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Abstract
Fairness in AI systems is critical in high-stakes domains such as healthcare, where biased predictions can
exacerbate existing disparities. This paper presents an empirical evaluation of a three-stage fairness pipeline,
integrating pre-processing (Disparate Impact Remover), in-processing (Exponentiated Gradient Reduction), and
post-processing (Equalized Odds Optimization), on a real-world healthcare dataset from Ireland. We construct
an intersectional demographic attribute to audit disparities across race, gender, and age. Our results show that
multi-stage fairness interventions can reduce subgroup disparities with minimal loss in predictive performance.
However, integrating fairness techniques may introduce fairness and performance trade-offs. These findings
highlight the importance of holistic, intersectional fairness auditing and the need for careful design of fairness-
enhancing pipelines in real-world applications.
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1. Introduction

Artificial Intelligence (AI) systems are increasingly used to support high-stakes decisions in healthcare
[1]. As these systems shape real-world outcomes, their trustworthiness, particularly in terms of fairness,
has become a central concern for researchers and policymakers [2]. In domains like healthcare, fairness
is not just a technical goal but an ethical necessity, as biased predictions can lead to inequitable access or
harm to already marginalized groups. This concern has been codified in regulatory frameworks such as
the EU Artificial Intelligence Act [3] and the NIST AI Risk Management Framework [4], which identify
healthcare AI as a high-risk application requiring bias monitoring, transparency, and risk mitigation
throughout the AI lifecycle.

Predictive models are applied in healthcare, influencing treatment decisions, triage, and quality-of-care
metrics. If such models reinforce historical disparities, they risk disproportionately affecting vulnerable
populations [5]. For example, satisfaction prediction tools that ignore demographic nuance may under-
detect dissatisfaction in groups like older women of color, skewing institutional metrics and misguiding
interventions. Unlike fairness studies in other domains, such as criminal justice [6], healthcare settings
introduce unique challenges, including clinical heterogeneity, strict privacy constraints, and ethical
obligations to minimize harm. These factors make intersectional fairness particularly critical.
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To mitigate these risks, fairness-enhancing interventions have been developed across the Machine
Learning (ML) pipeline, pre-processing (e.g., data transformation), in-processing (e.g., fairness-aware
training), and post-processing (e.g., bias output corrections) [6]. However, most studies apply these
interventions in isolation using benchmark datasets with limited demographic complexity. There is
little empirical evidence on how multi-stage fairness pipelines perform in real-world, intersectional
contexts [7]. Fairness audits also often assess single attributes like race or gender, despite the reality that
individuals experience overlapping disadvantages [8, 9]. Drawing on the framework of intersectionality
[10], we argue that fairness assessments must account for these compounding effects. A model may
appear fair across race or gender individually, but still disadvantage Black women or elderly Latina
patients, biases easily missed by one-dimensional evaluations.

In this study, we evaluate a three-stage fairness pipeline comprising Disparate Impact Remover (pre-
processing), Exponentiated Gradient Reduction (in-processing), and Equalized Odds (post-processing).
We apply it to a real-world healthcare dataset from Ireland, using a composite intersectional attribute
(race, gender, and age) across ten demographic subgroups.

We hypothesize that multi-stage fairness interventions will improve fairness across subgroups without
significantly degrading predictive performance. To evaluate this, we formulate the following research
questions: (1) How do fairness techniques perform when applied in combination across the pipeline?
(2) Do multi-stage methods reduce disparities more effectively than single-axis evaluations suggest? (3)
What trade-offs arise between fairness and performance in a sensitive healthcare task?

Moreover, to ensure practical applicability, we quantify fairness-performance trade-offs, highlighting
how equity gains compare to changes in predictive metrics, such as F1 score and accuracy. Our results
show that integrated fairness strategies can reduce disparities with minimal loss in performance. We
advocate for fairness audits that span the entire ML pipeline and incorporate intersectional analysis to
support ethically robust AI systems.

2. Trustworthy AI and Fairness: Related Work

The principles of trustworthy AI, including fairness, transparency, and accountability, are foundational
to policy frameworks such as the European Commission’s High-Level Expert Group on AI [11]. In ML,
fairness is commonly evaluated using metrics such as Statistical Parity Difference (SPD), Disparate
Impact (DI), Equal Opportunity Difference (EOD), and Average Odds Difference (AOD), which often
conflict (e.g., optimizing SPD may worsen EOD) and require careful trade-off management [12].

Fairness-aware ML techniques span the full model development lifecycle. Pre-processing methods,
such as Disparate Impact Remover (DIR) [13], attempt to mitigate bias in input data. In-processing
approaches, such as Exponentiated Gradient Reduction (EGR) [14], optimize fairness constraints during
training, whereas post-processing techniques, like Equalized Odds adjustment (EO) [15], operate on
model outputs. Surveys such as [16] emphasize that most studies assess these techniques in isolation
using benchmark datasets, often lacking demographic nuance and real-world complexity.

A notable exception is Farayola et al. [6, 17], who propose an integrative fairness framework in
recidivism prediction. Their work integrates techniques across all three stages (pre-, in-, and post-
processing phases) within a multi-objective optimization setting. They demonstrate that specific
combinations (e.g., DIR + EGR + EO) can enhance fairness across multiple metrics with minimal loss
in accuracy. While this represents a comprehensive multi-stage approach, it is limited to recidivism
prediction. It does not address healthcare-specific challenges (e.g., clinical heterogeneity, missing data).
Moreover, its applicability to real-world healthcare settings remains untested.

In healthcare, fairness challenges are compounded by clinical complexity (e.g., missing data, label
noise), social determinants of health, and intersectional disparities [18, 19]. Valentine et al. [19]
emphasize the importance of accounting for intersecting factors, such as race, sex, and socioeconomic
status, when assessing diagnostic fairness. Huang et al. [20] conduct a scoping review and find that most
fair ML applications in healthcare remain limited to single-attribute assessments, with intersectionality
rarely operationalized.



To address this, the technical fairness literature has proposed intersectional frameworks. Foulds et
al. [21] formalize fairness from an intersectional perspective by incorporating subgroup-level constraints
into model objectives. Kearns et al. [10] propose auditing and learning algorithms that ensure fairness
across a rich space of subgroups, aiming to prevent fairness gerrymandering. However, these algorithms
are largely evaluated on synthetic or benchmark datasets.

Recent studies have begun to bridge this gap. Ramachandranpillai et al. [22] investigate intersectional
bias mitigation in multimodal clinical prediction using the MIMIC-IV (Medical Information Mart for
Intensive Care IV) dataset, which contains de-identified clinical data from patients in intensive care
units (ICUs) and emergency departments (EDs). They demonstrate how biases vary across demographic
intersections and data modalities, highlighting the importance of tailored fairness interventions in
complex clinical settings. Wang and Yang [23] propose FairGrad, which aligns gradient updates with
subgroup fairness objectives in sepsis prediction; however, their evaluation is limited to a single clinical
task. While these works represent progress, they often apply to narrow clinical use cases and do not
fully evaluate the cumulative interaction of fairness interventions across the ML pipeline.

Three key gaps persist: (1) Few studies evaluate end-to-end fairness pipelines (pre-, in-, post-
processing) in real-world healthcare, (2) Scalable intersectional audits are lacking, particularly for
overlapping subgroups (e.g., race × gender × age), (3) Trade-off quantification across pipeline stages
and subgroups remains understudied.

Our work addresses these gaps by evaluating one of the three-stage integrated fairness-enhancing
mitigation models identified in [6], namely DIR, EGR, and EO, on a real-world clinical dataset. We
define and audit ten intersectional subgroups (race × gender × age), quantifying cumulative fairness
effects and subgroup-specific performance trade-offs. Building on the integrative approach of Farayola
et al. [6], our study uniquely applies it to healthcare, providing a more comprehensive and ethically
grounded approach to trustworthy AI in practice.

3. Data and Ethical Considerations

This study utilizes a sensitive, real-world dataset from a healthcare organization in Ireland, containing
detailed member-level information gathered through surveys, operational records, and structured
metadata. The dataset is extensive, comprising 376,357 member records and 177 features. The objective
is to predict individuals likely to become "detractors", members who express negative satisfaction
feedback, which serves as a critical indicator of perceived quality in insurance coverage.

The dataset includes both numerical and categorical features, including sensitive attributes such
as self-reported race/ethnicity, gender, and age. These were combined into a composite attribute,
RACE_GENDER_AGE, to enable intersectional fairness analysis across ten distinct subgroups (e.g., White
Male 65+, Latino Female 65+, White Female <65). Rare combinations were grouped into an "Other"
category. The resulting minimum number of records per subgroup was 9,217 ensuring each subgroup
had a credible volume of data.

To mitigate proxy discrimination, we excluded features highly correlated with protected or so-
cioeconomic attributes, such as regional census indicators and prior-year quality scores. Categorical
variables were one-hot encoded, while missing values were imputed using the mean (numerical) or
mode (categorical).

Privacy and ethical safeguards were strictly followed. All identifiers were anonymized, and vari-
able names were withheld following the healthcare provider’s policies and all relevant data protection
regulations. The dataset cannot be publicly released, and all analyses were conducted internally follow-
ing an ethical review. Hence, this dataset enables a rare evaluation of fairness-enhancing techniques in
a complex, real-world setting, where demographic nuance, imperfect data, and strict privacy constraints
mirror the practical challenges of AI deployment far more closely than public benchmarks.



4. Methodology

We evaluate a three-stage fairness pipeline comprising pre-processing (Disparate Impact Remover),
in-processing (Exponentiated Gradient Reduction with XGBoost), and post-processing (Equalized Odds).
Performance and fairness metrics are reported at the intersectional subgroup level.

4.1. Data Preparation and Splitting

The dataset was filtered to exclude records with missing target labels or demographic attributes. Features
strongly correlated with protected variables were removed to mitigate proxy bias. Categorical variables
were one-hot encoded, and missing values were imputed (mean for numeric, mode for categorical).

To facilitate intersectional fairness analysis, we constructed a composite attribute
(RACE_GENDER_AGE) that combines race, gender, and age, resulting in ten subgroups. The
privileged group (“White Male 65+”) was chosen based on domain knowledge and observed outcome
advantages in the dataset, with all others treated as unprivileged.

The data was partitioned into three subsets: 50% was used to train the Base XGBoost model, the
Disparate Impact Remover (DIR), the Exponentiated Gradient Reduction (EGR), and the combined
DIR + EGR models; 40% was reserved for testing these models and fitting the Equalized Odds (EO)
post-processing algorithm using their predictions; and the remaining 10% was held out for the final
performance and fairness evaluation of the models with EO post-processing applied.

4.2. Fairness Techniques and Evaluation Metrics

We implement a three-stage fairness pipeline comprising pre-processing, in-processing, and post-
processing steps. In the pre-processing stage, the Disparate Impact Remover (DIR) [13] modifies feature
distributions to reduce dependence on protected attributes. For in-processing, Exponentiated Gradient
Reduction (EGR) [14] incorporates fairness constraints during model training; in our implementation,
protected attributes are omitted to improve fairness performance. We use an XGBoost classifier as
the EGR estimator. Post-processing utilizes Equalized Odds (EO) [15], which applies group-specific
adjustments to equalize false positive and false negative rates using predictions from the EGR model.
Classification thresholds were tuned per demographic group by maximizing F1 scores over a grid of
values (0.10–0.89).

We report classification metrics including accuracy, balanced accuracy, F1 score, recall, and AUC-ROC,
disaggregated by intersectional subgroup. Fairness is evaluated using four group metrics: Disparate
Impact (DI), Statistical Parity Difference (SPD), Equal Opportunity Difference (EOD), and Average
Odds Difference (AOD), reflecting disparities in outcome rates and error rates between privileged and
unprivileged groups. All fairness metrics were computed using the AIF360 library [24].

4.3. Fairness Results and Analysis

We evaluated each pipeline configuration across ten intersectional subgroups defined by race, gender,
and age, using Disparate Impact (DI), Statistical Parity Difference (SPD), Equal Opportunity Difference
(EOD), and Average Odds Difference (AOD), with ideal values of 1.0, 0.0, 0.0, and 0.0, respectively, see
Table 1.

The base model, without fairness interventions, exhibited notable disparities. For example, Asian
Male Age 65+ recorded DI = 0.33, SPD = -0.57, EOD = -0.55, and AOD = -0.54, highlighting significant
disadvantage and the need for intervention.

Applying DIR as a pre-processing step improved DI for some subgroups (e.g., to 0.40 for Asian Male
Age 65+), yet SPD, EOD, and AOD remained unfavourable. This suggests that while distributional
correction can partially alleviate disparity in outcome rates, it is insufficient on its own for deeper
model biases.

EGR, the in-processing method, delivered broader fairness gains. All groups attained DI values
between 0.99 and 1.17, and other disparity metrics stayed between -0.01 and 0.15. Notably, Latino Female



Age 65+ reached DI = 1.02 and SPD = 0.01. Importantly, Asian Male Age 65+ with (DI = 0.34) in the base
model, improved to 0.99 with EGR. On average, the F1 score remained 93% of the base result.

EO post-processing was not effective in reducing EOD and AOD, and its ability to improve DI was
mixed. For example, Asian Male Age 65+ still showed DI = 0.34, reflecting that post-hoc corrections are
more effective when integrated with earlier-stage interventions.

The DIR+EGR configuration demonstrated strong synergy, with many subgroups reaching near-ideal
fairness levels (e.g., DI between 0.79 and 0.98 and SPD between -0.01 and -0.16). On average, the F1 score
remained 94% of the base result. This balance suggests that integrating fairness-enhancing techniques
can improve fairness without a significant reduction in performance.

The EGR+EO pipeline offered the most consistent improvements across fairness metrics while
minimizing performance trade-offs. For instance, Latino Male Age 65+ achieved DI = 0.99, SPD =
0.0, EOD = 0.01, and AOD = 0.02, demonstrating effective fairness alignment with retained model
performance.

In contrast, DIR+EO (without in-processing) produced less stable outcomes. Fairness metrics did not
materially improve and performance metrics worsened for most groups (e.g., F1 score reduced from
0.26 to 0.16 for Black Male Age 65+). This underscores the critical role of model-level adjustments in
fairness optimization.

The full pipeline (DIR + EGR + EO) achieves a significant impact, but fairness outcomes were not
consistently improved. For instance, the DI for Asian Male Age 65+ remained below parity at 0.78,
and subgroup-level F1 score declined in cases such as Black Male 65+. These results indicate that
multi-stage mitigation must be applied with careful calibration to avoid overcorrection and performance
degradation.

Integrating fairness interventions can reduce disparities, though often at the cost of performance
metrics such as the F1 score if not carefully configured. EGR+EO improved AOD by 32% on average
across sub-groups with 93% F1 retention, and DIR+EGR achieved near-parity DI with 94% F1 retention.
In contrast, configurations like DIR+EO or DIR+EGR+EO risk fairness drift or lower F1 scores. These
findings highlight that no single mitigation technique performs best across all subgroups or metrics.
Effectiveness depends on data characteristics, underscoring the need for tailored combinations that
address specific disparities more effectively.

Table 1: Performance and fairness metrics across intersectional subgroups for each pipeline configuration, with negative
values shown in braces.

Model Description Best Threshold Accuracy F1-Score Recall AUC DI SPD EOD AOD
White, Female, Age 65+ 0.56 0.72 0.26 0.46 0.66 0.99 (0.01) (0.01) (0.01)

Black, Male, Age 65+ 0.57 0.74 0.26 0.44 0.67 0.98 (0.02) (0.03) -
Latino, Male, Age 65+ 0.59 0.76 0.28 0.42 0.67 0.85 (0.12) (0.12) (0.11)

White, Male, Age under 65 0.56 0.73 0.27 0.48 0.67 0.78 (0.18) (0.18) (0.17)
Latino, Female, Age 65+ 0.60 0.79 0.28 0.38 0.68 0.80 (0.17) (0.16) (0.17)

White, Female, Age under 65 0.56 0.73 0.27 0.48 0.67 0.72 (0.23) (0.23) (0.24)
Black, Female, Age 65+ 0.58 0.75 0.26 0.41 0.66 0.78 (0.19) (0.18) (0.20)
Asian, Male, Age 65+ 0.58 0.75 0.27 0.46 0.66 0.33 (0.57) (0.55) (0.54)

Base

Other 0.57 0.74 0.27 0.47 0.68 0.44 (0.48) (0.47) (0.47)
White, Female, Age 65+ 0.55 0.73 0.25 0.43 0.66 1.00 - - (0.01)

Black, Male, Age 65+ 0.54 0.72 0.27 0.48 0.67 0.96 (0.03) (0.04) (0.02)
Latino, Male, Age 65+ 0.52 0.68 0.27 0.53 0.66 0.83 (0.14) (0.14) (0.13)

White, Male, Age under 65 0.56 0.74 0.27 0.44 0.67 0.73 (0.23) (0.22) (0.22)
Latino, Female, Age 65+ 0.56 0.76 0.26 0.42 0.66 0.74 (0.22) (0.21) (0.22)

White, Female, Age under 65 0.58 0.77 0.28 0.39 0.67 0.66 (0.29) (0.28) (0.30)
Black, Female, Age 65+ 0.58 0.78 0.27 0.39 0.67 0.70 (0.25) (0.24) (0.27)
Asian, Male, Age 65+ 0.59 0.80 0.27 0.35 0.67 0.40 (0.51) (0.49) (0.48)

DIR

Other 0.58 0.78 0.27 0.38 0.66 0.43 (0.48) (0.47) (0.48)
White, Female, Age 65+ 0.59 0.65 0.25 0.53 0.63 1.01 0.01 0.01 -

Black, Male, Age 65+ 0.67 0.66 0.24 0.50 0.63 1.07 0.05 0.05 0.06
Latino, Male, Age 65+ 0.83 0.72 0.25 0.44 0.63 1.02 0.02 0.01 0.04

White, Male, Age under 65 0.72 0.67 0.25 0.50 0.63 1.17 0.11 0.11 0.15
Latino, Female, Age 65+ 0.38 0.60 0.24 0.61 0.63 1.02 0.01 0.02 0.02

White, Female, Age under 65 0.38 0.61 0.28 0.62 0.64 1.15 0.10 0.10 0.12
Black, Female, Age 65+ 0.87 0.79 0.26 0.34 0.65 1.00 - - 0.01
Asian, Male, Age 65+ 0.63 0.66 0.25 0.49 0.61 0.99 (0.01) - 0.04

EGR

Other 0.83 0.71 0.24 0.44 0.63 1.05 0.03 0.04 0.05



White, Female, Age 65+ - 0.83 0.20 0.24 - 1.00 - (0.01) -
Black, Male, Age 65+ - 0.82 0.20 0.24 - 0.99 - (0.01) 0.01
Latino, Male, Age 65+ - 0.71 0.22 0.34 - 0.81 (0.16) (0.16) (0.14)

White, Male, Age under 65 - 0.71 0.26 0.41 - 0.76 (0.20) (0.19) (0.21)
Latino, Female, Age 65+ - 0.69 0.25 0.37 - 0.77 (0.19) (0.18) (0.18)

White, Female, Age under 65 - 0.68 0.27 0.45 - 0.71 (0.24) (0.23) (0.25)
Black, Female, Age 65+ - 0.71 0.27 0.44 - 0.76 (0.20) (0.20) (0.20)
Asian, Male, Age 65+ - 0.51 0.32 0.66 - 0.34 (0.55) (0.53) (0.53)

EO

Other - 0.55 0.28 0.59 - 0.44 (0.47) (0.46) (0.46)
White, Female, Age 65+ 0.81 0.71 0.24 0.44 0.63 0.98 (0.01) (0.01) (0.02)

Black, Male, Age 65+ 0.35 0.67 0.24 0.50 0.62 0.96 (0.03) (0.03) (0.01)
Latino, Male, Age 65+ 0.31 0.65 0.24 0.50 0.62 0.95 (0.03) (0.03) (0.01)

White, Male, Age under 65 0.63 0.68 0.26 0.53 0.64 0.87 (0.09) (0.09) (0.07)
Latino, Female, Age 65+ 0.33 0.67 0.27 0.56 0.66 0.92 (0.06) (0.05) (0.05)

White, Female, Age under 65 0.85 0.76 0.27 0.39 0.64 0.85 (0.11) (0.10) (0.10)
Black, Female, Age 65+ 0.81 0.71 0.26 0.46 0.64 0.84 (0.12) (0.11) (0.11)
Asian, Male, Age 65+ 0.31 0.66 0.25 0.52 0.62 0.79 (0.16) (0.15) (0.12)

DIR+EGR

Other 0.64 0.68 0.25 0.49 0.62 0.81 (0.14) (0.13) (0.13)
White, Female, Age 65+ - 0.69 0.23 0.51 - 1.01 0.01 0.01 (0.01)

Black, Male, Age 65+ - 0.69 0.19 0.38 - 1.05 0.03 0.03 0.06
Latino, Male, Age 65+ - 0.66 0.24 0.44 - 0.99 - (0.01) 0.02

White, Male, Age under 65 - 0.73 0.24 0.32 - 1.15 0.10 0.10 0.13
Latino, Female, Age 65+ - 0.67 0.30 0.47 - 1.00 - 0.01 0.01

White, Female, Age under 65 - 0.75 0.23 0.38 - 1.14 0.10 0.10 0.10
Black, Female, Age 65+ - 0.66 0.28 0.49 - 0.98 (0.01) - -
Asian, Male, Age 65+ - 0.62 0.28 0.38 - 0.99 - (0.01) 0.05

EGR+EO

Other - 0.68 0.31 0.46 - 1.03 0.02 0.03 0.03
White, Female, Age 65+ - 0.84 0.20 0.21 - 1.00 - - (0.02)

Black, Male, Age 65+ - 0.81 0.16 0.20 - 0.95 (0.04) (0.05) (0.02)
Latino, Male, Age 65+ - 0.74 0.21 0.29 - 0.81 (0.16) (0.16) (0.15)

White, Male, Age under 65 - 0.71 0.23 0.33 - 0.76 (0.20) (0.20) (0.19)
Latino, Female, Age 65+ - 0.72 0.29 0.39 - 0.78 (0.19) (0.17) (0.20)

White, Female, Age under 65 - 0.68 0.22 0.40 - 0.71 (0.24) (0.24) (0.27)
Black, Female, Age 65+ - 0.72 0.21 0.34 - 0.76 (0.21) (0.20) (0.22)
Asian, Male, Age 65+ - 0.54 0.34 0.55 - 0.40 (0.51) (0.50) (0.49)

DIR+EO

Other - 0.56 0.27 0.52 - 0.46 (0.47) (0.46) (0.46)
White, Female, Age 65+ - 0.73 0.23 0.46 - 1.00 - - (0.02)

Black, Male, Age 65+ - 0.69 0.18 0.36 - 0.96 (0.03) (0.03) 0.01
Latino, Male, Age 65+ - 0.68 0.26 0.43 - 0.93 (0.05) (0.04) (0.03)

White, Male, Age under 65 - 0.66 0.26 0.48 - 0.88 (0.09) (0.08) (0.08)
Latino, Female, Age 65+ - 0.68 0.27 0.44 - 0.93 (0.05) (0.04) (0.04)

White, Female, Age under 65 - 0.67 0.25 0.54 - 0.89 (0.08) (0.07) (0.09)
Black, Female, Age 65+ - 0.66 0.27 0.53 - 0.86 (0.11) (0.10) (0.11)
Asian, Male, Age 65+ - 0.60 0.35 0.55 - 0.78 (0.16) (0.15) (0.14)

DIR+EGR+EO

Other - 0.62 0.30 0.52 - 0.82 (0.13) (0.12) (0.12)

4.4. Key Insights from the Analysis

The empirical evaluation reveals several critical insights about the interplay between fairness interven-
tions and predictive performance across intersectional subgroups, see Table 1.

Insight 1: Multi-stage interventions outperform single-stage ones. Our results confirm that
fairness is most effectively improved when mitigation techniques are applied at multiple stages of the
machine learning pipeline. Configurations such as DIR + EGR and EGR + EO consistently delivered more
equitable outcomes across metrics like DI, SPD, and AOD, compared to any individual intervention
alone. These combinations reduced disparities while preserving substantial performance, supporting
the notion that fairness must be embedded throughout the pipeline rather than treated in isolation.

Insight 2: Trade-offs between fairness and performance are non-uniform. Some intervention
strategies improved fairness with minimal performance impact, while others led to subgroup-specific
degradation. For instance, EGR+EO achieved low disparity scores alongside strong recall and F1
performance. By contrast, DIR+EGR+EO produced modest gains in recall for several groups but was
less stable overall, with some subgroups (e.g., White Male under 65) experiencing notable performance
declines. These outcomes indicate that fairness-utility trade-offs vary by configuration and cannot be
generalized.

Insight 3: High Fairness Scores Can Mask Instability. While most DI values clustered around
1.0 under well-calibrated pipelines, some subgroups showed exaggerated improvements. For exam-



ple, Latino Male Age 65+ reached DI = 0.93 under DIR + EO, and 0.82 under DIR+EGR+EO, indicating
performance shifts not necessarily aligned with improved fairness. These patterns may reflect overcom-
pensation or instability, suggesting the need for holistic subgroup-level audits that go beyond average
metrics to ensure fair and balanced outcomes.

Insight 4: Intersectional subgroup evaluation is crucial. Certain groups, particularly Asian
Male Age 65+, consistently underperformed in both fairness and performance metrics, even under
fairness-aware models. For example, this group maintained a DI below 0.5 across several configurations.
This illustrates how single-axis assessments (e.g., race or gender alone) can obscure compounded
disadvantage. Intersectional subgroup analysis is essential to reveal complex and persistent inequities
that aggregated evaluations would miss.

Insight 5: Post-processing is most effective when preceded by upstream corrections. Equal-
ized Odds (EO) post-processing improved fairness metrics such as EOD and AOD, particularly when
combined with fairness-aware training (e.g., EGR). Applied alone, EO delivered modest fairness gains
but could not overcome entrenched disparities from biased inputs or model structures. This underscores
EO’s role as a valuable final-stage tool, but only when upstream bias has been addressed through
preprocessing or in-processing.

These insights highlight the need for fairness-aware model development that considers both technical
and social contexts. They underscore the importance of testing interventions in combination and across
diverse subgroups, as effects are often variable and configuration-dependent.

5. Discussion

Our results show that fairness-enhancing interventions applied across the ML pipeline can improve
equity across intersectional subgroups with minimal compromise to overall predictive performance. The
most balanced configuration, combining Exponentiated Gradient Reduction (EGR) with Equalized Odds
(EO), consistently reduced disparities across multiple fairness metrics while preserving performance
metrics such as F1 score. This supports the effectiveness of aligning fairness constraints during training
with calibrated post-hoc adjustments.

Nonetheless, fairness–utility trade-offs remain nuanced and context-dependent. For instance, while
the DIR+EGR+EO configuration improved F1 in some subgroups, it also introduced uneven fairness
outcomes. Latino Male Age 65+ had DI = 0.93 under this configuration, suggesting under-correction
rather than overcompensation. These outcomes highlight the importance of carefully tuned fairness
constraints and subgroup-aware threshold optimization, especially when working with smaller or
structurally marginalized populations.

The added complexity of multi-stage fairness pipelines also raises interpretability and transparency
concerns. Although removing protected attributes during training helps limit discriminatory influ-
ence, it may hinder the model’s capacity to detect and address embedded inequities. Future research
should explore how causal inference and explainability techniques can bridge this gap and improve
accountability in fairness-aware systems.

Although the proprietary nature of our dataset limits full reproducibility, it reflects common chal-
lenges in real-world healthcare settings, including privacy constraints and complex demographics.
Despite this limitation, our findings support the hypothesis that multi-stage fairness interventions can
promote equitable outcomes with manageable performance trade-offs (RQ1, RQ3). Furthermore, the
intersectional evaluation framework uncovered disparities that single-axis analyses would have missed
(RQ2), reinforcing the value of comprehensive fairness auditing in high-stakes domains.

5.1. Limitations

This study has several limitations. First, while we evaluated multiple fairness metrics, including Dis-
parate Impact, Statistical Parity Difference, Equal Opportunity Difference, and Average Odds Difference,
our primary modeling focus did not incorporate fairness constraints like Equalized Odds during training
or calibration, which may yield different trade-offs. Second, reliance on proprietary healthcare data



limits reproducibility and precludes external benchmarking. Third, the fairness–performance dynamics
observed in this specific healthcare context may not generalize to other domains or geographic settings.
Fourth, Equalized Odds (EO) post-processing assumes access to true outcome labels at deployment
time—a strong requirement that may limit its real-world applicability. Additionally, EO models were
evaluated on a separate held-out test set (10%) following calibration on a distinct test split (40%) using
predictions from upstream models. While this setup is required by the EO algorithm, which learns
group-specific adjustments from predicted and true labels, it limits direct comparability with other
models evaluated only on the 40% test set and may introduce confounding effects due to distributional
differences. Lastly, some intersectional subgroups were underrepresented, potentially leading to unsta-
ble metric estimates and wide variance. Future work should explore fairness auditing techniques that
are robust to low-sample settings and demographic imbalance.

6. Conclusion and Future Work

This paper presented an empirical evaluation of a multi-stage fairness pipeline applied to a real-world
healthcare dataset, integrating Disparate Impact Remover (DIR), Exponentiated Gradient Reduction
(EGR), and Equalized Odds Optimization (EO). Our results demonstrate that when strategically inte-
grated, fairness interventions can reduce disparities across intersectional subgroups while maintaining
acceptable predictive performance.

Our work provides an actionable framework for compliance with emerging regulations like the EU
AI Act [3] and NIST AI RMF [4], which mandate bias mitigation in high-risk AI systems. By integrating
intersectional audits, we address their call for transparency and fairness across demographic subgroups.

The combination of EGR and EO proved most balanced, lowering fairness metrics such as AOD
and EOD with minimal accuracy loss. However, certain groups, most notably Asian Male Age 65+,
continued to experience inequities, underscoring the limitations of current techniques and the need for
subgroup-sensitive approaches.

EO was most effective when applied after upstream mitigation, reinforcing its role as a complementary
rather than standalone tool. While DIR+EGR+EO improved performance for some groups, it introduced
instability, highlighting the need for calibrated design.

Future work will integrate fairness constraints into training, apply causal inference to structural
disparities, and expand to other domains. We also plan to apply explainability tools to enhance
stakeholder trust and explore subgroup-sensitive fairness interventions. Overall, our findings support
the value of multi-stage, intersectionally-aware fairness pipelines as a foundation for responsible and
trustworthy AI in healthcare.
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