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Abstract: The use of algorithmic decision systems is being expanded to high-risk areas like credit, recruiting, and
distributing government resources. Despite the fact that these systems are usually claimed to be objective and
efficient, there have been apprehensions about the likelihood of structural inequalities being perpetuated by the
systems. This paper examines the effect of a fairness-aware pre-processing technique called reweighing on the
performance of a predictive system in a controlled simulation environment. Using a synthetically created credit
approval dataset with structural disadvantage embedded, we compare the performance of a logistic regression
classifier with and without reweighing. Fairness is measured using demographic parity disparity (DPD), disparate
impactratio (DIR), and equalized odds difference (EO), along with predictive accuracy. In a single test scenario (seed
= 42), reweighing does not improve all fairness metrics uniformly. However, when analyzed for robustness across
50 independent random seeds, we find modest average reductions in demographic parity disparity and equalized
odds difference for reweighing, with little change in predictive accuracy. Threshold sensitivity analysis also shows
that fairness metrics are sensitive to decision thresholds. These results show that fairness-aware pre-processing
can lead to systematic improvements in expectation, although trade-offs across fairness metrics and performance
remain context-dependent.

Keywords: Algorithmic Bias; Fairness-Aware Machine Learning; Demographic Parity; Disparate Impact; Equalized
0dds; Al Governance

1. Introduction

Algorithmic decision-making systems are being used as a tool to assist with, or make, high-stakes decisions
within areas such as credit assessment, employment, the distribution of social benefits, and the justice system [1,2].
Such systems are commonly offered as a more efficient, neutral, and sound alternative to human decision-making [3].
Despite this, a growing number of empirical studies have illustrated that algorithmic models are capable of replicating
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existing inequalities when trained on a dataset that captures past inequalities [1,4,5]. This is particularly concerning
in areas that consider equality a protected norm [6].

The central challenge in the governance of algorithmic decision-making can be seen as the mismatch between
technical optimization objectives and legal norms [2,7]. Machine learning models are usually designed to optimize
predictive performance, often in terms of accuracy or metrics derived thereof [8]. Legal frameworks, in turn, aim
at the absence of unjustified discriminatory effects, whether they occur intentionally or indirectly [6,9]. It follows
that very accurate models can still produce outcomes incompatible with anti-discrimination principles [10].

The following paper defines and makes a clear distinction between the concepts of bias, fairness and legality:
Bias refers to the systematic statistical differences in model output among groups [11]. Fairness metrics refer to a
group of quantitative diagnostics that may be applied to detect and quantify such differences [12,13]. The legisla-
tion, however, does not tend to take abstract concepts of fairness as freestanding commitments, but instead outlaws
direct or indirect discriminatory practices which are not justified [9,14]. Therefore, this study is not supposed to
perform doctrinal legal analysis or determine legal compliance. Instead, it employs statistical measures of fairness
as analytical instruments to evaluate how the output of algorithms can be in conflict with legally cognizable issues
of discrimination.

In order to examine such questions, this research employs a simulation study. It uses a synthetically created
data set to simulate a stylized credit approval problem, in which structural adversity is introduced via differential
distribution of features as well as success probabilities for different groups. The logistic regression classifier is
trained as a baseline, which corresponds to a very common tool used for decision making that is easy to interpret in
aregulated environment [15]. The performance of the models is assessed with regard to accuracy, as well as fairness
metrics such as Demographic Parity Difference (DPD) and Disparate Impact Ratio (DIR), which are commonly cited
in surveys on the impact of discrimination [16].

Then, this paper assesses the efficacy and cost of one preprocessing intervention based on reweighing aimed
at reducing disparities at the group level [17,18]. The three main reasons why reweighing has been chosen are
that it acts directly at the level of the data, it does not change any feature values, and it is also suitable for many
auditability requirements in regulated decision-making. The resultant trade-off between fairness and accuracy is
then explicitly factored into account, hyphenating the importance of benefits in group-level parity at the expense
of non-trivial losses in predictive performance [19,20].

In this paper, three contributions have been made. First, it develops a clear and replicable simulation model
on how indirect algorithmic discrimination is studied in stylized structural disadvantage conditions. Second, it
empirically evaluates a bias mitigation policy based on reweighing with a set of outcomes of group-level fairness that
isrelevantin alegal and regulatory context. Finally, it conducts an interdisciplinary dialogue in which statistical data
is incorporated within broader legal and governance frameworks by explicating the potential and the constraints
of algorithm design in a fairness-conscious way [21,22].

2. Background and Related Literature
2.1. Algorithmic Bias and Fairness Metrics

The study of algorithmic bias has expanded quickly in computer science, statistics, and the social sciences, as
an increasing number of people are worried about the social impact of automated decision-making [11,16,23]. Ini-
tial studies have demonstrated that machine learning systems that are trained using historical data can reproduce
actual inequalities, even when the attributes that might cause such inequalities are not included in the models as
protected [1,4]. This phenomenon, often referred to as indirect discrimination or disparate impact, arises through
correlations between sensitive attributes and superficially neutral features.

Such disparities have been quantified using a variety of formal metrics of fairness proposed by scholars [12,13,24].
The most studied metrics are group-level metrics, including demographic parity, equalized odds, and disparate
impact [12,25,26]. Demographic parity checks if different groups receive positive outcomes at comparable rates,
whereas disparate impact compares the ratios of outcomes between advantaged and disadvantaged groups. These
measures are highly relevant in regulated domains because they resonate with the legal doctrines that also focus
on group-level effects rather than individual intent.

However, these metrics are not mutually compatible. The result of impossibility has revealed that it is rather
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difficult to satisfy a set of multiple notions on fairness simultaneously when base rates vary from group to group [25].
This situation has engendered a consensus on the fact that fairness is more than a technical problem, which has been
dealt with by treating the choice of fairness as a normative choice that has to be considered from the perspective of
domain-specific risks, legal standards, and societal norms [21,22,27].

2.2. Legal/Regulatory View of Discrimination by Algorithms

In a legal context, the discussion on bias in algorithms is generally framed within a pre-existing set of legal
foundations against discrimination, rather than as a set of mandates on bias in algorithms [6,9]. In most countries,
such as the United States, the European Union, and India, a distinction is made within the law on discrimination be-
tween direct discrimination and Indirect Discrimination. Indirect Discrimination happens when a neutral practice
affects a particular group of protected people in a disproportionate manner that is not justified.

In the United States, disparate impact analysis has long been applied in employment and credit contexts, no-
tably under Title VII of the Civil Rights Act and the Equal Credit Opportunity Act [9]. The various European le-
gal frameworks forbid indirect discrimination under EU equality law but emphasize proportionality and justifica-
tion [14,28]. In India, there is a guarantee of equality before the law in Article 14 of the Constitution, which the
courts have interpreted to refer to direct and indirect discrimination [29].

The recent regulatory trends on the consideration of artificial intelligence, including the European Al Proposed
Regulation, do not include any mandatory requirement concerning the requirement of fairness in the algorithmic
system [30,31]. The regulatory instruments have largely been taken into account through the evaluation of risks,
in terms of transparency, human judgment, and mitigating discrimination in the high-risk systems. Some scholars,
especially jurists have claimed that the inputs of statistical measurements in the context of fairness are not adequate
in legal terms, especially due to the situational nature of fairness [22,27].

2.3. Mitigation Techniques for Bias in Machine Learning

This has, in turn, prompted a sustained and vigorous program of research to develop algorithmic techniques
for mitigating bias [17, 18, 24]. These approaches are typically grouped into three classes: pre-processing, in-
processing, and post-processing methods.

Among pre-processing methods, re-weighting has gained popularity because of its simplicity [17]. The process
involves assigning a certain weight to the training instances based on the category membership, thus balancing all
the instances when training a model. This has been a significant advantage, especially when working in a regulated
environment, where changing the original data might affect the traceability of the data.

The empirical research has demonstrated that the reweighing can significantly eliminate group-level differ-
ences in most areas although with a high likelihood to decrease predictive accuracy [19,20]. This trade-off has
been strongly documented and it constitutes a major dilemma in the machine learning consciousness of fairness:
to lessen the likelihood of discrimination, there will need to be a trade-off between performance and a fixed extent.
In more recent work, the idea of such trade-offs has been stressed to be considered in the context of domain-specific
harms, legal requirements and institutional interests rather than as technical optimization problems [21,22].

2.4. Recent Interdisciplinary Developments

Much more recent work has also begun to view the concept of algorithmic fairness as an interdisciplinary
project, including both theoretical frameworks in law and policy, as well as practical applications in particular do-
mains [21-23]. On their side, legal scholars have highlighted algorithmic bias as a primary dilemma of Al gover-
nance by pointing to a needed complement to statistical methods in the shape of institutional protections, trans-
parency standards and channels of contestations [22,27]. In the meantime, empirical studies in other fields like
finance, environmental policy, and engineering demonstrate the point that fairness-conscious modeling can be sup-
portive to system robustness but does not eliminate the need to involve human intervention.

This literature raises two critical issues to the fore that are specifically relevant to the present study. The
first one is that the measures of fairness can be utilized to provide empirical determination of whether there is
group-level bias, yet they do not offer a comprehensive view of the situation of decision-making that is normatively
suitable in the legal context [22]. The second is that bias mitigation methods are to be assessed in regard to im-
provement, but also in regard to the implications of bias mitigation that go beyond quantitative improvement [21].
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The current research draws on these observations to provide a transparent illustration of bias mitigation within a
legally-informed framework.

3. Methodology
3.1. Experimental Framework

The effect of a pre-processing fairness intervention, reweighing, on predictive accuracy and several fairness
metrics in a controlled supervised learning setting will be assessed. The goal is to examine behavior in a single run
as well as robustness properties across multiple stochastic runs.

The experimental workflow includes:

Generation of synthetic data with a structural disadvantage explicitly embedded.
Use of logistic regression for supervised classification.

Use of the reweighing algorithm as a fairness mitigation technique [17].
Evaluation based on predictive and fairness metrics.

Robustness analysis over 50 different random seeds.

Analysis of sensitivity to the threshold.

Analysis of the weights assigned to instances by the model.

No ks wN e

All experiments were carried out in Python. The implementation of the predictive model was done using scikit-
learn [18], while the fairness mitigation technique was done using the AIF360 library [19].

3.2. Synthetic Data Generation

In order to retain complete control over the experiments, a synthetic dataset was created for each experiment
run.

3.2.1. Sample Size and Protected Attribute

The size of the dataset produced by each run is as follows:
N =1000

Each data point is also assigned a protected group attribute as follows:

Group A (privileged): 60%.
Group B (unprivileged): 40%.

3.2.2. Feature Construction
Each data point has three continuous features:

. Income: Normally distributed with a mean of 50,000 and a standard deviation of 15,000.
e  Age: Normally distributed with a mean of 35 and a standard deviation of 10.
¢  Credit score: Normally distributed with a mean of 650 and a standard deviation of 50.

These features are generated independently.

3.2.3. Structural Disadvantage Mechanism

To model systemic bias, Group B is given a structural disadvantage at the feature level and outcome level.
Feature-level disadvantage:

The income of Group B is lowered by 5,000 units.

The credit score of Group B is lowered by 30 points.

Outcome-level disadvantage:

A negative shift of —0.5 is applied to the latent logit in the approval model for Group B.

The latent approval score is defined as:

z =0.00002 - income + 0.002 - age + 0.005 - credit score — 4
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For Group B:
z=z-0.5

Approval probability is obtained via the logistic function:

Pr=D=1r=

Binary outcomes are then sampled from a Bernoulli distribution with probability P(Y = 1).
This setup imposes both:

Observable disparity through differences in features, and
Structural disparity through a direct group-level penalty on the latent decision function.

The data generation process is stylized to enable analysis of fairness interventions rather than modeling a

particular real-world setting.

3.3. Train-Test Splitting and Preprocessing

For each experimental run:

The dataset is split into 70% for training and 30% for testing.
Stratified sampling is used based on the binary outcome label.
The random seed used for splitting is set to be the same as the experimental seed.

The preprocessing of the features can be described as follows:

The continuous features are normalized using z-score normalization.
The scaler is trained on the training data alone.
The test data is transformed using the statistics from the training data.

Crucially, membership in the protected groups is not used as a predictive feature in the classifier, such that any

observed disparity is due to the correlation of features, not group membership.

3.4. Baseline Classification Model

The baseline classification model is logistic regression, trained with the following parameters:

Maximum likelihood estimation,
L2 regularization (default implementation),
Maximum iterations set to 1,000.

The predictions are made using the default probability threshold of 0.5, except in the threshold sensitivity

analysis.

The training data only contains the standardized feature inputs and not the sensitive attribute. The use of

logistic regression is an indicator of a group of models that have been extensively applied in regulated decision-
making processes [7], in which interpretability and auditability are more important than modeling complexity.

3.5. Fairness Mitigation via Reweighing

of:

The algorithm of Fairness mitigation is a Reweighing algorithm of AIF360 [19].
Reweighing is a pre-processing technique that is used to weight the instance to balance the joint distribution

Protected group membership, and
Outcome label [17].

The process is applied in the following way:

Group A is referred to as the privileged group.
Group B is the group that is unprivileged.
Calculate Instance weights only on the training data, i.e., reweighting.
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e The logistic regression model is retrained using these weights using the sample weight argument.

The intervention only influences the effective weighting of training instances, whereas the values of the fea-
tures and the test distribution remain unchanged.

3.6. Evaluation Metrics

All evaluation metrics are computed on the held-out test set.

3.6.1. Accuracy

Accuracy measures the proportion of correctly classified instances:

TP+TN

Accur =
ccuracy ral
3.6.2. Demographic Parity Disparity (DPD)

Demographic parity disparity measures the absolute difference in predicted approval rates between groups [12]:

DPD =|P(Y =114A)—-P(Y =11B) |
Lower values indicate closer parity in positive prediction rates.
3.6.3. Disparate Impact Ratio (DIR)
Disparate impact ratio is defined as [12]:
P =11B)
T P(Y=114)

A value of less than 0.80 is often mentioned in regulatory debates as a rule-of-thumb estimate of the possible
disparate impact, but is not discussed in this context as a legal finding.

DIR

3.6.4. Equalized Odds Difference

Equalized odds difference captures disparities in error rates across groups [13]:

EO =| TPR, — TPRg | + | FPR, — FPRy |

where:
TPR = rp
" TP+FN
FPR = Fp
" FP+TN

This metric jointly captures disparities in both false positive and false negative rates.

3.7. Main Experimental Setup (Seed = 42)
The main experimental setup is performed under a fixed random seed of 42. This setup allows for:

¢ Areference scenario,

e Comparison between the baseline and re-weighted models,
e  Visualization of the group-level predicted approval rates,

e  Threshold sensitivity analysis.

The single seed setup is used as an anchor for interpretation before robustness analysis.
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3.8. Robustness Analysis across 50 Random Seeds

In order to perform a robustness analysis, the whole process, from data generation to evaluation, is repeated
50 times with different random seeds.
For each seed, the following metrics are computed for both baseline and reweighed models:

e Accuracy,
¢  Demographic parity disparity (DPD),
¢ Equalized odds difference (EO).

Mean and standard deviation over seeds are calculated to assess:

e  Robustness against stochastic noise,
e  Fairness affects consistency,
e  Predictive performance stability.

These calculations guarantee that the results are not contingent on a particular random draw.

3.9. Threshold Sensitivity Analysis

To analyze the sensitivity to operational decision policy, the predicted probabilities from the baseline classifier
are compared for thresholds from 0.1 to 0.9 with a step size of 0.05.
For each threshold:

¢  Binary predictions are made,
e Accuracy is calculated,
¢ Demographic parity disparity is calculated.

The threshold sensitivity of the baseline classifier is analyzed to separate the impact of changes to the train-
ing distribution from the operational decision policy. This analysis will determine if the fairness disparities are
dependent on the standard threshold of 0.5 or if they are robust to different decision boundaries.

3.10. Reweighing Weight Diagnostics

In order to measure the power and the efficacy of the intervention of the fairness, descriptive statistics of the
learned weights are computed, including:

¢  Mean weight,

. Maximum weight,

e 95th percentile,

e  Full distribution visualization.

These tests are aimed at making sure that the reweighing does not create extreme leverage or numerical insta-
bility, and that the intervention is a moderate redistribution and not a redistribution that is hostile.
4. Results
4.1. Main Experimental Results (Seed = 42)

To have a deterministic setting, a significant experiment is conducted with a fixed random seed (seed = 42).
This single-seed test allows the head-to-head comparison of the baseline classifier and the reweighed model on the
same data realization and split (Table 1).

Table 1. Main Experimental Results (Seed 42).

Model Accuracy DPD DIR EO Difference
Baseline 0.6200 0.1624 0.7649 0.2440
Reweighed 0.6267 0.1745 0.7582 0.2687

In the case of the baseline model, the test accuracy is 0.6200 indicating a moderate degree of predictive ac-
curacy on the synthetic approval decision. Nonetheless, the difference in the demographic parity (DPD) is 0.1624
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indicating that there is no trivial difference in the predicted approval rates between the privileged and unprivileged
subpopulations. The disparate impact ratio (DIR) stands at 0.7649 which falls short of the traditional 0.80 cutoff
value that is addressed in the context of disparate impact. Equalized odds difference is 0.2440 indicating a joint
difference of both in true positive and false positive rates.

Following the reweighing intervention implementation:

e Accuracy: Accuracy has a slight improvement to 0.6267.
e« DPD: DPD is on the rise to 0.1745.
¢ DIR: DIR declines to a slight extent to 0.7582.

There is also an increase in the equalized odds difference to 0.2687. Therefore, in the current deterministic
environment, the reweighing intervention fails to bridge the gap of disparity but instead fails to bridge the parity
disparity and error rate disparity slightly. This small gain in accuracy requires that mitigation of fairness is not
associated with a performance cost but also, the fairness change is not all good in the specific environment. This
fact proves the importance of robustness analysis in a single experimental study.

4.2. Predicted Approval Rates by Group

Figure 1 shows the estimated level of approval of protected groups in the baseline and reweighed models (seed
= 42 configuration).
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Figure 1. Predicted Approval Rates by Group (Baseline vs. Reweighed).

Under the baseline model:

e Group A has a predicted approval rate of about 0.66.
e Group B has a predicted approval rate of about 0.50.

The absolute difference corresponds to the demographic parity disparity (DPD = 0.1624) reported in Table 1.
Applying reweighing:

e  The predicted approval rate for Group A increases to about 0.69.
¢ The predicted approval rate for Group B increases slightly to about 0.51.
e The absolute difference obtained is 0.1745, as reported in Table 1.

Thus, in the single seed context, reweighing fails to bridge the demographic parity gap. Instead, it causes the
separation between the estimated approval rates to be slightly more.

This proves that the mitigation strategies aimed at fairness do not have to be monotonic in ensuring that all
metrics are enhanced in one environment. The reweighing effect depends on both the distribution of the synthetic
data and the sampling process as well as the learned decision boundary.
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4.3. Model Accuracy Comparison

Figure 2 shows the comparison of overall predictive accuracy between the baseline and reweighed models.

Model Accuracy Comparison
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Figure 2. Model Accuracy Comparison (Seed 42).

Baseline model has an accuracy of 0.6200 compared to the reweighed model which has an accuracy of 0.6267.
The difference is minute but it is consistent with the numerical difference presented in Table 1.

This result demonstrates that instance weights through reweighing do not have any negative effect on the
model accuracy. However, the observation that an increased accuracy does not imply better fairness results is also
noted.

4.4. Threshold Sensitivity Analysis

To investigate if fairness gaps are contingent on the default decision threshold of 0.5, the predicted probabilities
of the baseline classifier were assessed for different thresholds between 0.1 and 0.9.

The solid line in Figure 3 corresponds to accuracy, and the dashed line corresponds to demographic parity
disparity (DPD).
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Figure 3. Threshold Sensitivity: Accuracy and Demographic Parity Disparity.

The plot shows several key behaviors:
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1.  Accuracy Behavior: Accuracy improves as the threshold gets closer to the mid-range and reaches its peak
around thresholds of 0.55 and 0.60, where it reaches its local maximum in the mid-range (approximately
between 0.55 and 0.60). On the other hand, accuracy gradually decreases towards both ends of the lower and
higher thresholds.

2.  Fairness Behavior (DPD): DPD is nota linear function of the threshold. It improves as the threshold gets closer
to the mid-range and reaches its peak around the points where accuracy is highest. On the other hand, at the
extreme points (0.1 and 0.9), DPD drops significantly.

3.  Performance-Fairness Interaction: The region where accuracy is highest does not correspond to the region
where DPD is lowest. In fact, fairness disparity is higher in the region where the predictive performance is
highest.

These results suggest that fairness gaps are not merely a result of the default threshold of 0.5. Although the
threshold can be tuned to close the gap in extreme decision boundaries, this is often at the expense of predictive
accuracy. Therefore, decision policy selection is a factor that interacts with structural bias but does not mitigate it.

4.5. Robustness Analysis across 50 Random Seeds

To ensure that results for a single seed are robust to random fluctuations, the entire experimental pipeline was
run for 50 different random seeds (Table 2). For each seed, the values of accuracy, demographic parity disparity,
and equalized odds difference were calculated for both the baseline and reweighed models.

Table 2. Mean Results across 50 Seeds.

Metric Baseline Reweighed
Accuracy 0.5907 0.5893
DPD 0.2572 0.2400
EO Diff 0.4642 0.4306

Over 50 seeds, several patterns stand out (Table 3):

e Accuracy is virtually unaffected (0.5907 vs. 0.5893), suggesting that reweighing does not tend to worsen accu-
racy.

e  DPD reduces on average from 0.2572 to 0.2400 with reweighing.

e Equalized odds difference reduces as well, from 0.4642 to 0.4306.

Table 3. Standard Deviation across 50 Seeds.

Metric Baseline Reweighed

Accuracy 0.0249 0.0266
DPD 0.0555 0.0583

EO Diff 0.1207 0.1272

This is unlike the single seed set, the average of the multi-seed set exhibits a distinct, but insignificant fairness
enhancement. This is used to show that one observation cannot be reflective of the trend. The small standard
deviations suggest that the patterns of fairness observed do not change significantly across stochastic realizations,
though no formal hypothesis testing is done.

4.6. Distribution of Reweighing Instance Weights

The learning instance weights were subjected to descriptive statistics to determine how strong the fairness
effect was as shown in Figure 4.
The weight diagnostics indicate that:

¢  Mean weight = 1.0.
¢  Maximum weight ~ 1.2986.
e 95th percentile > 1.2986.

10
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Figure 4. Distribution of Reweighing Instance Weights.

The histogram shows that the weights are constrained by discrete points giving the combinations of group
label with outcome values. Most importantly, there are no extreme and massively skewed weights.
The boundedness of the weight distribution indicates that:

e  There is no numerical instability,
e There is no extreme leverage effect,
e There is a moderate redistribution of influence for the group-label combinations.

General Implication of Findings
The findings give three valuable lessons:

¢  The non-monotonic dynamics of fairness may occur in individual runs, as in the case of the seed 42 setting.

e Inrepeated stochastic runs, reweighing causes small, but systematic decreases in the gaps in fairness, with no
significant decrease in accuracy.

¢  Whereas the threshold selection can influence accuracy and parity, equality gaps do not change in a large in-
terval of operational thresholds.

5. Discussion

The effect of a pre-processing fairness intervention, reweighing, on predictive accuracy and a set of measures
of fairness in a controlled experimental setting was examined in this paper. The findings indicate that there is a
complicated interplay of mitigation, statistical variation, and decision policy.

In the single seed case (seed = 42), there was a minor increase in predictive accuracy with reweighing but it
did not achieve fairness measures consistently. The disparity in demographic parity and equalized odds difference
marginally improved in this arrangement but the disparate impact ratio was below the 0.80 mark. It can be seen in
this example that the effects of fairness mitigation are not always monotonic at the individual level, and may depend
on the stochastic variation.

The strength analysis provided by multi-seed however leads to a more stable perspective. Reweighing on 50
different runs led to a small decrease in the average demographic parity disparity (0.2572-0.2400) and equalized
odds difference (0.4642-0.4306), but not a change in predictive accuracy. The comparatively tiny standard devia-
tions indicate that the trends of fairness do not vary among stochastic cases, but no statistical conclusion is drawn.

The threshold sensitivity analysis also demonstrates that the outcomes of fairness do not only rely on the model
but also on the decision policy. The difference between the demographic parity is a non-linear relationship on the
thresholds and is the greatest at the medium thresholds and declines at the higher/lower thresholds. This once
again highlights the importance of distinguishing model bias and policy bias. The weight diagnostics show that the
re-weighing process has moderate changes (max weight ~ 1.30) and does not experience severe leverage effects
and numerical instability. The intervention relies on a controlled redistribution as opposed to drastic rescaling.

11
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In summary, the results emphasize three important insights:

e  Fairness mitigation effects are not necessarily uniform for individual instances.
e  Multi-seed testing is a crucial requirement for drawing valid conclusions.
¢  Fairness is a multi-dimensional concept that is sensitive to policies.

6. Limitations

The data generation mechanism in this study is synthetic, which allows for experimental control and replica-
bility but does not faithfully represent the complexity of socio-technical systems in the real world. The structural
disadvantage mechanism is thus more illustrative than descriptive.

The predictive model considered in this study is restricted to logistic regression. While this is deliberate to
reflect the nature of interpretable models in regulated settings, the fairness-accuracy trade-off could be different
for more complex models.

Though robustness is evaluated over 50 random seeds, other structural settings and levels of disadvantage are
not considered. The findings thus establish robustness over stochastic variation rather than structural variation.

Lastly, fairness evaluation in this study is restricted to group-level statistical metrics. These metrics reflect
distributional and error rate disparities but do not subsume individual-level, causal, or more general notions of
fairness.

7. Conclusion

This work examined the relationship between predictive accuracy and fairness-aware pre-processing in a con-
trolled simulated decision-making task. We assessed logistic regression models on a synthetically created credit
approval task with structural disadvantage injected into the data using the reweighing fairness mitigation method
on a dataset with 50 independent random seeds.

Single-seed experiments show that fairness metrics can differ between individual runs, but robustness analysis
on 50 independent random seeds shows small but consistent improvements in demographic parity disparity and
equalized odds difference using reweighing, with little effect on average predictive accuracy. Threshold sensitivity
analysis also shows that fairness metrics are sensitive to decision thresholds, highlighting the complex nature of
fairness evaluation in algorithmic decision-making systems.

The results of this work suggest that fairness-aware pre-processing can lead to systematic improvements in
group fairness metrics in expectation, but that trade-offs between fairness metrics and predictive accuracy are still
context-dependent. Future studies may apply this framework to other model classes, other mitigation techniques,
and real-world datasets to further test external validity.
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