interaction sources.

The present paper extends all these contributions by adding an explicitly sociological
layer, along three complementary lines. First, it shifts the organizing axis from technical to
social harm: rather than sorting interventions by data, algorithm, interface, or governance,
it reframes mitigation around the types of harm that biased systems produce as discrim-
ination [8,16,17], exclusion [10,17,18], surveillance and control [6,19,20], self-reinforcing
feedback loops [21-23], and epistemic harm [24-26]. Second, it develops an Accountability
Matrix that functions as a diagnostic instrument rather than a general discussion of gover-
nance, locating agency and accountability gaps across social actors and pipeline stages so
that responsibility can be read off directly. Third, it integrates survey-statistical correction
methods for under-coverage, measurement error, and informative selection that connect
the analysis to established practice in the social sciences. Taken together, these additions
are offered as a further step that builds on the previous literature.

This paper develops a methodological framework for detecting and mitigating bias
across the Al lifecycle. The first part examines the mechanisms through which Al systems
produce and reproduce inequality, tracing these from data collection through to post-
deployment feedback. The second part turns to mitigation, reviewing strategies at each
stage of the pipeline and drawing on recent technical advances in fair machine learning to
show how research can directly serve equity goals. Section 4 proposes two complementary
analytical frameworks: a Social Harm-Intervention Mapping and an Accountability Matrix.
Section 5 presents illustrative applications in domain-specific challenges.

2. Inequalities in AI Systems

Bias in Al is not a single phenomenon but a family of related problems with distinct
origins, mechanisms, and social consequences (Table 1). Bias, unfairness and discrimi-
nation are related but not interchangeable [2]. Bias in the statistical sense is a systematic
deviation in an estimate or a dataset; it need not be unfair [2,11]. Unfairness is a normative
judgment that an outcome wrongly disadvantages a group [27,28]; an unfair outcome is
not automatically unlawful discrimination, which is a determination under a particular
legal standard [29]. Social inequality, in turn, is broader than any gap in predictive perfor-
mance [8,10]. The taxonomy that follows gives each form of bias a definition that integrates
and builds on existing accounts, such as the lifecycle framework of Suresh & Guttag [11]
and the origin-based review of Mavrogiorgos et al. [12].
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Mehrabi et al. [2], in a comprehensive survey of bias and fairness in machine learning,
identify more than two dozen distinct forms of bias, spanning data collection, labeling,
model design, and deployment. Barocas and Selbst [29] distinguish between disparate treat-
ment, where a system explicitly uses a protected characteristic as an input, and disparate
impact, where an apparently neutral system produces discriminatory outcomes. Friedman
and Nissenbaum [30], in an early and still influential account, categorized bias in computer
systems as preexisting (rooted in social institutions and practices), technical (arising from
design choices and computational constraints), and emergent (produced by the interaction
of a system with novel contexts of use). Building on these taxonomies, the following types
of bias are particularly significant for Al systems operating in social domains.

Algorithmic bias refers to systematic unfairness by design or data that affects outcomes
across societal groups; it is the broadest category, encompassing many of the subtypes
below [2]. Cognitive bias enters Al through the human choices made in data collection,
labeling, and model design: confirmation bias, the tendency to favor data or results that
align with prior beliefs, is particularly consequential in research contexts where training
datasets are assembled by teams with shared assumptions [31]. Exclusion bias arises when
relevant populations or variables are omitted from datasets, producing models that general-
ize poorly to overlooked groups [16]. Measurement bias reflects inaccurate or skewed data
capture: when labels or measures do not accurately reflect the underlying construct, models
learn a distorted representation of reality [27]. Out-group homogeneity bias leads to the
oversimplification of diverse identities into homogeneous group representations, erasing
within group variation. Implicit or prejudice bias reflects societal prejudices encoded in
data, reinforcing stereotypes related to gender, race, class, and other characteristics [8].
Recall bias arises from imbalanced or inconsistent labeling, particularly in retrospective
data collection. Sampling and selection bias, perhaps the most technically well under-
stood form, occurs when training data are unrepresentative of the population to which
the model will be applied, producing systematically worse performance for overlooked
groups [32]. Finally, stereotype bias occurs when a model reinforces harmful associations
through its learned representations, a pattern extensively documented in word embeddings
and generative language models [33].

Table 1. A taxonomy of bias types in Al systems.

Bias Type

Definition/Risk

Algorithmic Bias

Systematic unfairness by design or data; affects outcomes across societal groups [2].

Cognitive Bias

Human reasoning flaws embedded into Al via data handling or modeling choices;
includes the biases of developers, labelers, and analysts that shape system design [30,31].

Confirmation Bias

Favoring data or results that align with prior beliefs, limiting the scope of analysis;
particularly consequential when training datasets are assembled by teams with shared
assumptions [31].

Exclusion Bias

Omission of relevant populations or variables from datasets, causing models to lack
generality and perform poorly for underrepresented groups [16].

Measurement Bias

Inaccurate or skewed data capture, where labels or measures do not accurately reflect the
underlying construct [27].

Out-group Homogeneity

Oversimplification of diverse identities into homogeneous group representations,
treating members of an out-group as more uniform than they are [2].

Prejudice (Implicit) Bias

Societal prejudices reflected in data, reinforcing stereotypes related to gender, race, class,
and other characteristics [8].
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Table 1. Cont.

Bias Type Definition/Risk
Retrospective or incompletely documented data systematically under-record certain
Recall Bias events or groups, producing a distorted and unstable ground truth that propagates into

model error [34].

Sampling /Selection Bias

Unrepresentative samples lead to models that perform poorly on overlooked groups;
documented across clinical Al datasets globally [32].

Stereotype Bias

Model reinforces harmful stereotypes through learned associations, documented in word
embeddings and generative language models [33].

Evaluation Bias

Arises at the model-evaluation stage when test or benchmark data are unrepresentative
of the deployment population, or when aggregate performance metrics conceal
systematically worse performance for specific subgroups [2].

These bias types are not mutually exclusive: in practice, they interact with and com-
pound one another. A model trained on administratively collected health data may simul-
taneously exhibit sampling bias (over-representing patients with regular healthcare access),
measurement bias (using cost as a proxy for health need), and stereotype bias (encoding
associations between race and risk scores). The following sections trace the pathways
through which these biases enter and accumulate across the Al lifecycle.

Bias can also enter at the evaluation stage. A model assessed only on aggregate
performance may appear accurate while systematically failing specific subgroups, and
benchmark datasets that are themselves unrepresentative can certify a system as fair when
it is not; the choice of evaluation metric is therefore itself a potential source of bias [2,11].
This evaluation-stage bias is included in the taxonomy in Table 1 and in the lifecycle shown
in Figure 1.

SOURCES OF BIAS AND SOCIAL INEQUALITIES

Data
Collection

processing

Societal
Impact

Pre- Model
Training

Evaluation ]—»[ Deployment ]—»[

mitigated by

POSSIBLE MITIGATION STRATEGIES

— ~ — ~ — ~ — ~ — ~ — ~
F;eweighlt_ing Fai DI iz Human-in-the-
: . esampling airness-aware isaggregate : -
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(datasheets) Sensitive Adversarial Subgroup monitorin Regulator
Syiite G e features control debiasing performance metrics TEms arengc; ovgersi hty
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Figure 1. Sources of bias across the Al lifecycle and the corresponding mitigation strategies.

2.1. Data Collection and Representation

Training data are the primary vehicle through which past inequalities enter Al sys-
tems. When datasets do not represent all relevant populations, or when they encode
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historical patterns of discrimination, models learn those patterns and project them into
future decisions.

Facial recognition provides a well-documented illustration. Buolamwini and Ge-
bru [16] found that commercial gender classification systems performed substantially better
on lighter skinned men than on darker skinned women, reflecting deep imbalances in the
composition of the training data. Buolamwini [35] has continued to document how these
disparities are structural: they follow from who is included and who is excluded from the
datasets on which systems are trained.

A related problem arises from what Criado-Perez [18] calls the gender data gap: the
systematic under representation of women in data collection across health, engineering,
and social research. When training data reflect a world measured primarily through a male
perspective, models encode that perspective as the default. A recent study on gender bias
in large language models applied to long-term care confirms that this dynamic extends to
generative Al [36].

Geographic and demographic inequalities in data availability compound these prob-
lems. Celi et al. [32] found that the overwhelming majority of clinical Al models relied
on datasets from the United States or China, severely limiting their generalizability. This
geographical concentration means that clinical Al risks being least accurate precisely in the
settings where it is most needed.

Automation bias, i.e., the tendency to over-rely on algorithmic outputs without ade-
quate human correction, is a further mechanism of inequality. Wallace et al. [37] document
how automated risk profiling systems for tenant screening in England reproduce existing
patterns of socioeconomic disadvantage, presenting discriminatory outputs as objective
measures. Cheng et al. [38] similarly find racial disparities in the Allegheny Housing
Assessment Tool, where algorithmic assistance in housing allocation systematizes exist-
ing inequities.

2.2. Preprocessing and Feature Engineering

Even before model training, design choices in preprocessing can introduce or amplify
bias. Proxy variables are a canonical problem: features that appear neutral can serve as
surrogates for sensitive attributes. Postcode encodes socioeconomic status and ethnicity;
educational institution attended encodes class and race. When such proxies enter a model,
the model effectively discriminates on the basis of protected characteristics while appearing
not to. Selbst et al. [28] term this the “abstraction trap”: the formalization of fairness
requirements without attention to the social context in which data are generated.

Imputation methods present a related risk. When missing data are imputed using
majority group patterns, the model is effectively trained to expect minority group members
to resemble the majority. Gebru et al. [39] advocate for “datasheets for datasets” as a means
of documenting these choices and making them open to scrutiny.

2.3. Model Design and Training

Al models often optimize for aggregate accuracy, concealing substantial heterogeneity
in performance across subgroups. Obermeyer et al. [40] provide the clearest demonstration:
a healthcare algorithm that predicted costs rather than illness severity systematically
underestimated the needs of Black patients, because unequal access to care meant less
money was spent on them. Correcting this bias would have increased the proportion of
Black patients receiving additional support from 17.7 to 46.5 percent.

Black-box models compound these problems by obscuring the decision making pro-
cess. Lipton [41] examines the “mythos of model interpretability”, arguing that the opacity
of complex models makes it very difficult to identify the source of biased outputs. Hal-
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lucination in generative Al raises additional concerns: fabricated outputs may be more
consequential for groups already underrepresented in authoritative data sources [33].

2.4. Deployment and Monitoring Risks

Bias also emerges during deployment. Models may be repurposed in ways their
developers did not anticipate. Concept drift (the gradual divergence between training data
and real world data) can erode performance in ways that fall unequally across groups.
Exclusionary design (interfaces that assume high digital literacy or absence of disability)
can systematically bar certain populations from Al-assisted services [42].

2.5. Post-Deployment Feedback Loops

Perhaps the most insidious form of Al-induced inequality arises from feedback loops.
Ensign et al. [21] show that predictive policing systems trained on historical crime data
direct further police attention to already over-policed areas, generating additional recorded
incidents that confirm the model’s priors. Eubanks [10] documents how automated welfare
eligibility systems embed assumptions about poverty that reinforce the conditions that
produce it, creating “digital poorhouses”. O’Neil [23] argues that these systems function as
“weapons of math destruction”: they optimize for proxies that encode past inequality and
provide no meaningful avenue for appeal.

3. Strategies for Mitigating Bias

Detecting bias is a necessary but not sufficient condition for equity. Effective mitigation
requires interventions at each stage of the Al pipeline, combining technical strategies with
governance measures. This section surveys those interventions and links them to con-
crete socio-technical controls and documentation practices that support better governance
(Figure 1).

3.1. Technical Strategies
3.1.1. Data Collection

Inclusive sampling is the most direct response to representation bias. A key practical
challenge, however, is that sampling strategies can themselves introduce errors when the
information used to define strata is inaccurate. Mitani et al. [43] examine this formally in a
large multi-center biobank survey enriched for racial and ethnic minorities using electronic
health records. They find that under both non-differential and differential misclassification
of sampling strata, naive analysis approaches produce biased estimates; appropriately
weighted estimators are needed to recover the intended precision gains. This finding is
directly relevant to Al training data: enriched sampling of underrepresented groups can
backfire if the enrichment strata are themselves measured with error.

Bias audits are the systematic assessments of a dataset’s composition and its relation-
ship to outcomes, and they should be conducted before any model training begins. Gebru
et al.’s [39] “datasheets for datasets” provides a practical template, making implicit choices
visible and open to scrutiny.

Synthetic data generation offers a route to improving minority group representation
without compromising individual privacy. Shahul Hameed et al. [44] review synthetic data
methods for bias mitigation in healthcare Al, covering generative adversarial networks,
variational autoencoders, and agent-based simulation. Their systematic review finds that
generated synthetic data can improve accuracy, precision, and fairness, but stresses that
effectiveness depends heavily on the quality of the underlying data: poorly generated
synthetic data can introduce new artifacts rather than correcting existing biases.
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3.1.2. Preprocessing

At the preprocessing stage, reweighting schemes assign differential importance to ob-
servations to correct for compositional imbalances [45]; resampling methods alter training
data composition by oversampling underrepresented groups [46]. A particularly promising
direction is the use of causal models. Gonzalez-Sendino et al. [47] propose a modified
Bayesian network approach that adjusts cause and effect relationships to generate a “mit-
igated bias dataset”: a synthetic training corpus from which discriminatory pathways
have been surgically removed while legitimate predictive relationships are preserved. This
approach has three advantages over conventional preprocessing: it is transparent (the
causal graph makes explicit which pathways are blocked), proactive (biases are removed
before model training), and it preserves sensitive features in the dataset rather than deleting
them, thereby avoiding the proxy problem.

3.1.3. Model Training

In-processing methods modify the training objective to incorporate fairness as a con-
straint. Fairness aware loss functions penalize prediction errors that fall systematically
on particular subgroups. Adversarial debiasing methods introduce a secondary network
that attempts to predict the sensitive attribute from learned representations; the primary
model is trained to minimize its main task loss while also minimizing the adversary’s suc-
cess [48]. Post-processing methods adjust model outputs after training through threshold
recalibration and group-specific corrections [49].

These fairness-aware methods presuppose a definition of fairness, and the choice is
neither technical nor neutral. Common criteria (demographic parity, equalized odds, equal-
ity of opportunity, calibration, predictive parity, individual fairness, and counterfactual
fairness) rest on different assumptions and cannot in general be satisfied simultaneously:
formal impossibility results show that calibration and equal error rates are jointly achiev-
able only under equal base rates or perfect prediction [50-52]. Selecting a fairness objective
is therefore a normative decision that must be matched to the harm at stake and the decision
context: parity-based criteria suit allocation settings where representation is the concern,
error-rate criteria suit screening or risk-assessment settings where false positives and false
negatives fall unequally on groups, and calibration matters where the score itself is acted
upon. Which fairness notion is appropriate is thus a question the Harm-Intervention
Mapping helps frame, not one the technical layer can settle on its own.

A recent and technically sophisticated contribution is the FRE framework by Cai and
Zhu [53], which decomposes fair representation learning into two progressively decoupled
encoding stages. An initial encoder maps features to a latent representation and generates
a preliminary label prediction; this prediction is then combined with the original inputs
and re-fed into the encoder, producing a final representation that is better calibrated to
the task and less dependent on the sensitive attribute. SHAP-based analysis shows that
the contribution of the sensitive attribute to target prediction drops by 67 percent on the
COMPAS dataset and by over 73 percent on the Adult income dataset after FRE processing.
The method’s key limitation is that its counterfactual generation strategy does not yet
extend beyond tabular data; and as Hardt et al. [54] note, complete disentanglement of
sensitive attributes is not achievable when those attributes are inherently correlated with
task-relevant features.

3.1.4. Deployment

At deployment, the most critical safeguards are human-in-the-loop oversight, continu-
ous monitoring, and transparency reporting. The EU Al Act [55] classifies applications in
recruitment, credit, and law enforcement as high risk, requiring strict conformity assess-
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ments. Explainable Al tools such as SHAP and LIME allow practitioners to understand how
model decisions are made for individual cases and communicate findings to non-technical
stakeholders. SHAP and LIME provide partial, and sometimes unstable, post hoc expla-
nations of model behavior; they do not establish that a model is fair, that a relationship is
causal, or that anyone is accountable, and different explainers (or different runs) can yield
divergent attributions. Mitchell et al.’s [42] “model cards” framework provides standard-
ized documentation of model behavior across subgroups, enabling external scrutiny.

A growing ecosystem of open-source toolkits now operationalizes many of the inter-
ventions described above. IBM’s Al Fairness 360 [56] and Microsoft’s Fairlearn [57] bundle
standard fairness metrics with pre-, in-, and post-processing mitigation algorithms, and re-
lated tools support model auditing and visual inspection'. Such toolkits lower the practical
barrier to fairness testing and make results reproducible, standardizing the technical layer.
However, they cannot by themselves determine which harms matter, for whom, or who is
accountable. These questions are addressed in the following section.

4. Extension: New Frameworks for Agency and Mitigation Methods

The frameworks proposed in this Section are intended as analytical and hypothesis-
generating tools to support further theoretical and empirical investigation of these processes.
They are designed to structure inquiry, render visible the relationships between harm pro-
duction and intervention pathways, and facilitate the formulation of testable propositions
for subsequent research.

4.1. A Social Harm-Intervention Mapping

The pipeline-stage taxonomy presented above organizes mitigation strategies by where
in the technical workflow they apply. An approach that can be more useful for social scien-
tists and policymakers is to map which population groups, communities, and individuals
are most affected by Al-generated biases. We therefore propose reframing the mitigation
agenda around five types of social harm that the sociological literature has identified as
the primary consequences of biased Al systems: discrimination, exclusion, surveillance
and control, feedback loops, and epistemic harm. For each harm, Table 2 identifies the
pipeline stages at which it is most acutely generated and the specific interventions best
suited to addressing it. The unit of analysis of the Social Harm-Intervention Mapping is
a type of social harm; each harm is linked to the pipeline stage(s) at which it is chiefly
generated and to the interventions best suited to reducing it. The logic of the mapping
is that the appropriate remedy depends on the nature of the problem, not only on its
technical location. We organize mitigation around five principal forms of social harm,
each grounded in an established body of scholarship: discrimination, where a system pro-
duces disparate adverse outcomes for members of a protected group [16]; exclusion, where
individuals generate too little data to be “seen” by a system and are thereby denied its
benefits [18,19]; surveillance and control, where data-driven monitoring disproportionately
targets and disciplines marginalized communities [6,19]; self-reinforcing feedback loops,
where biased predictions shape the data subsequently collected and entrench the original
disparity [21,22]; and epistemic harm, where systems discredit or displace individuals in
their capacity as knowers of their own experience [24,25]. These five categories are intended
to capture the principal forms of social harm produced by biased Al systems, each derived
from a recognized strand of the literature. They are not offered as an exhaustive typology:
the categories may overlap in practice, and further forms of harm may become salient as
systems and their social contexts evolve. Our aim here is to analyze mitigation around the
harms that recur most consistently across the sociological and computational literature,
while leaving the scheme open to extension.
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Three observations follow from Table 2. First, the same technical intervention can
serve multiple harm-reduction goals: synthetic data generation addresses both exclusion
(by improving minority group representation) and discrimination (by providing better
training coverage). This convergence suggests that certain investments can yield large
positive social returns, particularly in data quality and collection design. Second, some
harms, notably surveillance and control and epistemic harm, are not well addressed by in-
processing technical fixes; they require governance responses. Third, feedback loops, which
are among the most consequential and hardest-to-reverse forms of Al-induced inequality,
are addressed primarily, though not exclusively, through post-deployment mechanisms:
anticipatory choices at the design and modeling stages can reduce the risk that such
dynamics become established, but no amount of preprocessing or fairness-constrained
training eliminates a loop driven by the accumulation of Al influenced decisions over time,
which is why continued post-deployment monitoring remains essential.

Table 2. Social Harm-Intervention Mapping: Reframing Al bias mitigation around the types of

inequality that biased systems produce. Interventions cited are illustrative rather than exhaustive.

Social Harm

Social Manifestation

Primary Pipeline Stage

Key Mitigation Interventions

Differential treatment of individuals
on the basis of race, gender, age,

Fairness-aware loss functions;
adversarial debiasing [48]; fair

e disability, or other protected Model training; Data ~ representation learning [53];
Discrimination . . . .
characteristics, producing unequal collection counterfactual fairness [60];
outcomes in hiring, credit, healthcare, audit studies to detect
or justice. differential treatment.
Denial of access to services, Inclusive sampling; active
opportunities, or voice, arising from learning to cover edge cases;
interfaces that assume high digital . synthetic data
. . Data collection; .
Exclusion literacy, from datasets that erase augmentation [44];

S . Deployment - .
minority populations, or from accessibility-by-design at
models that perform poorly for deployment; human-in-the-loop
underrepresented groups. review for flagged cases.

. . Data minimization and
Asymmetric accumulation of . . : .
. . e differential privacy; purpose
information about individuals and N
. Iy . o . limitation enforced through
Surveillance communities, enabling monitoring, Data collection;

and control

profiling, and behavioral control that
falls disproportionately on
marginalized groups.

Deployment

governance [55]; prohibition of
high-risk surveillance uses;
community consent and
oversight mechanisms.

Feedback loops

Self-reinforcing cycles in which
Al-driven decisions shape future
data, which in turn confirms and
deepens past inequality, as
documented in predictive

policing [21] and automated welfare
systems [10].

Post-deployment;
Model training

Continuous monitoring for
distributional shift; causal
modeling to identify and block
discriminatory pathways [47];
regular model retraining with
updated data; correction of
misclassified strata [43].

Epistemic harm

Suppression or distortion of the
knowledge and experiences of
marginalized groups, through
hallucination that affects
underrepresented populations,
through training data that encodes a
dominant perspective as universal,
or through opacity that

forecloses contestation.

Data collection; Model
design

Datasheets for datasets [39];
explainable Al tools (SHAP,
LIME); participatory design
involving affected communities;
transparency reports [42];
datasheets for models for
generative AL
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4.2. Statistical Methods for Mitigating Bias

Beyond the algorithmic fairness techniques discussed in Section 3.1, a parallel body
of statistical literature offers critical tools for diagnosing and mitigating bias at the data
level. These methods address foundational issues in the data generation process, like
under-coverage, measurement error, and non-ignorable selection, that cannot be resolved
by in-processing fairness constraints alone.

A core challenge for Al training data is under-coverage, which occurs when certain
population units have zero probability of inclusion in the training sample (p; = 0). This
problem is pervasive in organically collected datasets (e.g., social media or administra-
tive records) and voluntary opt-in panels, where participation is not controlled by the
analyst [61]. Under-coverage can be stochastic or deterministic, with the latter being par-
ticularly consequential for fairness because entire subpopulations may be systematically
absent from the training data. Survey statisticians have developed correction strategies such
as calibration, which reweights sample units using auxiliary population totals to reduce the
resulting distortion, and the Missing Information Principle, which provides a framework
for inference when data are incomplete [62,63]. In Al contexts, these approaches translate
into using external benchmarks to adjust sample weights, ensuring that underrepresented
groups receive appropriate influence during model training. Reweighting and calibration,
however, can only redistribute weight among groups that are actually observed: where a
subpopulation has zero probability of inclusion and is therefore entirely absent from the
sample, these adjustments cannot on their own recover it, and valid inference then requires
appropriate external information or explicit modeling assumptions.

A related issue is measurement error in the training data. Even when units are
included, their observed values may be distorted. In administrative data, this often arises
from differing definitions and recording practices across institutions; in opt-in panels,
self-reported data can suffer from recall or social desirability biases [64]. Formally, if the
true value for a unit in the training set B is y;, the observed value is y*; = y; + ¢;, where
¢; represents the measurement error [65]. For machine learning, this means that learned
associations between features and outcomes may reflect measurement artifacts rather
than true relationships. Approaches to address this include error-in-variables models,
which explicitly account for the variance introduced by measurement noise, and the use of
validation subsamples with gold standard measurements to calibrate the main data [65].
These techniques are essential when training data are assembled from heterogeneous
sources, as is increasingly common in large scale Al applications.

Crucially, both under-coverage and measurement error corrections typically assume
that selection into the training sample is ignorable after conditioning on observed covariates
x where P(S =11y, x) = P(S = 11x). This assumption, however, is often implausible in
practice. Individuals who volunteer for opt-in panels may differ from the broader pop-
ulation in unobservable ways that are also correlated with the outcome of interest (e.g.,
health status or political engagement), rendering the selection mechanism informative.
When ignorability fails, standard adjustments produce biased estimates. Recent method-
ological innovations offer pathways forward. Pfeffermann and Sverchkov [66] provide a
comprehensive review of approaches for nonprobability samples, emphasizing explicit
modeling of the selection mechanism when auxiliary information is insufficient to guaran-
tee ignorability. Chambers [63] extends the Missing Information Principle to accommodate
informative selection by leveraging relationships between survey and non-survey data
sources, effectively imputing the missing selection probabilities. A particularly promising
direction is proposed by Conti and Marella [67], who develop an uncertainty-based frame-
work that quantifies sensitivity to departures from ignorability, allowing analysts to assess
how severe the selection bias would have to be to overturn substantive conclusions.
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These estimators enter the Al pipeline at two points. During model training, cov-
erage and selection corrections (reweighting, calibration, or adjustment for informative
selection) are applied to the training sample before the model is fitted, so that the learned re-
lationships reflect the target population rather than the observed, often non-representative,
sample [66,67]. During auditing, the same estimators are applied to the evaluation sam-
ple after training: subgroup performance measures such as error and selection rates are
re-estimated with survey weights, so that they describe the under-covered groups rather
than the audit sample as collected, while sensitivity analysis bounds the uncertainty that
remains when coverage is imperfect.

For Al governance, these statistical methods translate into practical requirements. Sen-
sitivity analyses for non-ignorability should be mandated as part of conformity assessments
for high-risk systems [55,68]. Datasheets for datasets [39] should document not only what
was collected but also known sources of under-coverage and measurement error, alongside
the correction strategies applied. Without such documentation, even the most sophisticated
fairness-constrained algorithms may simply perpetuate biases encoded in the training data,
reinforcing rather than reducing the social harms mapped in Table 2.

4.3. Societal and Governance Dimensions

Technical mitigation strategies are necessary but not sufficient. The Harm-Intervention
Mapping shows that some of the most consequential harms, like surveillance, epistemic
marginalization, and self-reinforcing feedback loops, require governance responses that
no algorithm can substitute for. The Accountability Matrix (Table 3) shows that even the
best technical interventions will remain unevenly applied so long as agency is concentrated
among actors who face limited accountability. The unit of analysis of the Accountability
Matrix is an actor-by-stage pair; each cell records whether an actor typically holds agency
(the practical power to act), faces an accountability gap (responsibility without effective
power, or power without responsibility), or occupies a partial position in which agency is
shared or contested.

Recent work has clarified what accountability means in Al Building on Bovens’s [69]
account of accountability as answerability between an agent and a forum, Novelli, Tad-
deo and Floridi [70] analyze accountability in terms of answerability. They identify three
conditions (authority recognition, interrogation, and limitation of power), and seven fea-
tures (context, range, agent, forum, standards, process, and implications) through four
accountability goals (compliance, report, oversight, and enforcement).

The Accountability Matrix proposed here is intended to offer a sociotechnical instru-
ment for identifying, in a concrete system, which agent holds power at each stage and
where answerability breaks down: it turns the agent—forum relationship into an applicable
tool that maps, across social actors and pipeline stages, where agency lies and where
accountability gaps arise. However, the Accountability Matrix is proposed as an analytical
approach, a methodological tool for considering simultaneously the role each agent may
hold and where the resulting accountability gaps arise [71]. It is a hypothesis-generating
device rather than a fixed scheme: agency can differ across sectors, and not every context
involves all and only these agents, so the categories it assigns are meant to be adapted to
each context, and its rows can be extended or reduced to the agents a given setting makes
relevant [70]. Diversity in Al development teams is not merely a matter of equity in the
workplace: it is a functional requirement for bias detection, since homogeneous teams
share blind spots about whose experiences their systems fail to capture. Human-in-the-
loop processes that keep human reviewers involved in consequential decisions provide
a mechanism for catching errors that automated monitoring might miss, although their
effectiveness is conditional rather than guaranteed: it depends on reviewers’ competence
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and domain knowledge, their access to the information needed to assess a decision, their
authority to override system outputs, and the existence of meaningful review or appeal
mechanisms. Community consent (the requirement that those whose data are used and
whose lives are affected have meaningful input into system design) is not only an ethical
requirement but an epistemic one: affected communities often know better than designers
where a system will fail [72].

A second limitation of pipeline-stage taxonomies is that they describe what inter-
ventions exist without saying who is responsible for implementing them. This matters
enormously in practice. A fairness constraint that an ML engineer could implement in
a day may never be applied because the deploying organization did not require it, the
regulator did not mandate it, and the affected community had no mechanism to demand
it. Conversely, regulatory requirements that are formally in place may be unenforceable if
they lack technical specificity or institutional capacity [68].

Table 3 maps agency and accountability across five categories of actor (data produc-
ers and collectors, ML engineers, deploying organizations, auditors and regulators, and
affected communities) at each stage of the Al pipeline. For each cell, we identify whether
the actor currently holds agency (the practical power to act), faces an accountability gap
(responsibility without effective power, or power without responsibility), or occupies a
partial position in which agency is shared or contested.

Table 3. Accountability Matrix: agency and accountability across social actors and pipeline stages.
Green (o) = agency; red (A) = accountability gap; yellow (®) = partial or contested agency. This

framework identifies where structural reform is most urgently needed.

. Data Producers/ . Deploying Auditors & Affected
Pipeline Stage ML Engineers L o
Collectors Organizations Regulators Communities
e Agency: decides A Gap.: may A Gap: no A Gap: rarely
A Gap: rarely commission data . consulted; data
. what to collect, . . standard audit .
Data Collection . involved; receives  but rarely . extracted without
who to include, . .. . requirements at .
data as given. scrutinizes its - meaningful
how to label. o collection stage.
composition. consent.
Gy e Agency: coptrols A Gap: typically A Gap: . A. Gap no
. . feature selection, unaware of preprocessing visibility into how
Preprocessing choices already . . . . .
. imputation, proxy  preprocessing rarely disclosed or  their data are
fixed. . - .
variables. decisions. audited. transformed.
o Apency: selects @ Partial: sets @ Partial: EU Al
A Gap: no direct seney: objectives; may Act requires A Gap: no
.. architecture, loss . ; . .
Model Training role once data are function. fairness impose fairness conformity influence on
collected. . requirements or assessment for training process.
constraints. . c g
ignore them. high-risk systems.
@ Partial: may o Agency: full O Partial: can @ Partial: subject
provide technical operational control; mandate to system outputs;
Deployment A Gap: no role. support; not bears primary monitoring and limited formal
primarily accountability for transparency redress
accountable. outcomes. reports. mechanisms.

Post-Deployment
Monitoring

Governance &
Accountability

A Gap: no role.

A Gap: rarely
involved in
policy-setting.

@ Partial: may be
engaged for model
updates.

@ Partial:
professional codes
emerging (ACM,
IEEE); weakly
enforced.

o Agency: should
conduct ongoing
monitoring; often
does not.

e Agency: internal
governance;
commercial
incentives may
conflict with
fairness.

e Agency: can
require audits,
enforce penalties,
mandate
correction.

o Agency: key
locus of structural
accountability;
capacity varies
widely.

A Gap: can report
harms informally;
no structured

feedback channel.

A Gap:
acknowledged
(e.g., EU AI Act)
but not granted
participatory
rights; structurally
marginalized.
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The matrix reveals a consistent pattern: agency is heavily concentrated in the early
technical stages (data collection, preprocessing, model training) among data producers
and ML engineers, who typically face few formal accountability requirements. Deploying
organizations hold agency at deployment but are often shielded from liability by contractual
and regulatory ambiguity. Regulators have formal authority but are structurally reactive.
They can mandate audits after harm has occurred, but rarely have the technical capacity
to intervene proactively. Affected communities are acknowledged as stakeholders in the
wider policy debate around frameworks such as the EU Al Act, but they are not granted
participatory rights by it, and they remain structurally marginalized: they are subject to Al
driven decisions at every stage while having no formal channel for input at any of them.

This analysis points to two structural reforms that technical mitigation alone cannot
achieve. The first is the creation of meaningful participation mechanisms for affected com-
munities at the data collection and system design stages, not as consultation exercises after
design decisions have been made, but as substantive input into what data are collected, how
sensitive attributes are defined, and what outcomes the system optimizes for. The second is
the development of proactive rather than reactive regulation: regulatory frameworks that
require conformity assessments before deployment, mandate ongoing bias monitoring as
a condition of continued operation, and specify technical standards that are enforceable
rather than merely aspirational.

The analysis so far has treated protected characteristics (such as race, gender, or age)
as separate and stable attributes; but in practice, they are neither. Social harms frequently
arise at their intersections rather than along any single axis [73,74], and they vary across
countries, institutions, and historical conditions, so that a characteristic that carries little
disadvantage in one setting may be decisive in another. This has direct consequences
for mitigation: a strategy that improves an aggregate metric for one group may fail to
benefit those at an intersection [75,76]. Taking into account intersectionality therefore
raises further issues: subgroup fairness across combinations of attributes rather than one
at a time; the small-sample uncertainty that can arise when intersectional subgroups are
sparsely represented; and intersectional invisibility, whereby those who belong to several
marginalized groups at once are least likely to be measured, represented, or protected. It
also complicates the remedies proposed here, since correcting for a harm often requires
observing the very sensitive attributes whose collection carries its own risks. Gathering
additional sensitive data therefore cannot be presented as an uncomplicated solution, but
must itself be weighed as an intervention with costs.

Both frameworks converge on a conclusion that is central to the sociological anal-
ysis of Al: technical mitigation strategies are necessary but not sufficient. The Harm-
Intervention Mapping shows that some of the most consequential harms (surveillance,
epistemic marginalization, self-reinforcing feedback loops) require governance responses
that no algorithm can substitute for, while the Accountability Matrix shows that even
the best interventions will remain unevenly applied without structural reform of who is
accountable for Al outcomes.

5. Domain-Specific Applications

The recognition that automated classification methods can encode bias and require
validation emerged shortly after the development of the first machine learning methods.
Chiogna, Spiegelhalter, Franklin and Bull [77], in a direct empirical comparison of expert
derived and data derived classification trees applied to the diagnosis of congenital heart
disease, showed that the two approaches can produce systematically different results, and
that the discrepancies are not random noise but carry substantive meaning. The automat-
ically generated tree had learned from a dataset that reflected existing clinical practice,
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with all its embedded assumptions, while the expert tree encoded what clinicians believed
should determine diagnosis. This gap is, in essence, an early and precise demonstration of
measurement bias and cognitive bias operating together in a machine learning context. The
concern articulated in 1996 is the direct ancestor of today’s fairness-in-machine-learning
agenda, and the solution proposed then remains the solution proposed now: not to abandon
automated methods, but to subject them to rigorous comparison with human knowledge
and to make their assumptions explicit. The three examples below are offered as brief
illustrations of a specific form of Al-induced inequality.

5.1. Detecting Potential Exclusion Mechanisms in Environmental Data: Cluster Analysis
and Ranking

Algorithmic ranking systems are widely used in policy contexts to order cities, regions,
or institutions by composite indices of health, environmental quality, or social development.
A recurrent problem is that continuous rankings present differences between units as
meaningful even when those differences fall well within the margin of statistical uncertainty,
leading to resource allocation decisions based on noise rather than signal. This is itself a
form of potential exclusion mechanism: units near the boundary between a “good” and
a “bad” rank may be systematically misclassified, and if those boundaries correlate with
socioeconomic characteristics, the misclassification falls unequally.

Bottazzi Schenone et al. [78] address this problem by proposing a cluster-based ap-
proach to ranking that replaces the continuous ordering with a set of statistically distin-
guishable groups. Applied to a composite index of air pollution in Italian and European
urban areas, the method uses k-means clustering combined with a non-parametric Wilcoxon
rank-sum test to identify the maximum number of clusters whose separation is statistically
significant. The result is a granular but robust ranking: cities are assigned to pollution
level groups, and only differences between groups are treated as real. Within a group, no
ordering is imposed.

From a bias mitigation perspective, this approach has an important property: it makes
the uncertainty of classification explicit and auditable. A policymaker using the output
cannot extract a spurious ranking of cities within the same group, because the method does
not produce one. Applied to socioeconomic or health inequality indices, the same logic
would prevent the misallocation of targeted interventions to units whose disadvantage is
statistically indistinguishable from that of their neighbors.

5.2. Detecting Inequality in Housing Markets

A recent study on Italian student accommodation rental prices [79] offers a method-
ological illustration of how regression tree analysis such as the CART approach developed
by Breiman [80] can serve as a diagnostic tool for detecting bias in statistical modeling.
The study compared multiple linear regression, a parametric approach requiring distribu-
tional assumptions, with regression trees, a non-parametric method that imposes no such
assumptions but provides no statistical inference. While the primary aim was to model
determinants of rental prices across 32 Italian university cities, the comparison revealed
that the two methods identified different sets of influential predictors: the linear regression
selected residents and youth employment rate, while the regression tree identified crime
rate, youth employment rate, and average annual wages as most explanatory. This method-
ological divergence is substantively meaningful because it shows that model specification
choices can systematically affect which variables are foregrounded as drivers of inequality.
From a bias mitigation perspective, the CART approach provides two valuable detection
capabilities: first, it makes explicit the hierarchical structure of predictive relationships,
revealing which covariates produce the largest partition of variance and thus warrant closer
scrutiny for potential proxy effects; second, it operates without parametric assumptions
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about variable distributions, which avoids the distortions that can arise when non-normal
variables are transformed or when outliers are absorbed through dummy variables. When
employed alongside regression diagnostics, CART thus functions as a sensitivity tool:
if the same variables emerge as important across both parametric and non-parametric
specifications, confidence in their role increases, whereas divergence signals the need for
deeper investigation into measurement error, sampling bias, or proxy variable effects. This
diagnostic logic is directly applicable to fairness audits in Al systems.

5.3. Detecting Discrimination Bias in Labor Markets: An Audit Study

Audit studies are among the most rigorous tools available for detecting discrimination
bias in real world settings. By submitting fictitious but otherwise identical applications that
differ only in a sensitive attribute, researchers can isolate the causal effect of that attribute
on a recruiter’s behavior, free from the confounding that afflicts observational data [81].

A growing body of audit research has extended this methodology to digital recruitment
platforms, where algorithmic systems filter, rank, and recommend candidates before a
human recruiter ever sees a profile. Audit studies on LinkedIn and similar platforms
have found that gender shapes not only whether a profile is shortlisted but whether it is
viewed at all: NLP-based recruitment systems embedded in these platforms can produce
unconscious gender bias, detectable through analysis of how male and female profiles in
identical roles are scored and recommended differently. Correspondence-audit designs are
particularly well suited to detecting gender inequalities, because they isolate the effect of
gender from differences in qualifications. A correspondence-audit method of this kind has
recently been applied to STEM positions (data analyst, data scientist, software developer)
on LinkedIn, submitting matched male and female fictitious profiles to the same positions
and analyzing how they are scored, viewed, and contacted [82]. This illustrates how
discrimination bias and exclusion bias can be algorithmically embedded and rendered
invisible to the actors who appear to be making the choices.

The relevance for bias mitigation is direct. Audit studies provide the empirical baseline
against which mitigation techniques such as FRE [53] or adversarial debiasing can be eval-
uated in deployment, not just on benchmark datasets. Without audit-based measurement,
there is no way to know whether a fairness intervention that improves a model’s accuracy
parity difference in the lab translates into reduced discrimination in the field. As Table 2
indicates, the harms that audits reveal are not fully addressable by in-processing technical
fixes alone: they also call for governance responses, including transparency requirements
on how algorithmic ranking and recommendation systems are used in recruitment, audit
mechanisms that test for differential treatment, and regulatory frameworks that hold auto-
mated candidate screening systems to the same anti-discrimination standards as human
decision makers.

6. Conclusions

Artificial intelligence is already embedded in consequential decisions across health,
housing, justice, labor markets, and social policy. Its potential to amplify existing inequali-
ties is real and well documented. Its potential to support more equitable social analysis
is also real, but it is conditional on the quality of data, the care with which models are
designed and evaluated, and the governance frameworks within which they operate.

This paper has developed a conceptual synthesis for detecting and mitigating Al bias
across the Al lifecycle. On the detection side, bias arises at every stage of the Al lifecycle, from
the composition of training data through to the feedback loops that Al-driven decisions create,
and understanding it requires both technical analysis and sociological contextualization. On
the mitigation side, recent technical advances in causal debiasing, synthetic data generation,
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Notes

1

and fair representation learning provide a maturing toolkit; but these tools are only as
effective as the governance frameworks within which they are deployed.

The two frameworks proposed here, the Social Harm-Intervention Mapping and the
Accountability Matrix, are offered as analytical tools for social scientists and policymakers
working in this space. The first extends and enhances the standard engineering question
“where in the pipeline does bias arise?” as the sociological question “what kinds of harm
does biased Al produce, and what remedies are available?” The second extends the ques-
tion on “what can be done?” as “who has the power to act, and where is accountability
missing?” Together, they translate technically sophisticated literature into frameworks that
are actionable for the social researchers and institutional actors who must ultimately make
Al equitable. These matrices are offered as conceptual devices to be adapted to, and tested
against, specific sectoral and jurisdictional contexts, not as a validated coding of a fixed
empirical reality. Their empirical validation is identified as future work.

Some limitations follow from the nature of this contribution. First, the paper is a con-
ceptual synthesis rather than a systematic review: the literature it draws on was selected for
theoretical relevance rather than through exhaustive, protocol-driven screening, so its cov-
erage is deliberately selective and other pertinent work will inevitably have been left aside.
Second, the two frameworks proposed here (the Social Harm-Intervention Mapping and
the Accountability Matrix) are analytical, hypothesis-generating, and they offer actionable
guidance but remain to be tested. Third, the frameworks are context-dependent: agency
and accountability are not constant across sectors, jurisdictions, procurement arrangements,
or organizational forms, and the single status assigned to each actor category is a first-order
abstraction meant to be adapted to, and re-examined in, concrete settings. Fourth, the
evidence and the governance discussion are geographically concentrated, drawing dispro-
portionately on European and North American cases and on the EU regulatory framework.
Future work could focus on extending the results to other, broader experiences and to the
empirical validation of both frameworks, including their application across contrasting
sectors and jurisdictions.
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Beyond these, the University of Chicago’s Aequitas [58] provides a bias and fairness audit toolkit oriented towards policy and

public-sector decision-making, generating group-level bias reports across a range of fairness metrics, while Google’s What-If

Tool [59] offers an interactive, largely code-free interface for probing model behavior, testing counterfactuals, and comparing

performance across population subgroups. These tools usefully standardize fairness metrics and mitigation algorithms but do

not by themselves resolve the social-context and accountability problems the paper foregrounds.
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