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Abstract. The rapid deployment of artificial intelligence systems in consequential domains 

— including criminal justice, employment screening, credit allocation, healthcare, and social 

benefit determination — has generated urgent scholarly and public debate about the ethical 

foundations of algorithmic decision-making. This paper provides a comprehensive 

interdisciplinary review of the principal ethical challenges posed by AI systems in high-stakes 

contexts, with particular emphasis on the problem of algorithmic bias and its mechanisms, 

manifestations, and remediation. Drawing on scholarship from computer science, philosophy, 

law, sociology, and political science published between 2016 and 2025, the review examines how 

structural biases embedded in training data, model design choices, and institutional deployment 

contexts translate into discriminatory outcomes for marginalized populations. The paper further 

analyzes existing and proposed governance frameworks — including technical fairness 

interventions, regulatory approaches, and participatory design methodologies — and evaluates 

their adequacy in addressing the multidimensional nature of AI ethics. The central argument is 

that algorithmic bias is not primarily a technical problem admitting a technical solution, but 

rather a sociotechnical phenomenon that requires comprehensive institutional, regulatory, and 

democratic responses. 
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1. Introduction 

Artificial intelligence systems are increasingly making or influencing decisions that 

determine access to healthcare, employment, credit, housing, education, and freedom from 

incarceration. The scale and speed of this transition is historically unprecedented. Within the space 

of a decade, algorithmic decision-making tools have moved from experimental research settings to 

deployment across critical public and private institutional contexts, often outpacing the 

development of the legal, regulatory, and ethical frameworks needed to govern them responsibly. 
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The appeal of algorithmic decision-making to institutions is understandable. Machine 

learning models can process far greater volumes of information than human decision-makers, can 

operate at scales that make individualized human judgment economically impractical, and can — 

at least in theory — apply consistent criteria across all cases without the fatigue, emotional 

variability, or conscious prejudice that affect human judgment. The promise is one of objectivity: 

decisions made by data and mathematics rather than by fallible human beings. 

This promise, however, has repeatedly proven illusory. A decade of empirical research has 

documented with accumulating force that algorithmic systems reproduce, amplify, and in some 

cases generate novel forms of discrimination against the same populations — defined by race, 

gender, socioeconomic status, disability, and other protected characteristics — that have 

historically faced structural disadvantage in human institutional decision-making. The celebrated 

objectivity of the algorithm turns out to be contingent on assumptions, training data, and design 

choices that are deeply shaped by the social contexts in which they originate. 

The philosophical and political stakes are correspondingly high. If algorithmic systems are 

biased in ways their designers did not intend, questions of accountability arise: who bears 

responsibility for discriminatory outcomes produced by opaque computational systems? If biased 

outcomes are in some sense an artifact of historical patterns in society, to what extent are data 

scientists morally obligated to correct for those patterns in their models? And if different 

conceptions of fairness are mathematically incompatible — as formal proofs have established in 

specific cases — whose values should govern the design of systems that affect millions of people? 

This paper addresses these questions through a structured interdisciplinary review. Section 

2 develops a conceptual taxonomy of algorithmic bias, distinguishing its origins, mechanisms, and 

manifestations. Section 3 examines high-profile documented cases across multiple domains.  

Section 4 analyzes technical approaches to fairness and their limitations. Section 5 reviews 

governance frameworks. Section 6 discusses participatory and democratic approaches, and Section 

7 provides conclusions. 

2. A Conceptual Taxonomy of Algorithmic Bias 

2.1 Defining Algorithmic Bias 

The term 'algorithmic bias' has been used in the literature with varying degrees of 

precision, sometimes denoting any systematic deviation between algorithmic and normatively 

ideal decision outcomes, and sometimes referring more specifically to differential treatment of 

individuals or groups defined by protected characteristics. For the purposes of this review, we 

adopt a definition grounded in the legal concept of discrimination: an algorithmic system is biased 

if it produces systematically less favorable outcomes for members of a protected group that are not 

justified by legitimate, non-discriminatory criteria relevant to the decision at hand. 

This definition deliberately leaves open the question of whether intentionality is required 

for bias to obtain. Disparate impact — a legal doctrine established in Griggs v. Duke Power Co. 

(1971) — holds that a facially neutral policy may constitute unlawful discrimination if it produces 

unjustified disparate effects on a protected group, regardless of discriminatory intent.  



ISSN: 

2181-3906 

2026 

                                                                    International scientific journal 

                                        «MODERN SCIENCE АND RESEARCH» 
                                                          VOLUME 5 / ISSUE 6 / UIF:8.2 / MODERNSCIENCE.UZ 

 

 

      225 

 

 

This framework has significant implications for the regulation of AI systems, many of 

which produce disparate impacts without any intentional design choice targeting protected groups. 

2.2 Sources and Mechanisms of Bias 

Scholars have identified multiple distinct mechanisms through which bias enters 

algorithmic systems. Barocas and Selbst (2016) provide an influential typology that distinguishes 

biases arising from the selection of training samples, the definition of target variables, the choice 

of features, and feedback loops in deployed systems. Each mechanism warrants separate analysis. 

Training data bias arises when the dataset used to train a machine learning model does not 

accurately represent the population to which it will be applied, or when it reflects historical 

patterns of discrimination that the model then learns to replicate. Facial recognition systems 

trained predominantly on images of light-skinned individuals exhibit substantially higher error 

rates for darker-skinned faces — a documented disparity with significant implications for 

surveillance and law enforcement applications (Buolamwini & Gebru, 2018). Word embedding 

models trained on large text corpora encode gender stereotypes present in the text, associating 

professional roles with genders in ways that replicate occupational segregation patterns (Caliskan 

et al., 2017). 

Target variable bias occurs when the variable that a model is trained to predict is itself a 

product of historical discrimination. Predicting future criminality based on past arrest records 

encodes racial disparities in policing practices into the model; predicting job performance based 

on supervisor evaluations encodes the gender and racial biases of evaluating supervisors. In both 

cases, the model learns to reproduce a discriminatory status quo rather than to identify the 

underlying construct of interest. 

Feedback loop bias arises in dynamically deployed systems when algorithmic outputs 

influence the future data on which the system is retrained. Predictive policing systems that direct 

increased law enforcement attention to historically over-policed neighborhoods generate more 

arrests in those neighborhoods, which are then used as evidence of higher crime rates, justifying 

further concentrated policing in a self-reinforcing cycle that has no connection to the actual 

distribution of criminal activity across geographic areas. 

2.3 Fairness: Definitions and Incompatibilities 

The formalization of fairness as a technical criterion has been one of the most productive 

areas of algorithmic fairness research. Researchers have proposed numerous distinct mathematical 

definitions of algorithmic fairness, each capturing different moral intuitions about what constitutes 

equitable treatment. The three most widely discussed are: demographic parity (equal rates of 

positive outcomes across groups), equalized odds (equal true positive and false positive rates 

across groups), and individual fairness (similar individuals treated similarly). 

A fundamental result in the algorithmic fairness literature, established by Chouldechova 

(2017) and Kleinberg et al. (2016), demonstrates that demographic parity, equalized odds, and 

calibration — three intuitively appealing definitions of fairness — are mathematically 

incompatible when base rates differ across groups.  
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This result has profound implications: in a domain such as recidivism prediction, where 

prior conviction rates differ across racial groups due to historical and structural factors, it is 

mathematically impossible to simultaneously satisfy all three criteria. Any model design 

necessarily involves a choice among competing conceptions of fairness that is inherently 

normative rather than technical. 

3. Documented Cases of Algorithmic Bias in High-Stakes Domains 

3.1 Criminal Justice: Risk Assessment Instruments 

The most extensively studied and publicly debated example of algorithmic bias involves 

risk assessment instruments used in the United States criminal justice system, particularly the 

COMPAS (Correctional Offender Management Profiling for Alternative Sanctions) tool.  

COMPAS generates risk scores used by judges to inform bail, sentencing, and parole 

decisions for hundreds of thousands of individuals annually. A 2016 investigation by ProPublica 

found that COMPAS incorrectly labeled Black defendants as higher risk at approximately twice 

the rate it mislabeled White defendants, while simultaneously more frequently mislabeling White 

defendants as low risk when they subsequently reoffended (Angwin et al., 2016). 

The company that developed COMPAS contested these findings, arguing that its model 

satisfied a different statistical definition of fairness — calibration — and that the disparities 

ProPublica identified were an artifact of different base rates between groups rather than bias in the 

model itself. This controversy crystallized the impossibility results discussed in Section 2.3, 

demonstrating that the dispute between ProPublica and Northpointe was not resolvable by 

reference to technical facts alone but required a prior normative judgment about which conception 

of fairness should govern a life-altering criminal justice application. 

3.2 Employment: Automated Resume Screening 

The use of machine learning systems for automated resume screening and candidate 

assessment is now widespread, with major technology providers offering products used by 

thousands of employers globally. Amazon's internal development of an AI recruiting tool, 

abandoned in 2018 when the company recognized it was systematically downgrading resumes 

from women, provides a case study in how historical training data encodes occupational 

discrimination. The model was trained on resumes submitted to Amazon over a ten-year period, 

during which the technology industry was male-dominated; the model learned to penalize resumes 

containing the word 'women's' (as in 'women's chess club') and downgraded graduates of all-

women's colleges. 

Wider studies of automated recruitment tools have documented similar patterns. Raghavan 

et al. (2020) conducted an audit of several commercially available hiring algorithms and found 

widespread disparate impacts across racial and gender groups, with limited transparency from 

vendors about the criteria used for candidate scoring. The study highlighted a fundamental tension 

in employment law: while disparate impact doctrine theoretically prohibits facially neutral criteria 

that produce unjustified discriminatory effects, the opacity of many commercial AI tools makes it 

practically difficult for employers — let alone affected applicants — to assess whether disparate 

impacts exist or to justify the business necessity of criteria that produce them. 
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3.3 Credit and Financial Services 

Algorithmic credit scoring systems determine access to mortgages, personal loans, and 

credit cards for billions of people worldwide. Research has documented that such systems, despite 

formal prohibitions on the use of protected characteristics in credit decisions, nonetheless produce 

racially and geographically stratified outcomes that correlate closely with historically 

discriminatory practices including redlining. A 2021 analysis of mortgage lending data found that 

Black and Hispanic applicants were denied mortgages at substantially higher rates than White 

applicants with similar financial profiles, and that algorithmic underwriting systems were a 

significant contributor to these disparities (Bartlett et al., 2019). 

The mechanisms by which protected characteristics re-enter facially neutral algorithmic 

credit models are multiple. Zip code data, which correlates strongly with race due to the legacy of 

residential segregation, is a common model feature. Social network data — including the 

creditworthiness of a person's online connections — has been used by some fintech lenders, a 

practice that effectively encodes the racially segregated structure of social networks into credit 

decisions. The concept of proxy discrimination, in which legitimate-seeming variables serve as 

effective proxies for protected characteristics, presents significant challenges for both model 

design and regulatory oversight. 

3.4 Facial Recognition Technology 

Facial recognition technology represents perhaps the most acutely documented domain of 

algorithmic bias, with quantified performance disparities across demographic groups serving as 

the basis for growing regulatory restriction and outright prohibition in multiple jurisdictions.  

Buolamwini and Gebru's (2018) Gender Shades study evaluated commercial facial analysis 

systems from three major technology companies and found error rates for classifying the gender of 

darker-skinned women that were up to 34.7 percentage points higher than for lighter-skinned men.  

These disparities persisted after controlling for image quality, with darker-skinned female 

faces misclassified by the worst-performing system in 34.7% of cases compared to 0.8% for 

lighter-skinned male faces. 

The deployment of facial recognition technology by law enforcement agencies has 

produced documented cases of wrongful arrest. Robert Williams, a Black man in Detroit, was 

wrongfully arrested in 2020 on the basis of a false facial recognition match — a case that received 

widespread attention and contributed to moratoriums on police use of facial recognition 

technology in multiple U.S. cities. The American Civil Liberties Union has documented at least 

ten cases of wrongful arrest attributable to facial recognition errors, disproportionately affecting 

Black individuals consistent with documented disparities in system accuracy. 

3.5 Healthcare Allocation 

As documented in the healthcare-focused literature, algorithmic bias in clinical settings has 

particularly acute consequences for patient wellbeing. Beyond the commercial care management 

algorithm analyzed by Obermeyer et al. (2019), documented cases include pulse oximetry devices 

that systematically overestimate blood oxygen saturation in patients with darker skin 

pigmentation, contributing to delayed recognition of hypoxemia during the COVID-19 pandemic, 
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and dermatology diagnostic AI systems trained predominantly on images from light-skinned 

patients that exhibit significantly reduced accuracy for conditions presenting differently on darker 

skin tones. These cases illustrate how algorithmic bias can translate directly into differential 

clinical outcomes and, in extreme cases, preventable harm. 

4. Technical Approaches to Fairness and Their Limitations 

The algorithmic fairness research community has developed a substantial toolkit of 

technical interventions designed to reduce bias in machine learning systems, broadly categorized 

as pre-processing, in-processing, and post-processing approaches. Pre-processing methods modify 

training data to reduce imbalances, remove proxies for protected characteristics, or reweight 

samples to ensure representative coverage. In-processing methods incorporate fairness constraints 

directly into the model training objective, penalizing predictions that violate a specified fairness 

criterion. Post-processing methods adjust the outputs of trained models to enforce fairness criteria, 

for example by applying group-specific decision thresholds.  

These technical interventions represent genuine progress and have demonstrated practical 

efficacy in specific settings. However, a substantial body of critical scholarship has identified their 

limitations. First, the impossibility results discussed in Section 2.3 establish that no technical 

intervention can simultaneously satisfy all competing conceptions of fairness when base rates 

differ across groups, meaning that the choice of intervention necessarily encodes a prior normative 

judgment. Second, fairness interventions evaluated in research settings may fail to generalize to 

deployment environments where data distributions differ from those on which the intervention 

was developed. 

Third, and perhaps most fundamentally, technical fairness interventions operate on the 

surface manifestations of bias rather than its underlying structural causes. A model that achieves 

demographic parity in hiring recommendations by adjusting prediction thresholds has not 

addressed the educational inequalities, discriminatory hiring practices, or occupational segregation 

that generate the training data disparities in the first place. Mittelstadt et al. (2016) argue that 

technical solutions to algorithmically mediated discrimination risk providing the appearance of 

fairness while leaving intact the structural conditions that generate discriminatory outcomes. 

5. Regulatory and Governance Frameworks for AI Ethics 

5.1 Emerging Regulatory Landscape 

The regulatory response to the ethical challenges posed by AI systems is accelerating 

globally, though the pace and form of regulation vary substantially across jurisdictions. The 

European Union's Artificial Intelligence Act, provisionally agreed in 2023 and entering 

implementation in 2025, represents the most comprehensive legislative framework to date.  

The Act establishes a risk-based regulatory structure that imposes the most stringent 

requirements — including mandatory conformity assessments, transparency obligations, and 

prohibitions on certain high-risk applications — on AI systems deployed in sensitive domains 

including criminal justice, employment, education, critical infrastructure, and biometric 

identification. In the United States, regulatory approaches have been more fragmented, with 

sector-specific guidance from agencies including the Equal Employment Opportunity 



ISSN: 

2181-3906 

2026 

                                                                    International scientific journal 

                                        «MODERN SCIENCE АND RESEARCH» 
                                                          VOLUME 5 / ISSUE 6 / UIF:8.2 / MODERNSCIENCE.UZ 

 

 

      229 

 

 

Commission, the Consumer Financial Protection Bureau, and the Department of Housing and 

Urban Development addressing AI applications in their respective domains, alongside executive 

orders directing federal agencies to assess AI risks. The White House Blueprint for an AI Bill of 

Rights, published in 2022, articulates principles for trustworthy AI including safe and effective 

systems, algorithmic discrimination protections, data privacy, notice and explanation, and human 

alternatives. 

5.2 Algorithmic Auditing 

Algorithmic auditing — the systematic evaluation of AI systems for bias, accuracy, and 

compliance with fairness standards — has emerged as a key mechanism for translating governance 

principles into practice. External audits conducted by independent third parties offer the potential 

to provide accountability for AI systems deployed at scale in consequential domains, analogous to 

the role of financial auditing in providing accountability for corporate financial reporting. 

However, algorithmic auditing faces significant technical and institutional challenges. The 

opacity of many commercial AI systems — both the training data and the model architecture may 

be proprietary — limits auditors' ability to conduct the comprehensive internal evaluations 

necessary to assess bias mechanisms rather than simply documenting disparate outcomes. Raji et 

al. (2020) analyzed the limitations of current AI auditing practices and found that most existing 

audit frameworks focus on technical performance metrics rather than the broader sociotechnical 

context of deployment, potentially missing bias mechanisms that arise from the interaction 

between algorithmic systems and institutional environments. 

5.3 Transparency and Explainability Requirements 

Regulatory frameworks increasingly impose transparency and explainability requirements 

on AI systems as a mechanism for enabling accountability and supporting affected individuals' 

ability to contest algorithmic decisions. The GDPR's right to explanation, which requires that 

individuals subject to fully automated significant decisions be provided meaningful information 

about the logic involved, has been extensively analyzed in the legal literature, with ongoing debate 

about whether current explainability techniques can satisfy its requirements in practice. 

The tension between the right to explanation and the technical opacity of high-performing 

machine learning models — particularly deep neural networks — has prompted significant 

research interest in interpretable AI methodologies. Legal scholars including Selbst and Barocas 

(2018) have argued that effective explanations must be counterfactual (explaining what the 

applicant could do differently to receive a different outcome), actionable (based on features the 

individual can actually change), and accurate (genuinely reflecting the model's actual decision 

process rather than providing a post-hoc rationalization). 

6. Participatory Design and Democratic Accountability in AI Systems 

A growing body of scholarship argues that the ethical governance of AI systems cannot be 

achieved through technical or regulatory interventions alone, but requires the meaningful 

participation of affected communities in the design, deployment, and evaluation of systems that 

affect their lives.  
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Participatory design methodologies, with roots in labor movement advocacy for worker 

involvement in the design of industrial technologies, offer a framework for bringing community 

perspectives into AI development processes. 

Costanza-Chock (2020) introduces the concept of 'design justice' as a framework for 

centering the perspectives of communities most impacted by design decisions in technology 

development processes, arguing that the demographic homogeneity of the AI research and 

development workforce — predominantly young, male, white, and educated at elite institutions — 

systematically shapes the priorities, assumptions, and blind spots embedded in AI systems. The 

lack of diversity in AI development teams is not merely a question of workplace equity; it has 

direct implications for the representativeness of AI systems and their capacity to serve diverse 

populations. 

Community benefit agreements, model disclosure requirements, and impact assessments 

involving affected communities have been proposed as institutional mechanisms for 

operationalizing participatory accountability in AI deployment. Civil society organizations 

including the Algorithmic Justice League, founded by Joy Buolamwini, and the AI Now Institute 

have developed frameworks for community-led AI auditing that center the expertise of affected 

communities alongside technical assessment. Democratic accountability for AI systems also 

requires attention to the political economy of AI development, which is concentrated in a small 

number of large technology companies with significant market power, limited regulatory 

oversight, and global reach. The governance challenge is not simply to ensure that existing AI 

systems operate fairly, but to create institutional conditions under which AI development priorities 

are shaped by broad democratic accountability rather than narrow commercial interests. 

7. Conclusion 

The evidence reviewed in this paper establishes that algorithmic bias is a pervasive and 

consequential feature of AI systems deployed in high-stakes domains, producing discriminatory 

outcomes that harm marginalized populations and undermine the legitimacy of institutional 

decision-making. The mechanisms of bias are multiple and deeply rooted in historical patterns of 

social inequality; the technical tools for bias mitigation are real but limited; and the governance 

frameworks for holding AI systems accountable are still nascent and contested. 

The central argument of this review — that algorithmic bias is fundamentally a 

sociotechnical rather than a purely technical problem — has significant implications for how the 

field should be understood and governed. Technical fairness interventions, however sophisticated, 

cannot substitute for the institutional reforms, regulatory oversight, and democratic accountability 

mechanisms necessary to ensure that the deployment of AI in consequential contexts serves justice 

rather than entrenching inequality. Future research priorities should include the development of 

longitudinal evaluation frameworks capable of assessing the distributional impacts of AI systems 

over time in real-world deployment, the creation of interdisciplinary research programs integrating 

computer science with law, sociology, and philosophy, the cultivation of diverse AI research and 

development workforces, and the development of mandatory pre-deployment bias assessment 

requirements as a condition of regulatory approval for high-risk AI applications. 
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The governance of artificial intelligence is a political as well as a technical challenge. 

Its ultimate resolution will depend not only on the ingenuity of researchers but on the 

willingness of democratic institutions to assert authority over systems whose design choices 

embody consequential value judgments that should not be made by technologists alone. 
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