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Abstract

As machine learning systems become increasingly integrated into
high-stakes decision-making processes, ensuring fairness in algo-
rithmic outcomes has become a critical concern. Methods to mit-
igate bias typically fall into three categories: pre-processing, in-
processing, and post-processing. While significant attention has
been devoted to the latter two, pre-processing methods, which oper-
ate at the data level and offer advantages such as model-agnosticism
and improved privacy compliance, have received comparatively less
focus and lack standardised evaluation tools. In this work, we intro-
duce FairPrep, an extensible and modular benchmarking framework
designed to evaluate fairness-aware pre-processing techniques on
tabular datasets. Built on the AIF360 platform, FairPrep allows
seamless integration of datasets, fairness interventions, and predic-
tive models. It features a batch-processing interface that enables
efficient experimentation and automatic reporting of fairness and
utility metrics. By offering standardised pipelines and supporting
reproducible evaluations, FairPrep fills a critical gap in the fairness
benchmarking landscape and provides a practical foundation for
advancing data-level fairness research. The source code is available
at https://github.com/broldfield/FairPrep.
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1 Introduction

Machine learning techniques are becoming increasingly prevalent,
shaping how we interact with data and influencing decision-making
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across diverse application areas. As these techniques are deployed in
scenarios where decisions can significantly impact individual liveli-
hoods, such as employment, finance, and healthcare, the question
of fairness in automated decisions becomes essential. In particular,
we must ask whether algorithms systematically treat individuals
differently based on sensitive attributes such as race or gender [16].

Fairness-aware machine learning methods are commonly di-
vided into three categories: pre-processing, in-processing, and post-
processing. Pre-processing techniques modify the training data to
reduce bias, such as through re-weighting, resampling, or trans-
forming features to obscure sensitive attributes [6, 7, 12, 27]. In-
processing methods embed fairness constraints into the training
process, often via regularisation or adversarial objectives that pe-
nalise group disparities [1, 2, 14, 15, 24, 28]. Post-processing tech-
niques adjust model outputs after training, for example by shifting
decision thresholds to equalise outcomes across groups [8, 10, 13,
19]. These approaches differ in terms of model access, flexibility,
and applicability, with pre-processing being especially appealing
due to its simplicity and model-agnostic design.

Despite these established categories, prior research has mainly
focused on in-processing and post-processing techniques, while
pre-processing methods have received less attention. This discrep-
ancy is largely due to the difficulty of standardising evaluation for
pre-processing approaches, as many fairness benchmarks lack sup-
port for flexible and transparent data manipulation. Tools such as
AIF360 [5], UST [26], and FairLearn [22] focus on model-level adjust-
ments. By contrast, Fair-IRT [23] builds on broader research lever-
aging item response theory (IRT) for algorithm evaluation [18, 25].
Fair-IRT continues this trajectory by explicitly integrating fairness
considerations, bridging both model- and data-level evaluation. In
addition, inconsistencies in pre-processing, such as outlier removal
strategies or methods for splitting training and testing sets, can
cause substantial differences in reported performance. Even small
changes in data preparation may yield significant variations in out-
comes, raising concerns about the reliability and reproducibility of
fairness evaluations [9].

To address the lack of standardised evaluation for pre-processing
fairness methods, we introduce FairPrep, an extensible and modular
framework for benchmarking fairness-aware data transformation
techniques on tabular datasets. Built on top of the ATF360 founda-
tion, FairPrep is designed with usability and research flexibility in
mind. It enables users to seamlessly integrate new datasets, fair-
ness techniques, and predictive models through a modular API. To
facilitate large-scale and reproducible experiments, the framework
includes a batch-processing interface that allows users to define ex-
perimental configurations and automatically compute both fairness
and utility metrics. FairPrep contributes to the fairness research
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community by: (1) standardising pre-processing evaluation across
datasets and metrics, (2) supporting easy extension and integration
with new methods, and (3) streamlining the benchmarking pipeline
for reproducible research. To the best of our knowledge, this is the
first benchmarking study focused specifically on group fairness
through pre-processing techniques.

2 The proposed FairPrep

This section presents FairPrep, a modular and extensible bench-
marking framework for fairness-aware pre-processing. We intro-
duce its two-stage architecture, describe the fairness metrics, out-
line the five benchmark datasets, and detail the four integrated
pre-processing techniques.

2.1 System Architecture

FairPrep operates in two stages: a pre-processing stage and a bench-
marking stage. These are executed independently via command-
line interfaces, allowing modular and flexible usage. In the pre-
processing stage, the user specifies a dataset, a sensitive attribute,
and a fairness pre-processing method. The technique is applied to
transform the dataset and reduce bias with respect to the sensitive
attribute. Fairness metrics are computed for both the original and
processed datasets to assess the effect of the transformation. Both
versions are cached for reuse in benchmarking. In the benchmark-
ing stage, a predictive model is trained on both datasets using a
holdout validation scheme (e.g., 70% training, 15% validation, 15%
testing). Performance and fairness metrics are computed from the
predictions to evaluate trade-offs. To support fine-grained analysis,
thresholds are swept from 0.01 to 0.99 in increments of 0.01. At
each threshold, metrics are recorded, and the optimal threshold
balancing fairness and accuracy is identified and visualised.

To enable scalable experiments, FairPrep supports YAML-based
batch execution. Users may define fixed jobs or provide lists of in-
puts to automatically generate all valid combinations. This supports
reproducible and extensible benchmarking across datasets, models,
and fairness methods.

2.2 Group Fairness Metrics

FairPrep adopts a set of comprehensive metrics to assess data-level
fairness before training and model-level fairness and utility after
training. These metrics are grouped by stage: pre-processing or
benchmarking.

2.2.1  Metrics for Pre-processing Evaluation. In the pre-processing
stage, FairPrep evaluates the effectiveness of fairness interventions
using several group-level and distributional metrics. These include:
(1) base rate, which measures the overall proportion of positive
labels, and its conditional variant Pr(Y =1 | S = s); (2) consistency,
which assesses individual-level fairness by measuring the agree-
ment between a sample’s label and those of its neighbors in the
feature space; (3) disparate impact, and (4) statistical parity, which
capture group-level fairness by quantifying outcome ratios and
differences across sensitive groups; (5) number of positives and (6)
number of negatives, which are computed as the total counts of
positive and negative labels, respectively, providing a basic view of
label distributions; and (7) empirical difference, which quantifies the
disparity of a selected metric between privileged and unprivileged
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groups. Together, these metrics offer a comprehensive assessment
of data-level bias prior to model training.

2.2.2  Metrics for Benchmarking Evaluation. In the benchmarking
stage, FairPrep evaluates the predictive models trained on both
original and pre-processed datasets using a combination of perfor-
mance and fairness metrics. Utility is assessed using (8) balanced
accuracy, defined as the average of the true positive rate (TPR) and
true negative rate (TNR), which is particularly useful in imbalanced
classification tasks. Fairness is evaluated using several group-based
metrics, including (9) equal opportunity, which measures the dif-
ference in TPR between underprivileged and privileged groups,
and (10) equal odds, which averages disparities in both TPR and
false positive rate (FPR) across groups. For consistency with the
pre-processing evaluation, the stage also computes disparate impact
and statistical parity difference. Additionally, (11) the theil index, a
generalised entropy-based metric with parameter a = 1 [21], is
included to capture both individual- and group-level fairness viola-
tions. Together, these benchmarking metrics provide a comprehen-
sive evaluation of how fairness-aware pre-processing techniques
affect downstream model behaviour.

2.3 Datasets

We evaluate FairPrep on 5 commonly used fairness-related datasets,
briefly described below: (1) the Adult Census dataset [4] contains
demographic and financial information of individuals from the
U.S. Census Bureau, with the target variable indicating whether
an individual earns over $50K annually; the sensitive attribute is
typically gender or race; (2) the Bank Marketing dataset [17] in-
cludes client information and marketing interaction data collected
by a Portuguese banking institution; the target variable denotes
whether a client subscribes to a term deposit, with age or marital
status used as the sensitive attribute; (3) the ProPublica COMPAS
dataset [20] comprises criminal history and demographic attributes
of defendants; the prediction task focuses on recidivism within
two years, and race is commonly used as the sensitive attribute;
(4) the German Credit dataset [11] contains features from credit
applicants at a German bank, with the target being a binary indica-
tor of credit risk (good or bad); gender or age is often used as the
sensitive attribute; and (5) the MEPS Panel 21 dataset [3] is drawn
from the Medical Expenditure Panel Survey, which includes data on
demographics, healthcare usage, costs, and quality of care collected
from individuals, providers, and employers in the United States. In
this dataset, the target variable is utilization, a score reflecting the
appropriateness and frequency of care received. We binarize this
score such that values less than 10 are labelled as 0 (low utilisa-
tion), and values greater than or equal to 10 are labelled as 1 (high
utilisation), with race used as the sensitive attribute.

2.4 Fairness Pre-processing Methods

The proposed FairPrep involve four widely studied fairness pre-
processing methods: Reweighing, Learned Fair Representations,
Disparate Impact Remover, and Optimised Pre-processing. We con-
sider a dataset D = (S, X, Y), with protected attribute S, features X,
and binary label Y in the following discussion.
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Table 1: Results of fairness metrics in the pre-processing stage for 3 datasets and 4 methods.
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‘ ‘ Adult Census ‘ ProPublica COMPAS ‘ German Credit ‘

| Metrics | Orig. RW LFR DIR OPP | Orig. RW LFR DIR OPP | Orig. RW LFR DIR  OPP |
(1) base rate 0.239 0239 0095 0239 0252 | 0530 0530 0031 0530 0529 | 0.700 0700 1 0700 0.694
(2) consistency 0719 0719 1 0719 0700 | 0595 0595 1 0595 0610 | 0.661 0.661 1 0661 0.644
(3) disparate impact 0.360 1.000 0601 0360 0.816 | 0788 1.000 0786 0788 0.906 | 0.897 1.000 1 0897 0.927
(4) statistical parity -0.195  0.000 -0.043 -0.195 -0.050 | -0.135 0.000 -0.008 -0.135 -0.054 | -0.075 0.000 0  -0.075 -0.052
(5) Num. positives 11687 11687 4664 11687 12330 | 2795 2795 161 2795 2793 | 700 700 1000 700 694
(6) Num. negatives 37155 37155 44178 37155 36512 | 2483 2483 5117 2483 2485 | 300 300 0 300 306
(7) empirical difference | 1.022  0.000 0509 1.022 0205 | 0.317 0.000 0249 0317 0.118 | 0.239 0.001 0798 0.239 0.166

2.4.1 Reweighing (RW) [12]. RW assigns weights to samples based
on the observed and expected probabilities of each (group, label)
pair, assuming independence between group membership and out-
come. For a dataset D = (S, X, Y), the weight for a given pair (s, y)
is computed as:
W(s,y) = Pr}()S = s_) X Pr(f =)

r(S=sAY=y)
This adjusts the training distribution to reduce the disparity be-
tween groups. For example, if the observed success rate of a group
is lower than expected, its positive instances will be up-weighted
accordingly. These weights are passed to the classifier and used to
reweight the loss during training.

2.4.2 Learned Fair Representations (LFR) [27]. LFR learns a latent
representation of the input data that retains task-relevant informa-
tion while obfuscating sensitive attribute information [27]. Given
a dataset D = (S, X,Y), the goal is to find a prototype set Z such
that: (1) the mapping from X to Z satisfies statistical parity; (2) Z
retains as much information as possible unrelated to S; and (3) the
composed mapping from X to Z and then to Y approximates the
original classifier f: X — Y.

2.4.3 Disparate Impact Remover (DIR) [7]. DIR edits feature values
to improve group fairness while preserving the rank-ordering of
features within groups [7]. The concept of disparate impact has
legal origins and is defined as:

Definition 2.1. Given a dataset D = (S,X,Y), with protected
attribute S, features X, and binary label Y, disparate impact exists if
Pr(Y=1|S=0)

Pr(Y=1|S=1)

for positive outcomes Y = 1 and majority group S = 1.

<7t=038,

DIR produces a repaired version of X, denoted X, such that the
marginal distributions maintain the same cumulative probabilities.
Formally, if Fs : Xg — [0, 1] is the cumulative distribution function
for group S = s, then the repaired features X satisfy Fs(x) = Fs(%).

2.4.4 Optimised Pre-processing (OPP) [6]. OPP learns a probabilis-
tic transformation of both features and labels to minimise discrimi-
nation while preserving individual utility and limiting distortion [6].
Given a dataset D = (S, X, Y), the transformed dataset D= (S, X R f’)
is constructed such that the joint distribution (X, ¥) is close to the
original (X,Y), while ensuring that Pr(Y | S) is close to a target
distribution and that the changes to individual data points are small.

3 Experiments

In this section, we present empirical evaluations of FairPrep to
demonstrate its flexibility, modular design, and practical utility in
benchmarking fairness-aware pre-processing techniques. Applied
to multiple benchmark datasets, the results show how different
techniques influence group fairness and confirm FairPrep’s ability
to support standardised, reproducible evaluation.

3.1 Experimental Setup

To showcase the practicality and extensibility of FairPrep, we con-
duct experiments using five commonly studied tabular datasets
and four representative fairness pre-processing techniques. These
datasets are processed using our pre-processing interface and eval-
uated via predictive models. It is important to note that FairPrep
is designed as a modular and extensible framework. All compo-
nents, including datasets, fairness pre-processing techniques, and
predictive models, are exposed via standardised interfaces. This
allows users to easily plug in their own datasets, implement cus-
tom pre-processing methods, or evaluate new classifiers without
modifying the core framework. The experiments presented here
serve as instantiations of this general pipeline.

Our evaluation follows a two-stage pipeline. In the pre-processing
stage, the framework computes pre-processing metrics on both the
original and transformed datasets to assess the effect of bias mitiga-
tion before model training. These results are summarised in Table 1.
In the benchmarking stage, each model is trained on the original
and pre-processed datasets using a holdout validation scheme, and
evaluated on both fairness and performance metrics. The resulting
metrics are used to generate threshold-sensitive trade-off plots (e.g.,
Figures 1a and 1b), which offer a fine-grained view of how fairness
and utility evolve across decision thresholds.

Due to space limitations, we present the results from the pre-
processing stage for three datasets and four fairness-aware pre-
processing methods. For the benchmarking stage, we report the
comparative results of the original and processed versions of the
Adult dataset using Logistic Regression. The full experimental re-
sults can be reproduced via the link provided in the abstract.

3.2 Results for Pre-processing Stage

Table 1 summarises fairness metrics computed on the original and
processed datasets across three benchmark datasets and four pre-
processing methods. Several consistent trends emerge. (1) RW im-
proves group fairness across all datasets, achieving perfect disparate
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Figure 1: Balanced Accuracy (left axis, blue) versus fairness metrics (right axis, red) across varying classification thresholds
for five different fairness metrics. Each subplot corresponds to a specific metric. (a) Results obtained from the original Adult
dataset. (b) Results obtained after applying the Reweighing pre-processing method to the Adult dataset. Logistic Regression is
used as the predictive model in both settings.

impact (1.0) and eliminating statistical parity difference (0.0), while on the original dataset is highly unstable and threshold-dependent,
leaving label distributions unchanged. This outcome aligns with its complicating model deployment in practice.

design, which adjusts instance weights without modifying features By contrast, Figure 1b shows the corresponding results after ap-
or labels, making it a practical choice when preserving original plying the RW. The processed dataset yields notably better fairness
data semantics is important. (2) LFR introduces substantial changes trends despite some fluctuations. Most metrics, including statisti-
to the data, often removing all positive labels (Adult, COMPAS) cal parity difference and disparate impact, remain closer to zero
or setting all to positive (German). While this results in ideal fair- across the threshold range, reflecting improved group-level par-
ness metrics, such extreme shifts make the data unrealistic and ity. Although some residual fluctuations persist in average odds
potentially unusable for downstream tasks. The high empirical difference, the overall behaviour is more robust. Importantly, bal-
differences further indicate that fairness is achieved at the cost anced accuracy remains comparable to the original, indicating that
of data fidelity. (3) DIR produces minimal change in group-level fairness gains are achieved without sacrificing model utility. These
fairness metrics, with little to no improvement in disparate impact findings highlight RW’s effectiveness not only in improving fair-
or statistical parity. This suggests that its rank-preserving transfor- ness metrics at fixed thresholds but also in enhancing the stability
mations alone are insufficient for correcting entrenched disparities. of fairness-utility trade-offs across decision boundaries.

(4) OPP strikes a more balanced trade-off by improving fairness
metrics while maintaining a reasonable label distribution. Its em-
pirical differences are significantly lower than those in the original 4 Conclusion
data, indicating more stable and effective bias mitigation.

In summary, RW and OPP offer controlled and practical improve-
ments, whereas LFR, despite its effectiveness on fairness metrics,
may compromise data integrity. DIR shows limited standalone im-
pact and may benefit from being used in conjunction with other
techniques.

In this paper, we present FairPrep, a modular and extensible bench-
marking framework for fairness-aware pre-processing in tabular
data. By supporting a wide range of datasets, transformation tech-
niques, and predictive models, FairPrep provides a unified and
reproducible pipeline for evaluating the trade-offs between fairness
and utility. Our empirical results demonstrate the distinct impacts
of common pre-processing methods on both data characteristics
and downstream model behaviour. While FairPrep standardises
3.3 Results for Benchmarking Stage evaluation and simplifies extensibility, one limitation is its focus on
binary classification tasks with group fairness metrics. Future work
will extend the framework to accommodate multi-class and regres-
sion tasks, incorporate individual fairness measures, and support
integration with modern deep learning pipelines.

Figure 1 illustrates how balanced accuracy and various fairness
metrics evolve as classification thresholds change, using the Adult
dataset and Logistic Regression as the predictive model. Figure 1a
presents the results on the original dataset, which exhibits sub-
stantial variability and sensitivity to threshold selection. Fairness
metrics such as equal opportunity and average odds difference fluc-
tuate considerably, especially in mid-range thresholds. The Theil Acknowledgments

index increases sharply at more lenient thresholds, indicating rising This work was supported by the research support package from
outcome inequality. These trends suggest that fairness behaviour the School of Computing Technologies at RMIT University.
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