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Algorithmic fairness has historically largely focused on model constraints and post-hoc adjustments to
satisfy fairness metrics. However, such interventions often impose top-down fairness constraints that remain
politically and legally contested and frequently encounter resistance from practitioners, e.g., due to feared
accuracy-fairness trade-offs. In this paper, we investigate how the “Data-Centric AI” paradigm—i.e., improv-
ing performance through data-level interventions—can be applied toward algorithmic fairness metrics by
systematically reviewing 79 papers and mapping the identified data-level fairness interventions to the two
pillars of data-centric AI: data refinement (e.g., data cleaning and feature engineering) and data extension
(e.g., targeted acquisition of instances and features). Our findings reveal three patterns present in current
research: First, extension strategies remain under-explored despite their potential to address systemic imbal-
ances. Second, most studies treat fairness metrics as a secondary or hindsight consideration with limited
depth of empirical evaluation, which calls for more efforts focused on specific fairness objectives along the
entire lifecycle. Third, we observe a lack of consistent terminology and guidance for the effective selection
of techniques for practitioners. We propose the data-centric algorithmic fairness paradigm to establish a
unified language for data-level fairness interventions and highlight its potential to augment model-centric

approaches for future applications.
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1 Introduction

The rapid integration of automated decision-making systems into critical domains—ranging from
hiring and credit scoring to judicial risk assessment—has catalyzed a rigorous academic debate
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regarding algorithmic fairness [7, 78]. Historically, this debate has largely centered on “model-
centric” solutions, i.e., mathematical constraints applied during or after model training to satisfy
formal metrics such as demographic parity or equalized odds [48, 114]. However, these top-down
interventions are increasingly meeting resistance. From a legal perspective, “fixing” outcomes
creates tensions with non-discrimination law [28, 85]; from a practitioner’s view, these constraints
often introduce perceived trade-offs between predictive accuracy and socially or ethically desirable
outcomes [65, 105] that hinder adoption in practice [5, 32, 87, 97].

Amidst these tensions, a paradigm shift is occurring in the broader machine learning (ML)
community toward Data-Centric AI (DCAI) [56, 109]. While model-centric Al treats data as a
static, often flawed input to be rectified at an algorithmic level, DCAI aims to improve system
performance through systematic engineering of the dataset itself. In theory, this presents a powerful
complement to model-centric fairness approaches: rather than policing a model trained on biased
data, data-level interventions could address bias at its source [30, 71]. This shift implies a different
understanding of algorithmic fairness. Rather than treating fairness only as a post-hoc constraint
imposed on trained models, a data-centric perspective highlights the possibility of embedding
fairness considerations into the data on which Al systems are built. Despite the intuitive appeal of
a data-centric approach to fairness, research remains fragmented. Although many pre-processing
techniques exist, they are rarely framed within the broader DCAI discourse, leading to a lack of
conceptual clarity and shared terminology.

In this paper, we bridge this gap by conducting a systematic literature review (SLR) of 79 papers
to investigate how DCAI principles can be operationalized for algorithmic fairness. The corpus
includes 41 primary studies on data-level fairness interventions and 38 surveys that contextualize
how prior research frames the relationship between data and fairness. We map the primary
interventions onto the two core pillars of the DCAI paradigm: refine and extend. Refine techniques
enhance the quality of existing records, such as label sanitization, re-weighting, and fairness-aware
feature engineering, while extend techniques alter the dataset’s composition through targeted
acquisition of underrepresented instances, features or labels. Our synthesis reveals three main
findings. First, the reviewed primary literature is strongly oriented towards refine techniques: 35 of
the 41 papers address at least one refine subdimension, whereas only six focus on extend approaches.
Second, refine techniques are dominated by instance-level interventions, especially the removal of
low-quality or bias-inducing instances and the increased weighting, sampling, or generation of
fairness-relevant observations. By contrast, label quality, proxy-like feature information, and extend
approaches receive limited systematic attention. Third, no reviewed primary study combines
the two dimensions, indicating a lack of integrated strategies across data acquisition, coverage,
refinement, and evaluation.

Based on these findings, we make two contributions. First, we conceptualize Data-Centric Algo-
rithmic Fairness (DCAF) as a distinct perspective that shifts attention from model-centric correction
to the fairness-sensitive curation, enhancement, and extension of datasets. By translating the
DCAI paradigm to algorithmic fairness, we provide a unified terminology for data-level fairness
interventions. Second, we provide a systematic overview of existing DCAF techniques. Based
on our SLR, we map data-level fairness interventions onto the refine and extend subdimensions,
identifying dominant methodological patterns, including the strong concentration on refinement-
oriented and instance-level techniques. Our findings suggest that DCAF should be understood
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as more than repairing datasets in hindsight through simple pre-processing techniques. It rather
treats fairness as a data quality requirement from the outset and connects targeted data acqui-
sition, coverage, enhancement, and evaluation across the Al lifecycle. This shifts attention from
individual pre-processing techniques toward broader data strategies that clarify when fairness
problems require cleaning, reweighting, augmentation, synthetic generation, or additional data
collection.

After introducing the conceptual foundations in Section 2 and the review method in Section 3,
Section 4 first synthesizes the survey literature, while Section 5 presents the classification of
primary studies along the DCAI pillars and subdimensions. Section 6 discusses the results and
highlights three key implications for practice and future research. In Section 7, we conclude.

2 Background

In this paper, we introduce data-centric algorithmic fairness (DCAF) as a new paradigm that
places focus on data-level interventions to improve algorithmic fairness. Therefore, we start by
covering the two cornerstones of this paradigm: algorithmic fairness and DCALI.

2.1 Algorithmic Fairness

Recent failures of automated systems in high-risk domains have debunked the initial premise
that algorithms act as inherently neutral decision-makers [2, 6, 26, 39]. Early attempts to mitigate
unfairness by simply excluding sensitive attributes (“fairness through unawareness”) have proven
ineffective due to redundant encoding, i.e., the capacity of ML models to reconstruct protected
characteristics through correlated proxy variables [35]. Consequently, the research community
has shifted toward the proactive enforcement of algorithmic fairness constraints, typically imple-
mented via in-processing or post-processing interventions. The emerging metrics can be generally
categorized into group fairness and individual fairness [6, 13, 104]. Group fairness focuses on
distributive parity across demographic groups, e.g., defined by race or gender [22]. Popular group
fairness metrics include demographic parity [36] and equality of opportunity [49]. In contrast, in-
dividual fairness demands that similar individuals should receive similar outcomes, necessitating
the definition of a domain-specific similarity metrics [9, 35]. A critical challenge in the deployment
of these systems is the “impossibility theorem” of fairness: in most real-world scenarios charac-
terized by disparate base rates in the training data, multiple fairness criteria cannot be satisfied
concurrently [31, 65]. Thus, (formally) fair Al systems require crucial design choices about which
formal measures to apply in which context.

2.2 Data-Centric Al

Recent work on DCALI has shifted attention from exclusively model-centric improvement strate-
gies toward the systematic design, refinement, and extension of data throughout the ML lifecy-
cle [56, 76, 94, 109, 115]. Within this perspective, the relevant forms of data intervention can be
broadly organized into refine and extend techniques [56]. Refine refers to interventions that improve
the quality or composition of already available data, for example, through cleaning, relabeling,
reweighting, or resampling. Extend, by contrast, refers to interventions that add new information
to the dataset, such as additional instances, features, or labels. Applied to fairness metrics, refine
techniques may correct, rebalance, or restructure existing data, whereas extend techniques may
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enlarge the representation of relevant groups, patterns, or regions of the data space through data
acquisition. A complete overview of the dimensions proposed by Jakubik et al. [56] can be found
in Table 1.

Table 1. Structured overview of refine and extend techniques in data-centric Al, adapted from Jakubik et al.

[56].
Dimension  Goal Subdimension Description
Improve data quality R1 Improve feature quality
on an instance level R2 Improve label quality
Refine R3 Increase volume of high-relevance instances
Improve data quality R4 Reduce volume of low-quality instances
on a dataset level R5 Increase volume of relevant features
R6 Reduce volume of unmeaningful features
Acquire new data for E1 Acquire new instances
Extend blind spots on a E2 Acquire new features
dataset level E3 Acquire new labels

Conceptually, this understanding aligns closely with the common distinction between pre-
processing versus in-processing and post-processing stages in algorithmic fairness [109], where pre-
processing intervenes in the data before model training, e.g., by repairing, reweighting, resampling,
or extending the dataset. In-processing and post-processing, in contrast, primarily operate at the
level of the model, learning objective, or prediction outputs and can therefore be understood as

predominantly model-centric or output-centric interventions [14, 109].

2.3 Data-Centric Algorithmic Fairness

While the DCAI paradigm was initially motivated primarily by predictive performance, robustness,
and generalization, the same logic can be applied to algorithmic fairness: If model outcomes are
strongly shaped by the quality, composition, and coverage of the training data, then fairness
metrics should likewise be understood as something that can be optimized at data-level rather
than only through modifications of the ML algorithm [21, 30, 68, 71, 99, 109, 115]. This application
of the DCAI paradigm toward algorithmic fairness motivates what we refer to as the data-centric
algorithmic fairness (DCAF) paradigm. More specifically, we use DCAF to describe fairness-oriented
interventions that target the data basis from which group disparities emerge, rather than primarily
modifying the learning objective, decision rule, or outputs of an ML model. This understanding
acknowledges that fairness may involve broader goals, such as perceived fairness or longer-term
societal effects, while focusing on formal fairness as one of its central direct and operationalizable
objectives in ML system development [30]. While DCAF is located mainly in the typical pre-
processing stages, the sources for unfairness should also be addressed even more upstream in
the data-generation process (e.g., by changing recruitment policies instead of merely resampling

training data).
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Definition: Data-Centric Algorithmic Fairness

Data-centric algorithmic fairness is a paradigm that locates the primary intervention point for
algorithmic fairness in the data (rather than the model), using systematic curation, enhance-
ment, documentation, and targeted acquisition to address biases at their source before they
propagate into model behavior.

3 Method

We conduct an SLR to identify recent work on data-level interventions for algorithmic fairness.
The review follows established SLR guidelines [64, 110] and uses PRISMA for documenting
the screening and selection process [81]. To capture recent developments as comprehensively
as possible, we considered both peer-reviewed academic literature and grey literature [40]. The
academic search covered Wiley, ScienceDirect, IEEE, EBSCO, and JSTOR, while arXiv.org was used
as an additional preprint source. Table 2 summarizes the Boolean search strings applied to titles,
abstracts, and keywords.

Across all sources, we identified 1,766 records. After removing duplicates, non-English papers,
and non-scientific records, 695 publications remained for detailed screening. Titles and abstracts
were manually screened for relevance, resulting in an initial seed set of 59 studies. Studies were
excluded if they focused solely on model-centric interventions, did not involve data preprocessing,
or lacked a fairness-oriented objective. Three guiding questions informed the selection: (1) Does
the study apply the data-centric Al paradigm to fairness? (2) Does it explicitly link data-centric
techniques to fairness goals? (3) Does it evaluate the fairness performance of such techniques?

Additionally, we conducted backward and forward snowballing over three iterations [111],
supported by Citationchaser [46] and the Lens.org citation database. The final corpus comprises
79 papers, of which 41 are primary research articles, and 38 are surveys. Since this review focuses
on studies that apply data-level fairness interventions, the 41 primary research articles form
the empirical basis of our paper, for the classification along the DCAI pillars and subsequent
analysis. We classify these papers using the refine—extend taxonomy proposed by Jakubik et al.
[56], allowing us to identify dominant research trajectories and systematic blind spots in DCAF.
Because surveys made up a substantial share of the corpus, we examined them separately to
contextualize the primary studies and assess where prior research has concentrated. Since surveys
synthesize established research streams, they reveal dominant framings of data and fairness. We

Search Field Boolean Search String

Abstract ai AND data cent* AND fairx

Title ai AND data AND fairsx

Abstract ali AND data AND fair* AND (pre-processx OR preprocessx OR
feature engineering)

Keywords ai AND data AND fairness

Title + Abstract data AND ai AND fairx

Abstract data-centric AND fairness

Table 2. Overview of Boolean search strings applied in literature selection.
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Fig. 1. PRISMA flowchart describing the article selection procedure, adapted from Page et al. [81].

therefore grouped them by main emphasis, such as fairness metrics, bias mitigation, data quality,
documentation, and DCAL The following sections first summarize this survey literature before

analyzing primary data-level fairness interventions through the refine—extend taxonomy.

4 Overview of Survey Literature

The 38 surveys in our corpus provide a broader view of how existing research has organized
questions of fairness, bias, and data-related ML practice. They are dominated by systematic
and scoping reviews, while taxonomy-oriented and explicitly conceptual contributions are less
frequent. Thematically, most surveys focus on mitigation techniques, data infrastructure, and bias
in data. Fairness definitions, metrics, and application domains are discussed as well, but less often
serve as the primary organizing perspective. The full list of surveys can be found in Table 5.

4.1 Mitigation-Oriented Fairness Surveys

A substantial part of the surveys addresses algorithmic fairness and bias mitigation. Several
surveys organize the field around mitigation techniques, commonly distinguishing between pre-
processing, in-processing, and post-processing approaches [79, 100, 101, 108]. Others combine
mitigation-oriented discussions with broader coverage of fairness metrics, bias sources, and
methodological challenges [14, 38, 80, 94]. Within this strand, data-level interventions appear
primarily as one family of mitigation approaches. Surveys on data preparation, preprocessing,
data augmentation, and imbalanced learning show that data-oriented techniques are already
recognized within fairness research [53, 60, 62, 75, 100, 108]. However, they are usually embedded

in broader mitigation taxonomies rather than treated as a distinct data-centric perspective.

4.2 Data Quality, Datasets, and Data Infrastructure

A second strand focuses on data quality, datasets, and data infrastructure. Some surveys are closely
related to the DCAI paradigm, especially where they emphasize systematic data improvement,
refinement, extension, data quality enhancement, or lifecycle management [56, 76, 96]. Related
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reviews address data collection, dataset quality, data preparation, and tools or systems for ML [88,
109, 116]. Several contributions are particularly relevant for fairness-oriented data-centric work.
Le Quy et al. [69] survey datasets used in fairness-aware ML, highlighting the role of benchmark
datasets in shaping fairness research. Lu et al. [73] review synthetic data generation and discuss
data availability, privacy, and fairness. Overall, this strand foregrounds the importance of data-
related foundations for ML, although fairness is not always the central organizing concern.

4.3 Dataset Practices, Documentation, and Data Bias

A third strand examines datasets as socio-technical artifacts whose construction, documentation,
reuse, and preprocessing can shape fairness-related outcomes. Paullada et al. [83] discuss dataset
development and use in ML, including representation, documentation, and reuse. Gebru et al. [41]
introduce datasheets for datasets as a framework for improving transparency and accountability.
Lucchesi et al. [74] propose Smallset Timelines to make preprocessing decisions more visible and
reproducible. Other surveys examine how dataset reuse, benchmark concentration, preprocess-
ing decisions, missingness, feedback effects, and broader data practices affect the validity and
social implications of ML [3, 37, 66, 92, 95, 102]. This literature emphasizes that fairness-related
problems often emerge before model training, through the ways data are collected, documented,
transformed, and reused.

4.4 Fairness Definitions, Metrics, and Conceptual Perspectives

A smaller group of surveys and conceptual contributions focuses primarily on fairness definitions,
metrics, and conceptual framing. Hutchinson and Mitchell [54] provide a historical account of
fairness concepts in educational and employment testing and connect these debates to algorithmic
fairness. Corbett-Davies et al. [24] critically examine formal fairness definitions and argue that
fairness criteria should be evaluated in relation to their context-specific consequences. Other
surveys, including Chen et al. [21], Pagano et al. [80], and Caton and Haas [14], also discuss fairness
definitions and metrics, but usually as part of broader reviews of fairness methods, mitigation
techniques, or application areas. Across the survey corpus, fairness metrics are therefore present
as a recurring topic, but less often constitute the main organizing focus.

4.5 Synthesis

Taken together, the survey literature shows that data-related fairness concerns are already present,
but scattered across separate research streams. Mitigation surveys treat data-level interventions as
one technique family among many, DCAI and data-quality surveys emphasize data improvement,
and dataset-practice surveys focus on documentation, reuse, and bias in data construction. This
fragmentation makes a data-centric classification of algorithmic fairness research valuable as it
brings these dispersed perspectives into a unified terminology and clarifies which data-level
interventions are actually used for fairness. The following analysis, therefore, applies the DCAI
paradigm to primary studies that operationalize data-level fairness interventions.

5 Current State of Research on Data-Level Fairness Interventions

This section reports the descriptive results of the classification and examines how the identified
papers are distributed across the refinement and extension subdimensions of DCAL It first outlines
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the overall coverage of the pillars and their subdimensions and recurring combination patterns,
before turning to the individual subdimensions, their associated method families, and exemplary
papers. The goal is to identify dominant research patterns as well as neglected areas in the literature

on data-centric interventions for algorithmic fairness.

5.1 Overview

Table 3 summarizes the classification of the 41 included papers. The distribution shows a clear
imbalance between the two pillars: 35 papers address at least one refine subdimension, whereas
only six papers address any extend subdimension. No paper is classified as addressing both dimen-
sions simultaneously, indicating that the literature treats DCAF mainly as a problem of modifying
already available datasets, while the acquisition or expansion of data is rarely integrated.

Within the refine dimension, the strongest emphasis lies on instance-level curation. R4, which
captures the reduction of low-quality or bias-inducing instances, is the most frequent subdimen-
sion with 23 papers. R3 (increase high-relevant instances) and R5 (increase relevant features) follow
with 20 papers each, indicating a strong focus on increasing the relevance or coverage of training
instances through sampling, weighting, or synthetic augmentation. R1 (increase feature quality)
is covered by 16 papers, R2 (increase label quality) by 13 papers, and R6 (reduce meaningless
features) by only 7 papers. This distribution suggests that the literature concentrates most strongly
on changing the composition of training instances, while label quality and especially the reduction
of meaningless or proxy-like features receive less systematic attention.

The breadth of refinement coverage also shows a mixed picture. Of the 35 papers, ten address
only one subdimension, three address two, nine address three, nine address four, and four address
five. No paper covers all six subdimensions. Thus, over 70 % of studies go beyond a single
intervention type, but even broader papers usually remain selective. The literature is therefore not
purely narrow, but it also does not yet offer comprehensive refinement frameworks that jointly
address feature quality, label quality, instance selection, augmentation, and feature reduction.

The extend pillar is much narrower. Of the six papers, five address only E1 (acquire instances),
while one paper addresses E2 (acquire features) and E3 (acquire labels). No paper covers all three
subdimensions, and no paper combines E1 with E2 or E3. This pattern shows that extension-
oriented work is not only rare but also fragmented. Existing studies mostly focus on data coverage
or acquisition of instances, while broader analytical or conceptual extensions of DCAF are repre-
sented by only one paper.

The co-occurrence analysis shows that refinement subdimensions cluster around a few com-
binations. The strongest pair is R3+R4, which appears in 17 of the 35 papers. This suggests that
the dominant refinement logic is instance-level curation: improving fairness by increasing the
relevance of useful observations while reducing the influence of harmful or low-quality ones. This
pattern is reinforced by the most frequent higher-order combinations, especially R1+R3+R4 and
R3+R4+R5, which each appear in 9 papers, and R2+R3+R4, which appears in 7 papers. These
combinations indicate that instance-level interventions often serve as the core around which
feature repair, label correction, or synthetic augmentation are added.

At the same time, our results reveal several neglected areas. R6 is the weakest subdimension
of the refine dimension, suggesting that fewer studies explicitly target the removal of feature
information. R2 is also less frequently addressed, indicating that label quality receives less attention
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Refine Extend
Source Rl | R2 | R3 | R4 | R5 | Re El | E2 | E3
Refine only (35 papers)
Biswas and Rajan [10] v v v v v
Bodi and Grabner [11] v
Celis et al. [15] v v v
Chakraborty et al. [17] v v v
Chaudhari et al. [18] v v v v
Chaudhari et al. [19] v
Clemente et al. [23] v v v v
Dang et al. [25] v v v v
de Oliveira and Berton [27] v v v
Duong and Conrad [33] v v v v
Duong and Conrad [34] v v v
Gonzalez-Sendino et al. [42] v
Gonzalez Zelaya [43] v v v
Gray et al. [44] v
Gujar et al. [45] v
Tosifidis and Ntoutsi [55] v v
Jiang et al. [57] v
Kamiran and Calders [58] v v v v v
Kim et al. [63] v v v
Krasanakis et al. [67] v v v v
Langenberg et al. [68] v v v
Lee et al. [70] v
Lin et al. [72] v v v
Mazzoni et al. [77] v
Pascual-Triana et al. [82] v
Peng et al. [84] v v v v 4
Popoola and Sheppard [86] v v 4 v
Rosado Gémez et al. [89] v v v v
Sattigeri et al. [90] v
Sha et al. [91] v v v
Shahrezaei et al. [93] v v v v
Verma et al. [103] v v v v v
Wang and Singh [107] v v
Yan et al. [112] v v
Yu et al. [113] v v v v
Extend only (6 papers)
Asudeh et al. [4] v
Chen et al. [20] v
Hasan and Pradhan [50] v
Karkkéinen and Joo [59] v
Lietal. [71] v v
Tae and Whang [98]
Total mentions 16 13 20 23 20 7 5 1 1

Table 3. Overview of papers classified by refine and extend dimensions. A checkmark [v] indicates the topic
is a central focus of the article.

than sampling, pruning, or augmentation. The most pronounced gap, however, concerns the
absence of papers that connect the two pillars towards a holistic framework. Current work does
not link preprocessing interventions with questions of what additional data should be collected, for
whom, and under which fairness objective. This absence points to a missing lifecycle perspective
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in DCAF: fairness is mostly studied after the dataset already exists, rather than as a combined

problem of data acquisition, coverage, refinement, and evaluation.

5.2 Dimension-Specific Results

After identifying aggregated patterns of focus and neglect, this subsection discusses the individual
subdimensions in more detail. For each subdimension, we summarize the dominant method
families, list representative techniques, and highlight exemplary papers that illustrate how the
dimension is addressed in the literature. Table 4 provides an overview of the different method
families and concrete techniques mentioned in the papers per DCAI pillar and subdimension.

5.2.1 Refine Subdimension

R1: Improve feature quality. This subdimension covers work that improves the quality, neutral-
ity, or reliability of existing input data before training. Key approaches include feature repair,
preprocessing improvement, distribution correction, and representation-level debiasing. For ex-
ample, Wang and Singh [107] link missing values and selection bias to fairness, while Celis et al.
[15] adjust group representation rates through maximum-entropy preprocessing. Other work
studies fairness in preprocessing pipelines [10] or constructs invariant representations that ignore
sensitive variation [11]. Overall, feature quality is treated as a fairness-relevant property of how
input information is encoded and transformed.

R2: Improve label quality. This category includes studies that address biased or insufficient
supervision signals before training, including relabeling, label-side correction, group-label rebal-
ancing, and detecting contradictory supervision. Kamiran and Calders [58] provide a foundational
preprocessing framework with label-side interventions such as massaging, while de Oliveira and
Berton [27] examine fair preprocessing under label scarcity. Other work rebalances protected
attributes [84] or identifies cases where similar feature profiles receive different labels due to
protected-attribute variation [18]. These studies treat labels as fairness-critical data components.

R3: Increase volume of high-relevance instances. Work belonging to this subdimension in-
creases the influence of fairness-relevant observations, especially minority-group, protected-
category, or underrepresented cases. Methods include targeted sampling, fairness-aware batches,
adaptive weighting, representation adjustment, and synthetic addition. Examples include FABBOO
for fairness-aware online learning under class imbalance [55], fairness-aware batch sampling [63],
protected-category sampling [86], adaptive sensitive reweighting [67], and maximum-entropy
representation adjustment [15]. These methods selectively increase the training relevance of
observations important for fair decision boundaries.

R4: Reduce volume of low-quality instances. This subdimension covers methods that reduce
the influence of harmful, biased, noisy, redundant, or fairness-detrimental observations. Ap-
proaches include bias-aware pruning, fairness-aware undersampling, biased-data removal, subset
selection, and filtering under missingness or selection bias. Examples include Fair-ONB, which re-
moves overlap-region instances near decision boundaries [82], debiased subset construction [103],
bias-inducing instance detection [18], fairness-driven data removal [34], and subset selection for
discrimination reduction [33]. These studies treat data reduction as an active fairness intervention.

R5: Increase volume of relevant features. This subdimension expands coverage of fairness-

relevant feature regions through synthetic data generation, fairness-aware augmentation, and
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diversity-enhancing generation. Rather than adding raw columns, these methods expose the
model to sparse feature combinations, subgroup patterns, or minority cases. Examples include
GAN:-based anomaly generation [70], Fairness GAN [90], FairGen [19], GenEthos [45], GenFair [77],
and fair causal data generation [42]. They create additional informative data configurations.

R6: Reduce volume of unmeaningful features. This subdimension reduces the influence of
proxy-like, bias-inducing, or low-value feature information. Main approaches include proxy sup-
pression, protected-attribute masking or rebalancing, transformer auditing, and removal of discrim-

inatory feature-label configurations. Examples include FairMask for reducing protected-attribute

Subdimension Method families Exemplary techniques and papers
R1: Improve Feature-quality repair and preprocessing-quality =~ Maximum-entropy preprocessing [15]; adaptive sensitive
feature improvement [10, 23, 107]; distribution correction = reweighting [67]; invariant representation learning [11];
quality [15]; representation-level debiasing [11]; fairness-  missingness and selection-bias analysis [107]; data profiling
aware preprocessing pipelines [58, 89, 113]. for high-quality data [23]; compositional fairness analysis of
data transformers [10].
R2: Improve Relabeling and label-side correction [17, 58, 113]; Massaging / relabeling-style preprocessing [58]; fair prepro-

label quality

R3: Increase

protected-attribute or group-label rebalancing [33,
84]; correction of contradictory supervision [18];
fair preprocessing under limited labels [27].

Targeted oversampling and fairness-aware sam-

cessing in few-labeled settings [27]; FairMask model-based
rebalancing of protected attributes [84]; FairBalance [113];
Fairway [17]; protected-attribute-induced label-conflict de-
tection [18].

FABBOO [55]; fairness-aware batch sampling [63]; protected-

volume pling [55, 63, 86]; adaptive weighting of fairness-  category sampling [86]; adaptive sensitive reweighting [67];
of high-  critical observations [67]; protected-group repre- maximum-entropy representation-rate adjustment [15]; Fair-
relevance sentation adjustment [15, 84]; fairness-aware syn-  Mask protected-attribute rebalancing [84]; FairBalance [113];
instances thetic addition [33]. synthetic-data addition in an optimization framework [33].
R4: Reduce Bias-aware pruning and biased-data removal Fair-ONB guided undersampling [82]; biased training-
volume of [18,19,103]; fairness-aware undersampling [82];  data removal [103]; bias-inducing sample removal [18, 19];
low-quality fairness-driven subset selection [33, 34]; filtering  fairness-driven data removal [34]; genetic-algorithm data
instances or downweighting under missingness and selec-  subset optimization [33]; Fair Class Balancing [112]; miss-
tion bias [107]. ingness and selection-bias filtering [107].
R5: Increase Synthetic data generation [19, 45, 57, 70, Advanced R-GAN / regularized GAN [70]; Fairness GAN
volume of  90]; fairness-aware augmentation [33, 63, 112];  [90]; FairGen [19]; GenEthos [45]; GenFair [77]; fair causal
relevant diversity-enhancing data generation [42, 77]; fair ~ data generation [42]; synthetic dataset generation [57];
features causal data generation [42]. synthetic-data addition or exclusive synthetic-data use [33];
Fair Class Balancing [112].
R6: Reduce Proxy suppression and protected-attribute mask- ~Compositional fairness analysis of data transformers [10];
volume of un- ing or rebalancing [67, 84]; preprocessing- data profiling for high-quality data [23]; FairMask protected-
meaningful transformer auditing [10]; removal of bias- attribute rebalancing [84]; adaptive sensitive reweight-
features inducing transformations or protected-attribute- ing [67]; biased training-data removal [103]; removal of
induced conflicts [18, 103]; data profiling for  protected-attribute-induced contradictory instances [18].
feature-quality control [23].
E1l: Acquire Coverage-driven instance acquisition and repair =~ Coverage assessment and repair of rare attribute combi-

new instances

E2: Acquire
new features

E3: Acquire
new labels

[4, 20]; selective acquisition for fairness-relevant
slices [50, 98]; balanced dataset construction for
underrepresented demographic groups [59].

Analysis of how feature availability, data-
generation choices, and dataset-level factors
shape fairness outcomes [71].

Analysis of how label-related data-generation
choices and dataset-level assumptions affect
downstream fairness [71].

nations [4]; bias-variance-noise decomposition to identify
when additional samples can reduce discrimination [20];
DataSift with data valuation, partitioning, multi-armed ban-
dits, and influence functions [50]; FairFace as balanced race,
gender, and age dataset construction [59]; Slice Tuner for
budget allocation across data slices [98].

Data-centric factor analysis showing that fairness outcomes
depend on the information represented in the dataset; how-
ever, the work remains primarily diagnostic and does not
provide an operational feature-acquisition strategy [71].

Data-centric fairness-factor analysis discussing how target
definitions, labels, and dataset construction choices influ-
ence fairness outcomes; however, explicit fairness-aware
label acquisition remains largely underdeveloped [71].

Table 4. Representative method families and concrete techniques for the refine and extend dimensions.
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influence [84], adaptive sensitive reweighting [67], auditing preprocessing transformers for un-
fair dependencies [10], and identifying feature-label conflicts linked to protected attributes [18].
Overall, these methods aim to limit unfair correlations encoded in the feature representation.

5.2.2 Extend Subimension

Most studies in the DCAF literature focus on refine techniques—such as cleaning, reweighting, or
synthetic resampling—assuming the dataset is fixed. In contrast, only a few studies explore extend
techniques, where fairness is addressed by acquiring additional data. The following publications
fall into the extend dimension and offer relevant contributions in this area.

E1: Acquiring new instances. This subdimension acquires or constructs additional instances for
underrepresented groups, rare attribute combinations, or fairness-relevant slices. This work links
insufficient data coverage to discriminatory model behavior, reduced generalization, or incomplete
representation [4, 20, 59]. Some studies remain diagnostic, while others construct balanced datasets
or optimize acquisition budgets. For example, DATASIFT acquires labeled data under multiple
objectives, including fairness [50], and Slice Tuner allocates acquisition budgets across slices to
improve accuracy and fairness [98]. Overall, E1 is the most prominent type, although existing
work remains heterogeneous and often dataset-specific or technically complex.

E2: Acquiring new features. Evidence for feature acquisition is much more limited. Conceptu-
ally, E2 is relevant when fairness depends on which contextual variables, proxies, or attributes
are available. Existing work shows that data-generation choices and feature availability can affect
fairness outcomes [71]. However, it does not provide a general strategy for identifying, collecting,
or validating new features for bias reduction. Therefore, this subdimension should be treated as a
conceptually relevant but only weakly operationalized type of the extend dimension.

E3: Acquiring new labels. Label acquisition is marginally represented. It is relevant when
unfairness is linked to missing, noisy, selectively observed, or poorly defined target labels. Existing
work discusses how label-related data-generation shapes fairness outcomes [71], but does not
develop an operational fairness-aware label acquisition strategy. The literature provides little
guidance on when additional labels should be collected, which labels should be prioritized, or
how fairness objectives should shape label acquisition budgets. Therefore, this subdimension
remains unexplored.

Across these dimensions, DCAF work frames bias as a problem of data quality and data
collection, not only model optimization [109]. However, this framing often remains conceptual.
Overall, extend techniques are recognized as important but unevenly developed. The acquisition
of instances is comparatively established, whereas the acquisition of features and labels is better

understood as an underexplored pathway:.

6 Discussion

In this paper, we shift the focus from model-centric fairness interventions toward a data-centric
perspective on algorithmic fairness. Building on the data-centric AI (DCAI) paradigm [56]—
which emphasizes the systematic refinement and extension of data as a means of improving
ML systems—we examine how algorithmic fairness can be addressed at the level of the dataset
rather than primarily through downstream model adjustments. Using this lens, we analyzed 41
peer-reviewed articles identified through a structured literature review. Our results show that

Proceedings of ECAF’26. September 02 — September 04, 2026. Ghent, BE.



Data-Centric Algorithmic Fairness: A Systematic Review of Data-Level Interventions for Algorithmic Fairness ¢ 13

current research is strongly concentrated on data refinement: 35 papers address at least one refine
subdimension, while only 6 papers focus on data extension. Moreover, no paper combines both
pillars, indicating that data-centric algorithmic fairness (DCAF) is rarely treated as an integrated
lifecycle issue spanning acquisition, coverage, refinement, and evaluation. More specifically,
the reviewed literature is dominated by instance-level refinement techniques, particularly the
removal of low-quality or bias-inducing instances and the reweighting, resampling, or generation
of fairness-relevant observations. Recurring combinations of refinement techniques indicate a
dominant logic of amplifying useful instances while reducing harmful instances. In contrast, label
quality, proxy-like feature information, and especially extend techniques remain underexplored.
From our observations, we draw three key implications for practice and research.

6.1 From Dataset Repair to a Fair Data Strategy

Overall, our findings show that DCAF research has largely created a refine landscape. Most re-
viewed papers focus on modifying already available datasets through cleaning, pruning, reweight-
ing, resampling, or synthetic augmentation, whereas comparatively few studies address the
question of which data should be collected, constructed, or expanded in the first place. This
imbalance indicates that data-level fairness is rather approached as a matter of dataset repair
rather than data strategqy. We expect that dataset repair is the dominant approach because strategic
data collection bears more resource investment and risks due to hardly predictable cost-benefit
tradeoffs. Case studies investigating fairness considerations usually use all of the data available
for training and testing models. However, we can only understand whether more (diverse) data
would improve fairness by systematically withholding or acquiring (parts of the) data. Evaluating
how effective and generalizable such strategies are will require empirical research that we hope to
spark with this work. Moving toward a more strategic understanding of DCAF requires treating
datasets not as fixed artifacts but as objects that can be proactively planned, acquired, extended,
and governed with fairness goals in mind. This does not diminish the importance of refine tech-
niques but rather highlights that such techniques may be insufficient when fairness problems
originate from missing coverage, structural underrepresentation, or inadequate data collection

processes.

6.2 From Fairness as a Hindsight Consideration Toward a Lifecycle Perspective

The shift towards holistic data strategies also motivates a broader lifecycle perspective, including
questions of data acquisition and dataset construction alongside pre-processing and all down-
stream fairness interventions. If fairness-relevant data deficits emerge already in the data genera-
tion or data sampling process, they are difficult to resolve after the data has already been collected,
e.g., when they show imbalances or blind spots. This lifecycle view does not necessarily include
only developers but also decision-makers and managers responsible for the data generation pro-
cesses and even affected parties who can, e.g., influence the data basis via collective action [8, 47].
The reviewed literature rarely connects data acquisition, coverage assessment, preprocessing,
augmentation, refinement, and evaluation. In particular, no reviewed paper combines the refine
and extend pillars, suggesting that these strands of research remain largely separate. Building on
lifecycle-oriented perspectives on fairness and data governance [1, 30], DCAF should be conceptu-
alized as an iterative process in which fairness considerations inform what data is collected, how
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it is represented, how it is refined, how models are evaluated, and whether further data collection
is necessary. Such a lifecycle perspective is particularly relevant for intersectional fairness [61].
Much fairness research focuses on disparities between broad demographic categories, such as
men and women. While these categories can reveal important inequities, they may also obscure
harms experienced by marginalized subgroups, such as elderly minorities or black women [12].
These intersectional disadvantages can persist even when aggregate group-level metrics appear
balanced [72]. From a DCAF perspective, this means that subgroup visibility must be considered
during data collection, representation, and sampling, rather than only during model evaluation.
While data-level interventions are primarily designed to improve accuracy, robustness, or gener-
alization, fairness is often treated as an additional evaluation criterion rather than as the central
design objective. For DCAF to develop as a more coherent research agenda, fairness should be

treated as a data quality requirement from the outset.

6.3 From Academic Methods to Adoption in Practice

From interview studies, we know that practitioners are struggling to put popular fairness toolkits—
which primarily focus on in-processing and post-processing techniques—to effective use [5, 32,
87, 97]. The reasons for that are manifold, but a consistent pattern shows tensions with external
business incentives and self-enforced “codes of conduct” that lead to hesitation and uncertainty
about using these tools to adjust model outputs. We posit that, in contrast to model-centric fairness
interventions, DCAF offers a promising paradigm that might be more aligned with these practical
realities. Some practitioners have even explicitly called for methodological guidance during data
collection and pre-processing [51, 87]. While many fairness interventions are perceived to distort
an assumed “ground truth”, DCAF directly questions and shapes this “ground truth”—sometimes
in more explicit ways (e.g., R2), sometimes in more subtle ways (e.g., E3). This is a crucial
consideration for the debate on fairness-accuracy tradeoffs, in which “bias transforming” [106]
techniques are often understood as merely shifting resources or opportunities from privileged
toward unprivileged subgroups in a zero-sum-game [85]. In particular, extend techniques may be
a fruitful perspective towards “pragmatic fairness” [97], e.g., through a less biased ground truth
to begin with or through non-zero-sum improvements of (sub-group) accuracy.

Our work organizes a broad range of data-level interventions into a consistent terminology that
provides clarity to academia and practice. Based on empirical and qualitative work, future work
should establish clearer guidance on when different strategies should be used, how they can be
combined, and which fairness objectives they are best suited to address. Such guidelines should
help practitioners diagnose whether a fairness problem is primarily caused by biased labels, proxy-
like features, low-quality instances, insufficient subgroup coverage, or missing data altogether.
They should also support decisions about whether cleaning, reweighting, augmentation, synthetic
generation, or additional data collection is the most appropriate response.

6.4 Limitations

Our work is not without limitations. First, the review is limited to 41 peer-reviewed papers identi-
fied through a tailored search and inclusion criteria. As a result, relevant work from adjacent areas
such as data quality, data governance, or dataset documentation may remain outside the sample.
Second, the distinction between refine and extend is analytically useful, but not always clear-cut.
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Methods like synthetic data generation, augmentation, and resampling may blur the boundary
between refining existing data and extending the dataset. The criterion we use for classification is
whether added data contains newly collected (as opposed to reconfigured) information. Third,
our analysis focuses on mapping and classifying existing interventions rather than assessing their
comparative empirical effectiveness. While we identify dominant patterns and blind spots, future
work should explore which interventions work best under specific fairness metrics, datasets, or
organizational conditions. Fourth, our proposed DCAF paradigm only tackles a very narrow
account of fairness. Our review only synthesizes data-centric interventions towards highly for-
malized metrics of algorithmic fairness. Aspects of data, such as data collection processes or
representativeness, can be intrusive, discriminatory, or unfair in many ways and still comply
with popular fairness metrics (e.g., when helpful sensitive data is obtained without consent).
Further, the DCAF paradigm should not be pursued in isolation or applied uncritically. Careless
use of some subdimensions, such as removing non-informative or proxy-like features (R6), may
reflect legitimate concerns about pitfalls such as “fairness through unawareness” [29, 35]. For
example, recent theoretical and empirical work suggests that deterministic, unquantized fair
representation learning approaches often fail to fully remove sensitive information, even when
they appear fair on the surface [16]. In practice, DCAF should therefore always be embedded
in broader domain-specific legal, ethical, and organizational discourses and invite stakeholder
deliberation about what constitutes “fair” data.

7 Conclusion

This work introduces the Data-Centric Algorithmic Fairness (DCAF) paradigm, which aims to
improve algorithmic fairness bottom-up through purely data-centric interventions [56]—instead
of imposing top-down fairness constraints. Our systematic literature review reveals a broad but
scattered coverage of data-centric techniques. At the same time, we observe a lack of unified
terminology and a crucial blind spot on data acquisition strategies. While, most works focus on
refine techniques that polish inherently flawed datasets, little is known about the costs and benefits
of extend strategies where new data is required to improve representativeness and algorithmic
fairness. The DCAF paradigm is intended to help researchers and practitioners to strategically
dedicate efforts towards targeted aspects of their data and derive generalizable guidelines from
future empirical work. It advocates for a transition from reactive algorithmic or post-hoc patching
to proactive data curation. Curating datasets that reflect the world in a more equitable way
may bypass the inescapable frictions of politically fraught fairness constraints. This may allow
algorithmic fairness to emerge as a fundamental property of the data rather than a forced, post-hoc
constraint on the model. A promising field of reseach lies ahead.
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Ashurst and Weller [3] v v
Caton and Haas [14] v v
Chen et al. [21] v v ) ) )
Corbett-Davies et al. [24] v v
Ferrara [37] v v
Ferrara [38] v ) v v
Gebru et al. [41] v v
Hort et al. [52] v v
Huang et al. [53] v v
Hutchinson and Mitchell [54] v v
Jakubik et al. [56] v ) v
Kaur et al. [60] v v )
Kidwai-Khan et al. [62] v v
Koch et al. [66] v v
Le Quy et al. [69] v v
Luetal. [73] v v
Lucchesi et al. [74] v v
Maharana et al. [75] v v
Majeed and Hwang [76] v v
Ntoutsi et al. [79] v v
Pagano et al. [80] v v v )
Paullada et al. [83] v v
Roh et al. [88] v v
Shahbazi et al. [92] v v
Siddique et al. [94] v v v
Simson et al. [95] v v
Singh [96] v v
Tawakuli and Engel [100] v v
Trigo et al. [101] v v
Varsha [102] v v
Werner de Vargas et al. [108] v v
Whang et al. [109] v v
Zhou et al. [116] v v
Total mentions 4 19 8 1 51) [131) | 9(2) 3) 10

Table 5. Overview of surveys classified by type and focus. A checkmark [] indicates the topic is a central
focus. A parenthesized checkmark [(v')] denotes secondary coverage.
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