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Abstract

Machine Learning (ML) algorithms play a vital role in decision-making across multiple sectors such
as healthcare, finance, education, and law enforcement. Despite their widespread use, concerns about
fairness and bias within these systems present critical ethical and social challenges. To address these
issues, three major fairness libraries-Microsoft’s Fair-learn, IBM’s AIF360, and Google’s What-If Tool-
were utilized. These frameworks offer comprehensive capabilities for assessing fairness, visualizing
outcomes, and implementing bias mitigation techniques. This study focuses on evaluating and mitigating
bias in a structured dataset using the CatBoost Classifier model. Its primary objective is to compare the
performance of mitigation algorithms from two fairness libraries, applying them individually across
the three stages of the ML lifecycle (pre-processing, in-processing, and post-processing), as well as
sequentially across multiple stages. The results indicate that certain sequential applications improve bias
reduction while preserving model performance. A publicly available dataset from Kaggle was used for
experimentation, providing a realistic context for examining fairness within machine learning workflows.

Keywords: Machine learning fairness; Bias analysis

Introduction

Machine learning algorithms are increasingly applied across diverse domains such as
entertainment, retail, healthcare, finance, education, law enforcement, and critical decision-
making areas like loan approvals [1] and hiring processes [2,3]. These systems offer significant
advantages, including consistent performance and the capacity to analyze large numbers of
variables simultaneously [4,5]. However, despite their benefits, algorithms can also manifest
biases that result in unfair or discriminatory outcomes [6,7]. Such biases are particularly
concerning when decisions have direct implications for individuals or communities. Ensuring
fairness in machine learning is therefore crucial to uphold ethical and equitable decision-
making, as biased algorithms undermine this principle by favoring or disadvantaging specific
groups based on inherent or acquired characteristics. The concept of “fairness” in algorithmic
systems is heavily influenced by the so-ciotechnical context. Various types of fairness-related
harms have been identified:

Allocation harm: Unfair distribution of opportunities, resources, or information, such as
an algorithm selecting men more often than women for job opportunities [8].

Quality-of-service harm: Disproportionate failures affecting certain groups, e.g., facial
recognition misclassifying Black women more often than White men [9], or speech recognition
underperforming for users with speech disabilities [10].

Stereotyping harm: Reinforcement of societal stereotypes, such as image searches for
“CEO” predominantly showing photos of White men [8].

Denigration harm: Offensive or derogatory outputs from systems, like misclassifying
people as gorillas or chatbots using slurs [8].
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Representation harm: Over-or under-representation of
certain groups, e.g., racial bias in welfare fraud investigations or
neglect of elderly populations in public-space monitoring [8].

Procedural harm: Decision-making practices violating social
norms, such as penalizing job applicants for extensive experience
or failing to provide transparency, justification, or appeals for
algorithmic decisions [11].

These harms often overlap and are not exhaustive, emphasizing
the need for careful consideration of fairness from the development
stage of algorithmic systems. Integrating machine learning fairness
techniques into research as practical industry applications is crucial
for promoting the adoption of ethical Al practices. Fairness libraries
offer powerful tools to evaluate and mitigate biases in machine
learning models, meeting the increasing demand for equity as
industries become more dependent on Al-driven decision-making.
These tools are particularly valuable in domains such as finance,
banking, and healthcare, where fairness and accountability are
paramount. By enabling intuitive, interactive analysis of model
behavior, fairness frameworks help stakeholders understand
and manage fairness trade-offs effectively. Demonstrating their
practical use bridges the gap between academic research and real-
world implementation, advancing the creation of transparent and
equitable Al systems. This study presents use cases utilizing three
leading fairness libraries-Microsoft’s Fair learn, IBM’s AIF360, and
Google’s What-If Tool-to evaluate and mitigate bias in machine
learning models prior to deployment. The goal is to guide industry
practitioners in integrating these tools into their workflows,
thereby fostering fairness across diverse Al applications.

In this study, we performed a comparative analysis of two
approaches to bias mitigation in machine learning models. The
first approach involved applying individual mitigation algorithms
independently, the explored the sequential
application of multiple algorithms across different stages of the ML
lifecycle pre-processing, in-processing, and post-processing. The

while second

sequential strategy aims to leverage the complementary strengths
of algorithms at each stage, offering a more holistic and effective
framework for reducing bias.

To conduct this study, a publicly available dataset [12] from
Kaggle was selected. Kaggle datasets offer diverse and realistic
contexts for evaluating machine learning models, making
them well-suited for fairness research. The dataset underwent
preprocessing and was utilized to build classification models-a
standard machine learning task focused on predicting discrete
labels from input features. Classification problems are especially
significant in fairness analysis, as biased predictions can lead to
unequal treatment or adverse impacts on specific groups.

To assess and mitigate potential biases, three advanced fairness
libraries were utilized: Fair learn by Microsoft, AIF360 by IBM, and
the What-If Tool by Google. These frameworks offer comprehensive
functionalities for fairness evaluation, including quantitative
metrics, visualization tools for interpreting model behavior, and
bias mitigation algorithms. By employing these libraries, this study

systematically examines the fairness of classification models and
investigates methods to reduce bias in their predictions. A similar
fairness analysis for unstructured datasets involving computer
vision and natural language processing models was conducted in
our previous work [13].

While prior research has largely focused on implementing
fairness interventions at individual stages of the Machine Learning
(ML) lifecycle, this study advances the field by introducing a
sequential, lifecycle-based approach that integrates fairness
techniques across all three stages-pre-processing, in-processing,
and post-processing. This comprehensive framework enhances
bias mitigation by addressing fairness holistically, reducing the
propagation of bias during model development, and minimizing
residual disparities that often persist when interventions
are applied in isolation [14,15]. By applying this integrated
methodology to real-world datasets, our research provides strong
empirical evidence of its effectiveness. Ultimately, this work bridges
the gap between theoretical fairness principles and their practical
implementation,

oriented fairness strategies in Al development [16]. The objectives

encouraging broader adoption of lifecycle-

of this research are:

A. The central objective is to demonstrate how a sequential
application of fairness mitigation algorithms across the ML
lifecycle stages, pre-processing, in-processing, and post-
processing, leads to superior mitigation of biases compared to
applying these methods in isolation.

B. To assess the extent of bias present in machine learning models
trained on the selected structured dataset.

C. To compare the performance and effectiveness of the three
fairness libraries in identifying and mitigating bias.

D. To provide actionable insights into the application of fairness
tools in real-world machine learning workflows.

The remainder of this paper is organized as follows: Section
2 provides a review of related work on machine learning fairness.
Section 3 describes the methodology, including the dataset,
preprocessing steps, and model development process. Section
4 discusses the implementation of fairness analyses using the
selected libraries and their capabilities. Section 5 presents a
comparative analysis and results of the libraries. Finally, Section 6
concludes with a summary of findings.

Review of Related Work

Bias in Machine Learning (ML) models has emerged as a
growing concern, especially as these systems play an expanding
role in high-impact domains such as healthcare, employment, and
criminal justice. Extensive research has investigated the sources,
manifestations, and mitigation strategies of bias, establishing a
solid foundation for understanding and addressing this critical
challenge.

A major area of research centers on the identification and
characterization of biases in machine learning models. Mehrabi
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N et al. [17] presents a comprehensive taxonomy that classifies
biases into three main categories: historical, representation, and
measurement biases. Historical bias arises from pre-existing
inequities embedded in the data, even before any machine
learning techniques are applied. Representation bias occurs when
certain groups are disproportionately represented in the training
dataset, resulting in skewed or unbalanced model predictions [18].
Measurement bias develops when the features or labels used for
training fail to accurately capture the intended target variable due
to flawed or inconsistent measurement processes.

Another line of research has focused on methods for detecting
bias.Commonapproachesinclude disparateimpactanalysis[19]and
fairness metrics such as demographic parity, equal opportunity, and
disparate mistreatment [20]. In the context of structured datasets,
studies typically examine both group and individual fairness. Group
fairness aims to ensure that predefined demographic groups are
treated equitably, whereas individual fairness focuses on providing
similar treatment to similar individuals [21]. As noted in [22], these
fairness definitions can sometimes conflict, requiring application-
specific trade-offs.

The literature also highlights the technical challenges involved
in mitigating bias. A common strategy is pre-processing, which
tackles biases directly within the dataset. For instance, Kamiran
F et al. [23] suggests re-weighting samples or modifying labels to
promote fairness prior to training. In-processing approaches, such
as adversarial debiasing [24], embed fairness constraints within
the model training itself. Post-processing methods, on the other
hand, adjust model outputs to meet fairness criteria, exemplified by
the re-ranking techniques in [20]. Nevertheless, [25] emphasizes
that different fairness metrics can conflict, showing that enhancing
fairness often comes at the expense of accuracy.

Bias analysis in structured datasets has attracted significant
attention due to the prevalent use of tabular data in decision-
making systems. Such datasets often contain hidden biases arising
from historical inequities or systemic discrimination. The COMPAS
dataset, widely used in criminal justice, illustrates these issues,
with studies revealing racial disparities in its predictive outcomes
[26]. Research in this area also underscores the influence of
feature selection and data preprocessing on either exacerbating or
mitigating biases. For example, [27] investigates how correlations
between features and sensitive attributes affect fairness and
proposes strategies to disentangle these relationships.

Recent studies have investigated the role of interpretability
in bias analysis. Ribeiro MT et. al. [28] introduced LIME (Local
Interpretable Model-agnostic  Explanations), which helps
stakeholders understand model predictions and uncover biased
decision-making patterns. [29] Further developed SHAP (SHapley
Additive exPlanations), offering consistent and locally precise
measures of feature importance. These interpretability tools have
proven valuable for detecting bias in structured datasets, allowing
detailed analysis of how individual features influence potentially
unfair predictions.

Moreover, researchers increasingly  integrating
intersectionality into bias analyses. [30] Highlights the importance
of assessing models across multiple demographic dimensions,
showing how performance gaps can accumulate for intersectional
groups, such as Black women in facial recognition systems. In the
context of structured datasets, studies like [31] propose fairness
interventions that account for multiple subgroups simultaneously,

mitigating the limitations of single-axis fairness evaluations.

are

The literature on bias in machine learning covers a broad
spectrum, including foundational definitions, detection methods,
mitigation strategies, and interpretability tools. Despite
considerable advances, challenges persist in applying these
approaches to structured datasets, especially when balancing
fairness with other objectives like accuracy and interpretability.
This review highlights the need for ongoing research into holistic,
context-aware strategies for analyzing and mitigating bias in

machine learning models.
Dataset and Model Details

We used two datasets in this work to generalize our conclusion
as much as possible. The first data is a loan dataset [12]. The
dataset is designed to automate the real-time loan eligibility
process based on customer details provided during the online
application form submission. These details include Loan ID, Gender,
Married, Dependents, Education, Self Employed, Applicant Income,
Co-applicant Income, Loan Amount, Loan Amount Term, Credit
History, and Property Area. Feature definitions are as follows:

a. Loan’ID: Unique Loan ID

b. Gender: Male/Female

c. Married: Applicant married (Y/N)

d. Dependents: Number of dependents

e. Education: Applicant Education (Graduate/ Under Graduate)

f. Self Employed: Self employed (Y/N)
Applicant Income: Applicant income

h. Coapplicant Income: Co-applicant income

i. Loan Amount: Loan amount in thousands

j Loan’Amount Term: Term of loan in months

k. Credit'History: credit history meets guidelines

l.  Property'Area: Urban/ Semi Urban/ Rural

m. Loan’Status: (Target) Loan approved (Y/N)

The primary objective is to determine eligibility for granting
a home loan (Yes/No) by predicting loan eligibility based on the
provided information. Gender is considered a sensitive feature in
the analysis. The dataset comprises 614 samples with a total of 11
features.

The second dataset is a job application one [12]. The
“Employability Classification of Over 70,000 Job Applicants”
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dataset provides detailed information about job applicants and
their employability scores, aiming to assist organizations in
evaluating candidates for various employment opportunities.
Leveraging machine learning techniques, it offers insights into
factors influencing employability, enhancing the efficiency of the
hiring process. The dataset, compiled from job portals, career
fairs, and online applications, spans diverse industries, roles, and
qualifications, ensuring broad applicability. It includes features
such as age, education level, gender, professional experience, coding
expertise, previous salary, and computer skills, with “Employed”
serving as the target variable indicating whether the applicant was
hired. Feature definitions are as follows:

1. Age: age of the applicant, ;35 years old or {35 years old
(categorical)

2. EdLevel: education level of the applicant (Undergraduate,
Master, PhD. . .) (cat-egorical)

3. Gender: gender of the applicant, (Man, Woman, or NonBinary)
(categorical)

4. Main Branch: whether the applicant is a professional
developer (categorical)

5. Years Code: how long the applicant has been coding (integer)

6. Years Code Pro: how long the applicant has been coding in a
professional context, (integer)

7. Previous Salary: the applicant’s previous job salary (float)

8. Computer Skills: number of computer skills known by the
applicant (integer)

9. Employed: target variable, whether the applicant has been
hired (categorical)

This structured dataset represents applicants through rows,
with attributes organized into columns, making it a valuable
resource for analyzing employability trends.

To process the datasets, categorical variables were encoded
using techniques such as one-hot encoding, and continuous
variables were normalized to ensure compatibility with the
machine learning models. The dataset was split into training and
testing subsets using an 80-20 split to evaluate model performance.
For the model, the pipeline employed several machine learning
algorithms, including Logistic Regression, Decision Trees, CatBoost,
and Gradient Boosting. CatBoost [32] emerged as the most effective
algorithm for the classification task. Model parameters have been
considered with their default values:

(iterations=None, learning rate=None, depth=None, 12 leaf
reg=None, model size reg=None, rsm=None, loss function=None,
border count=None, feature border type=None, per float feature
quantization=None, input borders=None, output borders=None,
fold permutation block=None, od pval=None, od wait=None,
od type=None, nan mode=None, counter calc method=None,
leaf estimation iterations=None, leaf estimation method=None,
thread count=None, random seed=None, use best model=None,

verbose=None, logging level=None, metric

ctr leaf count limit=None, store all simple ctr=None, max ctr

period=None,

complexity=None, has time=None, allow const label=None, classes
count=None,
one hot max size=None, random strength=None, name=None,

class weights=None, auto class weights=None,

gnored features=None, train dir=None, custom loss=None, custom
metric=None, eval metric=None, bagging temperature=None, save
snapshot=None, snapshot file=None, snapshot interval=None, fold
len multiplier=None, used ram limit=None, gpu ram part=None,
allow writing files=None, final ctr computation mode=None,
approx. on full history=None, boosting type=None, simple ctr=None,
combinations ctr=None, per feature ctr=None, task type=None,
device config=None, devices=None, bootstrap type=None,
subsample=None, sampling unit=None, dev score calc obj block
size=None, max depth=None, n estimators=None, num boost
round=None, num trees=None, colsample bylevel=None, random
state=None, reg lambda=None, objective=None, eta=None, max
bin=None, scale pos weight=None, gpu cat features storage=None,
data partition=Nonemetadata=None, early stopping rounds=None,
cat features=None, grow policy=None, min data in leaf=None, min
child samples=None, max leaves=None, num leaves=None, score
function=None, leaf estimation backtracking=None, ctr history
unit=None, monotone constraints=None, feature weights=None,
penalties coefficient=None, first feature use penalties=None, model
shrink rate=None, model shrink mode=None, langevin=None,
diffusion temperature=None, posterior sampling=None, boost
from average=None, text features=None, tokenizers=None,
dictionaries=None, feature calcers=None, text processing=None,

fixed binary splits=None)

The study evaluated the model using standard classification
metrics such as accuracy, precision, recall, and F1-score. In addition,
fairness metrics such as demographic parity and disparate impact
were calculated to analyze potential biases. Results highlighted
disparities in prediction accuracy across demographic groups,
with notable differences between different subgroups in the
sensitive features. These findings underscored the importance of
incorporating fairness evaluations into traditional performance
assessments for machine learning models.

Implementation of Fairness Analyses

In recent years, the increasing reliance on Machine Learning
(ML) in various sectors has led to growing concerns over fairness
and bias in classification models. As these models can significantly
influence decision-making processes in critical areas such as
healthcare, finance, and criminal justice [33], ensuring their fairness
has become imperative. Bias in ML models can manifest due to
various factors, including skewed training data, model selection,
and underlying societal biases, ultimately leading to discriminatory
outcomes against marginalized groups [6].

To address these challenges, several libraries and tools have
been developed to assist practitioners in analyzing and mitigating
bias in their models. Among them, Fairlearn, AIF360, and What-
If Tool stand out as comprehensive resources that offer unique
functionalities for fairness evaluation and enhancement.
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Fairlearn [34]

Developed by Microsoft, this toolkit helps data scientists
assess and improve the fairness of their Al models by providing a
suite of metrics to evaluate fairness and algorithms for mitigating
unfairness. Fairlearn emphasizes the importance of both social
and technical dimensions of fairness in Al systems. It facilitates the
understanding of how different aspects of a model contribute to
disparities among groups.

In this analysis, we will use the fairness metric Demographic
Parity Difference (DPD) that measures the disparity between the
selection rates of two or more groups. It’s calculated by finding the
difference between the largest and smallest group-level selection
rate. A lower value indicates less disparity. Different mitigation
algorithms will be used to mitigate the bias in the model. There
are algorithms work on different ML life cycle stages such as pre-
processing, in-processing, and post-processing levels. The best
algorithms that will work good for our use cases are Exponentiation
Gradient and Threshold Optimizer.

The Exponentiated Gradient (EG) is designed to reduce
unfairness in machine learning models by framing the problem as a
constrained optimization task. The algorithm seeks to minimize loss
(maximize predictive accuracy) while satisfying constraints related
to fairness. Exponentiated Gradient works by iteratively finding a
weighted combination of models (or classifiers) that achieves the
best trade-off between accuracy and fairness constraints. This
combination forms a probabilistic ensemble, where models are
assigned, weights using an exponentiated updates scheme. The
ensemble is then used for predictions. The fairness constraints
are typically defined in terms of statistical fairness metrics, such
as demographic parity, equalized odds, or disparate impact. These
constraints are enforced within a specified tolerance level.

The Exponentiated Gradient method addresses the following
optimization problem [35]:

min E;M)[L(h)]

subject to: E}Al e[g,-(h)] <e, Vie{la---a m}a

where @is the set of all possible classifiers, L(i,) is the loss
function measuring predictive performance (e.g., log-loss or
mean squared error), gi(;z) are the fair-ness constraint functions,
quantifying the extent to which fairness conditions (e.g., equal
opportunity) are violated for the i—# constraint, € is the allowed
constraint violation margin, and ;z is a hypothesis (or classifier).

The Threshold Optimizer in the Fairlearn library is a fairness
mitigation algorithm designed to adjust decision thresholds of
a pre-trained model to satisfy fairness constraints. Instead of
retraining the model, it modifies how the model’s predictions are
converted into decisions, making it efficient and easy to integrate
into existing workflows.

Threshold Optimizer takes the predicted scores from a model
and applies group- specific thresholds to ensure that fairness

constraints are met. This approach is particularly useful for
binary classification tasks, where decisions are based on whether
a prediction exceeds a threshold. The algorithm assigns different
thresh- olds for different demographic groups, balancing fairness
and predictive performance.

Fairness constraints, such as demographic parity or equalized
odds, are specified, and the algorithm ensures that the decision-
making process respects these constraints. The optimization
minimizes a loss function (e.g., error rate) while satisfying fairness
conditions.

Threshold Optimizer solves the following constrained

optimization problem for a binary classification setting [36,37]:
mTin E[L(Y, Yr } R

subject to: g,.(T) <g, Ve {1,...,m},

where T = {Tg}geGis the set of thresholds, one for each
demographic group geG,Lg,fr, is the loss function, comparing true
labels Y and predicted labels )A’T derived using thresholds 7, g(T)
are fairness constraint functions that quantify fairness violations
(e.g., difference in true positive rates between groups), and € is the
tolerance for constraint violations. By adjusting thresholds instead
of retraining, Threshold Optimizer provides a straightforward and
computationally efficient method to ensure fairness in decision-
making.

AIF360 [38]

This comprehensive library offers a wide range of metrics
for assessing fairness and techniques for mitigating bias across
the entire Al application lifecycle. Developed by IBM, AIF360
includes methods that can be integrated into different stages of the
machine learning pipeline to facilitate fairness-aware modeling. It
includes metrics for evaluating fairness across different societal
demographics and offers re-parameterization strategies to improve
model robustness.

Two successful mitigation algorithms will provide very good
results in reducing the bias in the ML model with maintaining the
metric chosen to measure the performance which is Average Odds
Difference (AOD). These algorithms are Reweighing and Equalized
Odds.

Reweighing is a preprocessing technique that assigns weights
to the data instances to reduce biases associated with sensitive
attributes, such as race, gender, or age. The reweighing process
ensures that different groups are treated fairly in terms of
representation when training a machine learning model [23].

The main idea of Reweighing is to balance the dataset so that the
proportion of favorable and unfavorable outcomes is equal across
different demographic groups defined by the sensitive attribute.
The algorithm does this by computing instance weights based on
the joint distribution of sensitive attributes and class labels. These
weights are then applied to the training dataset, allowing the model
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to learn a more unbiased representation. Reweighing can mitigate
fairness issues such as disparate impact or statistical parity,
depending on the fairness metric being addressed. This method
does not modify the feature values or the labels but adjusts their
importance in the training process.

Equalized Odds is a fairness mitigation method that ensures
a model’s predictions satisfy the fairness criterion known as
equalized odds. This criterion requires that the prediction
outcomes be independent of sensitive attributes, conditional on the
true outcome. In other words, the model should have the same True
Positive Rate (TPR) and False Positive Rate (FPR) across all groups
defined by the sensitive attribute.

The Equalized Odds approach modifies the predictions of
a classifier to ensure that the TPR and FPR are approximately
equal across groups [39,20]. It achieves this by adjusting decision
thresholds for different groups or directly post- processing the
predictions. This technique is a post-processing method, meaning it
does not alter the original model but modifies its outputs to improve
fairness. The algorithm is useful in applications where fairness is
critical and ensures that predictions are fair across groups while
maintaining as much accuracy as possible.

What-If-Tool [40]

Created by Google, thisinteractive visualization tool allows users
to explore and analyze machine learning models without requiring
any coding. It supports performance testing in hypothetical
scenarios, facilitating the understanding and explanation of model
behavior. It enables users to observe model performance across
different demographics and explore various “what-if” scenarios.
It supports users in understanding how changes in input features
affect model predictions, thus empowering them to conduct deeper
bias analysis.

Together, these tools are essential for researchers aiming to
understand and mitigate bias in machine learning classification
models, equipping them with the methodologies to ensure equitable
Al systems and informed decision-making processes.

Results and Discussion

In this section, we present and analyze the results obtained
from each fairness library. The primary objective of our analysis
is to conduct a comparative study on the effectiveness of applying
individual mitigation algorithms applying multiple
algorithms sequentially across the three stages of the ML lifecycle.
The results demonstrate that, in some cases, sequential applications
yield better outcomes compared to individual ap- plications, while
in others, they perform worse. These outcomes are evaluated based
on their ability to improve fairness metrics while maintaining or
enhancing performance metrics. The details for each library are
provided below. The codes and details can be found in [41]. The

versus

sensitive feature in the loan and job application datasets that we
measured the bias in is gender, and we used the CatBoost algorithm
[32] in the classification model. The model of the loan dataset
predicts the eligibility of the applicant for a loan, and the model of

the job applicant dataset predicts the eligibility of employment. For
both models, we use the accuracy as the model performance metric.
We investigate the model if it is biased against any group (male/
female) in gender.

For Fairlearn, we use demographic parity difference as a
fairness metric to evaluate the bias in the machine learning
model. To address and mitigate the detected biases, we applied
mitigation algorithms at three stages of the machine learning
pipeline: and postprocessing.
Preprocessing techniques involved modifying the training data
to reduce bias before feeding it into the model. For example,
sensitive features in a dataset may be correlated with non-sensitive
features. The Correlation Re-mover addresses this by eliminating

preprocessing, in-processing,

these correlations, while preserving as much of the original data
as possible, as evaluated by the least-squares error. In-processing
methods integrated fairness constraints into the model training
process, with approaches such as exponentiated gradient ensuring
that the model learned fairer decision boundaries. Postprocessing
focused on adjusting the predictions after model training, ensuring
that the final outputs adhered to fairness criteria without retraining
the model such as thresh- old optimizer which is built to satisfy the
specified fairness criteria exactly and with no remaining disparity
[20,36].

Beyond these individual techniques, we also explored the use
of combined mitigation approaches, where two algorithms were
applied in series to enhance fairness outcomes. For instance,
preprocessing adjustments were complemented by postprocessing
tweaks, leading to improved alignment with both accuracy and
fairness objectives. This combined approach aimed to leverage the
strengths of each mitigation stage to produce more equitable and
reliable model predictions. The design of the sequential algorithms
are as following:

1. Correlation remover + Exponentiate gradient: We first
applied the pre-processing mitigation algorithm Correlation
Remover to reduce the bias in the sensitive features in the
dataset. Next, we applied the postprocessing mitigation
algorithm Exponentiate Gradient to fair classification
described in a reductions approach to fair classification.

2. Correlation remover + Grid search: We first applied the
preprocessing mitigation algorithm Correlation Remover to
reduce the bias in the sensitive features in the dataset. Next,
we applied the postprocessing mitigation algorithm Grid
Search to fair classification described in a reductions approach
to fair classification.

3. Correlation remover + Threshold optimizer: We first
applied the pre-processing mitigation algorithm Correlation
Remover to reduce the bias in the sensitive features in the
dataset. Next, we applied the postprocessing mitigation
algorithm Threshold Optimizer that is based on the paper
Equality of Opportunity in Supervised Learning [20].

The evaluation process identify the best algorithm/s as the
one that achieve a dual objective: minimizing bias metrics like
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demographic parity difference while maintaining performance

metrics such as accuracy, precision, and recall. Our findings
highlight the importance of an integrated approach to fairness,
where multiple strategies are utilized in conjunction to address
complex biases inherent in structured datasets.

Figure 1 presents the results of fairlearn mitigation algorithms

applied one at a time and in a sequential order to the two datasets.

1.

Below is the discussion of the results of the loan dataset:
Original model

a) Demographic Parity Difference: 6.72%

b)  Accuracy: 78.18%

L The original model shows moderate unfairness with
relatively high accuracy.

II. This imbalance is typical-the model optimizes purely for
accuracy, which often results in unequal outcomes across
demographic groups.

Correlation remover
a) Demographic Parity Difference: 34.20%
b)  Accuracy: 73.94%

L This significant increase in disparity suggests that
removing correlated features (e.g., features correlated
with sensitive attributes) may have dis-torted predictive
relationships.

IL. Sometimes, this preprocessing method can remove
informative variables that incidentally correlate with
both the target and the sensitive attribute, leading to
poorer generalization and worsened fairness.

Exponentiated gradient
a) Demographic Parity Difference: 3.17%
b)  Accuracy: 76.38%

L A strong improvement in fairness with only a slight drop
in accuracy.

11 This algorithm directly enforces fairness constraints
during model training, balancing between accuracy and
fairness.

11 The model likely reweighted predictions to reduce

differences in positive outcomes between groups.
Grid search
a) Demographic Parity Difference: 5.49%
b)  Accuracy: 78.99%

L Maintains high accuracy while modestly improving
fairness.
IL. This method explores multiple combinations of

constraints and model parameters, optimizing both

5.

1.

2.

7
fairness and performance.
I11. The result implies it found a near-optimal trade-off
without over-correcting bias.

Threshold optimizer

a) Demographic Parity Difference: 3.98%

b)  Accuracy: 74.92%

L This postprocessing method adjusts classification
thresholds after training to align outcomes across
groups.

IL. The notable fairness gain with a moderate accuracy drop

suggests successful balancing-effective especially when
base model probabilities are well-calibrated.

Correlation remover + Exponentiated gradient
a) Demographic Parity Difference: 12.91%
b)  Accuracy: 74.43%

L The mixed result suggests that preprocessing removed
informative features, limiting the Exponentiated
Gradient’s ability to optimize fairness effectively.

Correlation Remover + Grid Search
a) Demographic Parity Difference: 18.01%
b)  Accuracy: 74.27%

1) Again, combining feature removal with model-level
fairness constraints may have introduced conflicting

effects-less discriminatory features but also less
predictive signal.

Correlation Remover + Threshold Optimizer

a) Demographic Parity Difference: 22.05%

b)  Accuracy: 74.43%

i. Postprocessing methods depend heavily on the model’s

predicted prob-abilities. Since the base model was
weakened by feature removal, the threshold adjustments
couldn’t fully equalize group outcomes.

Below is the discussion of the results of the job dataset:
Original model

A.  Demographic Parity Difference: 10.46%

B.  Accuracy: 83.78%

a) The original model shows a moderate fairness gap,
meaning one demo- graphic group received favorable
outcomes more often.

b) However, the accuracy is strong and stable, as the model
was optimized for predictive performance, not fairness.

Correlation remover

A.  Demographic Parity Difference: 9.91%
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B.  Accuracy: 83.73%

a) Only a slight improvement in fairness occurred, with
minimal accuracy loss.

b) The Correlation Remover removes linear dependencies
between features and the sensitive attribute.

c¢) The small change suggests that most bias was not
strongly correlated with the features removed, or that
the model quickly re-learned those patterns from other
correlated inputs.

3. Exponentiated Gradient
A.  Demographic Parity Difference: 0.85%
B.  Accuracy: 83.72%

a) This shows a drastic improvement in fairness with
virtually no impact on accuracy.

b) The Exponentiated Gradient algorithm imposes fairness
constraints during optimization, adjusting the model to
reduce outcome disparities while maintaining predictive
performance.

c) Thisresult suggests the Job Applicants dataset allows for
effective fair- ness trade-offs-fairness can be achieved
without sacrificing much ac- curacy.

4. Grid search
A.  Demographic Parity Difference: 10.46%
B.  Accuracy: 83.78%

a) This result mirrors the original model, suggesting that
the Grid Search fairness constraints may not have been
strong enough or were optimized toward accuracy
rather than fairness.

b) It’s possible the fairness parameter chosen prioritized
performance consistency.

5. Threshold optimizer
A.  Demographic Parity Difference: 0.63%
B.  Accuracy: 83.69%

a) Another excellent fairness outcome with a minimal drop
in accuracy.

b) As a postprocessing technique, it adjusts decision
thresholds per demo-graphic group to equalize
outcomes.

c) This approach is often effective when the model’s
predicted probabilities
appears to be the case here.

are well-calibrated, which

6. Correlation remover + Exponentiated gradient
A.  Demographic Parity Difference: 0.99%

B.  Accuracy: 83.64%

a) Combining preprocessing and in-training methods
retained most of the fairness gains, though not as strong
as when Exponentiated Gradient was used alone.

b) This may be due to the Correlation Remover reducing
useful signal that the in-training method could have
leveraged.

7. Correlation Remover + Grid Search
A.  Demographic Parity Difference: 9.68%
B.  Accuracy: 83.71%

a) Little improvement in fairness-indicating that Grid
Search’s optimization objective did not effectively
exploit the reduced correlations introduced by the
preprocessing stage.

8. Correlation remover + Threshold optimizer
A.  Demographic Parity Difference: 0.38%
B.  Accuracy: 83.69%

i. The best overall fairness improvement with minimal
accuracy loss.

ii. This combination likely worked well because the
preprocessing  step with
sensitive attributes, and postprocessing fine- tuned
outcome balancing.

simplified relationships

Notably, overall performance of some individual application of
the mitigation algorithms is better than the sequential algorithms
as we see from Figure 1 plots. Both exponentiated gradient and
threshold optimizer reduced the bias in the models and maintained
their performance. On the other hand, there is no sequential
algorithms hold a good performance across the two datasets
(Figure 1).

For AIF360, we employ both individual mitigation algorithms
as well as two distinct mitigation algorithms within each stage of
the machine learning pipeline to comprehensively address bias.
We use the fairness metrics Statistical Parity Difference, Average
0dds Difference, Equal Opportunity Difference, Theil Index, and
Generalized Entropy Index. We employ the mitigation algorithms
Reweighing, Disparate Impact Remover, Adversarial Debiasing, and
Calibrated EqOdds.

In the preprocessing stage, Reweighing assigns weights to
instances based on their representation in different demographic
groups. This approach ensured a balanced distribution of data,
directly addressing biases embedded in the training dataset.

In the post-processing stage, Equalized Odds imposes
constraints during model training to ensure that predictive
outcomes were not disproportionately distributed across sensitive
attributes such as race or gender. By enforcing parity in true
positive and false positive rates, Equalized Odds can enhance
fairness without significantly compromising model performance.
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In addition to examining individual techniques, we investigated
combined mitigation strategies, where two algorithms were
applied sequentially to improve fairness outcomes. For example,
preprocessing modifications were followed by postprocessing
adjustments, resulting in better alignment between accuracy and
fairness goals. This integrated approach sought to capitalize on the
advantages of each mitigation stage to achieve more equitable and
dependable model predictions.

The design of the sequential algorithms are as following:

1. Disparate impact remover + Adversarial debiasing: We
first applied the preprocessing mitigation algorithm Disparate
Impact Remover to reduce the bias in the sensitive features
in the dataset. Next, we applied the in-processing mitigation
algorithm Adversarial Debiasing to reduce the bias in the
hyperparameter tuning.

2. Adversarial debiasing + Calibrated EqOdds
postprocessing: We first applied the in-processing mitigation
algorithm Adversarial Debiasing to reduce the bias in the
hyperparameter tuning. Next, we applied the postprocessing
mitigation algorithm Calibrated EqOdds Postprocessing to

fair classification described in a reductions approach to fair

classification.

3. Reweighing + Calibrated EQODDS Postprocessing: We first
applied the preprocessing mitigation algorithm Reweighing to
reduce the bias in the sensitive features in the dataset. Next,
we applied the postprocessing mitigation algorithm Calibrated
EqOdds Postprocessing to fair classification described in a
reductions approach to fair classification.

By looking at the two plots in Figure 2, one can recognize that
the mitigation algorithms are not effective in reducing bias in the
models as much as the ones of the Fairlearn library as shown in
Figure 1. Figure 2 shows a pattern for the impact of the mitigation
algorithm applications to the model performance both in individual
and sequential order. The best algorithms in maintaining the
model performance are Reweighing, Disparate Impact Remover,
and Calibrated EqOdds in individual order, as well as Reweighing+
Calibrated EqOdds in sequential order where the accuracy of
the original model is 78.18% for the loan dataset and 83.78%
for the job applicant dataset and after applying these mitigation
algorithms the accuracy did not change much. Regarding the bias in
the models, both individual and sequential algorithms do not show
much impact in reducing bias. On the contrary, some individual and
sequential algorithms have increased the bias in the models.

Fairlearn - Loan Dataset

0 78.99%

Demographic Parity Difference (%)

Original

Correlation Remover Exponentiated Gradient

Grid Search

Fairlearn - Job Applicants Dataset

23 Demographic Parity Difference
—e— Accuracy

Accuracy (%)

Threshold Op!lmlzer Cun’e\atlon Remover  Correlation Remover  Correlation Remover
Exponentiated Gradient  + Grid Search + Threshold Optimizer

Demographic Parity Difference (%)

Original

Correlation Remover Exponentiated Gradient

Grid Search

% Demographic Parity Difference
—e— Accuracy

84.5

b4
o

@
]

wn
Accuracy (%)

Threshold opum.zer Correlation Remover  Correlation Remover  Correlation Remover
Exponentiated Gradient  + Grid Search + Threshold Optimizer

Figure 1: The results of applying Fairlearn to loan and job application datasets with classification model
after applying the mitigation algorithms one at a time and in sequential order.

COJ Robotics & Artificial Intelligence

Copyright © Ahmed Rashed



COJRA.000605. 5(1).2025

AIF360 - Loan Dataset
EER Statistical Parity Difference (%)
3| SS9 Average Odds Difference (%)
BER Equal Opportunity Difference (%) =
. Theil Index (%)
@ Generalized Entropy Index (%) snon
—e— Accuracy _—
0
80
5
7
2
£ £
s
2 76 g
2 g
£ 4
&

Disparate Impact Remover Adversarial Debiasing

AIF360 - Job

Calibrated EqOdds Postprecessing Adversatial Debias Reweighing
+ Calitrated EqOdds Post 9 + Calibrted EqOdds Postprocessin

Dataset

@ Statistical Parity Difference (%)
B Average Odds Difference (%)
W8 Equal Opportunity Difference (%)
35| EER Theil Index (%)

e Generalized Entropy Index (%)
——— ACCuracy

83.78%

Faimess Metrics (%)

Disparate Impact Remover ‘Adversarial Debiasing

Accuracy (%)

Callbrated EqOcds Postprocessing

Aaversanal Debiasing
+ Calibrated EqOdd:

Figure 2: The results of applying AIF360 to loan and job application datasets with classification model
after applying the mitigation algorithms one at a time and in sequential order.

Our findings underscore the importance of selecting
appropriate mitigation strategies tailored to specific stages of the
machine learning pipeline. By leveraging the effective mitigation
algorithms, we demonstrated that it is possible to achieve a
balanced trade-off between fairness and accuracy, highlighting the
potential of integrated approaches to bias mitigation in structured

datasets (Figure 2).

In the What-If Tool, there is no mitigation algorithms to reduce
the model bias. Therefore, we do not discuss this library here in the

paper for comparing between mitigation algorithms. Instead, we
demonstrate that the bias may change by adjusting the threshold for
the labeled class that impacts both the model’s performance and its
bias metrics. The optimal thresholds identified for this model were
0.2 and 0.4. At these thresholds, the model performance metric
(Accuracy) increased from 0.33 to an average of 0.62, representing
a 29% improvement, while the bias metric (Demographic Parity
Difference) decreased from 0.19 to 0.01, reflecting an 18%
reduction. These results are summarized in (Table1).

Table 1: The results by applying What-If-Tool library to the classification model.

Thresholds | Demographic Parity Male Demographic Parity | Performance Change Using Fairness Improvement Using
(DPM) Female (DPF) Average Accuracy Score Demographic Parity Diff = DPM - DPF

Baseline 0 0.303 0.112 0.33 0.19
0.63 0.01

0.2 0.566 0.551 30% better 18% better
0.61 0.01

0.4 0.628 0.611 28% better 18% better
0.55 0.02

0.6 0.655 0.627 22% better 17% better
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Conclusion management. International Transactions in Operational Research 9(5):

This work examined the fairness of machine learning models
with classification tasks using structured datasets, focusing on
how biased predictions can reinforce systemic inequalities. Kaggle
datasets were analyzed to provide the model fairness, utilizing
two fairness libraries Fairlearn (Microsoft) and AIF360 (IBM) to
evaluate and mitigate bias. We discussed a comparative study of
applying the mitigation algorithms of these libraries individually
one at a time in one of the ML stages including pre-processing,
in-processing, and post-processing versus applying the mitigation
algorithms in a sequential order at more than one stages at the
same time.

For the Fairlearn library, we observed that applying the
mitigation algorithms both individually and in a sequential
order have a good power in reducing the bias in the model. Some
individual applications such as exponentiated gradient and
threshold optimizer showed better performance in reducing
bias and maintaining the model performance over the sequential
application of the algorithms. However, no sequential algorithm
consistently maintained high performance across both datasets.
For the loan dataset, the best algorithm performance is Exponential
Gradient at demographic parity of 3.17% and accuracy of 76.38%,
where the worst algorithm performance is Correlation Remover at
demographic parity of 34.20% and accuracy of 73.94%. For the job
dataset, the best algorithm performance is Correlation Remover +
Threshold Optimizer at demo- graphic parity of 0.38% and accuracy
of 83.69%, where the worst algorithm performance is Grid Search
at demographic parity of 10.46% and accuracy of 83.78%.

In contrast, the AIF360 library’s mitigation algorithms showed
less effectiveness in reducing bias while maintaining model
performance. Sequential algorithms in AIF360 had minimal impact
on bias reduction and, in some cases, increased bias in the models.
For the loan dataset, the best algorithm performance is Calibrated
EpOdds Postprocessing at fairness metrics average of 9.91% and
accuracy of 79.67%, where the worst is Reweighing at fairness
metrics average of 19.50% and accuracy of 78.86%. For the job
dataset, the best algorithm performance is Reweighing at fairness
metrics average of 9.55% and accuracy of 83.97%, where the worst
algorithm performance is Disparate Impact Remover at fairness
metrics average of 26.83% and accuracy of 79.83%.

Overall, the study demonstrated that Fairlearn algorithms
outperform those in AIF360 in balancing fairness and model
performance.
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