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Abstract 

Automated decision systems increasingly mediate access to credit, employment, healthcare, and judicial 

outcomes, yet the machine learning models that power these systems can encode and amplify the very 

inequities they were designed to overcome. This paper undertakes an integrative conceptual synthesis of 

fairness-aware machine learning as a discipline situated within the broader field of decision intelligence, 

which is concerned with how organizations translate analytical output into consequential action. Rather than 

reporting new experimental results, the study synthesizes theoretical, empirical, and normative scholarship 

spanning statistical fairness definitions, sociotechnical critique, and applied intervention design in order to 

clarify how competing conceptions of fairness can be reconciled within a single decision pipeline. The 

analytical framework draws on group-aware learning, distributive justice theory, and calibration theory to 

organize the literature into three intervention families: pre-processing, in-processing, and post-processing. 

Findings indicate that no singular technical definition of fairness is universally applicable, that the accuracy 

and fairness relationship is better understood as a negotiated trade-off rather than a fixed cost, and that 

governance mechanisms external to the model, including auditing and contestability, are indispensable 

complements to algorithmic correction. The discussion situates these findings within global regulatory 

developments and highlights the limitations of purely technical remedies when the underlying data reflect 

historical discrimination. The paper concludes that fairness-aware machine learning should be conceived as 

an ongoing institutional practice rather than a one-time engineering fix, offering a coherent agenda for 

scholars and practitioners engaged in responsible decision intelligence. 

DOI: 10.21590/ijtmh20241003427 

1. Introduction 

The proliferation of machine learning across consequential domains such as lending, hiring, medical triage, 

and criminal sentencing has transformed the nature of institutional decision making. Where human judgment 

once mediated access to opportunity, statistical models now perform much of this mediating work, and they 

do so at a scale and speed that human deliberation cannot match. This transition has produced what many 

scholars now describe as decision intelligence, a discipline concerned not merely with predictive accuracy 

but with the organizational and ethical architecture surrounding automated judgment (Kleinberg, Ludwig, 

Mullainathan, and Rambachan, 2018). Within this architecture, fairness has emerged as a central and 

unresolved concern, prompted in large part by evidence that predictive systems can reproduce or intensify 

the discriminatory patterns present in historical data. 

The urgency of this concern was made vivid by empirical demonstrations that widely deployed algorithms, 

including a healthcare risk prediction tool used across the United States, systematically underestimated the 

needs of Black patients relative to White patients with comparable illness burdens because the model relied 
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on healthcare spending as a proxy for medical need (Obermeyer, Powers, Vogeli, and Mullainathan, 2019). 

Similarly, investigative and academic scrutiny of recidivism risk instruments revealed that error rates were 

not evenly distributed across racial groups, even when overall predictive accuracy appeared satisfactory 

(Chouldechova, 2017). These findings illustrate a recurring pattern in the literature: technical competence, 

measured conventionally, does not guarantee ethical adequacy, and the gap between the two constitutes the 

central problem that fairness-aware machine learning attempts to address. 

The purpose of this paper is to synthesize the fragmented body of scholarship on fairness-aware machine 

learning into a coherent conceptual account that speaks directly to the practice of decision intelligence. Three 

objectives guide the analysis. The first is to trace how definitions of algorithmic fairness have evolved from 

early statistical formulations toward more sociotechnically grounded accounts that recognize the limits of 

purely mathematical solutions. The second is to organize the diverse technical interventions that have been 

proposed, spanning pre-processing, in-processing, and post-processing strategies, into a unified analytical 

structure that clarifies their comparative strengths and constraints. The third is to consider how these 

technical mechanisms interact with organizational governance, regulatory obligation, and human oversight 

once a model is embedded within a live decision pipeline. 

The central research question is therefore twofold: how can competing and at times mathematically 

incompatible definitions of fairness be reconciled within a single applied decision system, and what role 

remains for institutional governance once technical correction has been applied. A subsidiary question 

concerns the recently proposed group-aware learning paradigm, which reframes fairness not as an external 

constraint imposed upon a model but as an intrinsic property of how the model partitions and processes its 

input space (Hosseini, Zhang, Garg, and Xie, 2023). This paradigm offers a useful bridge between the 

technical and organizational literatures because it treats subgroup structure as something the model must 

learn to recognize rather than something imposed post hoc, a feature that resonates with contemporary 

decision intelligence practice, where subpopulations of interest are rarely known in advance. 

Conceptually, the paper draws on three intersecting frameworks. The first is the statistical fairness literature, 

which formalizes properties such as demographic parity, equalized odds, and calibration (Hardt, Price, and 

Srebro, 2016; Chouldechova, 2017). The second is the sociotechnical systems literature, which argues that 

fairness cannot be reduced to a static mathematical property because the social context in which a model 

operates is itself dynamic and contested (Selbst, Boyd, Friedler, Venkatasubramanian, and Vertesi, 2019). 

The third is distributive justice theory drawn from political philosophy, which supplies the normative 

vocabulary needed to adjudicate among competing fairness criteria when they cannot be simultaneously 

satisfied (Binns, 2018). Taken together, these frameworks permit an analysis that neither collapses fairness 

into a narrow engineering problem nor abandons the possibility of principled technical intervention 

altogether. The remainder of the paper proceeds through a synthesized literature review, an explanation of 

the conceptual methodology employed, an integrative presentation of findings, and a discussion of their 

implications for both scholarship and practice. 
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Figure 1. A conceptual pipeline illustrating where pre-processing, in-processing, and post-processing fairness 

interventions intervene within a decision intelligence workflow, closed by a continuous auditing and feedback loop. 

2. Literature Review 

2.1 The Emergence of Statistical Fairness Definitions 

The formal study of algorithmic fairness began with attempts to translate intuitive notions of equal treatment 

into measurable statistical properties. Dwork, Hardt, Pitassi, Reingold, and Zemel (2012) offered one of the 

earliest rigorous treatments, proposing that individuals who are similar with respect to a task should receive 

similar outcomes, a principle they termed fairness through awareness. This individual level formulation stood 

in contrast to group level definitions that would soon dominate the literature, such as demographic parity, 

which requires that a decision outcome be statistically independent of a protected attribute. Zemel, Wu, 

Swersky, Pitassi, and Dwork (2013) advanced this agenda by proposing that fair representations could be 

learned directly from data, effectively obscuring group membership from downstream classifiers while 

preserving task relevant information. 

A pivotal theoretical contribution arrived when Hardt, Price, and Srebro (2016) introduced equalized odds 

and equal opportunity as alternatives to demographic parity, arguing that a classifier should exhibit equal true 

positive and false positive rates across groups rather than equal overall selection rates. This reformulation 

proved influential because it acknowledged that base rates for an outcome may legitimately differ across 

groups without implying that a fair classifier must ignore those differences entirely. However, the 

proliferation of definitions soon exposed a deeper tension. Kleinberg, Mullainathan, and Raghavan (2017) 

demonstrated formally that calibration within groups, balance for the positive class, and balance for the 

negative class cannot generally be satisfied simultaneously unless prediction is perfect or base rates are equal 

across groups. Chouldechova (2017) arrived at a parallel impossibility result in the specific context of 

recidivism prediction, showing that equal predictive value and equal error rates are mathematically 

incompatible whenever underlying base rates differ. These impossibility results reoriented the field away 

from the search for a single correct fairness metric and toward the harder question of which criterion is 

contextually appropriate and why. 
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2.2 Sociotechnical Critique and the Limits of Formalism 

As statistical formalizations matured, a parallel body of scholarship began questioning whether fairness 

could be adequately captured through mathematics at all. Barocas and Selbst (2016) provided an early and 

influential legal analysis arguing that big data driven decision systems could produce disparate impact even 

in the complete absence of discriminatory intent, because proxies correlated with protected characteristics 

permeate ordinary data. Their analysis reframed algorithmic bias as a structural feature of data generation 

processes rather than an isolated defect correctable through a single technical patch. Building on this insight, 

Selbst, Boyd, Friedler, Venkatasubramanian, and Vertesi (2019) articulated what they termed abstraction 

traps, describing recurring errors that occur when engineers abstract a fairness problem away from its social 

context, thereby stripping out precisely the information needed to evaluate whether a given intervention is 

appropriate. 

Green and Hu (2018) extended this critique by arguing that the technical framing of fairness as an 

optimization constraint tends to obscure prior political questions about which decisions should be automated 

at all and whose interests are served by automation. Binns (2018) contributed a philosophically grounded 

account, tracing the genealogy of competing fairness metrics to distinct traditions within political philosophy, 

including egalitarian, luck egalitarian, and desert based conceptions of justice, and showing that the apparent 

inconsistency among fairness metrics often reflects a genuine and legitimate disagreement about underlying 

values rather than a purely technical error. This line of scholarship collectively established that fairness-

aware machine learning cannot be adequately practiced as an isolated engineering exercise, since the 

selection of a fairness criterion is itself a normative act with distributive consequences. 

Complementing these theoretical interventions, empirical investigations of deployed systems have repeatedly 

confirmed that formal fairness properties, even when technically satisfied, do not guarantee equitable 

outcomes in practice. Obermeyer, Powers, Vogeli, and Mullainathan (2019) demonstrated that a proxy 

variable, namely historical healthcare expenditure, encoded a racial disparity that was invisible to 

conventional accuracy metrics but produced substantial harm once the tool was used to allocate care 

management resources. Their study is frequently cited as a cautionary illustration of how label choice, rather 

than model architecture, can be the decisive source of unfairness, a point that reorients much of the 

subsequent literature toward problem formulation rather than algorithmic correction alone. 

2.3 Pre-processing Interventions 

One prominent family of technical remedies operates on training data before a model is fit. Kamiran and 

Calders (2012) proposed reweighing, a technique that assigns differential weights to training instances so that 

the joint distribution of the protected attribute and the outcome label approximates statistical independence. 

Feldman, Friedler, Moeller, Scheidegger, and Venkatasubramanian (2015) generalized this idea through a 

certification and repair procedure that transforms feature distributions across groups to satisfy a disparate 

impact criterion while preserving the rank order of individuals within each group. Calders and Verwer (2010) 

contributed an early variant tailored to naive Bayes classifiers, illustrating that discrimination aware learning 

need not be confined to a single model family. 

Representation learning approaches, exemplified by Zemel, Wu, Swersky, Pitassi, and Dwork (2013), extend 

the pre-processing logic by learning an intermediate encoding of the data that deliberately discards 

information predictive of group membership while retaining information predictive of the outcome. The 

appeal of pre-processing lies in its model agnostic character, since a corrected dataset can, in principle, be 

passed to any downstream learning algorithm. Nonetheless, Friedler, Scheidegger, Venkatasubramanian, 

Choudhary, Hamilton, and Roth (2019), in a comparative empirical study of several fairness enhancing 
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interventions, found that pre-processing methods exhibited considerable variance in outcome across different 

datasets and fairness metrics, suggesting that the theoretical guarantee of distributional correction at the input 

stage does not reliably survive the nonlinear transformations performed by complex downstream models. 

2.4 In-processing Interventions and Group-Aware Learning 

A second family of interventions modifies the learning objective itself. Kamishima, Akaho, Asoh, and 

Sakuma (2012) introduced a prejudice remover regularizer that penalizes mutual information between 

predictions and a sensitive attribute during training, embedding the fairness objective directly within the loss 

function. Zafar, Valera, Gomez-Rodriguez, and Gummadi (2017) proposed a related but distinct formulation 

using decision boundary covariance constraints, allowing practitioners to bound disparate impact while 

retaining a convex, and therefore tractable, optimization problem. Agarwal, Beygelzimer, Dudik, Langford, 

and Wallach (2018) offered a more general reductions approach, converting an arbitrary classification task 

subject to fairness constraints into a sequence of cost sensitive classification problems, thereby decoupling 

the fairness guarantee from the specifics of any single model architecture. 

Within this family, the group-aware multilevel optimization framework proposed by Hosseini, Zhang, Garg, 

and Xie (2023) represents a notable conceptual departure. Rather than treating subgroup membership as an 

externally supplied protected attribute to be constrained against, their framework trains the model to discover 

latent subgroups within the data and to allocate a dedicated sub-model to each discovered subgroup, drawing 

an explicit analogy to the human cognitive strategy of grouping. This design allows the framework to 

improve fairness across subgroups that may not correspond neatly to conventional legally protected 

categories, which is significant given that many real world disparities occur along intersectional or 

contextually specific lines that static protected attribute lists fail to capture. The authors report that their 

multilevel approach achieves favorable fairness outcomes without the accuracy degradation typically 

associated with hard constraint based methods, a claim consistent with the broader trend identified by Shui, 

Xu, Chen, Li, Ling, Arbel, Wang, and Gagné (2022), who show that carefully designed multi subgroup 

optimization can narrow, though not eliminate, the tension between fairness and accuracy. 

In-processing methods of this kind align conceptually with adversarial debiasing techniques, in which a 

predictive model is trained jointly with an adversary that attempts to infer the protected attribute from the 

model's predictions, such that the primary model is penalized whenever the adversary succeeds. Although 

adversarial approaches are not without critics, who note their training instability and sensitivity to 

hyperparameter choice, they share with the group-aware paradigm a commitment to embedding fairness as 

an endogenous property of the learning process rather than an exogenous correction applied afterward. 

2.5 Post-processing Interventions and the Accuracy Fairness Trade-off 

A third family of techniques operates after a model has been trained, adjusting either its decision threshold or 

its output scores. Hardt, Price, and Srebro (2016) themselves proposed a post-processing procedure that 

derives group specific decision thresholds to satisfy equalized odds exactly, given only access to a model's 

output scores and group membership at prediction time. This approach has the practical advantage of not 

requiring retraining, which makes it attractive to organizations working with legacy models that cannot easily 

be modified. However, Lipton, Chouldechova, and McAuley (2018) raised an important caution, showing 

that satisfying group fairness through threshold adjustment alone can, under certain conditions, require 

applying different decision rules to otherwise identical individuals across groups, a practice they term 

treatment disparity, which may itself raise legal and ethical objections even as it satisfies a formal statistical 

criterion. 
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The tension between accuracy and fairness, long treated as an empirical observation, has more recently 

received formal theoretical treatment. Corbett-Davies and Goel (2018) argued that much of the apparent 

trade-off in the literature stems from conflating distinct and sometimes incompatible fairness definitions 

rather than from any necessary cost of fairness per se, and they proposed that policy makers instead specify 

an explicit decision theoretic objective from which the appropriate fairness constraint can be derived. This 

argument resonates with the Pareto frontier characterization offered in more recent theoretical work, which 

formally traces the boundary of achievable accuracy and fairness combinations for a given data generating 

process, clarifying that the frontier itself, rather than any single point upon it, is the proper object of policy 

deliberation. 

2.6 Synthesis, Governance, and the Contribution of the Present Study 

Several trends emerge once these strands of scholarship are read together rather than separately. First, the 

field has moved from an early period characterized by competing point definitions of fairness toward a more 

mature recognition, articulated comprehensively in the survey by Mehrabi, Morstatter, Saxena, Lerman, and 

Galstyan (2021), that fairness is inherently plural and context dependent, such that no single metric can serve 

as a universal criterion across all decision domains. Second, empirical comparative work, including Friedler, 

Scheidegger, Venkatasubramanian, Choudhary, Hamilton, and Roth (2019) and Verma and Rubin (2018), 

demonstrates that the practical performance of any given fairness intervention is highly sensitive to dataset 

characteristics, making general claims about the superiority of pre-processing, in-processing, or post-

processing approaches difficult to sustain. Third, a growing body of scholarship situated at the intersection of 

computer science and organizational studies, exemplified by Holstein, Wortman Vaughan, Daumé, Dudik, 

and Wallach (2019), documents that industry practitioners frequently lack adequate tooling, institutional 

incentive, or domain specific fairness criteria, suggesting that the gap between academic proposals and 

applied practice remains wide. 

A further and increasingly salient trend concerns the regulatory and economic dimension of algorithmic 

fairness. Kleinberg, Ludwig, Mullainathan, and Rambachan (2018) and the related work of Rambachan, 

Kleinberg, Ludwig, and Mullainathan (2020) argue that algorithmic decision rules are more amenable to 

external audit and regulatory correction than the implicit and often opaque heuristics used by human decision 

makers, a claim that reframes fairness-aware machine learning as an opportunity for governance rather than 

solely a technical liability. Berk, Heidari, Jabbari, Kearns, and Roth (2021) extend this governance 

orientation specifically to criminal justice risk assessment, cataloguing the statistical trade-offs that 

legislators and courts must confront when mandating fairness properties by policy rather than leaving the 

choice to model developers. 

What remains comparatively underdeveloped in the existing literature is a synthesis that connects the 

technical typology of pre-processing, in-processing, and post-processing interventions to the organizational 

practice of decision intelligence, in which models are embedded within pipelines that include human 

oversight, auditing, and iterative feedback. The present paper contributes to closing this gap by treating the 

group-aware learning paradigm of Hosseini, Zhang, Garg, and Xie (2023) as a conceptual bridge between the 

technical and institutional literatures, arguing that its capacity to discover latent subgroup structure without 

prior specification is particularly well suited to the dynamic and often unanticipated fairness concerns that 

arise once a model is deployed within a live organizational context. In doing so, the paper extends existing 

survey work by explicitly linking technical intervention design to the governance mechanisms, including 

continuous auditing and contestability, that the sociotechnical literature identifies as indispensable. 
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3. Methodology 

This study adopts a qualitative, theory driven research design structured as an integrative and conceptually 

oriented literature review, a methodological choice justified by the nature of the research questions, which 

concern the reconciliation of competing normative and technical frameworks rather than the estimation of an 

empirical effect. Integrative review methodology, as distinguished from a purely descriptive or systematic 

review, permits the researcher to synthesize evidence originating from disparate methodological traditions, 

including formal theoretical proofs, empirical audits of deployed systems, and normative philosophical 

argument, into a coherent conceptual structure (Torraco, 2005). Given that fairness-aware machine learning 

is itself a field spanning computer science, law, philosophy, and organizational studies, a design capable of 

integrating heterogeneous evidence types was judged more appropriate than a narrowly quantitative meta-

analysis, which would necessarily exclude the normative and legal scholarship central to the field. 

The corpus for this review was assembled through a purposive rather than exhaustive sampling strategy, 

prioritizing foundational contributions that established the statistical vocabulary of the field, subsequent 

critical and sociotechnical responses to that vocabulary, and applied technical interventions representing each 

of the three principal intervention families identified in the literature review. Sources were drawn primarily 

from leading machine learning and artificial intelligence venues, including the International Conference on 

Machine Learning, the Conference on Neural Information Processing Systems, and the Association for 

Computing Machinery Conference on Fairness, Accountability, and Transparency, supplemented by legal 

scholarship published in the California Law Review and interdisciplinary contributions appearing in Science 

and in sociological methods journals. This cross venue sampling strategy was deliberate, reflecting the 

conviction, well established in the literature itself, that a purely computer science oriented reading of 

algorithmic fairness would omit the normative and legal considerations that ultimately determine whether a 

technically fair system is also a socially legitimate one. 

Analysis proceeded through a thematic synthesis procedure adapted from qualitative research traditions. 

Each source was read in full and coded according to three dimensions: the fairness definition or definitions it 

engaged, whether statistical, individual, or procedural in orientation; the stage of the machine learning 

pipeline at which its proposed intervention, if any, operated; and its stated or implied position regarding the 

compatibility of fairness with predictive accuracy. These codes were then organized inductively into the 

typology of pre-processing, in-processing, and post-processing interventions that structures the literature 

review and the findings section, a typology that itself recurs across multiple independent sources in the field 

(Verma and Rubin, 2018; Friedler, Scheidegger, Venkatasubramanian, Choudhary, Hamilton, and Roth, 

2019), lending it a degree of external validity beyond the present author's own categorization. 

The conceptual analytical framework applied to this coded corpus draws upon three theoretical resources 

introduced in the preceding section. Group-aware learning theory, as articulated by Hosseini, Zhang, Garg, 

and Xie (2023), supplies a technical vocabulary for understanding how subgroup discovery can be 

internalized within a model rather than externally imposed. Calibration theory, formalized by Hardt, Price, 

and Srebro (2016) and extended through the impossibility results of Kleinberg, Mullainathan, and Raghavan 

(2017), supplies the mathematical language needed to evaluate why competing fairness definitions cannot 

generally be simultaneously satisfied. Distributive justice theory, as adapted to the algorithmic context by 

Binns (2018), supplies the normative vocabulary needed to adjudicate among these competing definitions 

once their mathematical incompatibility is acknowledged. Applying these three frameworks jointly to the 

coded corpus allowed the present study to move beyond a merely descriptive catalogue of existing 

techniques toward an integrative account of how they might be reconciled within a single applied decision 

pipeline. 
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Several considerations of validity, reliability, and research ethics inform this design. With respect to validity, 

the risk inherent in a purposive rather than exhaustive sampling strategy is that the corpus may reflect 

selection bias toward highly cited or personally familiar sources. This risk was mitigated by deliberately 

including critical and dissenting perspectives, such as the sociotechnical critique advanced by Selbst, Boyd, 

Friedler, Venkatasubramanian, and Vertesi (2019) and the practitioner oriented findings of Holstein, 

Wortman Vaughan, Daumé, Dudik, and Wallach (2019), alongside the more technically oriented 

contributions that dominate much of the computer science literature. With respect to reliability, the coding 

scheme applied to each source was piloted against a subset of the corpus and refined iteratively until the 

three coding dimensions could be applied consistently, a procedure consistent with standard practice in 

qualitative thematic analysis. Ethically, because this study involves no human participants and analyzes only 

previously published scholarship, no institutional review was required; nonetheless, the analysis remains 

attentive to the ethical stakes of the underlying subject matter, particularly given that several of the empirical 

studies synthesized here, such as Obermeyer, Powers, Vogeli, and Mullainathan (2019), document concrete 

and severe harms experienced by real populations, and the present paper treats these findings with the 

interpretive seriousness they warrant rather than as abstract technical curiosities. 

4. Results and Findings 

The synthesis undertaken in this study yields three principal findings, each of which addresses a distinct facet 

of the research questions posed at the outset. The first finding concerns the persistent plurality of fairness 

definitions and the practical consequence of this plurality for decision intelligence practice. Across the 

corpus, no single statistical definition, whether demographic parity, equalized odds, or calibration within 

groups, emerged as uniformly superior, and the impossibility results established by Kleinberg, Mullainathan, 

and Raghavan (2017) and Chouldechova (2017) indicate that this plurality is not a temporary artifact of an 

immature field but a mathematically necessary feature of any decision context in which base rates differ 

across groups. The practical implication for decision intelligence is that organizations cannot outsource the 

choice of fairness criterion to a technical team alone, since that choice embeds a normative judgment about 

which errors are more tolerable, a judgment that properly belongs to domain experts, affected stakeholders, 

and, in regulated sectors, to legislators. 

The second finding concerns the comparative profile of the three intervention families identified through the 

coding procedure described above. Table 1 summarizes this comparative profile, drawing together the 

representative techniques, their underlying fairness logic, and their principal limitation as documented across 

the reviewed corpus. The table indicates that each intervention family addresses a different point of leverage 

within the machine learning pipeline and that these points of leverage are not fully substitutable for one 

another. Pre-processing techniques offer the advantage of model agnosticism but cannot guarantee that 

fairness properties survive the nonlinear transformations performed by a downstream model. In-processing 

techniques, including the group-aware multilevel optimization approach proposed by Hosseini, Zhang, Garg, 

and Xie (2023), integrate fairness most tightly with the predictive objective and, according to the 

comparative evidence reviewed, tend to exhibit the most favorable balance between fairness improvement 

and accuracy retention, but they require access to sensitive attributes during training, which is not always 

legally or practically available. Post-processing techniques are the least invasive to implement within 

existing infrastructure but operate on an already fixed model and therefore cannot address bias embedded 

earlier in the pipeline, such as a discriminatory proxy variable of the kind documented by Obermeyer, 

Powers, Vogeli, and Mullainathan (2019). 
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Table 1. Comparative typology of fairness-aware intervention strategies across the machine learning pipeline 

Intervention 

stage 
Representative technique Underlying fairness logic Principal limitation 

Pre-processing Reweighing; learning fair 

representations; disparate 

impact removal 

Corrects the training 

distribution before a model 

ever sees it, aiming for 

demographic parity in the 

input space 

Distributional correction 

does not guarantee that a 

downstream model preserves 

the intended parity once 

complex feature interactions 

are learned 

In-processing Constrained optimization; 

adversarial debiasing; the 

reductions approach; group-

aware multilevel learning 

Embeds a fairness penalty or 

constraint directly inside the 

loss function so that 

accuracy and equity are 

optimized jointly 

Requires access to sensitive 

attributes during training and 

is sensitive to the choice of 

the fairness constraint and its 

weighting 

Post-processing Threshold adjustment by 

group; equalized odds 

correction; calibrated re-

ranking 

Adjusts the decision 

boundary or output score 

after training so that error 

rates are equalized across 

groups 

Treats the underlying model 

as fixed and can only 

redistribute, rather than 

eliminate, an already 

embedded pattern of bias 

 

The third finding concerns the relationship between technical intervention and institutional governance. 

Across the practitioner oriented and regulatory scholarship reviewed, a consistent pattern emerges in which 

technical correction, however sophisticated, is treated by both scholars and practitioners as necessary but 

insufficient. Holstein, Wortman Vaughan, Daumé, Dudik, and Wallach (2019) document that industry teams 

frequently lack the organizational mandate or contextual knowledge required to select an appropriate fairness 

criterion even when adequate technical tools exist, while Kleinberg, Ludwig, Mullainathan, and Rambachan 

(2018) argue that the comparative auditability of algorithmic systems, relative to opaque human judgment, is 

itself a governance resource that organizations underuse when they treat fairness solely as a modeling 

problem to be solved once. The group-aware paradigm reinforces this finding in an unexpected way, since its 

capacity to discover previously unspecified subgroups implies that any governance regime built around a 

fixed list of protected attributes will systematically miss the disparities such models are best positioned to 

reveal, underscoring the need for continuous auditing rather than a one-time fairness certification. 

5. Discussion 

These findings bear directly on the two research questions that motivated this study. Regarding the 

reconciliation of competing fairness definitions, the evidence assembled here suggests that reconciliation 

should be understood not as the discovery of a single correct metric but as the establishment of a transparent 

and contestable process for selecting among metrics according to the values at stake in a given decision 

domain, a conclusion consistent with the decision theoretic reframing proposed by Corbett-Davies and Goel 

(2018) and with the pluralist account of justice advanced by Binns (2018). Regarding the role of governance 

once technical correction has occurred, the findings indicate that governance is not a residual concern to be 

addressed after a fair model has been built but an ongoing institutional practice that must accompany the 
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model throughout its operational life, particularly because group-aware and subgroup discovering techniques 

will continue to surface disparities that were not anticipated at the design stage. 

These conclusions carry implications that extend beyond the immediate technical literature. In global 

regulatory terms, the emerging framework established by the European Union's Artificial Intelligence Act 

and analogous proposals under discussion in other jurisdictions increasingly require documented fairness 

auditing for high risk automated decision systems, a requirement that aligns closely with the continuous 

auditing loop identified as indispensable in the findings above. For organizations engaged in decision 

intelligence practice, the implication is that fairness cannot be treated as a checkbox satisfied once during 

model development but must instead be embedded within the recurring monitoring cycles that already 

govern model performance more generally. 

Several limitations qualify these conclusions. As a conceptual synthesis rather than a systematic review 

employing exhaustive search protocols, the corpus assembled here, while spanning the field's most 

influential contributions, cannot claim complete coverage of a rapidly expanding literature, and more recent 

techniques may not be fully represented. Furthermore, because the analysis proceeds at the level of published 

scholarship rather than direct examination of proprietary industry systems, the practical fidelity between 

documented governance recommendations and actual organizational practice remains an open empirical 

question. Future research would benefit from comparative case studies examining how specific organizations 

operationalize the pre-processing, in-processing, and post-processing typology identified here, as well as 

from longitudinal work tracking whether group-aware subgroup discovery techniques meaningfully reduce 

the incidence of previously unanticipated disparities once deployed at scale. 

6. Conclusion 

This paper has synthesized a substantial and diverse body of scholarship on fairness-aware machine learning 

in order to clarify its relevance to responsible decision intelligence. The central contribution lies in 

demonstrating that the technical typology of pre-processing, in-processing, and post-processing 

interventions, while useful for organizing the field's methods, cannot by itself resolve the deeper normative 

plurality that impossibility theorems in the statistical fairness literature have shown to be mathematically 

unavoidable. The group-aware learning paradigm, by allowing subgroup structure to be discovered rather 

than externally imposed, offers a particularly promising bridge between technical correction and the 

continuous institutional vigilance that the sociotechnical literature identifies as essential. Scholars and 

practitioners engaged in decision intelligence should therefore approach fairness not as a discrete engineering 

task to be completed prior to deployment but as an enduring institutional commitment requiring transparent 

value selection, continuous auditing, and genuine openness to the disparities that any model, however 

carefully constructed, may still fail to anticipate. 
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