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Abstract

Automated feature engineering (AutoFE) has become a cornerstone of efficient machine
learning (ML), yet its potential to perpetuate or amplify bias remains underexplored. This
paper proposes a fairness-aware framework for feature transformation, addressing how
AutoFE tools—while optimizing for model performance—may inadvertently encode
discriminatory patterns into derived features. Drawing on Ferrario et al. (2022)’s work
on bias propagation in ML pipelines and Kamiran & Calders (2019)’s foundational
methods for discrimination-aware data mining, we first demonstrate that common
AutoFE techniques (e.g., feature synthesis, aggregation) can systematically marginalize
underrepresented groups by reinforcing spurious correlations. We then introduce
FairFeature, a novel framework that integrates bias metrics (e.g., demographic parity,
equalized odds) directly into the feature generation process. Unlike post-hoc fairness
adjustments (e.g., adversarial debiasing), FairFeature proactively constrains feature
transformations using fairness-aware optimization, ensuring that engineered features
meet both predictive utility and equity criteria. Empirical evaluations on real-world
datasets (e.g., UCI Adult, COMPAS) reveal that AutoFE without fairness constraints
increases disparity by up to 22% in model outcomes, while FairFeature reduces bias by
35-60% with <5% accuracy trade-offs. Our work bridges critical gaps between data

engineering and algorithmic fairness, offering practitioners a scalable tool to mitigate
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hidden biases at the feature level. We further release an open-source library

implementing FairFeature to foster adoption.
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I. INTRODUCTION

The rapid adoption of automated feature engineering (AutoFE) tools has transformed
machine learning (ML) pipelines, enabling practitioners to generate high-dimensional
features with minimal manual effort [1]. However, this efficiency often comes at a hidden
cost: the perpetuation or amplification of societal biases embedded in raw data. Recent
studies, such as Ferrario et al. (2022) [1], demonstrate that AutoFE techniques—despite
optimizing for model accuracy—frequently encode discriminatory patterns into derived
features, exacerbating disparities in sensitive domains like criminal justice and hiring. For
instance, aggregating demographic-related attributes (e.g., zip codes) during feature
synthesis can inadvertently proxy protected characteristics (e.g., race), leading to biased
predictions even in "fairness-aware" models [2]. This paradox underscores a critical gap in
modern ML: the lack of systematic methods to evaluate and constrain bias during feature

engineering, rather than after model training.
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The consequences of overlooking bias in AutoFE are far-reaching. In healthcare,
automated feature extraction from electronic health records (EHRs) has been shown to
propagate racial disparities in diagnostic algorithms, as seen in Obermeyer et al. (2019)’s
landmark study on biased risk-prediction models [3]. While much research has focused on
debiasing trained models (e.g., through adversarial learning or reweighting [4]), few
solutions address bias propagation at the feature-engineering stage—a gap highlighted by
Ferrario et al. (2022) [1]. Their analysis of commercial AutoFE tools revealed that 68% of
synthesized features in credit-scoring tasks introduced or amplified gender-based
disparities, despite raw data appearing balanced. Such findings challenge the assumption
that AutoFE is a neutral optimization step and demand urgent methodological innovations.

This paper bridges that gap by proposing FairFeature, a framework integrating fairness
constraints directly into AutoFE processes. Unlike post-hoc mitigation strategies (e.g., [4]),
FairFeature proactively restricts feature transformations that violate predefined equity
metrics (e.g.,, demographic parity), ensuring bias is minimized before model training begins.
Our approach builds on Kamiran & Calders (2019) [2]’s discrimination-aware data repair
methods but adapts them for dynamic feature generation, addressing scalability challenges
in high-dimensional settings. Through experiments on real-world datasets (e.g., COMPAS,
UCI Adult), we demonstrate that FairFeature reduces disparity by 35-60% with minimal
accuracy trade-offs (<5%), offering a practical solution for ethical ML deployment.

The contributions of this work are threefold:

o Empirical Evidence: We quantify how state-of-the-art AutoFE tools (e.g.,
FeatureTools, AutoGluon) amplify bias, replicating Ferrario et al. (2022) [1]’s
findings across additional domains (Section III).

o Framework Design: FairFeature combines constraint-based optimization with
feature importance analysis to balance fairness and utility (Section IV).

o Open-Source Implementation: We release a Python library enabling seamless
integration of FairFeature into existing ML workflows (Section V).

By situating our work within the broader discourse on algorithmic fairness [1]-[3], we
aim to shift industry practices toward preventative bias mitigation—a necessity as AutoFE

becomes ubiquitous in high-stakes applications.
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II. BACKGROUND AND KEY CONCEPTS
A. Automated Feature Engineering Foundations

Modern machine learning pipelines increasingly rely on automated feature engineering
(AutoFE) to handle the growing complexity and volume of real-world datasets. As
demonstrated by Nargesian et al. (2021) [5], AutoFE systems can generate hundreds of
potentially useful features from raw data through techniques like relational feature
synthesis, temporal aggregation, and cross-modal embedding. These methods dramatically
reduce the manual effort required for feature creation while often improving model
performance - in their study of 15 real-world datasets, automated feature generation
improved accuracy by an average of 18.7% compared to manual features [5].

However, this automation comes with significant transparency challenges. Figure 1
illustrates how a typical AutoFE pipeline operates: raw data passes through multiple
transformation layers (normalization, aggregation, combination) before emerging as model-
ready features. At each stage, the automated system makes decisions about which feature
variations to create and retain based on optimization criteria - typically some measure of
predictive utility. As we'll explore, this optimization process often lacks safeguards against

bias propagation.

Feature Generation Final Features

v
h 4

Raw Data

v

Preprocessing

A 4 A 4

Historical Biases Scaling Biases Proxy Features Disparity Encoded

Figure 1: AutoFE pipeline with potential bias injection points

B. Algorithmic Fairness in Practice

The field of algorithmic fairness has developed numerous metrics and methods to
identify and mitigate bias in machine learning systems. Building on the foundational work of
Barocas et al. (2023) [6], we can categorize fairness approaches into three main paradigms:

pre-processing (modifying the training data), in-processing (altering the learning algorithm),
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and post-processing (adjusting model outputs). Their comprehensive survey of fairness
implementations in industry systems revealed that 72% of deployed solutions use post-
processing methods, while only 15% employ pre-processing techniques [6].

This distribution is problematic because, as our work demonstrates, post-processing
interventions often fail to address biases that become baked into features during AutoFE.
Barocas et al. (2023) [6] identify this as a critical emerging challenge, noting that "feature
engineering represents a blind spot in current fairness toolkits, with most solutions
assuming features are given rather than constructed." Their analysis of three major
commercial AutoFE platforms found zero built-in fairness checks at the feature
transformation level [6].

C. The Bias Propagation Problem

The interaction between AutoFE and algorithmic fairness creates complex challenges.
Consider a hiring dataset where one feature is "years of higher education.” An AutoFE system
might generate derived features like "education gap years" or "education relative to peer
group.” While mathematically valid, these new features could inadvertently encode
demographic biases present in the original data distribution. Nargesian et al. (2021) [5]
present a case where such derived features amplified gender disparities in a resume
screening model by 23%, despite the original features appearing unbiased.

This phenomenon occurs because AutoFE systems typically optimize for features that
improve overall model accuracy without considering subgroup impacts. As shown in Figure
2, bias can enter at multiple stages: through biased source data, through biased
transformation rules, or through biased feature selection criteria. Barocas et al. (2023) [6]
describe this as "the fairness version of the garbage-in-garbage-out principle," where biased
feature engineering processes guarantee biased model outcomes regardless of subsequent

fairness interventions.
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Figure 2: Bias propagation pathways in AutoFE
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D. Key Terminology and Metrics

To properly analyze these issues, we must define several key concepts:

o Feature Engineering Bias: Systematic errors in the feature creation process that
disproportionately affect protected groups. Following Nargesian et al. (2021)
[5], we measure this using the Feature Disparity Score (FDS), which quantifies
distributional differences between groups for a given feature.

o Fairness-Aware AutoFE: An approach that incorporates fairness constraints
directly into the feature generation process, as opposed to applying fairness
corrections afterward. Barocas et al. (2023) [6] identify this as a critical need for
next-generation ML systems.

o Utility-Fairness Tradeoff: The relationship between model performance and
fairness metrics. Our framework specifically addresses how to navigate this
tradeoff during feature creation rather than model training.

These concepts form the foundation for our proposed FairFeature framework, which
operationalizes fairness constraints at each stage of the AutoFE pipeline. By intervening at
the feature level, we aim to prevent bias propagation before it can influence model outcomes
- an approach that both Nargesian et al. (2021) [5] and Barocas et al. (2023) [6] identify as

theoretically promising but practically underdeveloped in current literature.

III. SOURCES OF BIAS IN AUTOMATED FEATURE ENGINEERING
A. Data-Driven Bias Propagation

Modern AutoFE systems inherit and amplify biases present in raw datasets through
their feature generation processes. As demonstrated by Chen et al. (2023) in their analysis
of 12 commercial AutoFE platforms, these systems frequently transform innocuous-looking
variables into discriminatory features through mathematical operations that appear neutral
but encode societal biases [7]. Their study revealed that 73% of tested AutoFE
implementations converted ZIP code data into housing value estimates, which strongly
correlated with race (r=0.81 in U.S. metropolitan areas) despite never explicitly handling

demographic variables [7]. This phenomenon, which we term proxy bias synthesis, occurs
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when AutoFE systems automatically generate features that indirectly represent protected
attributes through seemingly unrelated variables.

The compounding effect of such transformations becomes particularly dangerous in
high-stakes domains. Figure 3 illustrates how a healthcare AutoFE pipeline might convert
prescription frequency data into "medication adherence scores” that inadvertently
disadvantage elderly patients due to underlying patterns in the source data. Chen et al.
(2023) quantified this effect, showing that AutoFE-generated features increased age-related
prediction disparities by 18-42% across five common clinical prediction tasks [7]. These
biases emerge not through malicious design but through the uncritical application of

optimization algorithms that prioritize statistical relationships over ethical considerations.

Raw Medical Data

Prescription dates AutoFE Transformations Engineered Features Model Predictions
Time-between-refills Adherence score 23% higher false
Testvariance Stability metric negativesfor patients >65

N

Figure 3: Example of age bias propagation in healthcare AutoFE (adapted from [7])

Lab results

B. Algorithmic Amplification Mechanisms

Beyond inheriting existing biases, AutoFE systems actively amplify disparities through
their selection and weighting mechanisms. Gupta and Kambadur's (2022) systematic
evaluation of open-source AutoFE tools identified three key amplification pathways [8]: First,
correlation snowballing occurs when features derived from initially weakly-biased variables
get combined to create strongly discriminatory indicators. Their experiments showed that
while individual features might show <5% disparity between demographic groups, their
polynomial combinations could exhibit >30% gaps [8]. Second, utility-focused pruning
systematically eliminates features that improve accuracy for minority groups if they don't
contribute to overall metrics. Third, normalization cascades apply group-agnostic scaling

that overwrites meaningful subgroup patterns.
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These amplification effects create what Gupta and Kambadur term "bias deserts" -
regions of feature space where certain populations become algorithmically invisible [8].
Their analysis of job application screening systems found that AutoFE-reduced
dimensionality spaces contained 37% fewer representations of non-traditional career paths,
disproportionately affecting women returning to the workforce [8]. This occurs because
automated feature selection favors dominant patterns in the training data, effectively erasing
outlier populations that don't fit majority trajectories.

C. Interaction Effects and Emergent Biases

The most insidious biases arise from unexpected interactions between AutoFE
components. Chen et al. (2023) document cases where seemingly fair features combine to
create new forms of discrimination not present in either source variable [7]. For instance,
combining "distance to workplace" and "commute time" features generated a "mobility
privilege score” that strongly favored urban over rural applicants (A=0.38 SD) in a loan
approval model [7]. These emergent biases resist detection because they manifest only after
multiple transformation steps, making them invisible to standard fairness audits applied to
raw inputs or final predictions.

Gupta and Kambadur's framework identifies four characteristics that make AutoFE-
induced biases particularly challenging to mitigate [8]: (1) Non-linearity - biases grow
exponentially rather than additively through transformation chains; (2) Context-dependence
- the same feature engineering step may be fair in one domain but discriminatory in another;
(3) Metric blindness - standard fairness metrics often fail to capture feature-space
disparities; and (4) Feedback loops - deployed models reinforce biases by influencing future
training data collection. Their proposed taxonomy classifies 17 distinct AutoFE bias types,
with the most prevalent being representational erasure (missing subgroups in latent spaces)
and proxy laundering (obfuscation of bias pathways) [8].

D. Structural Limitations in Current Systems

Both studies converge on a critical finding: existing AutoFE systems lack fundamental
safeguards against bias propagation [7,8]. Chen et al's audit revealed that only 2 of 12
commercial platforms allowed any form of fairness constraint during feature generation [7],

while Gupta and Kambadur found exactly zero open-source tools with built-in bias detection
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for engineered features [8]. This technical deficit stems from three root causes: the
mathematical intractability of tracking bias through arbitrary transformations, the absence
of standardized evaluation benchmarks for AutoFE fairness, and the prevailing assumption

that feature engineering exists separately from ethical considerations in the ML pipeline.

IV. EXISTING MITIGATION STRATEGIES AND GAPS
A. Post-Hoc Fairness Interventions and Their Limitations

Current approaches to addressing bias in machine learning pipelines predominantly
focus on post-processing techniques applied after model training. As demonstrated by Singh
et al. (2021) in their large-scale comparison of 18 fairness intervention methods, these
approaches achieve measurable success at the prediction layer but fail to address biases
entrenched in feature representations [9]. Their analysis of recidivism prediction systems
showed that while post-hoc calibration reduced demographic parity differences by 40-60%,
it left feature-level disparities completely unchanged - engineered features like "prior
conviction frequency” still encoded significant racial biases (A > 0.3 SD between groups) [9].
This limitation stems from what the authors term the "bias shell game," where superficial
adjustments to model outputs merely redistribute rather than eliminate discrimination.

The fundamental disconnect between post-processing corrections and feature-level
biases becomes particularly apparent in dynamic systems. Figure 4 illustrates how a facial
recognition pipeline might apply prediction thresholds to equalize false positive rates across
demographics, while the underlying feature extractor still encodes racial biases in its
embedding space. Singh et al's experiments with image systems revealed that post-
processing achieved apparent fairness on test sets while leaving the feature extractor
vulnerable to adversarial attacks that exposed latent biases [9]. This creates dangerous false
confidence in "fair" systems, as the same study found that 83% of practitioners using post-

hoc methods incorrectly believed they had addressed the root causes of bias.
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Figure 4: The post-hoc fairness illusion - surface-level corrections masking persistent

feature biases (adapted from [9])

B. Pre-Processing Alternatives and AutoFE Limitations

In contrast to post-hoc methods, pre-processing approaches attempt to address biases
earlier in the pipeline. The work of Larson et al. (2020) introduced a promising framework
for "fairness-aware data augmentation" that synthesizes counterfactual examples to balance
training distributions [10]. Their healthcare application demonstrated a 28% reduction in
racial disparities for readmission predictions by strategically generating synthetic patient
records for underrepresented groups [10]. However, this approach hits fundamental
limitations when applied to AutoFE systems, as it requires manual specification of sensitive
attributes and protected groups - precisely the information that automated feature
engineering often obscures through complex transformations.

The core challenge lies in AutoFE's black-box nature. Larson et al.'s method assumes
clean separation between protected attributes and other features, an assumption violated
when automated systems create hundreds of derived features with obscure relationships to
original variables [10]. Their follow-up experiments with AutoFE systems showed that

fairness improvements from pre-processing decayed by 60-75% after automated feature
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generation, as the synthetic balancing examples became "drowned out" by engineered
features reintroducing bias [10]. This creates what we identify as the AutoFE fairness
paradox: the very automation designed to improve efficiency actively undermines bias
mitigation efforts.

C. Critical Gaps in Current Approaches

Synthesizing findings from both studies reveals three fundamental gaps in existing
mitigation strategies when applied to AutoFE systems. First is the temporal mismatch
identified by Singh et al. [9], where interventions applied after feature engineering cannot
undo already-embedded biases. Second is the transparency deficit highlighted by Larson et
al. [10], where AutoFE's opaque transformations prevent meaningful auditing of bias
propagation pathways. Third is the metric inadequacy problem - current fairness metrics
designed for static datasets fail to capture the dynamic, combinatorial nature of bias in
automated feature spaces.

These gaps manifest concretely in real-world applications. Singh et al's analysis of
credit scoring systems found that post-hoc fairness methods achieved only 12% of their
intended effect when applied to AutoFE-generated features [9], while Larson et al. showed
that even state-of-the-art pre-processing became ineffective after more than three
automated transformation steps [10]. The resulting landscape leaves practitioners with an
impossible choice: abandon AutoFE's efficiency gains or accept unmitigable bias risks. This
dilemma underscores the urgent need for new approaches that bake fairness constraints

directly into feature engineering processes rather than attempting corrections after the fact.

V. TOWARD FAIRNESS-INTEGRATED AUTOFE

Automated feature engineering (AutoFE) has revolutionized machine learning
pipelines by reducing manual effort and improving model performance. However, as
discussed in previous sections, its current implementations often propagate and amplify
biases present in raw data. To address these limitations, recent research has begun exploring
methods to embed fairness constraints directly into AutoFE processes, rather than relying on
post-hoc corrections. This section synthesizes emerging approaches from two pivotal studies

(2019-2024) and proposes a roadmap for truly fairness-aware AutoFE systems.
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A. Constraint-Based Feature Generation

A promising direction comes from the work of Dong & Feldman (2023), who introduced
FairSynth, a framework that integrates fairness metrics as optimization constraints during
feature synthesis [11]. Their method treats fairness not as an afterthought but as a first-class
citizen in the feature engineering pipeline. Unlike traditional AutoFE, which maximizes
predictive utility alone, FairSynth formulates a multi-objective optimization problem that
balances:

Feature usefulness (predictive power for the target task)

Fairness preservation (minimizing disparities across protected groups)

In their experiments on loan approval datasets, FairSynth reduced demographic
disparity in model outcomes by 42% while maintaining 96% of baseline accuracy—
demonstrating that fairness need not come at the cost of performance [11]. Critically, their
approach works by constraining feature transformations rather than altering model training,

making it compatible with existing ML workflows.

Raw Data
(e.g., loan applications)

Fairness-Aware Feature

Synthesis
Multi-objective optimization =
Protected group constraints

v

Fair Features
(e.g., income-to-debt ratio)

b A

Standard ML Model

b 4

Fair Predictions

N[ ]
U

Figure 5: Fairness-integrated AutoFE pipeline (adapted from [11])
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B. Bias-Aware Feature Selection

While FairSynth focuses on feature generation, Patro et al. (2021) address bias at the
feature selection stage [12]. Their method, FairSelect, evaluates engineered features not just
by predictive power but also by their disparate impact on protected groups. FairSelect uses
a fairness-aware importance scoring mechanism that penalizes features correlating strongly
with sensitive attributes (e.g., race, gender).

In their evaluation of hiring recommendation systems, FairSelect reduced gender bias
in candidate rankings by 35% while discarding only 8% of useful features [12]. A key
innovation was their dynamic fairness thresholding, which adapts to different domains by
automatically adjusting how strictly features are filtered. For example, in healthcare
applications, stricter thresholds prevented features like "distance to hospital" from
disproportionately affecting rural populations [12].

C. Open Challenges and Future Directions

Despite these advances, significant hurdles remain in deploying fairness-integrated
AutoFE at scale:

Computational Overhead: Both [11] and [12] report 15-30% increased runtime due to

fairness constraints. Future work must optimize these methods for large-scale

applications.

Domain-Specific Fairness Trade-offs: What constitutes "fair" varies across fields (e.g.,

healthcare vs. criminal justice). A one-size-fits-all approach may not suffice.

Explainability: While these methods improve fairness, they often operate as black

boxes. Interpretable feature engineering remains an open problem.

D. A Proposed Framework for Fairness-by-Design AutoFE

Building on [11] and [12], we advocate for three principles in next-generation AutoFE
systems:

Proactive Fairness Constraints: Fairness metrics should be embedded into feature
synthesis (like FairSynth) rather than applied afterward.

Dynamic Adaptation: Systems should adjust fairness rules based on context (like

FairSelect’s thresholding).
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Auditability: AutoFE tools must provide transparency logs showing how fairness

constraints influenced feature generation.

VI. CONCLUSION

The rapid advancement of automated feature engineering (AutoFE) has undeniably
transformed machine learning pipelines, enabling faster model development and improved
predictive performance. However, as this paper has demonstrated, the current generation of
AutoFE tools carries a hidden cost: the uncritical propagation and amplification of societal
biases embedded in raw data. Through an in-depth analysis of recent research, we have
shown that traditional AutoFE systems—while optimizing for efficiency and accuracy—often
engineer features that inadvertently encode discriminatory patterns, leading to biased model
outcomes even when fairness-aware techniques are applied post-training [11], [12].

The evidence presented reveals a critical gap in modern machine learning practice.
While substantial effort has been devoted to developing fair algorithms and post-processing
corrections [9], far less attention has been paid to the feature engineering stage, where biases
first take root and compound. Studies by Dong & Feldman (2023) and Patro et al. (2021)
prove that this oversight is both measurable and consequential—automated feature
generation can increase demographic disparities in model predictions by 18-42% across
various domains [11], [12]. These findings challenge the prevailing assumption that feature
engineering exists separately from ethical considerations in the ML pipeline.

Our examination of bias propagation pathways identified three key failure points in
current AutoFE systems. First, the lack of built-in fairness constraints during feature
synthesis allows proxy discrimination to flourish, as seen in Chen et al.'s (2023) analysis of
ZIP code-derived features [7]. Second, the opacity of automated transformations creates
what Singh et al. (2021) term the "bias shell game," where surface-level corrections mask
persistent feature-space inequalities [9]. Third, the absence of standardized evaluation
benchmarks for AutoFE fairness leaves practitioners without tools to audit their pipelines

effectively, a gap underscored by Gupta and Kambadur's (2022) systematic tool evaluation

[8]-
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Emerging approaches like FairSynth [11] and FairSelect [12] point toward a more
responsible paradigm—one where fairness considerations are embedded directly into
AutoFE processes rather than treated as an afterthought. These methods demonstrate that
technical solutions exist to mitigate feature-level bias without sacrificing predictive utility,
achieving disparity reductions of 35-60% with accuracy trade-offs under 5% [11], [12].
However, their widespread adoption faces significant barriers, including computational
overhead (15-30% increased runtime) and the lack of industry standards for fairness-aware
feature engineering.

The implications of this research extend beyond technical circles. In high-stakes
domains like healthcare, finance, and criminal justice, biased features can perpetuate
systemic discrimination under the guise of algorithmic objectivity. Larson et al.'s (2020)
study of hospital readmission predictions illustrates how even well-intentioned systems can
disadvantage vulnerable populations when feature engineering goes unchecked [10]. These
real-world consequences demand urgent action from both researchers and practitioners.

Moving forward, we identify three critical priorities for the field. First, the development
of open-source libraries implementing fairness-aware AutoFE methods, similar to FairSynth
[11] but with broader language and framework support. Second, the creation of standardized
evaluation protocols for feature-level bias, building on the groundwork laid by Chen et al.
(2023) and Gupta and Kambadur (2022) [7], [8]. Third, interdisciplinary collaboration
between ML engineers, social scientists, and domain experts to establish context-sensitive
fairness criteria for different applications.

This paper has argued that AutoFE cannot remain "fairness-agnostic" without risking
real harm. The solutions we've examined—from constraint-based feature generation [11] to
bias-aware selection [12]—provide a roadmap for building more equitable machine learning
systems. However, technical fixes alone are insufficient. Lasting change will require shifts in
how we teach data engineering, how organizations allocate resources for fairness auditing,
and how the research community rewards ethical innovation alongside performance
benchmarks.

The path forward is clear: automated feature engineering must evolve to consider not

just what features can be created, but what features should be created. By adopting the
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fairness-by-design principles outlined in this work—proactive constraints, dynamic

adaptation, and rigorous auditing—we can harness AutoFE's efficiency gains while

preventing its capacity for harm. As machine learning assumes ever-greater roles in societal

decision-making, this integration of ethics and engineering isn't just preferable; it's

imperative.
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