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Abstract

Machine Learning (ML) algorithms are used in a wide range of applications, which
affected societies either directly or indirectly in daily life. ML algorithms are pre-
ferred for many tasks that require complex computations with a massive volume of
data due to the better performance compared to humans. Moreover, people have
subjective opinions and points of view, which can lead to bias in their decisions. Un-
fortunately, ML algorithms are not always objective either. Using ML algorithms in
several decision-making systems and other services may cause serious discrimination
among some groups of people in society. One of the most significant reasons behind the
biased predictions of the algorithms for different demographic groups is the imbalanced
representation of each demographic subgroup in the population. In this master’s thesis,
COSCFair (Clustering and OverSampling for Fair Classification) is proposed, which is
a framework to ensure fairness among all the subgroups that exist in a dataset without
changing the original class labels of the samples. COSCFair consists of clustering, over-
sampling, and classification components, where the classification component considers
the outcomes of the clustering algorithm. The classification component contains an
ensembled technique of class label prediction. The experimental results over different
datasets that are widely used as benchmarks to evaluate algorithmic fairness show that
the COSCFair framework yields consistent improvements in fairness while causing a
minimal loss in predictive performance compared to a set of baseline methods.

Keywords— Machine Learning, Fairness, Algorithmic Fairness, Clustering, Oversampling,
Classification
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Chapter 1

Introduction

The usage of machine learning in a wide diversity of domains has affected everyone’s daily
life to varying extent. Every day, more and more machine learning algorithms are used for
decision-making in business and government systems or applications [59]. They are used in
recommender systems, advertisements, hiring systems, and many other fields that provide
services to people or companies. There are several reasons behind the widespread usage of
machine learning algorithms. One of these reasons is that the algorithms perform better
than humans in such decision-making tasks. For example, machine learning algorithms can
handle big volumes of data for complex computational tasks in a significantly shorter time
compared to humans. Besides, while people have subjective opinions which can lead to bias
in their decisions while performing a task, machine learning algorithms do not have any
“opinions”, thus they are supposed to be objective in decision making. Since many of these
machine learning systems can affect people’s lives with the decisions they make regarding
a job application, loan approval, healthcare-related risk approval, or legal decisions about
people, it is very substantial that the algorithms make fair decisions.

Unfortunately, machine learning algorithms are not always objective. Using these algorithms
in several decision-making systems and other services may cause serious discrimination among
some groups of people in society. For example, it was revealed that Amazon’s algorithm for
free same-day delivery made racially biased decisions while choosing which neighborhoods
to provide this service [65], [48]. In another investigation, it was found that one of the job
search portals that is called Xing in China uses an algorithm to rank the job applicants had
a significant gender bias against women [47]. Furthermore, other studies revealed existing
gender and race bias while showing advertisements in Google’s search engine results, such as
showing less high-paying job ads for females when they use the search engine, or showing arrest
records as a recommendation when a name with African-American origin is searched [21, 66].
It has been also found that bias exists in word embeddings in natural language processing
(NLP), namely, gender bias that associates the word “she” more with words like homemaker
and nanny, while it matches the “he” word with architect or computer programmer [10]. Such
biased stereotyping in word embeddings can cause the systems using NLP to become unfair
with the services they provide.

Another domain in which several bias cases were revealed was facial recognition. For example,
Google Photos had tagged two African-American people as “gorillas” with its visual recog-
nition algorithm [5], and Nikon’s smart cameras with facial recognition algorithm could not
recognize the blinks of Asian people [58]. Furthermore, it was found that Microsoft and IBM’s
facial recognition softwares that are used for gender classification were performing better for
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lighter faces than darker faces, male faces than females faces, and finally, they performed worst
at the African-American women faces [11]. Lastly, probably one of the most famous and influ-
ential findings in this domain was the identification of racial bias in the COMPAS recidivism
estimation tool, which is used in many courts of the United States. It was found that the
tool was discriminating African-American males more by predicting a higher recidivism risk
for them compared to white male offenders [3]. According to the risk level of the defendants,
courts can keep the defendants in custody until the trial. Also, the judges considered these
risk scores while deciding on the severity of the sentence of defendants. Given the example
cases above, we see that existence of bias in machine learning algorithms can significantly
affect people’s lives economically (job applicants ranking tool) and socially (COMPAS tool).

There are several reasons why bias exists in machine learning. It could emerge due to the
historical bias or prejudice reflected in the decision variable (class labels) of a dataset. Another
reason could be due to limited features in a dataset that could be less informative about the
population, or due to the existence of an attribute that is directly related to the sensitive
attributes, such as race and gender, even when these sensitive attributes are not used to train
the algorithms. Furthermore, an imbalanced representation of different demographic groups
in a dataset can also cause bias. If a demographic group is represented with many more
negative outcomes than positive while another group is represented the other way around,
this will cause having a biased dataset. These potential problems in a dataset cause machine
learning algorithms to keep the existing bias and reflect it, or even sometimes exacerbate the
existing bias in their predictions.

In order to prevent bias in machine learning, researchers have come up with several different
fairness measures around fairness-aware machine learning. Not only the measures to quan-
tify fairness but also different algorithmic approaches have been developed by researchers to
eliminate the existing bias or mitigate it under a certain level. Unfortunately, there is no
consensus on how to measure bias and mitigate or eliminate it to ensure fairness yet in the
literature. However, most of the approaches are mitigating the bias based on only a single
sensitive attribute even though there are multiple sensitive attributes in a dataset. This can
cause the calculated measures to indicate less bias than what actually exists. For example,
in the whole dataset of COMPAS, there are both race and gender as sensitive attributes. If
only race attribute is considered, the African-American females will make existing bias look
less than it actually is due to the fact that females have more positive outcomes than males,
which will cause the dataset to have a disparate impact ratio of 0.78, which is very close
to the acceptable ratio thresholds (0.8-1.25) to deem a dataset or a classifier fair. If only
gender is considered as the sensitive attribute, then Caucasian males will decrease bias be-
tween groups and have a disparate impact ratio of 0.79 which is also very close to the fairness
threshold.Finally, if both sensitive attributes are considered, then the disparate impact ratio
becomes 0.68 which is much further from the minimum fairness threshold. Thus, being able
to investigate multiple sensitive attributes in datasets simultaneously is very substantial to
identify and mitigate bias adequately.

1.1 Motivation

An increase in the usage of machine learning algorithms in different domains has increased the
importance of the decisions or predictions of these algorithms to be free from any form of bias
since they affect the lives of individuals significantly. Even though numerous bias mitigation
algorithms are proposed to ensure fairness, there is no consensus on which approach is the
best and robust one to follow since the performance of these algorithms can fluctuate across
datasets. In addition, the chosen fairness measures to quantify fairness and measure the
performance of these algorithms can affect the outcomes significantly. For example, while a
couple of fairness measures deem the predictions of a classifier satisfactorily fair, the others
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might deem them unfair. Furthermore, most of the mitigation algorithms proposed in the
literature can handle only a single binary attribute, which means that they can handle only
a limited type of dataset. However, not all the datasets consist of only a single sensitive
attribute with binary values. There are only a few mitigation algorithms that can process
multiple binary sensitive attributes.

Another overlooked topic in the domain is the imbalance in the number of samples that
each group has in datasets. Datasets might have an imbalanced distribution over the groups
defined by the sensitive attributes as well as an imbalanced distribution over the samples with
positive and negative class labels per group of people. The imbalance in datasets can emerge
from biased data collection procedures or not having ample sources to collect a sufficient
amount of data from every demographic group. The imbalance between the number of positive
and negative class labels and imbalance between the number of samples per demographic
group in datasets, and especially under-representation of certain groups can create bias in the
predictions of classification algorithms. However, there are only a few studies that focus on
solving these problems in fairness.

The problems described above indicate the need to design a pre-processing framework that
can handle datasets with multiple sensitive attributes. The framework should eliminate both
class and group imbalance in datasets simultaneously to mitigate the bias before training a
classifier. This way, the classifier will not carry on or exacerbate existing bias in a dataset.
By eliminating any imbalance in the dataset, the framework will be able to satisfy multiple
fairness measures in the literature. In this research, pre-processing is the preferred step
to mitigate bias since it is classifier-agnostic, which means that after pre-processing, any
classifier can be trained on the fair dataset. Furthermore, it is not limited to any specific
group of classifiers, unlike the in-processing approaches that are based on altering the training
procedure of classifiers to force them to satisfy some fairness measures. The pre-processing
approach is not prone to sub-optimal classifier performance either since there is no need to
alter the predicted outcomes of a classifier like post-processing methods do.

1.2 Research Questions

The main research goal of this thesis project is to develop a framework to eliminate dis-
crimination in datasets by applying a re-sampling technique in combination with a clustering
technique in pre-processing step of the machine learning pipeline and ensure fairness in im-
balanced classification.

Thus, the main research question of this thesis is going to be the following:

Research Question: How can we develop a framework to eliminate or mitigate bias in
datasets?

To answer the main research question, the following set of research sub-questions will be
answered:

On at least 2 out of 3 benchmark datasets:

1. Can the proposed mitigation framework improve at least 3 out of 5 chosen fairness
measures calculated on a classifier’s predictions by at least 20%?

2. Can the proposed mitigation framework significantly outperform at least two of the
baseline bias mitigation techniques in terms of at least three out of five chosen fairness
measures without a significant difference in the performance measures?

7



1.3 Glossary

In this section, the most important and widely used terms in the domain of fairness are
defined, which are relevant to this thesis. These terms are going to be used frequently in the
upcoming chapters.

• Fairness: The absence of any prejudice or favoritism towards an individual or a group
based on their intrinsic or acquired traits in the decision-making context [63].

• Discrimination: An unjustified distinction of individuals based on their membership
in a certain category or group [57].

• Protected Group: A group or category of people (identified by the sensitive attributes
they have) that are subject of discrimination analysis, who are explicitly protected from
discrimination [57]. It is also known as unprivileged group in the literature.

• Privileged Group: A group or category of people who have the dominant and favor-
able position or outcomes in discrimination analysis.

• Protected Attribute: The attributes that are potentially used to treat individuals
unfairly and prohibited to be used by the human rights laws, such as gender, sexual ori-
entation, race, ethnicity, skin color, language, social origin, religion or belief, disability,
marital status, or age [57]. It is also named as sensitive attribute in the literature.

• Disparate Treatment: The application of different rules or practices to compara-
ble situations to treat one person less favorably than another based on the subject’s
sensitive attributes [57]. It is also named as direct discrimination or systematic dis-
crimination in the literature.

• Disparate Impact: A neutral verdict, criterion, or practice that takes into account
personal attributes in relation to race, gender, and other discriminatory grounds and
results in unfair treatment of a protected group [57]. It is also named as indirect
discrimination in the literature.

• Favorable Label: The desired decision outcome value that provides an advantage for
individuals.

• Bias Mitigation Algorithm: The algorithms which aim to eliminate or partially
eliminate (mitigate) the existing discrimination in the dataset or whole system.

1.4 Research Methodology

The main goal of this research is to introduce a new framework to the current body of
knowledge that ensures fairness in machine learning. The machine learning pipeline consists
of data collection, data cleaning or pre-processing, model training, testing, and finally the
visualization of the results. Thus, machine learning can be considered as a special sub-
category under data mining since the steps of data mining are including the steps of a machine
learning pipeline. For successful data mining projects, CRoss-Industry Standard Process
for Data Mining (CRISP-DM) [70] is the most preferred research methodology due to its
iterative structure. Since we are conducting research that focuses on ensuring fairness in
machine learning using algorithms, CRISP-DM is the best matching methodology that is
appropriate for research aiming to develop such a framework including the whole machine
learning pipeline. Therefore, the steps of the CRISP-DM methodology will be followed in
order to obtain the best framework to ensure fairness.

CRISP-DM contains six main steps, which are business understanding, data understanding,
data preparation, modeling, evaluation, and deployment. Even though these steps follow one
another in the respective order, it is possible to loop back iteratively in between these steps.
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Business Understanding. It is important for the companies to show that the applications
they use which processes the data of individuals do not contain any discrimination. Fairness
in machine learning is the main domain in this project, hence, it is essential to analyze the
techniques that are developed to quantify and mitigate (un)fairness. Different kinds of fairness
measures and algorithms that are proposed to eliminate or mitigate bias in different steps of
the machine learning pipeline must be carefully studied so that this understanding can be
used to implement a robust and successful mitigation algorithm for the framework. Using
fairness measures is also the way to measure the performance of the mitigation algorithms
which aims to see if the algorithm could remove or at least decrease the amount of bias that
was initially identified. To measure the amount of bias existing in a dataset, demographic
parity, equalized odds, calibration, and an individual fairness measure will be used.

Data Understanding. In order to test and compare the performance of the new framework,
it is important to identify which datasets are available, what kind of characteristics the
datasets have, and how these datasets can be used properly. There are several publicly
available datasets that are widely used in many studies in this domain. Some of these datasets
are German credit, Adult census income, and COMPAS recidivism datasets. Each dataset
has its own sensitive attribute(s), or variable(s), which are mostly race, gender, and/or age.
While age might be the sensitive attribute causing bias in one dataset, gender might be the
sensitive attribute to cause bias instead of age in another dataset. Therefore, it is necessary
to examine and identify different properties of the datasets such as which are the sensitive
attributes and whether they contain categorical or continuous values.

Data Preparation. After data understanding, it is needed to prepare the datasets in an
appropriate format before giving them as inputs to train the algorithms. Typical preparations
are handling missing values, removing the attributes that are not needed, and transforming
the values of some attributes into another format. In some cases, continuous variables must
be partitioned in a dataset so that the algorithms can handle them. All the datasets are
available in CSV format, and they are handled together with the implementation of the
algorithms using Python programming language. In order to test the performance of the
framework, the datasets are split into training and test sets.

Modeling. The aimed mitigation algorithm and the whole fair machine learning framework
is implemented in this phase. The most appropriate mitigation strategies that are developed
to reach the fairness goal are tested, compared, and then the chosen algorithms are combined,
modified, and improved to create one final model which is a better mitigation algorithm and
can robustly mitigate bias. After this investigation, fuzzy c-means algorithm is chosen for
the clustering component, SMOTE algorithm is chosen for the oversampling component and
the weighted cluster membership strategy is chosen for the classification component which
includes class label prediction at the end of the framework.

Evaluation. The mitigation algorithm implemented in the modeling phase is evaluated
by comparing its performance in both fairness and accuracy using different datasets. If
the initial implementation has satisfactory performance, then it can be deployed in the next
phase. However, if it does not yield satisfactory results, it is needed to go back to the business
understanding phase to understand what went wrong, what can be improved and how can the
improvement be achieved. Evaluation is set up with three main experiments, which includes
the comparison of three different mitigation algorithms with the proposed framework using
three different datasets.

Deployment. After it is certain that the implemented algorithm yields satisfactory results,
it is deployed to be used in business practice regularly. The deployment includes not only
implementing the model into daily practices but also includes providing maintenance and
periodical checks. This research contains a deployment via an open-source GitHub repository
after the evaluation phase.
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1.5 Outline

This thesis project consists of six main chapters, which are the introduction, related work,
theoretical background, the COSCFair framework, evaluation, and finally conclusion and fu-
ture work chapters. After the introduction chapter, the Related Work chapter contains the
previous work that has been done to provide the related background information under four
sections. These sections are the fairness measures, which introduces the different kinds of mea-
sures to quantify fairness and their underlying points of view, mitigation algorithms, which
discusses various techniques aiming to ensure fairness in the different stages of the machine
learning pipeline, types of goals in fairness-aware machine learning, and classifiers used in
algorithmic fairness. The theoretical background chapter introduces the problem statement
formally, explains how bias mitigation is achieved, and introduces how fairness and perfor-
mance measures are used as criteria to investigate the bias. In the COSCFair chapter, the
structure of the framework and all of its components are explained in detail. These compo-
nents include clustering, oversampling and ensembled classification. The evaluation chapter
shows the setup of each experiment and all the results obtained during these experiments.
Finally, in the conclusion and future work chapter, there are the final remarks, limitations,
and future directions to investigate further to improve the COSCFair framework.
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Chapter 2

Related Work

In this chapter, we discuss the relevant research from the literature. Various fairness measures,
different mitigation algorithms, various fairness-aware machine learning tools, and the most
commonly used classifiers in the algorithmic fairness domain are discussed in their respective
sections to provide a detailed background information.

2.1 Fairness Measures

There are various fairness measures in the literature that are proposed to quantify the amount
of fairness/bias in a dataset or the outcomes of a system/algorithm. Fairness measures can be
used to measure bias in datasets or in the predicted outcome of classification algorithms. For
example, the measures can be used on datasets in pre-processing stage before they are given
to an algorithm for training, or they can be used on the predicted outcomes of an algorithm
in the post-processing stage. This variety of approaches come into existence due to different
points of view or improvements to previously proposed measures in the literature. However,
there are two fundamental viewpoints or approaches to the notion of fairness due to its nature,
which are axiomatically defined as “What You See Is What You Get” (WYSIWYG) and “We
Are All Equal” (WAE) [26].

Friedler, Scheidegger, and Venkatasubramanian [26] formalized fairness as the mapping from
“construct space” (the space that captures the whole population’s meaningful attributes)
to “observed space” (the space that can capture only some observable part of the construct-
space), and then to the “decision space” (the space of outcomes that are predicted). According
to the former worldview (WYSIWYG), the difference between the construct space and the ob-
served space should be smaller than a certain error threshold, which means that the collected
dataset successfully reflects the original distribution and characteristics of the population. If
there are differences observed among groups in the collected dataset, those differences be-
tween the individuals of different groups do exist in reality. On the other hand, the latter
worldview (WAE) says that all groups are essentially the same, and there is no significant
difference between these groups that could be base on any discriminatory characteristics. Any
observed differences in the observed space are inaccuracies and it means that there is already
a structural bias in the collected dataset. The measures regarding demographic parity-related
measures reflect the WAE worldview, whereas the equality of odds-related measures reflect
the WYSIWYG worldview. The rest of the measures do not have a certain choice of world-
view but they are located in between these two ideas. These measures are called statistical
fairness measures and they will be explained in more detail in the following subsection.

11



2.1.1 Statistical Fairness Measures

The first category of fairness measures is called statistical fairness measures. They can also be
seen under the name associational fairness measures [62] in the literature. These measures are
based on the statistical proportions of some limited number of groups defined by one or more
sensitive attributes in the dataset. The main idea behind the statistical fairness measures
is that there must be some parity of a statistical measure which should be obtained for all
groups. However, the measure does not have to be very strict. An approximate threshold can
be accepted such as allowing some small amount of difference in the measurements between
the demographic groups existing in datasets [17]. Since these statistical measures are always
applied to groups of people identified in the dataset, they could also be called group-based
measures. Some statistical fairness measures consider only the predicted outcome, some other
measures consider both predicted and actual outcomes, or predicted probabilities and actual
outcomes based on the dataset [68].

The most straightforward and most intuitive definition of fairness is based on the measures
that only consider the original class labels in a dataset or the predicted outcomes of a clas-
sifier. The first measure with this notion is called demographic parity, which is also known
as statistical parity [23] or group fairness [68]. A classification algorithm is fair based on this
measure if both protected and unprotected groups based on a sensitive attribute have the
same probability rate to be assigned to the positive outcome [23], [41]. It means that the
sensitive attribute and the outcome should be statistically independent of each other for a
dataset or predicted outcomes to be considered fair. For instance, if the sensitive attribute
of a dataset is race and the values for this attribute are white and non-white, then people
from both of these groups should have the same opportunity to get a positive decision. De-
mographic parity is not a good measure to use alone that can identify discrimination in every
situation because it cannot distinguish how the instances from privileged and unprivileged
groups are chosen for the positive outcome. In other words, demographic parity cannot detect
discrimination if the instances from the privileged group are chosen for the positive class label
randomly while the instances from the unprivileged group are chosen for the positive class
label only when they are the best candidates for the positive decision [23].

Another statistical fairness measure similar to demographic parity is conditional statistical
parity, which adds a small set of “legitimate” attributes to consider while checking the parity
in the outcome [18]. In other words, the sensitive attribute(s) should be independent of the
outcome given a (set of) legitimate attributes. There is another statistical fairness measure
definition which emanated from a legal rule [24] and formulated by Feldman et al. [25],
which is called disparate impact. According to this fairness measure, a given dataset has
a disparate impact if the probability of getting a positive outcome given that the sensitive
attribute has a value that refers to the protected group divided by the probability of getting a
positive outcome given that the sensitive attribute has a value that refers to the unprotected
group is smaller than the threshold of 0.8. This measure can be seen as a relaxed version
of conditional statistical parity since the difference between the outcomes of protected and
unprotected groups is tolerated up to 20 percent.

The second type of statistical fairness measures compares the predicted outcomes of a classifier
with the actual class labels to quantify fairness. [68]. Predictive parity is one of these measures
which is also known as the outcome test. This measure deems a classifier fair if both defined
protected and unprotected groups have the same positive predictive value (PPV), which
means that the classifier makes an equal ratio of positive predictions that actually belong to
the positive class (original label being positive) for both privileged and unprivileged groups
[16]. In short, to ensure predictive parity, the fraction of correctly predicted positive outcomes
for both privileged and unprivileged groups should be equal.

Equalized odds is a statistical fairness measure under the same type as predictive parity,
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which is also named as disparate mistreatment [73]. This measure deems a classifier fair if
a classification algorithm yields equal true positive rates and false positive rates for both
protected and unprotected groups. True positive rate is calculated by dividing the number
of positive predictions which actually have positive labels by the total number of positive
labeled samples, and the false positive rate is calculated by dividing the number of positive
predictions which actually have negative class labels by the total number of negative labeled
samples in a dataset. Equalized odds is used to investigate whether the individuals with a
positive label and individuals with a negative label have similar prediction outcomes without
the classifier discriminating based on the sensitive attribute membership. Another measure
similar to equalized odds is equal opportunity, which only considers one part of the definition
of equalized odds to quantify fairness. A classifier is deemed fair by equal opportunity if only
it yields an equal true positive rate for both protected and unprotected groups. Thus, this
measure can be considered as relaxation to equalized odds.

There are more statistical fairness measures that consider both the original class labels and
the predicted outcomes from a classifier, such as the overall accuracy equality [7]. According
to this measure, a classifier is fair if the overall accuracy of both protected and unprotected
groups are equal. The accuracy is calculated by dividing the sum of true positive and true
negative samples to the total number of samples in a dataset. If this measure is used as the
appropriate fairness measure for the problem or case at hand, it means that true negative
outcomes are as important and desirable as true positive outcomes for that case [7]. Another
measure defined by Berk et al. [7] is treatment equality, which requires a classifier to produce
equal false negative and false positive ratios (either false positives divided by false negatives
or vice versa) for both protected and unprotected groups. According to the authors, the
“treatment” term is used to convey that these ratios can be a policy lever to achieve different
kinds of fairness depending on the domain.

The last type of statistical fairness measures is based on both predicted probability scores
calculated by a classifier and actual outcomes, or original labels, of a dataset. Test fairness,
or also named as calibration, is one of these measures that requires a classifier to produce
equal prediction probabilities for both protected and unprotected groups to truly belong to
the positive class to be deemed as well-calibrated [16]. Well-calibrated means that a classifier
does not contain any predictive bias. It is a widely used measure as a standard for fairness
assessment [16]. Another measure is called well-calibration, which is an expanded version of
the calibration measure. Based on this measure, both the equality conditions in calibration
and the predicted probability value should be equal to some value P. This measure means
that if a classifier finds that a set of samples in a dataset have a certain probability value P of
being assigned to the positive class, then also P percentage of these samples (people) should
originally have a positive class label.

The third fairness measure in this type after test fairness and well-calibration is called the
balance for positive class, which deems a classifier fair if samples with the positive class label
from both protected and unprotected groups have an equal predicted probability score [45].
Kleinberg, Mullainathan, and Raghavan have also formalized another fairness measure called
the balance for negative class which is the opposite version of the previous fairness measure.
This time, a classifier should provide an equal predicted probability score for the samples from
both protected and unprotected groups constituting the negative class in a dataset. Thus,
to satisfy the “balance for negative class” measure, people with negative class labels should
have the same expected probability score, no matter what their sensitive attribute value is. It
is important to note that these statistical measures that require predicted probability scores
can only be used with a limited number of classifiers that can calculate such scores, such as
logistic regression or support vector machines.

There are several more measures defined in the literature, however, most of them have different
names for the same measure formalization, as shown above with some examples. At the first
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glance, statistical fairness measures seem very attractive due to their easy-to-understand
nature. Nonetheless, statistical fairness measures cannot guarantee fairness for individuals
or more fine-grained sub-groups of the protected demographic groups defined by the values
of the sensitive attributes in a dataset. This is because of the nature of these measures:
they can guarantee fairness only for the individuals who are the “average” of a protected
demographic group [17]. Furthermore, there is a disagreement among different statistical
fairness measures since their goals and what they consider in their criteria are different, thus
they are incompatible and all of them cannot be satisfied simultaneously. This limitation is
formalized and proven with the impossibility theorem [16, 45, 54]. According to this theorem,
it is impossible to satisfy both equalized odds and predictive parity or calibration for a classifier
simultaneously. Only one of them can be satisfied at a time, unless the dataset has the
same base rate for both protected and unprotected groups, which means that both groups
have precisely the same number of samples with the positive class label, or the classifier
in question is a perfect classifier which never makes any errors. Only in these two specific
and rare cases, these three fairness measures can be satisfied simultaneously. Due to these
limitations, researchers have come up with new fairness measures that have different points
of view. In the next sections, other proposed measures that tackle these limitations and try
to solve in respective papers are further explained.

2.1.2 Individual Fairness Measures

The idea of individual fairness measures differs from the statistical measures since individual
fairness measures compare the outcomes of each individual using a similarity or distance mea-
sure while statistical measures compare two or more groups in the dataset using statistical
measures, explained in the previous section. One of the proposed individual fairness measures
is called fairness through unawareness, which deems an algorithm fair if any of the protected
attributes are not used in the decision-making process [46]. This measure was initially pro-
posed as a baseline method for comparison. The main idea behind the measure is that a
classification algorithm should not use any protected attributes during the training process
so that its decisions/predictions should be the same for individual i and j who share the
same attributes while sensitive attributes of the individuals are absent [68]. The classification
algorithm which will be used is considered as a black-box. The biggest shortcoming of this
measure is that the attributes that could be proxy to sensitive attributes are not considered.
This means that even though the obvious sensitive attributes are removed such as race and
gender, the dataset can still contain bias due to proxy attributes. For example, a street num-
ber could be a proxy indicator of the race of an individual since some people from the same
background live in the same neighborhoods. This can cause discrimination in the decisions
of algorithms. Besides, if a domain expert could identify the proxy attributes analogous to
the sensitive attributes and remove them from the dataset, this procedure could cause an
information loss and would decrease the performance of the classifier.

Dwork et al. [23] introduced the notion of individual fairness which means that similar in-
dividuals should be treated similarly in classification tasks to overcome the weaknesses of
statistical fairness measures, specifically the statistical parity. In their paper, Dwork et al.
proved that demographic (or statistical) parity alone is insufficient in terms of several aspects,
namely reduced utility, self-fulfilling prophecy, and subset targeting. Even though the statis-
tical parity measure is satisfied, when the outcomes of individuals in demographic groups are
compared, they were undoubtedly unfair. To resolve this type of bias, they have proposed
their method, called fairness through awareness, which consists of a mapping function that
maps the individuals in the dataset to probability distributions over outcomes, and a utility
loss function to transform the problem at hand into an optimization problem. In this way,
they could set up the problem to minimize the expected loss while mapping the individuals
to probability distributions under the Lipschitz constraint. They used Lipschitz continuity as
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a hard constraint so that the distance between two individuals’ mapped probability distances
cannot be greater than the distances between two individuals in the input space. The us-
age of Lipschitz continuity prevents discrimination between two similar individuals, thus also
preventing certain types of biases which are reverse tokenism and the self-fulfilling prophecy
[23]. The authors showed that this approach also ensures demographic parity between the
sensitive subsets in the dataset.

Another individual fairness measure which is introduced by Joseph et al. [36] has a completely
different approach to tackle the problem. They brought the contextual multi-armed bandit
problem to the fairness domain to ensure that any individual who has worse qualities than
another individual will not be favored by the algorithm. To exemplify, one can think of
the loan application case, where two individuals are applying to get a loan. According to
the proposed measure, the algorithm must grant the loan to a more qualified individual
no matter what the sensitive attributes are. The quality aspect of an individual is defined
in compliance with the actual underlying label which the algorithm does not know. In this
setting, the levers in the multi-armed bandit problem are denoted as different sensitive groups
in the population, such as people having different racial backgrounds. Like each lever in the
multi-armed bandit problem, each group has its unique underlying distribution function, and
pulling the lever each time represents choosing an individual from a given group. The key
idea behind this approach is that the algorithm cannot favor a lever that provides a lower
reward when it is pulled, which means that an individual with worse qualifications will not be
labeled with a positive outcome for the given classification objective. One of the limitations
of this approach mentioned by the authors is that while some contextual bandit problems
might be easy when there is no fairness constraint, they become computationally hard when
the fairness constraint explained above is added. The second limitation is similar to the
one in the study of Dwork et al.: this approach requires strong assumptions regarding the
relationship between features and outcome labels and thus the underlying function describing
this relationship to be implemented in real life.

Finally, Galhotra, Brun, and Meliou [31] have proposed another individual fairness measure
from a causality point of view. According to this measure, for an algorithm (or software,
according to the paper) to be fair, it must provide the same output for two individuals who
have different values only in the sensitive attributes. To explain how the measure works,
the authors gave an example of a loan application. If the algorithm grants a loan to a male
applicant while it does not grant a loan to a female applicant who has the same attribute values
as the male applicant except for gender, it is considered discrimination. The amount of inputs
that are causally discriminated by the algorithm is the measure of causal discrimination in this
approach. There is another type of discrimination defined by Galhotra, Brun, and Meliou,
which is “apparent discrimination”. This type of discrimination occurs when the focus of
the algorithm is on an attribute that is correlated or related to the sensitive attributes, even
though it does not consider the sensitive attributes in the dataset. For example, the algorithm
in the aforementioned example can only look at the income level of the applicant and grant
loans to people whose income level is higher. However, if the income level is positively
correlated with the age group, then apparent discrimination occurs in the decisions of the
algorithm [31].

This proposed fairness measure (apparent discrimination) is used to calculate a discrimination
score for a given algorithm in the range of 0 and 1. If there are multiple outcomes for the
decision, an “output domain distance function” is used to identify the significance of the
difference between outcomes. The measure has a causal basis because it measures the fraction
of individuals for which changing specific attributes of an individual cause a change in output
decision regarding that individual. Hereby, it can be identified which attributes affect the
decision of the algorithm directly. Galhotra, Brun, and Meliou [31] assume that there are
input characteristics, which are attributes in the dataset, belonging to individuals and they are
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mapped by a black-box algorithm or software to an output characteristic, which is the decision
or the outcome label as a result of classification. If the algorithm provides multiple output
characteristics, then they define fairness based on every single output separately. Furthermore,
they assume that both input and output characteristics are categorical variables for the sake
of simplicity. The limitation of this algorithm comes from the fact that the proposed measures
cannot handle continuous input attributes directly, some binning procedures must be applied
to this type of variable to be able to handle them.

Despite individual fairness approaches were promising improvements for the domain of fair-
ness, they have a significant limitation due to the fundamental assumption in their solution,
which is assuming that the underlying distance measure for the given dataset is known or
agreed upon. Furthermore, in order to choose an appropriate distance measure, a set of as-
sumptions should also be made regarding the relationship between features and labels in the
dataset.

2.1.3 Sub-group Fairness Measures

Both statistical fairness measures and individual fairness measures have specific shortcomings
that hinder fairness, aforementioned in their respective sections. Researchers have proposed
new approaches to the problem, which aims to get the best ideas from both individual and
group fairness notions and improve the outcomes, even though the proposed approaches are
different from both former measures in practice [50].

The individual fairness notion was improved by Kim, Reingold, and Rothblum [44] by over-
coming the assumption of the prior study, which is that the designer knows the actual distance
function underlying the relationship between individuals. Their fairness definition is based on
treating the individuals in similar sub-populations similarly, which is in-between individual
and group fairness notions. They introduced the metric multifairness, which is quantified
by a similarity measure based on pairs of individuals. It helps to classify these individuals
in sub-populations to treat the ones in the same sub-population similarly. They eliminated
the need to precisely know the underlying measure by a relaxation technique similar to the
statistical fairness approaches, which asks the individuals to be classified in pre-defined sub-
groups with probabilities proportional to the mean distance between the individuals in those
sub-groups. In this study, there is an oracle which the learning algorithm can access and
that estimates the distance between randomly chosen two individuals based on an unknown
fairness measure. The learner algorithm can query the unknown metric a limited number of
times. The oracle does not need to make any structural assumptions regarding the underlying
distance metric, so it works even when the metric cannot be learned. However, the authors
also stated that efficiently achieving high-utility metric multifairness predictions and satisfy-
ing their constraints require some learnability assumptions on the collection of comparisons
which contains the associated distances between pairs of individuals.

Kearns et al. [42] introduced a new notion called fairness gerrymandering to point at one
of the problems in group-based (or also named as statistical) fairness measures, which refers
to the situations when a classifier seems fair on each group existing in a sensitive attribute,
for example, male and female values in gender, but it fails at being fair for one or more
subgroups in the dataset defined over multiple sensitive attributes. The subgroups can be
the combinations of different sensitive attribute values, such as the combination of race and
gender (i.e. black female and white male). To overcome the problem, they define the subgroup
fairness measure where they choose a statistical constraint, such as false-positive rates, and
then they ask a class of functions that the chosen statistical constraint holds over a very large
collection of subgroups, which are defined by this class of functions. This subgroup fairness
approach can be considered in-between individual and group fairness because it considers
much more fine-grained and smaller subgroups in the population than statistical measures.
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Although this approach is very promising since it does not need specific assumptions regarding
the data just like the group-based or statistical measures, one shortcoming of this approach is
that it is not certain which function classes are feasible or reasonable to use for each dataset at
hand, and there is no clear guidance about which attributes should be included as protected
attributes to define the subgroups later [17].

2.1.4 Causal Reasoning Measures

The fourth category of fairness measures is based on investigating the causal relationships
between the attributes and the outcome labels. This class of measures was proposed by re-
searchers as a result of the limitations and shortcomings of the measures in previous categories
due to their nature and the assumptions made to construct them. Causal reasoning measures
are not completely data-driven, it requires an additional understanding and knowledge of how
the world is structured in the form of a causal model per domain [49]. The required knowledge
is substantial since it provides information about how a change in an attribute can cause a
change in the system.

Understanding the causal relationship between the sensitive attributes and other attributes,
as well as the relationship between attributes and the decision (or outcome) attribute is
important since it will enable the designers to identify and recover from certain types of bias
in the dataset, such as sampling bias. There are several types of attributes in this approach
introduced by different papers [43], [46]:

• A proxy attribute is an attribute whose value can be used to derive the value of another
attribute,

• A resolving attribute is an attribute that is affected by the sensitive attribute but not
in a discriminatory sense so that it does not convey any discriminatory effect, and

• Latent attributes which are attributes that are not caused by any other observable
attributes in the dataset.

To measure the fairness in a dataset in terms of causal relationships, Kusner et al. [46] pro-
posed a fairness measure called counterfactual fairness. It is the first research paper that has
explicitly introduced causal reasoning and the usage of directed acyclic graphs (DAG) in the
fairness domain of machine learning. According to this measure, a dataset is counterfactually
fair if a decision regarding an individual is identical in the actual world as well as a coun-
terfactual world where that individual belongs to a different demographic sub-population. It
means that distribution over possible predictions for an individual should not change if the
same individual would have different values for the sensitive attributes. In general terms, a
causal graph of a dataset is fair according to this measure if the predicted outcome in the
graph does not change depending on a descendant of the protected attribute. The proxy
attributes can be the descendants of a sensitive attribute. If the outcome attribute is directly
dependent on a proxy attribute, then the graph is counterfactually unfair. The authors stated
that counterfactual fairness is also an individual-level measure since it checks the counterfac-
tual worlds for each individual in the dataset. One remarkable shortcoming of this measure
is that a domain expert might be needed to construct an accurate causal graph with correct
identification of attributes and relationships for a given dataset. The misconstruction of a
causal graph for any dataset might hinder the discovery of actual underlying discrimination
and cause misinterpretation.

Another study after the proposal of counterfactual fairness was conducted by Kilbertus et al.
[43], using causal reasoning in their paper as a base concept. They show that the statistical
measures fail to determine if a protected attribute has a direct causal influence on the predictor
that is not mitigated by resolving variables. They also emphasize that it is important to
distinguish the sensitive attributes from their related proxy attributes so that the underlying
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effects of sensitive attributes on the decision attribute can be revealed. This work in general
proposes a new flexible framework to fairness, which is making arguments about the attributes
of a dataset and finding a justified causal data generating process for it instead of trying to
find a single statistical fairness measure to apply. The authors also mentioned that the
previous work in [46] requires creating counterfactuals per individual in the dataset, thus it
is a delicate task. For this reason, they have proposed a more general framework without
needing to evaluate the individual-level causal effects so that the complexity of the task would
not be as high as the previous work.

In the relaxed framework, a causal model or graph is constructed when a predictor maps the
input features to the predicted outcome or decision [46]. Both input and outcome attributes
are drawn as nodes in the graph, and the relationships among them are denoted with arrows.
The outcome attribute does not have any child nodes, and its parent nodes are the input
attributes. Basen on this idea, Kusner et al. defined a new measure called unresolved dis-
crimination. This discrimination occurs in the causal graph of a dataset if there is a directed
path from a sensitive attribute to the decision attribute Y that is not blocked by any resolving
attribute [43]. Another measure defined to measure bias is called potential proxy discrimina-
tion, which occurs when the directed path from a sensitive attribute to the outcome attribute
is blocked by a proxy variable in a causal graph [46]. With these causal measure definitions,
one can find different effects of sensitive attributes on the outcome attribute without diving
into individual-level comparisons. However, the proposed measures in [46] are still prone
to the same limitation of the previous work: it is assumed that they can identify sensitive,
proxy, and resolving attributes correctly and able to construct an appropriate causal graph
for a given dataset. There is a need for a domain expert to successfully construct such graphs
for a dataset, which is not always reachable easily in real life.

2.2 Mitigation Algorithms

Researchers have been not only working on finding the best measure to quantify bias but also
working on finding an appropriate technique to eliminate the bias identified in a dataset or a
model. Thus, there are several proposed bias mitigation techniques to eliminate or mitigate
unfairness considering the accuracy performance.

2.2.1 Pre-processing Algorithms

The first category of bias mitigation algorithms is pre-processing algorithms, or techniques,
where the dataset is altered before the training of a classifier in order to obtain a fair dataset
as an input. There are several ways to pre-process a dataset before training classifiers. The
most trivial approach in this group of techniques is called fairness through unawareness,
which considers a predictor model fair if it does not use any of the protected attributes in
the prediction process [29]. In order to achieve fairness according to this point of view, it
is enough to remove all the sensitive attributes from the dataset before training the model.
However, it is known that deleting only sensitive attributes is an inefficient technique to
achieve fairness especially when other attributes allow the removed sensitive attributes to be
easily deduced in the dataset [33]. Thus, it is not a preferred pre-processing approach to
eliminate discrimination in a dataset.

One of the sophisticated approaches to pre-process a dataset is re-sampling the data instances.
Kamiran and Calders [37] proposed the “preferential sampling” approach, where they sample
the data objects with replacement in order to eliminate bias. The core idea behind this
approach is choosing the data objects that are the best possible choice to eliminate the
discrimination in the dataset. In this technique, the data objects from the protected group
which are close to the borderline are considered more vulnerable to have been discriminated
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against, while the data objects from the unprotected group are highly likely to be favored due
to unfairness in the dataset. Thus, these objects are preferred for sampling. To identify the
borderline objects, the algorithm learns a ranker on the given training set and then orders
the objects. Then, the objects from the protected group with the positive outcomes which
are near the decision borderline are duplicated, while the objects from the protected group
with a negative outcome near the decision borderline are removed. This procedure is done for
the unprotected (privileged) group opposite to the protected group, where the ones near the
decision borderline with positive outcomes are removed and the ones with negative outcomes
are duplicated.

Another re-sampling technique is recently proposed by Salimi et al. [61] with the causal
model approach called “interventional fairness”. They consider the problem as a database
repair problem. In this technique, the training data is “repaired” by inserting or removing
tuples and alter the probability distribution in the dataset to remove any causal relationship
between the sensitive attributes and the decision variable. Salimi et al. stated that their
approach does not require the knowledge of the underlying causal model because it is based on
“intervention”, which can be guaranteed even when the actual causal model is unknown. The
only input required for this approach is labels of the attributes in the dataset as “admissible”
or “inadmissible”, where admissible attributes are the attributes that are allowed to influence
the outcome even though they have a causal relationship with the sensitive attribute.

Massaging is another pre-processing technique that refers to changing the actual class labels
of some of the instances in the training set to ensure fairness [38]. A ranker algorithm is used
to choose the appropriate instances to relabel. Using the massaging algorithm, Kamiran and
Calders [38] have changed the labels of several instances that belong to the protected group
from negative to positive, while they have changed the same number of other instances which
belong to the unprotected group from positive to negative. In order to achieve this operation,
they have learned a ranker algorithm R, which orders the instances in the training set in
descending order according to their positive class probability. After this ranker is learned,
the instances which are good candidates for promotion are sorted in descending order, while
the instances which are good candidates for demotion are sorted in ascending order, then the
top instances in these lists are chosen to change their labels. By choosing the top candidates,
the ones closest to the decision border will be relabeled. This procedure is repeated until the
discrimination in the training set is eliminated. The authors aimed to have minimal accuracy
loss by choosing the instances closest to the decision border in this technique. They state
that this technique decreases the amount of discrimination while the overall distribution of
the class labels remains the same.

Massaging is not always applied on the class labels of instances, it is also applied on the
attributes (variables) except the sensitive attribute(s) of a dataset, which is a technique
proposed by Feldman et al. [25]. The authors have introduced a notion called ε-fairness,
which is based on predicting the sensitive attribute values of individuals based on the other
attributes in a dataset. According to this idea, a classifier f should fail predicting the sensitive
attributes values of individuals using the other attributes. It means that a dataset is ε-fair
when the balanced error rate (BER) of predicting the protected and unprotected groups,
which is the unweighted average class-conditioned error rate of f, is greater than ε based on
the empirical probabilities. In other words, when the sensitive attribute of given dataset is
not predictable by the model based on other attributes, the dataset is free from disparate
impact, thus it is fair. A disparate impact in a dataset is identified, or certified according
to the authors, by using a hinge-loss SVM and optimizing the BER for a given dataset,
then trying to predict the protected attribute value of instances based on other remaining
attributes. After disparate impact is identified, the changes on the values of attributes are
done in such a way that it will not be possible to predict the sensitive attribute for a classifier
while it can predict the class label of instances. To eliminate disparate impact, the relative
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per-attribute ordering of instances based on the cumulative distribution functions of the
dataset per attribute is preserved while changing the values of attributes (except the sensitive
attributes). As a result, a classifier trained on this repaired dataset chooses better instances
that are ranked higher in the ranking over the lower-ranked ones. The authors also talked
about the fairness-accuracy trade-off in their study. They introduce partial repair notions to
handle this trade-off at the desired level.

The third pre-processing technique is reweighing, which is also a pre-processing technique that
is applied to the input dataset before training the model. Calders, Kamiran, and Pechenizkiy
[12] have proposed reweighing in order not to change the labels of the instances, and not to add
or remove an instance from the dataset, which means minimum interference with the dataset
while eliminating unfairness. Authors have developed reweighing since massaging technique
intervenes datasets in an undesirable way which is a disadvantage of this technique. Assigning
weights to each instance in the training set needs the weights to be carefully chosen to provide
balance with respect to the sensitive attributes. This approach will assign higher weights to
the instances from the protected group with positive outcomes than the instances from the
protected group with the negative outcomes to lower weights. Vice versa, the instances from
the unprotected group with the positive outcomes will be assigned to lower weights than the
instances from the same group with the negative outcomes.

Zemel et al. [75] have proposed another technique that has a different approach from the
others, which is called learning fair representations (LFR). The authors defined the problem as
an optimization problem, and they find an appropriate intermediate representation of a given
dataset that encodes the data as accurately as possible while concealing any information about
the sensitive attributes of individuals at the same time with a learning algorithm. The learned
mapping by an algorithm ensures that the information regarding protected group membership
is lost. The goals of LFR are to create prototype sets (with mapping) that can satisfy
statistical parity in which these prototypes keep the information about attributes except the
sensitive attribute membership regarding instances, and the final mapping of these prototypes
to the class labels is close to the original classification function. The authors also stated that
their learning algorithm achieves both group and individual fairness simultaneously, which
is a very good advantage over other bias mitigation algorithms if one would like to achieve
fairness.

A close study to Zemel et al.’s LFR [75] is conducted by Calmon et al. [14], which also
considers unfairness as an optimization problem with a probabilistic framework. However,
test data are also transformed probabilistically before they are given to a classifier model
as well as the training data in this pre-processing technique. The authors formulated a
convex optimization problem as the trade-off between discrimination control, data utility,
and individual distortion to mitigate the bias while minimizing the changes in the original
dataset. The distortion control is used to restrict the mapping to minimize or completely
avoid certain large changes in the values of the individuals in a dataset, such as restricting
a very low credit score to be mapped into a very high credit score during transformation
of the dataset. Utility preservation in a dataset refers to having small differences between
the original dataset (X,Y) and the transformed dataset (to ensure fairness) with classifier
predictions as labels (X̂, Ŷ ) where X is the set of attributes and Y is the class label. Lastly,
the purpose of the discrimination control is to limit the dependence of the transformed class
label Ŷ on the sensitive attributes by using the disparate impact ratio (80%-rule). In [14],
Calmon et al. improved the previous study [75] by providing more solid structure, detailed
formulations, and the required conditions to obtain a convex optimization problem in order
to successfully optimize these three constraints simultaneously in a dataset.

Finally, the unfairness problem is also approached with a different point of view, where it
is thought that the source of bias is the class imbalance in a dataset, which means that the
number of instances from the protected group, or groups, are significantly less than the number

20



of instances from the privileged group. In other words, because the protected groups in
general are under-represented in a dataset, it causes models to learn discrimination while being
trained. In order to eliminate the bias in imbalanced datasets, Yan, Kao, and Ferrara [72] have
proposed a fair data oversampling technique called fair class balancing, which does not use any
information regarding the sensitive attributes. The authors stated that standard balancing
techniques such as the synthetic minority over-sampling technique (SMOTE) can increase the
bias after balancing since these techniques do not consider the sensitive attributes. To solve
this problem, the authors have used a “cluster-based” class balancing technique, where the
group structure of the dataset which consists of natural subgroups with similar features is
identified and clustered by a clustering algorithm of choice. After finding the best number of
clusters for the dataset, the instances which are near the cluster borders are removed. Then,
the minority class for each cluster is identified and new instances are generated based on
k-nearest neighbors of the instances belonging to the minority class. One advantage of this
algorithm is that when there is a legal prohibition to use any sensitive attributes such as
race and gender, it works without needing the sensitive attribute information. However, one
limitation of this work is that it only considers the class labels while oversampling instead of
considering both the sensitive attributes and the class labels.

2.2.2 In-Processing Algorithms

In-processing algorithms are the algorithms that tune or adjust a classification algorithm in
order to make the model yield fair predictions. There are several classifiers that are altered
for in-processing such as support vector machines (SVM), logistic regression, and random
forest algorithms, which are discussed in section 2.4. In processing algorithms are mostly
dependent on the classifiers that are implemented upon, or the type of classifiers that could
be implemented, such as the probabilistic classifiers.

One of the earliest studies in in-processing is conducted by Kamiran, Calders, and Pechenizkiy
[39] using decision trees as a classifier to adjust, or constraint, to ensure fairness. The authors
transformed the decision tree algorithm into a discrimination aware classifier with the goal
that when a potentially biased historical data given as an input to this classifier, it outputs
accurate and fair predictions at the same time. To achieve this, they propose two techniques
for the decision tree construction process in training. While determining the best split on
attributes, they enforce the algorithm to consider both the information gain score for the
quality of that split and another score called discrimination gain, derived from information
gain, which represents the influence of the new split on the resulting tree in terms of discrim-
ination. They sum these two scores to construct a tree that is homogeneous in terms of both
accuracy and the binary sensitive attribute. Instead of assigning the label of the majority in
a given leaf, they relabel a set of leaves optimally by keeping the loss in the accuracy minimal
while reducing the discrimination. The authors stated that they approximate the most opti-
mal relabeling for a given tree. Even though the proposed technique sounds promising, it is
only limited to the decision trees, which is not a popular algorithm for classification anymore
with the arrival of more improved techniques, such as random forests.

Zafar et al. [74] have also implemented an in-processing algorithm based on constraining
classifiers, which is formulated as a regularized optimization problem, using logistic regression
and SVM algorithms. Specifically, they have implemented a decision boundary measure as a
proxy to their chosen fairness constraint (the 80%-rule) for the convex margin-based classifiers
that prevents both disparate treatment and disparate impact. The authors have derived two
functions that complement each other in order to train the classifiers fairly. The first function
maximizes the accuracy while satisfying the fairness constrains, and the second one maximizes
fairness while satisfying the accuracy constraints. They achieve these by defining the decision
boundary fairness, which is the covariance between the sensitive attributes of individuals in
the training set and the signed distance between feature vectors of these individuals and the
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decision boundary. To maximize the accuracy under fairness constraint, the parameters of
decision boundary which minimize the loss function and satisfy the covariance threshold are
found. This threshold is an upper bound value which can be tweaked to obtain the best loss
in accuracy-fairness trade-off. In order to maximize the fairness under accuracy constraint,
the calculation is done the other way around. The parameters of decision boundary are found,
which minimize the decision boundary covariance under the constraint of the loss function.
With this function, the maximum fairness that can be achieved without having loss in the
accuracy. In this procedure, the sensitive attributes are not used while making decisions
about the class label of individuals at the prediction time, thus the solution does not contain
any disparate treatment. It is promising that the decision boundary fairness technique can
handle both multiple sensitive attributes simultaneously and multi-valued attributes (more
than two outcomes), however, it is still limited to the algorithms that has a decision boundary
to decide the class label of the individuals.

Kamishima, Akaho, and Sakuma [41] have proposed another in-processing approach with
regularization that can be applied on any probabilistic classifier to mitigate bias. The pro-
posed technique is called regularized prejudice remover, which enforces classifiers to make the
predictions independent from a sensitive attribute. The authors first identified the causes of
unfairness, namely prejudice, underestimation, and negative legacy, then they have defined
three types of prejudice that can be found. These are direct prejudice, indirect prejudice, and
latent prejudice [41]. The authors focused on eliminating the indirect prejudice by developing
a technique that regularizes and restricts the behavior of classifiers since direct prejudice can
be easily avoided by removing the sensitive attribute and latent prejudice is hard to iden-
tify. They also propose two fairness measures to quantify the degree of different types of
discrimination. These measures are indirect prejudice index which is defined by using mutual
information between the predicted class label and a sensitive attribute for prejudice and un-
derestimation index which is defined based on Hellinger distance for underestimation. There
are two regularizers implemented in a probabilistic classifier: a standard L2 regularizer to
prevent overfitting, and a regularizer to enforce fair class prediction by reducing the indirect
prejudice index. The regularizer in a classifier becomes greater when the predictions of a
classifier are highly based on a sensitive attribute so that it can decrease the influence of this
sensitive attribute on the prediction of class labels. This regularization technique is applied
to the logistic regression algorithm, and can only be implemented with classifiers that can
calculate probability distributions based on a given dataset.

Adversarial learning is one of the techniques that has been used as an in-processing technique
to ensure fairness. Zhang, Lemoine, and Mitchell [76] have proposed a framework with ad-
versarial debiasing to mitigate bias, which can be implemented with gradient-based models
for both classification and regression tasks. This framework is built on including a sensi-
tive variable, a learning predictor together with a competing adversary simultaneously, which
aims to maximize the predictor’s capability of predicting the class label while minimizing the
ability of the “adversary” to predict the sensitive attribute. The amount of fairness can be
measured with demographic parity, equalized odds and equal opportunity while using this
framework. It is a technique where a predictor model is trained by adjusting its parameter
weights to minimize the loss using a gradient based method. The output layer of this pre-
dictor is given as an input to the adversary, which tries to predict the sensitive attributes
based on the input. The goal is to train the predictor algorithm to predict the class labels of
individuals as accurately as possible. However, the predictor must satisfy both demographic
parity, equalized odds and equal opportunity to ensure fairness. Thus, there will also be an
adversary introduced, which will attempt to predict the sensitive attribute from the predicted
outcome given by the predictor to first achieve demographic parity. Then, the gradient of
the adversary will be used in the weight update of the predictor model so that the amount
of information regarding the sensitive attribute which is transmitted through the predicted
outcome will be reduced. In order to ensure equalized odds in this technique, the adversary
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will have access to the true class label so that it can limit any information about the sensitive
attribute that the predicted outcome contains more than the information already contained
in the original class label. If the predictions of the predictor contains more information about
the sensitive attribute than the original class labels, the adversary will improve its loss. As a
result, the predictor that tries to fool the adversary will move its parameters toward where
its predictions will not leak information about the sensitive attribute. It is another promising
technique which can handle both categorical and numerical attributes, however it is limited
to the gradient based methods, and it requires a specific tweaking in order to avoid converg-
ing the local minima or not to satisfy only one of the fairness measures satisfactorily while
optimizing the parameters.

Finally, in-processing algorithms have been used to mitigate the discrimination emerged due
to imbalanced datasets. For example, to eliminate the bias in SVM classifier trained with
imbalanced datasets, Ristanoski, Liu, and Bailey [56] have proposed an empirical loss-based
tuning on SVM which also considers the imbalance in the number of samples with positive and
negative class labels. In their paper, the authors first demonstrated how having a very low
percentage of positive class samples affect the discrimination. Especially if the unprivileged
group has a low percentage of positive samples, it causes the classifier to predict even less
positive outcomes and thus there will be a greater discrimination score. However, if the
privileged group also has a low percentage of positive samples, then the classifier will have
less positive predictions for this group too, which will cause a lower discrimination score. The
authors defined discrimination in an equation, where the total discrimination equals to the
sum of explanatory discrimination in the dataset and additional discrimination added by the
trained classifier. They choose to optimize the additional discrimination introduced by the
classifier itself since it can be interpreted as the difference between the predicted discrimination
score derived from the predictions of a classifier and actual discrimination score derived from
the imbalanced dataset itself, which is the discrimination aware empirical loss defined by the
authors. Then, this defined loss is implemented with SVM algorithm and the imbalanced
dataset is given as an input for training. This algorithm does not focus on eliminating the
existing bias in the dataset, instead, it only works to prevent the discrimination exacerbation
of the classifier during the training. Thus, its scope is very limited and it cannot potentially
eliminate the discrimination completely.

2.2.3 Post-Processing Algorithms

The last category of mitigation algorithms is the post-processing algorithms, which change the
predicted outcomes of classifiers based on certain rules or constraints. Thus, the goal here is to
eliminate the discrimination from the final predictions instead of the input dataset or within
the models. One of the earlier proposed algorithms was implemented by Kamiran, Karim, and
Zhang [40] to change the predicted class labels of the instances that are close to the decision
boundary, which is called reject option classification (ROC). In [40], the authors provided two
possible solutions to reduce discrimination in predictions, which are probabilistic rejection on
both single and multiple classifiers (ROC), and the disagreement region of classifier ensembles,
which is called discrimination-aware ensemble (DAE). Their solution is based on the idea that
the instances near the decision boundary are mostly discriminated in decision making. In the
ROC technique, the posterior probabilities between 0.5 and a threshold value θ are considered
as critical region and the instances having posterior probabilities in this region are labeled as
“reject”, which are considered to have a biased outcome.

For multiple classifiers, the labeling is done in ROC by averaging all posterior probabilities
calculated by each classifier for a given instance and then labeled as “reject” if it falls in
the critical region. However, when a classifier does not provide any probability estimates,
then DAE can be used. In this technique, the main idea is that if member classifiers have
more disagreement in their predictions for the class label of an instance, then that instance
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is close to the decision boundary and thus it might be discriminated more. When there is
a disagreement among the classifiers of the ensemble, instead of standard majority voting
strategy, the authors compensated the protected group members by assigning the desired
class label, which is 1 or positive label in most of the cases, and then penalize the privileged
group members by assigning the undesired class label. If all the ensembles agree with the
predicted class label, then they are left untouched. The ROC algorithm that Kamiran, Karim,
and Zhang have proposed can be considered as a thresholding technique since it considers a
certain threshold and a critical region to modify the predicted outcomes of classifiers.

Another post-processing algorithm with thresholding approach is proposed by Hardt, Price,
and Srebro [33]. The authors used the equalized odds as their core fairness measure and adjust
the predictions of a classifier obtained at the end of the training step based on it. Their main
goal is to create some new predicted outcomes that will minimize the expected loss defined by
them. Since satisfying the equalized odds in both true positive and false-positive rates and also
the expected loss can be formalized as a linear function, the optimal derived predictor can be
obtained as a solution to a linear program with these two functions and four variables, which
come from the combination of binary values that the class label and the sensitive attribute
can have. In [33], they mention how thresholding can be applied to the classifiers providing
predictive scores next to the classifiers that only provide binary predictions. These threshold
values are optimized to maximize accuracy while ensuring fairness based on equalized odds.

Hardt, Price, and Srebro [33] state that the notions of non-fairness that they define are non-
oblivious since they only need to know the joint distribution of the sensitive attribute, original
class label, and the predicted label or predicted score depending on the classifier. They do
not need to know anything about other attributes in the dataset. In order to eliminate the
discrimination, they construct a non-discriminating predictor, which is the adjusted version of
the predicted labels, based on the equalized odds values which are derived from the predicted
label or predicted score and the sensitive attribute. The authors also noted that at the
testing or prediction time, they only need to access the values of the predicted score and
the sensitive attribute, which is an advantage of this technique over other post-processing
techniques. However, to optimize such a system, the user has to provide a ratio to the loss
function in order to define either false positives or false negatives are more costly and how
severe the cost is in this system.

Pleiss et al. [54] have shown a different point of view in fairness and post-processing in
their study. They illustrated with their post-processing algorithm that calibration and error
rate constraints are incompatible goals and ensuring both constraints by relaxation does not
provide satisfactory results. Even though it does not completely prevent bias, calibration is
one of the main goals in risk assessment tools with different settings that provide a group
of people with a predicted probability P to have P fraction of people with a positive class
label. The error rate is calculated by using equalized odds measure. The authors also talked
about the impossibility theorem, where equalized odds and calibration cannot be satisfied
simultaneously unless very specific conditions. Thus, the authors have implemented a post-
processing algorithm that relaxes the equalized odds constraints to become compatible with
calibration constraints. To relax the constraints in the equalized odds, the authors have
defined a cost function, which is a linear function concerning false positive rate (FPR) and
false-negative rate (FNR) and depends on the base rates of the groups defined by the sensitive
attribute. Relaxed equalized odds with calibration is satisfied by a classifier for both protected
and unprotected groups if it is calibrated and satisfies the constraints of the cost function
which is a linear function with arbitrary dependence on the base rates of demographic groups
in a dataset. The authors have noted that if the cost increases then FPR and FNR also
directly increases, and the equalizing cost penalty is magnified when the group base rates
considerably differ. They have also noted that the proposed algorithm is unsatisfactory since
a significant amount of the individual predictions are withheld which is an undesirable setting,
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especially when working on sensitive domains such as healthcare.

Finally, Kilbertus et al. [43] have proposed two post-processing algorithms, namely avoiding
proxy discrimination and avoiding unresolved discrimination, to eliminate unfairness on the
predictions of a classifier based on causal perspective and two causal measures they have
introduced. These causal measures are proxy discrimination and unresolved discrimination,
which are discussed in the causal reasoning measures section. The authors have used the Bayes
optimal classifiers, which seek to find the most probable underlying model hypothesis for a
given dataset. Then, they used these classifiers to predict the most probable class label for a
test instance based on the training set. The proxy discrimination is avoided by intervening in
the proxy attribute: removing its connections with its parents, substituting the attributes for
the predictor function from the hypothesis class iteratively in a way that the distributions of
these hypothesis functions become independent of the values of the proxy attribute. As the
last step, this predictor function is optimized based on the non-discrimination constraints. To
avoid unresolved discrimination, the resolving attribute is intervened: the resolving attribute
is fixed to a random attribute whose marginal distribution is equal to the marginal distribution
of the resolving attribute and it is ensured that the distribution of the predictor function to
be invariant to the values that the sensitive attribute gets. However, it is important to note
that there is an assumption similar to the general causal measures, which is assuming that
the valid causal graph given by a dataset can be constructed.

Unfortunately, most post-processing algorithms have a set of common limitations in practice.
For example, the post-processing algorithms which make corrections on the classifier predic-
tions by randomizing them cannot be used in specific domains due to ethical reasons, such as
in healthcare to diagnose fatal diseases. Furthermore, it is also demonstrated by Woodworth
et al. [71] that post-processing algorithms might deliver sub-optimal performance in terms of
accuracy compared to the other fairness techniques. Thus, post-processing algorithms are not
the best option for practitioners who would like to achieve fairness while obtaining as high
accuracy as possible.

The study in this thesis differs from most of the studies in the literature since any of the
information in a dataset is not changed or transformed, so the dataset at hand is kept with
its original values. Also, neither classifier training procedure nor the predicted outcomes are
not intervened. The closest study to ours is [72], however, our study also differs from [72]
since we consider the combination of both multiple sensitive attributes and the class labels
in datasets, and we do not remove any original samples from the dataset while oversampling.

2.3 The Goals in Fairness-Aware Machine Learning

There are two main goals in the domain of fairness in machine learning. The first goal is to
detect and quantify the amount of discrimination in a dataset or a system, which can be also
considered as bias diagnosis. The second goal is to eliminate the existing discrimination, or
at least mitigate it under a certain threshold, after identifying the amount of discrimination.
In order to facilitate the processes, researchers have come up with different tools for these
two different goals. The tools that are currently available in the literature are explained in
their respective sections.

2.3.1 Discrimination Detection

One of the earliest tools was developed by Adebayo et al. [1] for bias diagnosing and auditing
the predictive models, which is called FairML. It is an open-source end-to-end toolbox that
approaches models as they are a black box and measures the significance of the attributes in
a dataset. The FairML processes the initial dataset through orthogonal transformation and
then feeds it to the black-box model or algorithm. Then, it compares the prediction results
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obtained from the initial dataset and orthogonally transformed dataset by using a distance
measure. By looking at the significance level of the attributes in prediction, one can identify
if the sensitive attributes are affecting the prediction outcomes while using a machine learning
model. This tool also contains a graphing module to visualize the significance ranking of the
attributes with the amount of significance. It is relatively a simple tool to investigate how
heavily the sensitive attributes and also proxy attributes (if they are known) have an effect
on the predictions of the algorithms.

Another tool by Galhotra, Brun, and Meliou [30] is called Themis, which is also an open-
source tool that is created to provide automatically generated test suites in order to quantify
the discrimination in the decisions of a predictive system. It is used to detect discrimination
on a software system instead of specifically the machine learning algorithms. The inputs of
this tool are an executable software, the desired confidence level, and an error bound together
with an input schema that describes the valid system inputs. According to these inputs,
Themis generates discrimination tests automatically. It has two types of fairness measures
implemented, which are group and causal fairness measures. Themis can capture the causal
relationships between inputs and outputs of a system. Checking both types of discrimination
in the system is a computationally complex activity, thus the authors implemented optimiza-
tion strategies to provide output in a reasonable duration. This tool can be seen as a good
example of a system or a pipeline auditing in terms of fairness.

Tramer et al. [67] implement another open-source discrimination detection tool called FairTest
for auditing based on unwarranted associations between the groups defined by the sensitive
attribute(s) and the decision outputs of an algorithm. Unwarranted associations framework
consists of multiple fairness measures to identify disparities and unfair treatments in sub-
groups. The authors defined the unwarranted associations as any statistically significant
association between a protected attribute and decision outcomes in user subgroups where the
association does not have any explanatory factor. Fairtest learns a special decision tree to
divide the population in the dataset into subgroups for further investigation. It contains sev-
eral statistical fairness measures for canonical association measurement such as binary ratios
and their difference between subgroups.

Another open-source fairness auditing toolkit that is recently implemented is called Aequitas,
developed by Saleiro et al. [60]. It has three versions: a Python library and a command-line
tool for offline auditing, and a website audit tool where the users can upload their dataset
on the website and choose the desired measures for analysis1. It has only statistical fairness
measures implemented such as demographic parity, disparate impact, and false discovery
rate. Aequitas also contains a fairness tree, which helps users to find the correct fairness
measure to use for their particular dataset and situation. It outputs reports regarding the
predictive and fairness performance of the dataset based on the chosen measures over the
population subgroups together with the explanations about those measures. Even though the
implemented fairness measures are limited on the website tool compared to the python library,
its website is very compact and easy to use for auditors without a technical background.

Fat Forensics is one of the recently implemented open-source toolkits developed by Sokol
et al. [64]. The term FAT refers to fairness, accountability, and transparency. It is also a
Python toolbox that is built on SciPy and NumPy libraries with a public license. It inspects
the chosen fairness, accountability, and transparency measures or aspects of these systems
to automatically report them back to its users. It provides functionality for inspecting both
datasets, predictive models, and outcome predictions. This tool contains statistical fairness
measures such as demographic parity, equal opportunity, equal accuracy, and a causal fairness
measure, which is counterfactual fairness.

Finally, the most recent tool for bias detection is implemented by Google, which is called

1http://aequitas.dssg.io/
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What-If Tool [69]. The name comes from a functionality of the tool which is investigating
the “what-if” hypotheses about the models by identifying counterfactuals. It provides this
functionality by allowing to easily edit the points in a dataset. It provides six statistical
fairness measures, some of which are demographic parity and equal opportunity and general
performance measures such as the ROC curve over subsets (groups defined by the sensitive
attribute) of a dataset. This tool contains detailed visualization options for performance and
fairness results, both in text, tables, graphs, and plots. This tool is a plugin, which can be
used via Jupyter Notebook or Google Colab. The significant limitation of this tool is that it
is only compatible with TensorFlow models, which means that if one wants to use this plugin,
he/she needs to transform their model or dataset into TensorFlow models.

Detecting the discrimination in the dataset is only half of the story for the businesses and
organizations that want to achieve fair outcomes from their systems or algorithms. Unless
the purpose is solely auditing as a third party, one will want to eliminate the identified
discrimination at hand using a tool. The discrimination detection tools alone will not be
enough for these parties. Thus, discrimination elimination tools are more comprehensive and
appropriate to both identify and try to eliminate discrimination.

2.3.2 Discrimination Elimination

One of the open-source discrimination elimination (or bias mitigation) tools is implemented
by Bantilan [4], which is called Themis-ml. It is proposed as Fairness-aware Machine Learning
Interface (FMLI), which is an application programming interface (API) implemented for
binary classifiers. It means that the tool can only handle two outcomes for the decision
variable. The tool is implemented with Python programming language and the Scikit-learn
library. The tool contains both individual and a few statistical fairness measures such as mean
difference, together with several pre-processing, in-processing, and post-processing mitigation
algorithms, such as reweighting, prejudice remover regularizer, reject-option classification,
and additive counterfactually fair model, which were explained in the previous section. It
also has readily available datasets such as German Credit, Taiwan Credit Default, Australian
Credit Approval, Disabled Residents Expenditure, and Census Income. Even though it has
several mitigation algorithms in this tool, the number of fairness measures offered is limited.

Another discrimination elimination tool has emerged from a benchmark study as a library,
conducted by Friedler et al. [27] with the name Fairness-Comparison2. This library can
be used with both R and Python. It contains several fairness measures such as equal op-
portunity difference, true negative rate, true positive rate, and calibration. It contains the
five most famous datasets in the fairness domain, which are Adult Income, Ricci, German
credit, and ProPublica Recidivism (normal and violent) datasets. It also has several miti-
gation algorithms such as disparate impact remover [25], prejudice remover [41], and convex
relaxation of fairness constraints [73]. In total, for bias elimination/mitigation, it has one
pre-processing algorithm (disparate impact remover [25]) and three in-processing algorithms
(decision boundary covariance [74], regularization on logistic regression [41], and three naive
bayes [13]) in its library. It also contains both accuracy and statistical fairness measures.

Microsoft has also developed an open-source toolkit to mitigate the algorithmic fairness, which
is called Fairlearn [9]. This tool implements parity-based (statistical) fairness measures such
as demographic parity difference, equalized odds difference, and false-negative rate, and miti-
gation algorithms for binary classification. However, it only has one post-processing algorithm
(threshold optimizer [33]) and some reduction algorithms for disparity mitigation such as er-
ror rate parity, grid search [2], and exponential gradient [2]. It has only Adult Income, Bank
Marketing, and Boston Housing datasets in its library. Fairlearn toolkit contains two core
components, which are the bias mitigation algorithms and the interactive dashboard that can

2https://github.com/algofairness/fairness-comparison
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be invoked on Jupyter Notebook for graphical display of the visualizations. However, it is also
a limited toolkit in terms of both the number of provided fairness measures and mitigation
algorithms.

Finally, the most extensive and open-source bias mitigation tool is developed by IBM, with
the name AI Fairness 360 (AIF360) [6]. The purpose of this tool is explained as a transition
of the proposed bias mitigation algorithms in the literature to the industrial setting and
providing a common framework for the researchers to benchmark, evaluate, and share the
algorithms. It can also be used with Python or R. The unique property of this tool is that it
contains an explainer class that automatically generates explanations for both the measures
and the algorithms to mitigate the bias in the models or datasets. AIF 360 has the largest
number of algorithms among these tools with fourteen algorithms from both pre-processing,
in-processing and post-processing approaches. It also has an interactive web experience3 to
provide an introduction to the tool like Fairlearn’s interactive dashboard. Currently, the
service is limited to five built-in datasets which are famous in the fairness domain, but the
user can also upload his/her own dataset by expanding the dataset class. The service is also
limited to building logistic regression classifiers, but again this can be expanded. The tool
also has a separate scikit-learn interface in order to make it easier for the users to integrate
this tool in their machine learning pipeline even though the capabilities of this interface are
more limited compared to the whole toolkit of AIF 360. The only limitation regarding AIF
360 is its own object-oriented structure. While it is very beneficial in terms of scalability
while developers are expanding the tool, users will have to deal with more technical aspects
since they have to write their own wrapper classes whenever they would like to upload a new
dataset that does not exist in the dataset class.

2.4 Classifiers Used in Algorithmic Fairness

Classification algorithms are trained to make categorical predictions about the class labels
of the samples. The classifiers can handle the decision attributes with either binary (with
two outcomes only) or multiple class labels (more than two possible outcomes). There are
different kinds of classifiers in the literature: the ones that only provide the predicted class
labels, and the ones that can provide both predicted class labels and the predicted probabilities
for every sample in a test set. Since there are several fairness measures that use both the
predicted probability scores and the original class labels, the researchers mostly prefer using
the classifiers that are capable of providing predicted probabilities in addition to the predicted
class labels so they can use whichever technique they prefer without any limitation due to the
classifier. It is possible to see that multiple classifiers which satisfy these conditions such as
logistic regression, support vector machines, and random forests are used in the same study
to validate the results.

One of the most commonly used classifiers is logistic regression [34]. Since it produces pre-
dicted probability for each sample, it has been used as a baseline comparison algorithm in
benchmarks [25, 27, 35]. The algorithm was used as an example of a modified classifier (in-
processing) by Kamishima, Akaho, and Sakuma [41] to eliminate discrimination during the
training with regularization. Agarwal et al. [2] have also used logistic regression to apply their
reduction approach and compare its performance with other proposed mitigation algorithms.
Finally, logistic regression is also used as a testing classifier to compare the performance of a
pre-processing or a post-processing technique applied on the dataset [14, 25, 75].

Support vector machine (SVM) [19] is another common classification algorithm that is used
widely in algorithmic fairness literature with the same purposes [56, 25, 74]. For example,
SVM has been used by Friedler et al. [27] for their benchmarking setup. Furthermore, Feld-

3https://aif360.mybluemix.net/data
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man et al. [25] have used SVM as one of the oracle classifiers to measure discrimination and
accuracy change after they applied their pre-processing approach on the dataset. Also, Ris-
tanoski, Liu, and Bailey [56] have used SVM to implement their discrimination aware loss
definition as well as their optimization method, then compared it with standard SVM’s pre-
diction results to measure its performance for imbalanced datasets. Likewise, Zafar et al.
[74] have also used SVM to implement their fairness constraints approach to evaluate the
performance of their proposed bias mitigation technique.

The third classifier is the random forest algorithm [20], which is a collection of decision trees
that decides the final outcome by voting among the decision trees within the forest. This
classifier has been used by Calmon et al. [14] to fit the pre-processed dataset with their convex
optimization technique and then measure the performance of their proposed technique and
compare it with other techniques. Salimi et al. [62] have also used random forest classifier as
one of the appropriate classifiers to evaluate the performance of their causal database repairing
pre-processing technique. Also, Perrone et al. [53] have implemented this classifier to apply
their fair Bayesian optimization approach to show the performance and effectiveness of their
proposed solution. The study shows that random forest is the best performing classifier
among others. Lastly, random forest is one of the chosen algorithms to compare fairness-
aware machine learning algorithms systematically in a benchmark framework by Jones et al.
[35].

Naive Bayes [77] is another classifier that is used by the researchers who develop bias mit-
igation algorithms. For example, Calders and Verwer [13] have proposed three different
approaches to modify the Naive Bayes classifier or apply post-processing on its predicted
outcomes and make it discrimination-free. Kamiran and Calders [38] have used Naive Bayes
classifier in order to test the performance of their massaging technique, which is changing the
labels of some objects to eliminate discrimination in the data, and they used the classifier as
a ranker for their preferential sampling technique. Feldman et al. [25] have used Gaussian
Naive Bayes classifier in order to test the accuracy and measure the discrimination after their
data repairing pre-processing approach. Even though Naive Bayes is not used as frequently
as logistic regression and SVM, it is still a significant classifier in algorithmic fairness.

Finally, decision tree algorithm [55] is the least common classifier used in the literature com-
pared to other classifiers. For instance, it has been used by Kamiran, Calders, and Pechenizkiy
[39] in one of their earlier studies to change the splitting criterion and the pruning strategy
of the decision tree in order to obtain fair outcomes. As a result, after investigating the
literature, we have seen that logistic regression, SVM, and random forest are the most pop-
ular classifiers to implement and use either for performance evaluation of the proposed bias
mitigation techniques or altering their structure to ensure fair models, which are created for
pre-processing, in-processing or post-processing steps in the machine learning pipeline.
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Chapter 3

Theoretical background

3.1 Problem Statement

In this thesis, we are proposing this framework to mitigate bias in datasets in pre-processing
step in the machine learning pipeline with the goal of obtaining fair predictions from a clas-
sifier when it is trained with the pre-processed data. Given a dataset D = {X,S, Y }, X is
the set of attributes that do not contain any sensitive information, S is the set of sensitive
attributes containing sensitive information regarding individuals, and Y ∈ {0, 1} is the orig-
inal class label of individuals, which indicates the decision outcome. Let |D| represent the
cardinality of the dataset D. We assume, without loss of generality, that D is an imbalanced
dataset where, for example, the groups G,G

′
∈ Si have a different number of samples, where

G and G
′

represent different values that a sensitive attribute Si can have. While G represents
the protected or unprivileged group, G

′
represents the unprotected or privileged group. Let

Ŷ be the predicted class labels of Dtest derived by a classifier that is trained on Dtrain. In
order to deem the predictions of a classifier trained with Dtrain fair as well as satisfactorily
accurate, there are a set of fairness measures F = {Fm1 , Fm2 , Fm3 , ..., Fmn} and a set of
prediction performance measures A = {Am1 , Am2 , Am3 , ..., Amn} that need to be satisfied. In
this research, we propose a framework to improve the fairness measures while minimizing the
loss in performance measures. We will consider five fairness measures F = {Fmi , 1 ≤ i ≤ 5}
which are demographic parity, disparate impact, equalized odds, predictive parity, and consis-
tency, and three prediction performance measures A = {Am1 , Am2 , Am3}, which are accuracy,
balanced accuracy and F1-Score.

During this research, the following problems will be tackled:

• Quantifying the bias/fairness in datasets or classifier predictions

• Identifying the limitations in the existing bias mitigation techniques proposed in the
literature

• Developing a framework that will tackle the identified limitations

• Generating new synthetic samples with high quality for training sets

• Evaluating the effectiveness of the proposed framework in terms of fairness and predic-
tive performance

Demographic Parity: The instances in both protected and unprotected group should have
equal probability of being predicted as positive outcome for a classifier to be considered fair
according to the Demographic Parity. Thus, the following condition must be satisfied:
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P
[
Ŷ = 1|Si = G

′
]

= P
[
Ŷ = 1|Si = G

]
.

This means that the Demographic Darity difference between two demographic groups should
be close to zero, which is denoted as:

DPdiff = P
[
Ŷ = 1|Si = G′

]
− P

[
Ŷ = 1|Si = G

]
≈ 0.

Disparate Impact: It is also known as the 80%-rule. A dataset or a classifier can satisfy
disparate impact if the ratio between the probability of protected and unprotected groups
getting positive or desired outcomes is at least 0.8. It is formulated as:

DI = P [Y=1|Si=G]

P [Y=1|Si=G
′ ]

.

Equalized Odds: The instances from protected and unprotected groups should have equal
true positive rate (TPR) and false positive rate (FPR), which is denoted as:

P
[
Ŷ = 1|Si = G

′
, Y = 1

]
= P

[
Ŷ = 1|Si = G,Y = 1

]
,

P
[
Ŷ = 1|Si = G

′
, Y = 0

]
= P

[
Ŷ = 1|Si = G,Y = 0

]
.

In order to use the Equalized Odds in our experiments, we calculate Average Equalized Odds
Difference (AEO Diff.), which is defined as:

AEOdiff =
(P1 − P2) + (P3 − P4)

2
,

where P1 = P
[
Ŷ = 1|Si = G′, Y = 1

]
, P2 = P

[
Ŷ = 1|Si = G,Y = 1

]
,

P3 = P
[
Ŷ = 1|Si = G

′
, Y = 0

]
and P4 = P

[
Ŷ = 1|Si = G,Y = 0

]
.

In order to deem a classifier fair based on this measure, the calculated AEO difference should
be close to 0.

Predictive Parity: To deem a classifier satisfactory in terms of predictive parity, both
protected and unprotected groups should have the same positive predictive value (PPV). It
is denoted as:

P
[
Y = 1|Ŷ = 1, Si = G

]
= P

[
Y = 1|Ŷ = 1, Si = G

′
]
.

To use this measure in our experiments, we calculate Predictive Parity Difference (PP Diff.)
between the privileged and the unprivileged groups, which is formulized as the following:

PPdiff = P
[
Y = 1|Ŷ = 1, Si = G

]
− P

[
Y = 1|Ŷ = 1, Si = G

′
]
.

In order to deem a classifier fair based on this measure, the calculated PP difference should
be close to 0.

Consistency: This individual fairness measure calculates how similar the labels are for the
similar instances in a dataset based on k-neighbors that each instance has. Thus, the instances
should have the same or similar labels if they are similar in terms of features. It is formulated
as:

yNN = 1− 1
n

∑n
i=1

∣∣∣ŷi − 1
nneighbors

∑
j∈Nnneighbors (xi)

ŷj

∣∣∣.
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3.2 Improving Fairness Theoretically

This section discusses how the DI measure is improved and then how the improvement in fair-
ness will affect the values of other important measures such as accuracy and F1-Score. Let |D|
be the number of instances in the dataset D, Np be the total number positive examples in the
dataset, NGp/NG′p be the number positive examples from the unprivileged/privileged groups,

respectively. Let ξ be the percentage value of DI for the original dataset (DI(D) = ξ/100).
Our goal is to increase the value of DI by δ/100, with 0 < δ < 125− ξ, to make DI(C) close
to or greater than 80%, where C is a given classifier. To do so, we should increase/decrease
the number of instances that are predicted positive from the unprivileged/privileged groups.

Notation Description

D(X,S, Y ) training dataset

T (X,S, Y ) testing dataset

X the set of attributes with non-sensitive information about individuals.

S the set of attributes with sensitive information.

Y/Ŷ the original/predicted class labels of the instances in a given dataset,
respectively.

DG DG = {x ∈ D | S(x) = G} the set of records with unprivileged values in
their sensitive attributes.

DG′ D′G = {x ∈ D|S(x) = G′} the set of records that have privileged values.

NG, NG′ NG = |DG|, NG′ = |DG′ |.
DGp DGp = {x ∈ DG | Y (x) = 1}.
DG′p DG′p = {x ∈ DG′ | Y (x) = 1}.
NGp , NG′p , Np NGp = |DGp |, NG′p = |DG′p |, NP = NGp +NG′p .

Fmi fairness measure.

Ami performance measure.

Table 3.1: Notations used in Chapter 3

If p(Y (x) = 1 | S(i) = G) =
NGp
NG

, p(Y (x) = 1 | S(i) = G′) =
NG′p
NG′

, and DI(D) = ξ% then:

NGp/NG

NG′p/NG′
=

ξ

100
and NGp =

ξNGNG′p
100NG′

. (3.1)

To increase the value of DI(C) to (ξ + δ)%, we need:

(
NGp + ε

)
/NG(

NG′p − γ
)
/NG′

=
ξ + δ

100
, (3.2)

where ε is the number of instances (records) from the unprivileged group that should be
predicted positive while their original label is negative. Conceptually, ε can take any integer
value between 0 and NG − NGp . Conversely, 0 ≤ γ < NG′p is the number of instances from
the privileged group that should be predicted negative while their original label is positive.
Solving for ε and γ, we get: (

NGp + ε
)
NG′(

NG′p − γ
)
NG

=
ξ + δ

100
. (3.3)

32



Substituting NGP from Eq. (3.1) in Eq. (3.3), we get:

(ξ + δ)
(
NG′p − γ

)
NG = 100NG′

(
ξNGNG′p
100NG′

+ ε

)
Hence:

100εNG′ + γ (ξ + δ)NG = δNG′
P
NG (3.4)

There are three special cases that can be recognized:

Case 1: ε = γ, in this case we need to increase the number of instances from the protected

group that are predicted positive by ε =
δNG′p

NG

100NG′+(ξ+δ)NG
and decrease the number of

instances from the unprotected group that are predicted positive by the same number.

Case 2: γ = 0, in this case we need to increase the number of instances from the protected

group that are predicted positive by ε =
δNG′p

NG

100NG′
while keeping the same number of

positives from the unprotected group.

Case 3: ε = 0, in this case we need to decrease the number of instances from the unprotected

group that are predicted positive by γ =
δNG′p

NG

(ξ+δ)NG
while keeping the same number of

positives from the protected group.

Using the formula provided above, it can be easily shown that increasing the positives of the
protected group while keeping the number of positive from the unprotected group unchanged
(Case 2: γ = 0) will incur the minimum number of changes because of the assumption that
the number of instances from the unprivileged group is smaller than the number of instances
from the privileged group. However, this cannot be achieved in reality. In most of the real-
life cases, the imbalanced datasets that contain bias have a significantly smaller number of
positive instances from the unprivileged group compared to the number of positive instances
from the privileged group. It is not the desired option to change the original class labels of the
samples from both the unprivileged group that has negative labels and from the privileged
group that has positive. Because we do not know which samples were labeled with a negative
or positive outcome based on bias and which samples were labeled negatively due to the
individuals’ ineligibility for the desired outcome. Thus, altering the existing labels of original
datasets is not an optimal strategy.

As a solution to this problem, more synthetic samples with positive class labels should be
generated using the existing samples from the unprivileged group with positive class labels.
This will eventually increase the probability that a classifier predicts the class label of a
sample as positive given that it is from the unprivileged group since the classifier will see
more positive samples for the unprivileged group during the training step. To generate more
positive samples for the unprivileged group, an oversampling technique called SMOTE [15] is
used. However, since SMOTE generates the new synthetic samples based on interpolating the
original instances in the training set, the quality of the generated instances depends on the
similarity (or distance) between the instances the are used in the oversampling. To increase
the similarity between the instances, datasets are clustered via a clustering algorithm before
generating the new instances (see Section 3.3). In Chapter 5, the number of instances that
have been predicted differently after using the proposed mitigation framework are reported in
terms of percentages to highlight the effects of the framework on outcomes of the classifiers.

It should be noted that improving the DI measure will certainly affect the other measures. For
example, according to Eq. (3.2), increasing DI by δ will have the following effects depending
on the values of ε and γ:
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i. The number of True Positives (TP) will be decreased by γ. We assume that we have
trained a perfect classifier, which can predict all the labels in the test set correctly.
Based on the required changes in the classifier’s predictions, if the original true positives
is TP then the new true positives TP ′ = TP − γ;

ii. Similarly, the True Negatives will be decreased by ε (i.e. TN ′ = TN − ε);
iii. The False Positives (FP) will be increased by ε (FP ′ = FP +ε) and the False Negatives

(FN) will be increased by γ (FN ′ = FN + γ).

Thus, the perfect classifier’s accuracy will be decreased by
(
γ+ε
|D|

)
. To quantify the changes

on the F1-Score, we write it as the following:

F1 =
2 ∗ TP

2 ∗ TP + FN + FP
. (3.5)

If F1′ is the new F1-Score after the mitigation, then it can be calculated as the following:

F1′ =
2 ∗ (TP − γ)

2 ∗ TP + FN + FP + ε− γ . (3.6)

For the case of perfect classifier F1 = 1, the new F1 score after mitigation will be F ′1 =
2(TP−γ)
2TP−γ+ε because TP and FP values were initially 0 (assuming that wee have a perfect classi-
fier). Since the initial perfect classifier’s F1-Score is 1, the amount of decrease in the F1-Score

after mitigation will be then 1− 2(TP−γ)
2∗TP−γ+ε .

3.2.1 Examples of Improving Fairness and the Effects on Per-
formance Measures

The German dataset [22] has 1000 instances. We split the dataset for training and testing
using the 70/30 rule with stratification. In the test set T , we have NG′ = 181 instances
from the privileged group and NG = 31 from the unprivileged group. The number of positive
instances from privileged/unprivileged is (NG′p = 134)/(NGp = 17), respectively. The total
number of positive instances in T is 210, which includes the other subgroups too. Note that
this calculation keeps the other subgroups in the dataset constant. Assuming that we have
a perfect classifier’s predictions, the Disparate Impact Ratio (DIR) of the predictions of the
perfect classifier is calculated as the following:

DI(C) =
(17/31)

(134/181)
= 0.74 (3.7)

To improve DI(C) from 74% to be equal to or greater than 80% (which means that ξ = 74
and δ = 6) while assuming that we have a perfect classifier. We will find the value for ε and
γ by using the equation 3.4 and consider three base cases:

Case 1: ε = γ

6 ∗ 31 ∗ 134 = 100 ∗ ε ∗ 181 + ε ∗ 31 ∗ (74 + 6) (3.8)

From this equation, we find ε = 1.21, but we get the ceiling value to achieve DIR of at least
0.8, which is d1.21e = 2 for both ε and γ. The new DIR after the changes in TP, FP, TN,
and FN values due to mitigation will be:

DI ′(C) =
((17 + 2)/31)

((134− 2)/181)
∼= 0.84 (3.9)
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which surpasses the minimum disparate impact threshold of 0.8 for fairness. In this case, the
decrease in accuracy will be:

γ + ε

|D| =
2 + 2

300
∼= 0.013 (3.10)

which corresponds to 1.3% decrease, and the decrease in the F1-Score will be:

1− 2 ∗ (210− 2)

210 ∗ 2− 2 + 2
∼= 0.01 (3.11)

which means 1% decrease in F1-Score.

Case 2: γ = 0

6 ∗ 31 ∗ 134 = 100 ∗ ε ∗ 181 + 0 ∗ 31 ∗ (74 + 6) (3.12)

this equation yields ε ∼= 1.377, which means that we need to change d1.377e = 2 samples’
predictions to have a positive class label from the unprivileged group. Such change will make
the new DIR become:

DI ′(C) =
((17 + 2)/31)

(134/181)
∼= 0.83 (3.13)

the decrease in the accuracy and the F1-Score will be calculated similar to the first case,
where the decrease in the accuracy will be 2/300 = 0.006̄, which is 0.6%, and the decrease in

the F1-Score will be 1− 2∗(210−0)
2∗210+2−0

∼= 0.005 which is 0.5%.

Case 3: ε = 0

6 ∗ 31 ∗ 134 = 100 ∗ 0 ∗ 181 + γ ∗ 31 ∗ (74 + 6) (3.14)

where γ = 10.05 as the solution of this equation. In this case, we need to change the
predictions of d10.05e = 11 samples to have a negative class label from the privileged group
to satisfy DIR. Then, the new DIR will be:

DI ′(C) =
(17/31)

((134− 11)/181)
∼= 0.81 (3.15)

This change in the DIR will result in a decrease in accuracy with 11/300 = 0.036̄, which means

3.6%. Then, the decrease in the F1-Score will be 1− 2∗(210−11)
2∗210−11+0

∼= 0.027, which corresponds
to 2.7%. It is important to note that if the initial DIR of the predictions of a classifier is
lower, then we will need to change the predicted class labels of more samples to achieve the
minimum threshold of DIR for fairness, which will increase the amount of loss in accuracy
and F1-Score.

3.3 Clustering

The clustering step in the COSCFair framework is implemented with the fuzzy c-means
clustering [8], which is a soft clustering algorithm that allows each sample in a dataset to
be assigned to more than one cluster. In fuzzy clustering, each sample belongs to a cluster
with a certain probability, which adds up to 1 in total. The algorithm works with the core
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ε γ Used ε Used γ DIR Acc. F1-Score Bal. Acc.
0 10.05 0 11 0.81 0.963̄ 0.973 0.974
0 10.05 0 10 0.80 0.966̄ 0.976 0.988̄

1.21 1.21 2 2 0.84 0.986 0.99 0.984
1.21 1.21 1 1 0.79 0.993̄ 0.995 0.992
1.377 0 2 0 0.83 0.993̄ 0.995 0.976
1.377 0 1 0 0.78 0.996̄ 0.998 0.994̄

Table 3.2: The effects of the values of ε and γ with their ceiling and floor values on
Disparate Impact Ratio (DIR), Accuracy (Acc.), F1-Score, and Balanced Accuracy
(Bal. Acc.). It shows that using the ceiling values of ε and γ ensure surpassing the

DIR threshold. Note that Balanced Accuracy is calculated as
TP−γ
P +TN−ε

N

2 , where P
and N correspond to the total number of positive and negative samples in the test
dataset, respectively.

idea of assigning the samples to clusters in a way that the samples in the same cluster are
as similar as possible, while the samples in different clusters are as dissimilar as possible.
Clusters are formed based on a distance metric (such as Euclidean distance), which is used
to calculate (and minimize the sum of) the distances between the samples and the assigned
cluster centroids. Thus, it is important to apply standardization on the numerical features
of the datasets in the data preparation step to prevent the unjustified domination of these
features with large numerical values on the distances.

Assume that there is a dataset X = {x1, .., xn} with n number of samples . In fuzzy clustering,
the existing data points in the training set are randomly initialized into clusters C = {c1, .., cc}
based on the chosen number of clusters (c) and calculating the membership matrix W = wi,j ∈
[0, 1] , i = 1, ..., n, j = 1, ..., c with the size (n∗c) , where each element wij in W tells the degree
to which sample xi belongs to cluster cj (i.e. the probability of a sample belonging to each
cluster). The centroid point of each cluster is identified:

ck =

∑
x wk (x)m x∑
x wk (x)m

(3.16)

where k represents the kth cluster, and m is the fuzziness parameter, which is chosen as two
in most of the cases. The notation wk (x) refers to the membership probability of sample x
to the cluster k. After the cluster centroids are identified, the distances between each sample
point and cluster centroids are calculated:

‖xi − ck‖2 (3.17)

Then, the new membership probabilities of each sample is calculated as the next step to
update the membership matrix:

wij =
1∑c

k=1

(
‖xi−cj‖
‖xi−ck‖

) 2
m−1

(3.18)

As mentioned before, the membership probabilities of a sample belonging to each cluster
should add up to 1, which means that wi1 + ...+wic = 1. These steps are repeated iteratively
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until the algorithm satisfies its objective goal. The objective of this algorithm is to minimize
the distances between each sample and the cluster centroids, which means:

argminC =

n∑
i=1

c∑
j=1

wmij ‖xi − cj‖2 (3.19)

After all the cluster membership probabilities are calculated per sample, the soft clustering
can be transformed to hard clustering by assigning samples to the clusters that have the
highest probability of membership if desired.

3.4 Oversampling

SMOTE (Synthetic Minority Oversampling Technique) is an oversampling technique that is
widely used to create new synthetic samples for the minority class(es) in imbalanced datasets
[15]. SMOTE creates new synthetic samples by drawing lines in between the existing samples
that are close to each other in feature space and that belong to the same minority class which
needs to be oversampled. After the lines are determined, SMOTE produces the synthetic
samples along these lines until the number of samples from the minority class becomes equal
to the number of samples from the majority class. This procedure is repeated by choosing
different original minority samples that exist in the dataset as the core (or main) point and
finding its k nearest neighbors.

The neighbor sample points are chosen based on the number k defined by the user, which is a
parameter to specify how many nearest neighbors should be taken into account to create new
synthetic samples. The minority class is determined based on the total number of samples
per decision label in a dataset. For instance, in a classical oversampling case, if a dataset
has a binary class label where the positive label has 200 samples while the negative label
has 600 samples, then the minority group needs to be oversampled, which are the samples
with the positive outcome. Thus, based on the number of neighbors given by the user, for
example, k=3, SMOTE creates synthetic samples for the minority class between the chosen
main points and 3 nearest neighbors to them until the size of it also becomes 600. Figure
3.1 shows how the k nearest neighbors are identified and the lines between them are drawn.
Figure 3.2 shows how the new synthetic samples are created along the lines drawn between
these k neighbors.

3.5 Classification

In this section, the theoretical aspects of the classification algorithms that are used in the
experiments conducted on the COSCFair framework.

Logistic Regression: Logistic regression is a probabilistic statistical model which calcu-
lates the probability of a certain event having positive or a negative outcome. The sum of
probabilities belonging to the positive and negative class should be 1. Logistic regression is
a binary probabilistic classifier, however, it can also be used to predict the probabilities for
multiple class labels (known as multinomial logistic regression). In order to formalize how the
algorithm works, assume that there are only two variables (x1, x2) to predict the outcome of
an event with binary outcomes, the outcomes can be either 1 or 0, and we would like to find
the probability of an event having the outcome 1, which is denoted as p = P (Y = 1). Then,
we also assume that there is a linear relationship between the two variables and the log odds
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Figure 3.1: The procedure of identifying the nearest neighbors in SMOTE. Blue sam-
ples represent the minority class while black samples represent the majority class. The
point mp1 is the main point to start drawing a line to the nearest neighbors. Based
on the number k defined by the user, which is 3, the nearest k points are chosen.
The green lines are drawn initially from the main point to the nearest neighbors, then
orange lines are also drawn between the nearest members before oversampling.

Figure 3.2: The cyan colored samples are the synthetic samples generated on the lines
drawn between k neighbors to oversample the minority class (light blue samples).

of the desired outcome, which is Y = 1 in this case. This relationship can be formulated as:

logb
p

1− p = β0 + β1x1 + β2x2 (3.20)

where logb
p

1−p is the log of odds which are p and p − 1, b is the base of the algorithm, and
β0, β1, β2 are the parameters of the model. This equation can be transformed to find the
probability of an event having a certain outcome (Y = 1) as follows:

p =
1

1 + b−β0+β1x1+β2x2
. (3.21)
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The calculated probabilities of logistic regression are used to predict the class labels of samples
by defining a certain threshold value. In general, when a sample’s probability is equal to or
greater than 0.5, then the outcome of that sample is predicted as 1. Otherwise, its outcome is
predicted as 0. Logistic regression uses a sigmoid function to form the probability distribution.

Random Forest: In easy terms, the random forest algorithm is an ensemble of many decision
trees where each tree generates a set of rules to classify samples to obtain more stable and
accurate predictions [20]. However, random forest constructs each tree differently from a
standard decision tree. Each individual tree is trained with a set that is randomly sampled
with replacement from the training set, which is called Bootstrap Aggregation, or shortly
Bagging. Furthermore, each tree is trained with a randomly picked subset of the features
in the training set. Such a procedure ensures variation in each decision tree and decreases
the possible correlation among trees in the training step. The number of decision trees in a
random forest is defined by the user.

Random forest algorithm uses Gini Index to decide the splits in its decision trees based on
an attribute in each step [52]. Gini Index is a value used to measure the impurity of a specific
split. Using this index, one can calculate the impurity reduction that a new split in a decision
tree provides. Let T be the training set with binary class label 0 and 1. In order to decide
which class (Ci = {0, 1}) a sample belongs to, the Gini Index of a split for a binary class
dataset is calculated as:

i (t) = p (Ci=0|t) p (Ci=1|t) , (3.22)

or

i (t) = p (Ci=0|t) (1− p (Ci=0|t)) (3.23)

where i(t) denotes impurity, t denotes the node that is being split, and p (Ci|t) represents
the probability that the given sample belongs to class Ci. Thus, to calculate the reduction in
impurity with a new split s in node t, we calculate:

∆i (s, t) = i (t)− {π (l) i (l) + π (r) i (r)} (3.24)

where l means the left child node and r means the right child node after the new split, π (l) and
π (r) denotes the proportion of samples that are sent to the new left and right child nodes
respectively. It is also a noteworthy difference between decision trees and random forests
that decision trees prune their leaves back while random forest algorithm does not prune its
fully grown trees since generalization error converges due to a large number of trees in this
algorithm.

Gradient Boosting classifier: This algorithm is an ensemble technique containing decision
trees or regression trees used in classification or regression problems [28]. It combines multiple
weak learners in order to minimize the prediction error and thus produce better predictions
in the final outcome. The algorithm ensembles the predictions by using the feedback of
previous weak learners’ feedback to improve the prediction performance, and then makes a
final majority voting among all the last weak learners. The mathematical definition of the
gradient boosting algorithm will be recalled from Friedman’s study [28]. The estimation of
the function predicting class label y given the input variable x = {x1, ..., xn}, which minimizes
the output of a loss function can be formulated as follows:

F̂ (x) = argmin
F
Ey,xL (y, F (x)) (3.25)
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where the loss function is L (y, F (x)), the original function of the distribution is F (x), and
F̂ (x) denotes the approximation of the original function, which maps x to its outcome label
y. Since it is not possible to identify the underlying original function F (x) due to the infinite
amount of possibilities, the function space, to search the underlying function, should be
limited. It can be accomplished by assuming the underlying function to be a parameterized
function F (x, P ) where P is a limited set of parameters P = {P1, P2, ...}. This way, the
objective can become optimizing the parameters of the model. The parameter optimization
can be formalized as:

P̂ = argmin
P

Φ (P ) (3.26)

where Φ (P ) is the approximation of the original parameters of the underlying function. Thus,
we can show the approximation of the underlying function as:

F̂ (x) = F
(
x, P̂

)
(3.27)

Based on the approximation of parameters in the underlying function, the parameters can be
found in the algorithm 3.5:

Algorithm 1 Pseudocode of the Gradient Boosting

Input: number of iterations M
Output: Approximated parameters P̂

1: P̂ = P̂0 //Decide initial approximation values for parameters
2: for each t εM do
3: ∇LP

(
P̂
)

=
[
∂L(y,F (x,P ))

∂P

]
P=P̂

//Calculate the gradient loss function for the current

approximation of parameters (P̂ )

4: P̂t ← −∇LP
(
P̂
)

// Set the current approximation of the iteration t (P̂t) based on

the gradient calculated in this step
5: P̂ ← P̂ + P̂t =

∑t
i=0 P̂i // Update the new approximation of the function parameters

6: f̂ (x) = f(x, P̂ ) // Insert the new found approximated parameters in the function
7: end for

There are three components in gradient boosting classifiers, which are the loss function L to
minimize its output, a weak decision tree learner to make the predictions in every iteration,
and an additive model that reduces the prediction errors using the loss function’s outputs.
The loss function changes depending on the type of problem at hand. For example, if the
problem is a regression problem, the loss function can be L1, L2, or a quadratic function. If
the problem is a classification problem, then the loss function can be binary cross-entropy loss
or hinge loss. As an additive model, the weak learners (decision trees) are trained sequentially
to reduce the prediction error that came from the previous trees so that a final strong ensemble
model is achieved with high performance. None of the weak learners are updated or changed
after they are trained in the model. After gradient boosting measures the loss of the prediction
of these weak learners, it builds another weak learner tree in the next step by changing the
parameters of the previous tree which reduces the measured loss. This procedure is also called
functional gradient descent.

it is worth mentioning that there is no single classifier that performs the best for all datasets.
A classifier might perform well on one dataset while it might perform poorly on another
dataset depending on the dataset characteristics such as the number of samples, the number
of attributes, and the type of attributes. There are only a few cases where some of the
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classification algorithms should or should not be used. For example, if the number of samples
is less than the number of attributes in a dataset, then Logistic Regression should not be used.
Otherwise, it is going to cause overfitting in the model. Instead, an algorithm that is resilient
to overfitting such as Random Forest should be used. However, all the benchmark datasets
that are used in the experiments have more samples than the number of attributes. Thus,
we deployed in our framework three different types of classifiers to see how they perform on
different datasets and compare their results.
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Chapter 4

The COSCFair Framework

In this section, the COSCFair framework is presented and the components used to implement
each step are introduced. The framework consists of four main components. It starts with
the pre-processing step for the dataset, where the subgroup ID of each sample is identified.
Then, after splitting the dataset into training and test set, a clustering algorithm of choice
is applied on the training set to discover the natural groups (clusters). The next step is
dividing the training set into cluster sets, where the training samples are grouped according
to their cluster IDs. Then, we oversample each of these clusters based on the subgroup IDs
of the samples to achieve an equal number of samples for each subgroup that exists in the
cluster. The final step is the classification step, where the classifier training and class label
predictions of the test set occur. Here, we have studied three possible strategies for classifier
training and label prediction, which are discussed further in Section 4.4. The pseudocode
of the COSCFair framework is given in Algorithm 2 and the high level representation of the
framework is presented in Figure 4.1.

Figure 4.1: The main flowchart of the COSCFair framework
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Algorithm 2 Pseudocode of the COSCFair Framework

Input: data D = {x1, ..., xn}, train-test split ratio ρ, sensitive attributes S, decision
attribute Y , Strategy
Output: Fairness and Performance measures’ values.

1: for each x ∈ D do
2: Gx ← subgroup(x , S, Y ) //Identify subgroup ID of each sample
3: end for
4: AGx ← {Gx, ∀x ∈ D} //Create an attribute for subgroup IDs
5: Dtrain, Dtest ← Split(D, train, test, ρ)
6: C1, C2, . . . , Cm ← Cluster(Dtrain) //find m clusters
7: for Each cluster set Ci do
8: ma = argmax

AGx⊆Ci
|AGx |

9: Ci ← {}
10: for AGx in Ci do

11: A
′
Gx ← oversample (AGx ,ma)

12: Ci ← C
′
i ∪A

′
Gx

13: end for
14: end for
15: if Strategy == 1 then
16: D′train ←

⋃m
i=1 C

′
i

17: Train a model M using D′train
18: end if
19: if Strategy == 2 or Strategy == 3 then
20: for i = 1 to m do
21: train a model Mi using C′i data
22: end for
23: end if
24: labels ← {}
25: for x ∈ Dtest do
26: labels ← labels ∪ {(x , class(x ))}
27: end for
28: for subgroup in subgroups do
29: Calculate fairness and performance measures
30: end for

4.1 Data Preparation

The data preparation step of the COSCFair consists of several sub-steps. These sub-steps
include identifying the subgroup IDs, adding this information as a new variable to the dataset
and removing the other sensitive attributes, and then splitting the dataset as training and test
sets. Other aspects such as deciding the number of samples and which attributes to remove
or keep in a dataset are not counted as part of this specific framework since it is a preliminary
necessity for every machine learning pipeline. Identifying the subgroup labels of each sample
is the most important component of the framework, which we discuss here in more detail. The
subgroups in datasets are discovered based on the total number of binary sensitive attributes
and the binary decision label, which corresponds to 2n, where n is the number of subgroups
identified in a dataset. In our experiments, we have two binary sensitive attributes and one
binary class label in all of the datasets, which corresponds to eight subgroups per dataset.
Considering only the sensitive attributes, there are 2n-1 subgroups that are identified as the
privileged and unprivileged subgroups. For example, with two sensitive attributes, there will
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be four main subgroups in each dataset that we compare their outcomes in our experiments.

There are two base groups in the extracted subgroups that are always privileged or un-
privileged. If a subgroup has unfavorable values in both sensitive attributes, that subgroup
becomes the most unprivileged subgroup in the dataset. If a subgroup has favorable val-
ues for both sensitive attributes, then that subgroup becomes the most privileged subgroup.
The other subgroups that have different combinations of favorable and unfavorable values for
different sensitive attributes are interpreted as both potentially privileged and unprivileged
subgroups. Thus, while investigating their position in a dataset, they are compared against
the most unprivileged and the most privileged groups. After the subgroup ID variable is
added, the sensitive attributes are removed from the dataset to prevent redundancy since the
new subgroup IDs already contain information regarding these sensitive attributes.

Finally, if a dataset contains a set of numerical variables, these variables are standardized
in training and test sets separately in order to achieve values only between 0 and 1 so that
they do not have domination over other variables during the clustering and classification
steps. Furthermore, if the dataset contains both categorical and numerical attributes, Factor
Analysis of Mixed Data (FAMD) is used as the dimensionality reduction technique to represent
the dataset in a lower dimensional space [51]. Using dimensionality reduction simplifies the
calculations in the next step for the clustering algorithm. In the implementation of the
framework, an open source implementation of FAMD [32] is used to reduce the dimensionality
in the datasets.

Figure 4.2: Flowchart of pre-processing step of the COSCFair framework. The ratio
to split the dataset into training and test sets is given by the user.

4.2 Fuzzy c-means

As mentioned in Section 3.3, the clustering algorithm used in the COSCFair framework is
fuzzy c-means. This algorithm requires the number of clusters to be given as an input. Thus,
the fuzzy c-means algorithm is run multiple times using a predefined list of candidate values as
the number of clusters (e.g. 2 to 10) to find the optimal number of clusters for every dataset.
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In each run, fuzzy partition coefficient (FPC) and the silhouette score are computed.
FPC is a single value between 0 and 1 which is the dot product of membership matrix W
(see Section 3.3) and the transpose of W divided by the number of samples in the dataset.
If FPC is close to 1, it means that the clusters are well-formed, the samples belong to their
assigned clusters with higher probability values than the other clusters. On the other hand,
the silhouette score shows how similar each sample to the samples in its own cluster compared
to the samples in the other clusters with a value between -1 and 1. Having a silhouette score
close to 1 indicates that the samples are matching well with their clusters. We choose the
number of clusters that yield the best combination of these two scores to achieve the highest
possible performance.

Figure 4.3: An example plot of the fuzzy partition coefficient per number of clusters,
which is denoted as number of (cluster) centers, for the Adult dataset. It is used
with the silhouette scores plot to decide the optimal number of clusters for the given
dataset.

We are using the fuzzy c-means clustering algorithm before oversampling because the synthetic
samples are created based on the line between two existing samples (see Section 3.4). Thus,
these samples must be close enough to each other to ensure good quality of synthetic sample
generation. Therefore, we cluster the training set into smaller cluster sets where the samples
used for oversampling in each of these clusters are close to each other, which decreases the
distances between the samples that belong to the same subgroup for a better quality and
more realistic samples.

Before using fuzzy c-means, it is recommended to use a dimensionality reduction technique
such as principal component analysis (PCA) if the whole dataset consists of numerical vari-
ables, or the multiple correspondence analysis (MCA) if the dataset consists of only categor-
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Figure 4.4: An example plot of the silhouette score per number of clusters for the
Adult dataset. The x-axis denotes the number of clusters while the y-axis denotes the
corresponding silhouette score. It is used together with the fuzzy partition coefficient
to decide the optimal number of clusters for a dataset.

ical variables. As mentioned in the previous section, FAMD is used as the dimensionality
reduction technique in COSCFair since it is a suitable technique for the datasets with mixed
numerical and categoical attributes.

4.3 SMOTE Oversampler

In the COSCFair framework, SMOTE [15] is used as the oversampling technique applied to the
cluster sets. After splitting the training set into cluster sets by using the cluster memberships
of the training samples, we oversample each cluster set. The oversampling criterion is the
subgroup IDs of the samples (2n), which is identified in the data preparation step. We use
subgroup IDs to oversample so that we can obtain an equal representation for each subgroup
in each cluster, where they all have precisely the same number of samples with both positive
and negative outcomes. We use SMOTE to oversample our clusters, which is described in
Section 3.4, although different oversampling algorithms can also be used in this step depending
on the characteristics of the training set at hand.

The main reason behind using oversampling is to mitigate bias is that most of the datasets
that contain bias are actually imbalanced, where different subgroups are not represented
equally, especially in terms of the number of positive and negative samples per subgroup. If
a classifier is trained with more positive outcomes than the negative outcomes for a specific
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Figure 4.5: The flowchart of clustering and oversampling components of the COSCFair
framework. Number of clusters m is given by the user as an input based on the
silhouette score and the fuzzy partition coefficient.

subgroup, it will also predict more positive outcomes for that subgroup [72]. Furthermore, if
a classifier encounters many samples from a given subgroup, its prediction performance will
also increase. On the other hand, if a subgroup is represented with a small number of samples
and if most of these samples have a negative outcome, then the classifier trained on such data
will have a worse performance at predicting positive outcomes for this subgroup, and most of
its predictions for the subgroups will also be negative.

The problem of representing subgroups disproportionately can easily be spotted in Table 5.2
in all of the datasets that are used in this study. The most privileged subgroups have the
most number of samples in German and Adult datasets. In addition, the most privileged
subgroups in these datasets have more positive class labeled samples than other subgroups.
This situation is different in the COMPAS dataset, where the most privileged group has
the least number of samples while the most unprivileged group has the most. However, it is
important to note that while all other subgroups have more positive labeled samples, the most
unprivileged group has more negative labeled samples, which is still an imbalance problem
that requires oversampling for equal representation of each subgroup with both positive and
negative outcomes.

4.4 Classifiers for Prediction

In this step, a classification algorithm of choice or multiple classification algorithms of the
same type (i.e. logistic regression) is trained depending on the strategy that will be followed.
The input for the classification step is the oversampled clusters. Depending on the strategy,
single or multiple classifiers are trained, then the class labels of the test set are predicted.
However, every strategy has its own unique prediction procedure, which will be described
in detail in their respective sections. We should note that during classifier training and
test set prediction, the sensitive attributes and the subgroup IDs are not used, which ensures
fairness through unawareness. The COSCFair framework allows users to use any classification
algorithm of choice. However, 3 well-known algorithms are recommended to use with this
framework, which were discussed in Section 3.5. These classification algorithms are also used
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in the experiments. The detailed flowchart of the classification component of the COSCFair
framework is given in Figure 4.6.

4.5 Recommended Strategies

4.5.1 Using Single Classification Model

This strategy is the most straightforward and similar one to the mainstream classification
training and prediction. After all clusters are oversampled, they are concatenated back to-
gether to form a single training set, which is larger than the initial training set. Then, only one
classifier of choice is trained with this new training set and the class labels of the transformed
test set are predicted based on only this classifier.

4.5.2 Using Cluster Membership for Prediction

This strategy requires training multiple classifiers, which means that one classifier will be
trained based on each oversampled cluster. Before the class labels of the test set are predicted,
each sample’s cluster membership is predicted by using the fuzzy c-means clustering object
created in the third step. The clustering object will first calculate the membership probability
matrix for each test sample (see Section 3.5). At the beginning of this process, the classifiers
that are trained based on the clusters, which do not contain samples from the same subgroup
as the test sample at hand are discarded. After that, the remaining classifiers are considered
for the rest of the process to find the classifier that is trained with the cluster that the test
sample has the highest membership probability. Then, we retrieve the ID of a cluster for the
sample. Finally, the classifier object that is trained with that cluster is used to predict the
class label of that sample. It is important to note that this procedure is repeated for the class
prediction of every test sample individually in an iterative way until all the samples’ classes
are predicted.

4.5.3 Using Weighted Cluster Memberships for Prediction

Similar to the second strategy, our final strategy also requires training multiple classifiers using
the oversampled clusters. However, instead of choosing one classifier this time, all the trained
classifiers are taken into consideration while predicting the class label of a test sample. First,
the fuzzy c-means clustering object is used to retrieve the membership probability matrix of
the test set which contains each sample’s probability of belonging to each cluster. After that,
just like the second strategy, some of the cluster IDs are discarded if their clusters do not
contain samples from the same subgroup as the test sample. Finally, in the prediction step,
the cluster membership probabilities of a sample that are retrieved for the remaining clusters
are used as a weighting factor for the predicted class labels from each corresponding classifier.

The weighting is applied to the predicted outcomes by dividing the probability of each eligible
cluster Ci by the sum of the probabilities of all eligible clusters and then multiplying the
corresponding weight with the predicted outcome of the classifier that is trained with the
cluster having the same ID as the cluster Ci. Then, all of the weighted prediction values are
summed into a single value. If this value is greater or equal to 0.5, the weighted prediction
label becomes 1, otherwise 0. Our experimental results show that this is the best strategy
for COSCFair framework, and thus it is used in the final comparison with the other baseline
methods.
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Figure 4.6: Flowchart of the classification component of the COSCFair Framework
including all the strategies proposed.
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Figure 4.7: The sample Ts colored with orange represents a sample from the test set,
black colored points represent the clustered training set, and the red colored points
represent the centroid of each cluster. Using fuzzy c-means, the probabilities of Ts
belonging to each cluster are calculated based on the distance between Ts and the
cluster centroids C1, C2, C3, and C4.

This weighing process of this strategy can be formulated as:

nclusts∑
i=0

[
(P (C(Ts) = Clusteri))

(
∑nclusts
n=0 Probclustern)

∗ Predclassifieri ] (4.1)

Where nclusts indicates the number of eligible clusters left after discarding the clusters that
do not contain samples from the same subgroup of the sample at hand, while P (C(Ts))
represents the probability of Ts being clustered in Clusteri.
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Chapter 5

Evaluation

This chapter provides information regarding datasets and baseline methods and presents the
numerical results obtained from the conducted experiments to evaluate the performance of
the COSCFair framework in terms of fairness and predictive accuracy. Our focus in the
experiments is on improving the DI Ratio, DP Difference, and AEO Difference on all datasets
while having minimal or no loss in the rest of the fairness and performance measures.

5.1 Datasets

In order to evaluate the performance of the algorithms in terms of fairness and prediction
capabilities, three famous datasets are chosen that are also commonly used in the literature.
We have chosen the German Credit dataset as a representative of small datasets, the UCI
Adult dataset as a representative of relatively large datasets, which exist in the UCI Machine
Learning Repository [22], and finally, the COMPAS dataset which exists in ProPublica Data
Store1. All the columns that contain ”Charge Description” in the COMPAS dataset and
all the columns that contain ”Native Country” in the Adult dataset are removed to reduce
the dimensionality of the datasets after one-hot encoding of the categorical variables. Also,
”education-num” column is also deleted from the Adult dataset since it is a duplicate infor-
mation of the column which gives the education level of individuals with categorical values.
Finally, all the samples that have missing data from any of the columns are deleted from all
datasets (if such samples exist).

All the datasets contain two binary sensitive attributes and a binary decision label in our
experiments. The details regarding each dataset can be found in Table 5.1. The favorable
sensitive values define the privileged and the unprivileged subgroups in the datasets. For ex-
ample, while Caucasian males are the most privileged subgroups, African-American females
are considered the most unprivileged subgroups in the Adult dataset. The people in-between
these subgroups who are having a privileged value in one of the sensitive attributes can be
considered privileged or unprivileged depending on the dataset. However, the bias between
each of these subgroups should be investigated. The detailed results regarding the bias com-
parison of all these subgroups can be found in Table 5.6. Since these datasets also exist in
AIF 360 with slight improvements such as transforming the continuous sensitive attributes
(e.g. age) into an appropriate categorical version, they are invoked from its library instead of
importing them as raw CSV files for ease of use.

1https://www.propublica.org/datastore/dataset/compas-recidivism-risk-score-data-and-analysis
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Dataset
UCI Adult

Income
German Credit

COMPAS
Recidivism

Domain Income Credit approval
Criminal risk
assessment

# of Attributes 14 20 51
# of Instances 48.842 1.000 7.918
# of sensitive

attributes
2 2 2

Names of
the sensitive

attributes
Gender, Race Age, Sex Sex, Race

Favorable
sensitive
value(s)

Male, Caucasian >=25, Male Female, Caucasian

Decision labels
(desired,

undesired)

High Income
(>=50k),

Low Income
(<50k)

Good Credit,
Bad Credit

Did not
Recidivate,

Did Recidivate

Binary decision
labels

yes yes yes

Table 5.1: The table showing the datasets that are used in the experiments. Note
that the statistics in the table represent the raw versions of the datasets, without any
pre-processing such as removing instances with missing values or eliminating some of
the attributes.

The first sensitive attribute of the German Credit dataset is age. When it is equal to or
greater than 25 it is considered as the privileged group and when it is smaller than 25 it is
considered as the unprivileged group. The second sensitive attribute of the German Credit
dataset is gender, namely male being the privileged and female being the unprivileged group.
The sensitive attributes of the UCI Adult dataset are gender and race, where the males and
Caucasians are the privileged groups while females and African Americans are the unprivileged
groups. Finally, the sensitive attributes of the COMPAS dataset are also race and gender, but
this time Caucasians and females are the privileged groups while males and African Americans
are the unprivileged groups.

Datasets German Adult COMPAS
Ratios Base Positive Negative Base Positive Negative Base Positive Negative
attr1: 0, attr2: 0 0.105 0.058 0.047 0.048 0.010 0.039 0.498 0.221 0.277
attr1: 1, attr2: 0 0.205 0.143 0.062 0.217 0.065 0.152 0.307 0.184 0.124
attr1: 0, attr2: 1 0.085 0.052 0.033 0.075 0.035 0.040 0.104 0.066 0.038
attr1: 1, attr2: 1 0.605 0.447 0.158 0.660 0.390 0.269 0.091 0.059 0.032

Table 5.2: The ratios of the demographic subgroups existing in each dataset, together
with the ratios of the positive and the negative class labels that subgroup has. The
names ”attr1” and ”attr2” correspond to the sensitive attributes each dataset contains
in order (see Table 5.1), the labels 0 and 1 represent the unprivileged and the privileged
groups of a given sensitive attribute respectively.
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5.2 Measures

There are four statistical fairness measures and an individual fairness measure defined in the
Section 3.1. There are also three prediction performance measures are used for the evaluation
of the COSCFair framework and the comparison with other baseline techniques.

5.2.1 Fairness Measures

• Disparate Impact Ratio: this measure is used to quantify the fairness of original
datasets, transformed versions of the datasets after pre-processing, and predicted out-
comes from classification algorithms after in and post-processing. Having a disparate
impact ratio score of 1 means that the outcomes for both the privileged and the un-
privileged groups are fair. The minimum threshold that can be accepted as fair is 0.8
while maximum value should be 1/0.8 = 1.25 (see Section 3.1).

• Demographic Parity Difference: It is also used to measure the fairness of origi-
nal datasets, transformed versions of the datasets after pre-processing, and predicted
outcomes from classification algorithms after in and post-processing. Having a demo-
graphic parity difference score of 0 means that the outcomes for both the privileged
and the unprivileged groups are fair.

• Predictive Parity Difference: This measure is used to measure the fairness of pre-
dicted outcomes of classifiers before and after using mitigation algorithms. It cannot
be used on the original datasets without any classifier prediction since it requires both
the original outcomes and the predicted outcomes. Having 0 as a predictive parity
difference indicates that the outcomes are perfectly fair.

• Average Equalized Odds Difference: Average EO Difference is also used to mea-
sure the fairness of predicted outcomes of classifiers before and after using mitigation
algorithms. It cannot be used on the original datasets without any classifier predictions
either since it requires both the original outcomes and the predicted outcomes. Having
0 as average equalized odds difference indicates that the outcomes are fair.

• Consistency: This measure is used to measure the individual fairness performance of
both original datasets (test sets), and the predicted outcomes of classification algorithms
after pre-processing, in-processing, and post-processing. If the consistency score of a
dataset is 1, it means that the dataset satisfies individual fairness for all instances.

5.2.2 Prediction Performance Measures

• Accuracy: Accuracy measures the ratio of the total number of correctly classified
positive and negative outcomes to the total number of instances. It is formulated as

Acc. =
TP + TN

P +N
.

However, accuracy might be a misleading measure if there is a high-class imbalance in
a dataset since the accuracy of the more represented class will dominate the results.
For example, assume that there are 100 samples whose class labels are predicted, where
90 of the samples are positive and only 10 of these samples are negative. Even though
the classifier would predict all the samples as positive, its accuracy would be 0.9. As a
result, it cannot be clearly understood if the classifier is good at predicting the negative
labeled samples by only looking at the accuracy score. Thus, the other two measures
are going to be used to support the results.

• Balanced Accuracy: It is the average of the true positive rate (TPR, a.k.a. recall or
sensitivity) and the true negative rate (TNR, a.k.a. specificity). TPR is the ratio of
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the true positive predictions and the actual number of positive samples in the predicted
set. TNR is the ratio of true negative predictions and the actual number of negative
samples in the predicted set. Thus, balanced accuracy is denoted as:

Bal.Acc. =
TPR+ TNR

2
.

• F1-Score: This measure provides the harmonic mean of precision and recall (TPR).
Precision is the ratio of the number of true positive predictions to the total number of
positive predictions (a.k.a. PPV). It is formulated as

F1− Score = 2 ∗ TPR ∗ PPV
TPR+ PPV

.

5.3 Baseline Mitigation Algorithms

We compare COSCFair against three mitigation algorithms used from the literature. The first
baseline method is a pre-processing algorithm called Learning Fair Representations developed
by Zemel et al. [75] which is explained in Section2.2.1. The second baseline method is an in-
processing algorithm called Adversarial Debiasing proposed by Zhang, Lemoine, and Mitchell
[76] described in Section 2.2.2. The third baseline algorithm is a post-processing algorithm
called Calibrated Equalized Odds, which is introduced by Pleiss et al. [54] and discussed in
Section 2.2.3.

5.4 Experimental Setup

We have implemented our framework in Python and imported AIF360 library2 to call and
execute the baseline methods, which are Learning Fair Representations (LFR), Adversarial
Debiasing (Adv. Deb.), and Calibrated Equalized Odds (Calibr. EO) in our experiments. We
have collected all of the fairness and performance measures explained in Section 3.1 to evaluate
the results. We have conducted three main experiments in total. For all of the experiments,
each technique is run ten times with a random training and test set split per dataset and then
the results are averaged. The standard deviation of each averaged result is also calculated
for the baseline methods and the recommended COSCFair Framework. It should be noted
that none of the hyperparameters of classifiers in our experiments are fine-tuned for the
most optimal predictions, instead, the standard versions of these classifiers are used with no
predefined or customized hyper-parameters to provide equality in the experiments.

In the first experiment, three different strategies that can be implemented with COSCFair
framework are compared with each other and with a baseline classifier with no mitigation for
all datasets to find the most optimal strategy. In order to achieve further insights on how
different classifiers affect the performance of these techniques, logistic regression, random
forest, and gradient boosting classifiers are used and their results are compared per strategy
(see Tables 5.3, 5.4, and 5.5). The outcomes of the most unprivileged (attr1: 0, attr2: 0) and
privileged (attr1: 1, attr2: 1) subgroups are used to calculate the fairness measures in this
experiment. The predictive performance of the classifiers per strategy are also compared to
find the most suitable strategy and the classification algorithm for our framework.

In the second experiment, every possible subgroup combination as privileged and unprivileged
groups is compared with each other to investigate the improvement in fairness measures among
all these subgroups. In the experiment, only the subgroups that have a favorable value for
both sensitive attributes (attr1: 1, attr2: 1) are always privileged, and the subgroups
having an unfavorable value for both sensitive attributes (attr1: 0, attr2: 0) are always

2https://github.com/Trusted-AI/AIF360
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unprivileged for the comparisons. The other subgroups can be considered privileged and
unprivileged groups in the experiments (see Table 5.6). We have extended this experiment
by investigating how the percentage of positive and negative predictions change per subgroup
when we use COSCFair. The results can be found in Table 5.7.

In the third and final experiment, all the baseline techniques mentioned in Section 5.3 are
compared with two variations of our framework(COSCFairLR, COSCFair) based on all the
datasets mentioned in Section 5.1. All the fairness measures are calculated also by comparing
the most unprivileged (attr1: 0, attr2: 0) and privileged (attr1: 1, attr2: 1) subgroups in
this experiment. The average of all fairness and performance measures are provided together
with the standard deviation of these 10 times randomized runs.

5.5 Analysis and Results

5.5.1 Comparing Classification Strategies for the Optimal Frame-
work Construction

Evaluating the different classification strategies mentioned in Section 4.5 with the German
datasets shows that with logistic regression classifier, the third strategy (COSCFair3) had
the best values for most of the fairness measures which are AEO difference, DIR, and DP
difference. Since these three measures are the ones that we focus on, it is apparent that
the third strategy is the best strategy when used with logistic regression to mitigate bias.
In terms of predictive performance, even though the third strategy did not yield the best
results, its values were very close to the other strategies’ predictive performance results.
When the random forest classifier is used, the second (COSCFair2) and the third strategy
had competitive values in terms of fairness measures. While COSCFair3 had the best AEO
difference, COSCFair2 had the best DIR and DP difference. However, COSCFair3 had better
PP difference together with better predictive performance, thus it is possible to say that the
third strategy was the best performing one with the random forest classifier. Finally, with the
gradient boosting classifier, even though the first strategy (COSCFair1) had the best AEO
difference score, the third strategy had the best scores for most of the other fairness measures.
The predictive performance of the third strategy was also very close to the performance of the
first strategy with less than 0.04 difference for all performance measures. When all predictive
performances were compared, the random forest classifier turned out to be the best classifier
for the German dataset.

The experiments based on the Adult dataset with logistic regression have shown that even
though the output scores are very close to each other, COSCFair3 had the most bias miti-
gation in terms of AEO difference and DIR. When the predictive performance measures are
considered, there was no significant difference between COSCFair1, which had the highest
scores, and COSCFair3. When the random forest classifier was used, both COSCFair2 and
COSCFair3 had competitively similar results in terms of fairness measures. However, the
third strategy has slightly higher scores in predictive performance measures, which was the
best among all strategies. Lastly, when gradient boosting classifier was used, COSCFair1 had
seemingly the best scores for bias mitigation in terms of DIR, DP difference, and consistency.
Especially, the consistency score was improved by 1.6% compared to the original classifier. In
predictive performance measures, COSCFair1 and COSCFair3 had competitive scores since
both had the same accuracy and balanced accuracy, and COSCFair1 had only 0.002 better
F1-score than COSCFair3.

Finally, the experiments with the COMPAS recidivism dataset using logistic regression clas-
sifier have shown that COSCFair2 had the most bias mitigation in terms of the first 3 fairness
measures and COSCFair3 had the second best bias mitigation performance with very close
scores to COSCFair2. However, COSCFair3 had better predictive performance even though
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Classifier Technique AEO Diff. DI Ratio DP Diff.
PP
Diff.

Consis. Acc.
Bal.
Acc.

F1 Score

No Mitigation -0.252 0.631 -0.311 -0.064 0.835 0.759 0.675 0.837
COSCFair1 -0.075 0.768 -0.149 -0.110 0.776 0.701 0.686 0.773
COSCFair2 -0.053 0.833 -0.114 -0.130 0.746 0.698 0.668 0.775

Logistic
Regression

COSCFair3 0.021 0.897 -0.045 -0.134 0.745 0.685 0.669 0.759
No Mitigation -0.112 0.811 -0.162 -0.133 0.834 0.756 0.654 0.839
COSCFair1 -0.023 0.899 -0.083 -0.166 0.814 0.749 0.661 0.831
COSCFair2 0.020 0.954 -0.038 -0.175 0.794 0.744 0.658 0.827

Random
Forest

COSCFair3 -0.016 0.911 -0.072 -0.148 0.801 0.749 0.655 0.832
No Mitigation -0.096 0.793 -0.167 -0.155 0.811 0.757 0.678 0.835
COSCFair1 -0.006 0.881 -0.089 -0.184 0.796 0.738 0.685 0.814
COSCFair2 0.030 0.956 -0.032 -0.149 0.775 0.727 0.664 0.808

Gradient
Boosting
Classifier

COSCFair3 0.049 0.972 -0.020 -0.166 0.777 0.731 0.668 0.811

Table 5.3: Fairness and performance measures results are compared among the clas-
sifiers with COSCFair mitigation strategies and without and mitigation. In the cal-
culations, the most privileged and the most unprivileged groups(attr1:0, attr2:0 vs
attr1:1, attr2:1) are considered. The German dataset is used to obtain the results in
this table. The highest performances on several fairness and performance measures
are highlighted.

Classifier Technique AEO Diff. DI Ratio DP Diff.
PP
Diff.

Consis. Acc.
Bal.
Acc.

F1 Score

No Mitigation -0.260 0.248 -0.489 -0.010 0.937 0.816 0.816 0.821
COSCFair1 -0.069 0.436 -0.306 -0.180 0.931 0.771 0.771 0.767
COSCFair2 -0.061 0.438 -0.308 -0.153 0.903 0.768 0.768 0.764

Logistic
Regression

COSCFair3 -0.060 0.441 -0.307 -0.158 0.904 0.769 0.769 0.766
No Mitigation -0.202 0.281 -0.433 -0.039 0.863 0.805 0.805 0.806
COSCFair1 -0.138 0.350 -0.374 -0.116 0.849 0.790 0.790 0.788
COSCFair2 -0.122 0.368 -0.364 -0.122 0.842 0.791 0.791 0.790

Random
Forest

COSCFair3 -0.126 0.370 -0.365 -0.139 0.845 0.794 0.794 0.793
No Mitigation -0.174 0.313 -0.417 -0.081 0.906 0.813 0.813 0.813
COSCFair1 -0.091 0.403 -0.327 -0.202 0.922 0.795 0.795 0.791
COSCFair2 -0.087 0.386 -0.336 -0.147 0.890 0.794 0.794 0.789

Gradient
Boosting
Classifier

COSCFair3 -0.088 0.385 -0.336 -0.148 0.891 0.795 0.795 0.789

Table 5.4: Fairness and performance measures results are compared among the classi-
fiers with COSCFair mitigation strategies and without any mitigation. In the calcula-
tions, the most privileged and the most unprivileged groups(attr1:0, attr2:0 vs attr1:1,
attr2:1) are considered. The Adult dataset is used to obtain the results in this table.
The highest performances on several fairness and performance measures are shown in
bold.

its scores were close to COSCFair2’s scores. It should be noted that COSCFair1 had the best
predictive performance score among all strategies, but since its fairness measures were lower
than both strategies except PP difference, it is not considered as the best strategy. When the
random forest classifier is used, the scores of fairness measures were very close to each other
for all strategies. However, COSCFair1 had the best scores in most of these measures. Only
COSCFair3 had the best PP difference score. In terms of predictive performance, COSCFair3
had the best scores for all measures where its F1-score was even better than the classifier
with no mitigation. As the last classifier, when gradient boosting is used, COSCFair2 had
the best scores in the first 3 fairness measures. COSCFair3 had the second best scores, which
were also very close to the scores of COSCFair2. In addition, COSCFair3 had the best PP
difference score. In terms of predictive performance measures, COSCFair3 had slightly better
scores than COSCFair2.

Based on the analyses on Tables 5.3, 5.4, and 5.5, the results on all datasets with different
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Classifier Technique AEO Diff. DI Ratio DP Diff.
PP
Diff.

Consis. Acc.
Bal.
Acc.

F1 Score

No Mitigation -0.481 0.429 -0.522 -0.035 0.967 0.677 0.673 0.710
COSCFair1 -0.222 0.621 -0.265 -0.111 0.943 0.644 0.643 0.665
COSCFair2 -0.172 0.623 -0.223 -0.166 0.937 0.621 0.625 0.613

Logistic
Regression

COSCFair3 -0.178 0.613 -0.230 -0.162 0.937 0.623 0.626 0.617
No Mitigation -0.189 0.659 -0.230 -0.120 0.816 0.627 0.625 0.652
COSCFair1 -0.137 0.719 -0.188 -0.166 0.796 0.626 0.624 0.654
COSCFair2 -0.149 0.712 -0.196 -0.155 0.795 0.627 0.624 0.656

Random
Forest

COSCFair3 -0.151 0.712 -0.197 -0.150 0.796 0.627 0.625 0.657
No Mitigation -0.328 0.532 -0.386 -0.078 0.948 0.679 0.674 0.712
COSCFair1 -0.201 0.627 -0.263 -0.166 0.915 0.646 0.644 0.669
COSCFair2 -0.193 0.650 -0.246 -0.162 0.877 0.635 0.632 0.661

Gradient
Boosting
Classifier

COSCFair3 -0.196 0.646 -0.249 -0.159 0.878 0.636 0.634 0.662

Table 5.5: Fairness and performance measures results are compared among the classi-
fiers with COSCFair mitigation strategies and without and mitigation. In the calcula-
tions, the most privileged and the most unprivileged groups(attr1:0, attr2:0 vs attr1:1,
attr2:1) are considered. The COMPAS Recidivism dataset is used to obtain the results
in this table. The highest performances on several fairness and performance measures
are shown in bold.

classifiers show that even though they are competitive, the third strategy (COSCFair3) per-
forms the best compared to the other strategies in both achieving a high DI Ratio and causing
the minimal loss in performance measures on average. Even though it looks like Random For-
est classifier is not the best combination with COSCFair3 according to Table 5.3, it is the
most consistent classifier with our framework in terms of providing high fairness scores (AEO
Difference, DI Ratio, and DP Difference) while not causing a significant trade-off in other
fairness and performance measures when all of the tested datasets are considered. Thus, we
recommend the COSCFair framework to be used with the third strategy (COSCFair3) and
Random Forest classifier. We have also added this recommended setup next to the variation
with Logistic Regression classifier (COSCFairLR) in Table 5.3 to show its superiority in most
of the cases.

5.5.2 Effect of COSCFair on All Subgroups

After all the subgroups in all datasets (German, Adult, COMPAS Recidivism) are compared
using different classifiers and COSCFair strategies, it was found that COSCFair3 had the
most balanced fairness mitigation for all subgroups since each comparison of each privileged
and unprivileged subgroup had closer fairness scores to each other in most of the cases. For
example, it can be interpreted in Table 5.9 that the fairness between all the subgroups are
highly eliminated (for the changes in predictions per subgroup, see Appendix A.1). The
results of using COSCFair3 with Random Forest classifier on German dataset show that all
the AEO Differences are lower than 0.06, all the DI Ratios are above the threshold of 0.8, and
all the DP Differences are also smaller than 0.1, which means that COSCFair satisfactorily
provided fairness in this dataset for all possible combinations of privileged and unprivileged
subgroups. However, such precise consistency is not the case with all other classifiers or
strategies. For instance, it can be seen on Table 5.8 that DIR scores for each privileged-
unprivileged subgroup comparison are not very close to each other, ranging from 0.87 to 1.12.
Even though the scores still successfully satisfy the fairness thresholds for all subgroups, there
is a significant range between privileged and unprivileged subgroups when logistic regression
classifier is use. For more results including the changes in classifiers’ predictions per subgroup
in terms of positive and negative outcomes, see Appendix A.1 and A.2.

Having values greater than 1.0 in DI Ratio means that the subgroup considered as the un-
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privileged group is actually more privileged than the subgroup considered as the privileged
group in the equation. For example, in Table 5.6, the DI Ratio on the second row is 1.2
(1.119 precisely), which means that the subgroup ”age:1, sex:0” is more privileged than the
subgroup ”age:0, sex:1”. However, since the value is smaller than 1.25 which is the upper
threshold for fairness in DIR, it is still considered as satisfactorily fair. The detailed investi-
gation regarding the effect of COSCFair3 on the number of positive and negative predictions
per subgroup reveals that COSCFair3 ensures fairness by increasing the positive predictions
while decreasing the negative predictions for the unprivileged group(s). It also decreases
the positive predictions while increasing the negative predictions for the privileged group(s)
compared to the predictions without any bias mitigation, which is shown in Table 5.7.

Subgroups (G vs G′) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 0.021 0.95 -0.04 -0.15 0.80

A: 1, S: 0 vs A: 0, S: 1 0.02 1.20 0.067 0.10 0.80

A: 0, S: 1 vs A: 1, S: 1 -0.06 0.89 -0.10 -0.10 0.80

A: 0, S: 0 vs A: 0, S: 1 0.04 1.06 0.02 -0.05 0.80

A: 1, S: 0 vs A: 1, S: 1 -0.04 0.97 -0.03 0.00 0.80

A: 0, S: 0 vs A: 1, S: 1 -0.02 0.91 -0.07 -0.15 0.80

Table 5.6: Detailed results obtained from the third strategy of COCSFair with Ran-
dom Forest classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute A represents age and S represents sex. The results are calculated
using the German dataset. The performance measures of this result are on Table 5.3
(Random Forest classifier with COSCFair3).

Technique RF w/o Mitigation RF with COSCFair
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.071 0.032 0.103 0.076 0.027
age: 1, sex: 0 0.207 0.166 0.040 0.207 0.161 0.046
age: 0, sex: 1 0.087 0.066 0.021 0.087 0.062 0.025
age: 1, sex: 1 0.603 0.514 0.089 0.603 0.487 0.116

Table 5.7: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 3 to predict the German test set using Random Forest
(RF) classifier.
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Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 -0.02 0.88 -0.08 -0.11 0.75

A: 1, S: 0 vs A: 0, S: 1 0.01 1.12 0.06 0.11 0.75

A: 0, S: 1 vs A: 1, S: 1 -0.03 0.87 -0.09 -0.13 0.75

A: 0, S: 0 vs A: 0, S: 1 -0.01 0.97 -0.02 0.00 0.75

A: 1, S: 0 vs A: 1, S: 1 -0.03 0.95 -0.03 -0.02 0.75

A: 0, S: 0 vs A: 1, S: 1 0.02 0.90 -0.05 -0.13 0.75

Table 5.8: Detailed results obtained from the third strategy of COCSFair with Logistic
Regression classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute A represents age and S represents sex. The results are calculated
using the German dataset. The performance measures of this result are on Table 5.3
(Logistic Regression classifier with COSCFair3).

Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 0.05 0.99 -0.01 -0.13 0.78

A: 1, S: 0 vs A: 0, S: 1 -0.02 1.04 0.02 0.10 0.78

A: 0, S: 1 vs A: 1, S: 1 0.03 0.96 -0.03 -0.14 0.78

A: 0, S: 0 vs A: 0, S: 1 0.02 1.03 0.01 -0.03 0.78

A: 1, S: 0 vs A: 1, S: 1 0.00 0.98 -0.01 -0.03 0.78

A: 0, S: 0 vs A: 1, S: 1 0.05 0.97 -0.02 -0.17 0.78

Table 5.9: Detailed results obtained from the third strategy of COCSFair with Gradi-
ent Boosting classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute A represents age and S represents sex. The results are calculated
using the German dataset. The performance measures of this result are on Table 5.3
(Gradient Boosting classifier with COSCFair3).

Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

R: 0, S: 0 vs R: 1, S: 0 -0.05 0.66 -0.11 -0.08 0.89

R: 1, S: 0 vs R: 0, S: 1 -0.01 0.70 -0.14 -0.04 0.89

R: 0, S: 1 vs R: 1, S: 1 -0.02 0.84 -0.09 -0.03 0.89

R: 0, S: 0 vs R: 0, S: 1 -0.07 0.46 -0.25 -0.12 0.89

R: 1, S: 0 vs R: 1, S: 1 -0.04 0.59 -0.23 -0.07 0.89

R: 0, S: 0 vs R: 1, S: 1 -0.09 0.38 -0.34 -0.15 0.89

Table 5.10: Detailed results obtained from the third strategy of COCSFair with Gradi-
ent Boosting classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute R represents Race and S represents sex. The results are calculated
using the Adult dataset. The performance measures of this result are on Table 5.3
(Gradient Boosting classifier with COSCFair3).

5.5.3 Comparison of COSCFair with Baseline Methods

The results of the final experiment indicate that the COSCFair framework with the third
strategy (COSCFair3 in Experiments 5.5.1 and 5.5.2) successfully decreases the AEO Dif-
ference, DP Difference, while increasing the DI Ratio consistently and not causing a sharp
decrease in predictive performance measures unlike the other baseline methods. Depending
on the severeness of the bias in the dataset (e.g. Adult), DI Ratio does not always reach
the minimum threshold, which is 0.8. However, our solutions outperform the other baseline
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Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

R: 0, S: 0 vs R: 1, S: 0 -0.11 0.77 -0.15 -0.10 0.80

R: 1, S: 0 vs R: 0, S: 1 0.07 1.10 0.06 -0.06 0.80

R: 0, S: 1 vs R: 1, S: 1 -0.11 0.84 -0.11 0.02 0.80

R: 0, S: 0 vs R: 0, S: 1 -0.04 0.85 -0.09 -0.17 0.80

R: 1, S: 0 vs R: 1, S: 1 -0.04 0.93 -0.05 -0.05 0.80

R: 0, S: 0 vs R: 1, S: 1 -0.15 0.71 -0.20 -0.15 0.80

Table 5.11: Detailed results obtained from the third strategy of COCSFair with Ran-
dom Forest classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute R represents race and S represents sex. The results are calculated
using the COMPAS Recidivism dataset. The performance measures of this result are
on Table 5.3 (Random Forest classifier with COSCFair3).

Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

R: 0, S: 0 vs R: 1, S: 0 -0.17 0.69 -0.20 -0.10 0.88

R: 1, S: 0 vs R: 0, S: 1 0.11 1.17 0.10 -0.08 0.88

R: 0, S: 1 vs R: 1, S: 1 -0.14 0.80 -0.14 0.02 0.88

R: 0, S: 0 vs R: 0, S: 1 -0.05 0.81 -0.11 -0.18 0.88

R: 1, S: 0 vs R: 1, S: 1 -0.03 0.93 -0.05 -0.06 0.88

R: 0, S: 0 vs R: 1, S: 1 -0.20 0.65 -0.25 -0.16 0.88

Table 5.12: Detailed results obtained from the third strategy of COCSFair with Gradi-
ent Boosting classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute R represents race and S represents sex. The results are calculated
using the COMPAS Recidivism dataset. The performance measures of this result are
on Table 5.3 (Gradient Boosting classifier with COSCFair3).

methods in most of the cases in terms of both AEO Difference and DI Ratio, which can be
seen in Table 5.13. Only in the Adult dataset, LFR outperforms the COSCFairLR variant
in DI Ratio with two percent. Furthermore, as mentioned before, the COSCFair framework
which uses the Random Forest classifier yields the minimum loss when all of the performance
measures in the experiments are compared to other mitigation techniques (LFR, Adversarial
Debiasing, and Calibrated Equalized Odds) in most cases. It is found that the other baseline
methods perform better at achieving a higher Consistency score, although our framework does
not cause a significant decrease in this score compared to the classifiers with no mitigation,
which is not more than a 0.1 decrease in most of the cases. The standard deviation scores
reveal that our results in different randomized runs provide consistently similar improvements
in results compared to other baseline mitigation techniques.

There were several difficulties in the experiments with some of the baseline methods when
they were used with specific datasets. For example, Adversarial Debiasing algorithm had
a significantly low score of 0.088 with the Adult dataset in DI Ratio because it could not
predict any positive outcomes for the unprivileged subgroup in several runs. Furthermore,
Adversarial Debiasing caused worse AEO difference and DIR scores compared to a classifier
that did not have any mitigation implemented for the German dataset. It also yielded slightly
worse results for AEO difference and DIR than the baseline classifier with no mitigation with
COMPAS Recidivism dataset. Another difficulty in the experiments were experienced with
the Calibrated Equalized Odds technique. Essentially, the user has to provide a criteria for
the algorithm to focus on minimizing, so that it can mitigate the bias in the predictions of
a classifier, which are False Positive Rate (FPR), False Negative Rate (FNR), or Weighted
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(trying to equalize both FPR and FNR between privileged and unprivileged groups simulta-
neously). Calibrated EO could only output reasonable results with ”FPR” as criteria when
it was executed with the German dataset. Also, it could work only with ”FNR” as criteria
when it was executed with the Adult dataset, and with ”weighted” as criteria when it was
executed with the COMPAS Recidivism dataset. In addition, it performed very poorly with
the Adult dataset in terms of predictive performance measures, especially with the F1-Score
of 0.169, which is even far worse than random prediction. It also had a significantly bad
F1-Score of 0.461 for the COMPAS Recidivism dataset.
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Chapter 6

Conclusion

In this chapter, we present the summary of the thesis, the limitation of the proposed frame-
work, and the future directions to improve the COSCFair framework further.

6.1 Summary

In this thesis, imbalanced datasets have been declared as the actual source of bias problem in
ML, where there is an unequal representation of different subgroups in terms of positive and
negative outcomes in datasets. Most of the existing bias mitigation techniques are dependent
on a single and binary sensitive attribute identifying the demographic groups in a dataset.
However, it is shown in this thesis that using a single sensitive attribute while there are
multiple sensitive attributes in a dataset exacerbates the actual underlying bias. Furthermore,
the existence of numerous fairness measures in the literature that are emerged from different
points of view has shown that depending on a single fairness measure is not a trustworthy
way to identify and mitigate bias.

As a solution to this problem, the COSCFair framework is proposed, which is a bias mitigation
technique that has a minimum explicit intervention to the machine learning pipeline since
it changes neither the original class labels of a dataset nor any classification algorithm’s
training structure. It consists of several components, which are the pre-processing of the
dataset, clustering the training set, oversampling each clusters, and then applying an ensemble
classification technique to predict the class labels of the test set.

The pre-processing step includes the subgroup identification using multiple sensitive at-
tributes, splitting the dataset into training and test sets with stratification, standardizing the
numerical attributes between 0 and 1 to prevent any unjustified domination of an attribute,
and dimensionality reduction of the training set. Clustering the dataset includes identifying
the optimal number of clusters for a given dataset using FPC and Silhouette scores, and after
clustering, dividing the training set into corresponding clusters. Oversampling component
oversamples every subgroup with both positive and negative outcomes in each cluster. Fi-
nally, the classification component consists of training a classifier per cluster and getting the
weighted average of all the trained classifiers that are eligible to decide the final prediction of
the test set sample’s class label.

Multiple experiments are conducted to measure and evaluate the performance of the proposed
framework. Several baseline mitigation techniques are identified, multiple fairness measures
which contain both group and individual point of view in fairness are used to measure the
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framework’s effect on mitigating bias, and several predictive performance measures are also
measured to investigate the effect of the proposed framework on prediction capabilities of a
classifier. Three possible classification strategies that are developed for this framework are
compared with each other to determine the optimal strategy for the classification component.
Note that the strategies are completely independent of the classifiers, which means that the
strategies can be applied to any classification algorithm. All the experiments conducted in
this thesis show that the COSCFair framework provides consistent improvements in achieving
higher fairness measures among different subgroups while avoiding significant decrease in
classifier performance, which is highly competitive with other solutions in the literature.

COSCFair is a flexible framework because it can easily be integrated with different clustering,
oversampling, and classification algorithms to find a customized solution that works best with
a given dataset. If the dataset at hand is a completely numeric dataset, standardization of
all numerical attributes is highly recommended before proceeding with the other steps. If
desired, a dimensionality reduction technique such as Principal Component Analysis could be
used on a fully numerical dataset. If a dataset consists of only categorical features, then using
more compatible techniques for components such as using k-modes instead of fuzzy c-means
as the clustering algorithm and using SMOTENC instead of SMOTE as the oversampler is
important to be able to use this framework successfully. Finally, if the dataset at hand is
a mix of categorical and numerical features, then using standardization on the numerical
features and using an appropriate dimensionality reduction technique are the best choices for
the COSCFair framework.

6.2 Answers Found for the Research Questions

The answers to the research sub-questions in this thesis are found in the results of the ex-
periments, which are given in Chapter 5. The results in the first and the second experiments
answered the first sub-question by showing that the COSCFair framework could improve the
Average Equalized Odds Difference (AEO Difference), Disparate Impact Ratio (DIR), and
Demographic Parity Difference (DP Difference) measures in all datasets used in the experi-
ments by 20% on average. There is no consensus on what should be the minimum fairness
threshold in the literature for the values of AEO Difference and the DP Difference except
the ideal values (which is 0). In many studies, if there is an improvement in these measures
compared to the unmitigated version of the results, and if the results are better than the other
baseline methods, it is considered that the proposed solution could mitigate bias successfully
[72, 40]. Based on this, it is possible to say that COSCFair significantly improves the 3 out
of 5 chosen fairness measures calculated on a classifier’s predictions by at least 20%.

The second sub-question is answered by the final experiment. The COSCFair framework
could outperform all of the baseline techniques (LFR, Adversarial Debiasing, Calibrated EO)
on the German Credit and COMPAS Recidivism datasets in terms of AEO Difference, DIR,
and DP Difference, without causing a significant loss in any of the performance by no more
than 10% (0.1). Finally, the main research question is answered in Chapter 4, where the whole
framework and its components are explained in detail. We developed a bias mitigation frame-
work called COSCFair by combining integrated pre-processing and ensembled classification
procedures which consist of several components.

6.3 Limitations

There are several limitations identified in the COSCFair framework. The first limitation is
that the quality of the results is dependent on the synthetic data generation technique im-
plemented in the framework. The ability of the technique to produce high-quality synthetic
samples (i.e. realistic samples) might have an effect on the classifier training, which might
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eventually affect the predictions of the classifier at hand. Another limitation of the framework
is related to the clustering component. Which clustering technique is used and the number
of clusters chosen for a dataset will affect the performance of the overall framework since
oversampling is based on the clusters formed by the clustering algorithm. Finally, the dimen-
sionality reduction technique that is used in pre-processing step will also affect the quality of
the framework since the explained variance obtained from the transformed dataset after the
dimensionality reduction technique will decide how much of the information from the original
dataset could be kept in the transformed dataset. If the explained variance is low, then the
information that the transformed dataset will contain regarding the original dataset is small.
It means that the quality of the dataset will be low, and synthetically produced samples will
potentially have even lower quality.

6.4 Ethical Considerations

Developing classification models trained with a dataset that has information regarding real
individuals brings the need for ethical considerations in such procedures. In order to make
ethically acceptable decisions, these decisions should not rely on or be affected by any intrin-
sic information about the individuals. For this reason, ensuring fairness in decision-making
algorithms is indispensable. First of all, it is considered unethical to process or use any infor-
mation regarding an individual’s demographic or intrinsic characteristics (which are defined
by the sensitive attributes) while deciding their outcomes. Furthermore, it is forbidden to use
the sensitive attributes defined by the law such as race, gender, and/or religion. Thus, the
sensitive attributes must be removed from the decision variables before classifier training.

There are two sensitive attributes in each dataset that are used in the evaluation of our frame-
work. The German Credit dataset has sex and age group, and both COMPAS Recidivism and
the Adult Income datasets have race and sex as the sensitive attributes. In the COSCFair
framework, we are also removing the sensitive attributes in these datasets including the sub-
group IDs of the individuals before training a classifier. It should be noted that even though
race and sex attributes are deleted from the COMPAS Recidivism dataset, there are still
other attributes containing private information about the individuals that will trigger ethical
problems such as name and surname. Such information regarding individuals should also be
anonymized before the dataset is used in order to ensure ethical data processing. However,
Adult and German datasets do not contain any private information, thus they do not raise
such an ethical concern after their sensitive attributes are removed.

Unfortunately, removing sensitive attributes is not enough to eliminate ethical concerns in
the decision-making context. Some ”unintentional bias” could still exist in the decisions of a
classifier after removing the sensitive attributes. The amount of bias is determined by law by
checking the existence of Disparate Impact (explained in Section 2.1.1) in the decisions of a
classifier. For example, if a business hiring decision results in disparate impact by race even if
the decision was not explicitly determined based on race, such hiring decision is found illegal
by the US Supreme Court since the decisions are unethical and unfair. Another example can
be given from the datasets that are used in our experiments. Even though the Adult and
German datasets are partly anonymized and the sensitive attributes are removed so that it
is not possible to find the individuals based on the information provided in the data, the
datasets still reflect bias in terms of Disparate Impact. It is because some values in the
other attributes in these datasets still contain some information regarding the values of the
sensitive attributes. The COSCFair framework eliminates this ethical concern by mitigating
the Disparate Impact Ratio in the predictions of classifiers by creating an equal representation
of the privileged and the unprivileged groups in terms of both positive and negative outcomes
in training sets via synthetically created samples.
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6.5 Future Work

There are several directions to be investigated further to improve the COSCFair framework.
One of these directions is investigating the effects of different oversampling techniques and
the quality of synthetic samples on the fairness and performance measures. Achieving higher
quality or more realistic synthetic samples might improve the results in fairness measures
further while preserving high values in performance measures. Another important direction
is studying the cases where the sensitive attributes are not binary and the cases where there
are more than two sensitive attributes. From the conducted experiments, it is discovered
that the datasets that have an extremely high number of negative outcomes might require a
customized oversampling procedure to achieve higher fairness measure scores. Thus, another
future direction could be working on the effects of oversampling the samples with positive
outcomes of the unprivileged groups instead of using an overall oversampling for both out-
comes of each subgroup in clusters. The classifiers that were used in the experiments did
not have any hyperparameter tuning to ensure an equal ground for the comparison of the
COSCFair framework with other baselines. Therefore, studying the effects of fine-tuning the
hyperparameters of classifiers on the fairness and predictive performance measures when they
are used with the COSCFair framework might also be an important future direction. Finally,
studying the effect of the borderline samples in clusters (which are at similar distances to
different cluster centers) on the quality of the synthetic samples produced by an oversampling
technique could be a good direction to improve the COSCFair framework.
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Appendix A

Appendix: More Tables From
Experimental Results

A.1 Ratio Tables of Strategy 3

Technique GB w/o Mitigation GB with COSCFair3
Ratios Base Pos. Neg. Base Pos. Neg.
race: 0,sex: 0 0.049 0.008 0.041 0.049 0.010 0.039
race: 1, sex: 0 0.217 0.058 0.159 0.217 0.069 0.148
race: 0, sex: 1 0.074 0.038 0.036 0.074 0.034 0.040
race: 1, sex: 1 0.660 0.425 0.234 0.660 0.360 0.300

Table A.1: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 3 to predict the Adult test set using Gradient Boosting
(GB) classifier.

Technique RF w/o Mitigation RF with COSCFair3
Ratios Base Pos. Neg. Base Pos. Neg.
race: 0, sex: 0 0.497 0.218 0.280 0.497 0.241 0.256
race: 1, sex: 0 0.307 0.195 0.112 0.307 0.194 0.113
race: 0, sex: 1 0.104 0.068 0.036 0.104 0.060 0.044
race: 1, sex: 1 0.091 0.061 0.030 0.091 0.062 0.029

Table A.2: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 3 to predict the COMPAS Recidivism test set using Ran-
dom Forest (RF) classifier.
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Technique GB w/o Mitigation GB with COSCFair3
Ratios Base Pos. Neg. Base Pos. Neg.
race: 0, sex: 0 0.497 0.217 0.280 0.497 0.225 0.273
race: 1, sex: 0 0.307 0.220 0.087 0.307 0.201 0.106
race: 0, sex: 1 0.104 0.073 0.032 0.104 0.058 0.046
race: 1, sex: 1 0.091 0.075 0.016 0.091 0.064 0.027

Table A.3: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 3 to predict the COMPAS Recidivism test set using Gra-
dient Boosting (GB) classifier.

Technique LR w/o Mitigation LR with COSCFair3
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.055 0.049 0.103 0.057 0.046
age: 1, sex: 0 0.207 0.161 0.045 0.207 0.130 0.077
age: 0, sex: 1 0.087 0.058 0.029 0.087 0.050 0.037
age: 1, sex: 1 0.603 0.507 0.097 0.603 0.399 0.204

Table A.4: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 3 to predict the German test set using Logistic Regression
(LR) classifier.

Technique GB w/o Mitigation GB with COSCFair3
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.066 0.037 0.103 0.074 0.030
age: 1, sex: 0 0.207 0.157 0.050 0.207 0.149 0.058
age: 0, sex: 1 0.087 0.059 0.027 0.087 0.061 0.026
age: 1, sex: 1 0.603 0.486 0.117 0.603 0.442 0.161

Table A.5: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 3 to predict the German test set using Gradient Boosting
(GB) classifier.

A.2 Other Tables from the Experiment 2
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Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 -0.11 0.74 -0.17 -0.07 0.78

A: 1, S: 0 vs A: 0, S: 1 0.10 1.39 0.16 0.11 0.78

A: 0, S: 1 vs A: 1, S: 1 -0.06 0.79 -0.14 -0.15 0.78

A: 0, S: 0 vs A: 0, S: 1 -0.01 1.03 -0.01 0.04 0.78

A: 1, S: 0 vs A: 1, S: 1 0.04 1.03 0.02 -0.04 0.78

A: 0, S: 0 vs A: 1, S: 1 -0.08 0.77 -0.15 -0.11 0.78

Table A.6: Detailed results obtained from the first strategy of COCSFair with Logistic
Regression classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute A represents age and S represents sex. The results are calculated
using the German dataset. The performance measures of this result are on Table 5.3
(Logistic Regression classifier with COSCFair1).

Technique LR w/o Mitigation LR with COSCFair1
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.055 0.049 0.103 0.050 0.053
age: 1, sex: 0 0.207 0.161 0.045 0.207 0.136 0.071
age: 0, sex: 1 0.087 0.058 0.029 0.087 0.043 0.043
age: 1, sex: 1 0.603 0.507 0.097 0.603 0.384 0.219

Table A.7: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 1 to predict the German test set using Logistic Regression
(LR) classifier.

Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 0.00 0.92 -0.06 -0.15 0.81

A: 1, S: 0 vs A: 0, S: 1 0.03 1.11 0.07 0.09 0.81

A: 0, S: 1 vs A: 1, S: 1 -0.05 0.89 -0.09 -0.11 0.81

A: 0, S: 0 vs A: 0, S: 1 0.02 1.02 0.01 -0.06 0.81

A: 1, S: 0 vs A: 1, S: 1 -0.02 0.98 -0.02 -0.01 0.81

A: 0, S: 0 vs A: 1, S: 1 -0.02 0.90 -0.08 -0.17 0.81

Table A.8: Detailed results obtained from the first strategy of COCSFair with Ran-
dom Forest classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute A represents age and S represents sex. The results are calculated
using the German dataset. The performance measures of this result are on Table 5.3
(Random Forest classifier with COSCFair1).
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Technique RF w/o Mitigation RF with COSCFair1
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.071 0.032 0.103 0.075 0.029
age: 1, sex: 0 0.207 0.166 0.040 0.207 0.162 0.044
age: 0, sex: 1 0.087 0.066 0.021 0.087 0.062 0.025
age: 1, sex: 1 0.603 0.514 0.089 0.603 0.486 0.117

Table A.9: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 1 to predict the German test set using Random Forest
(RF) classifier.

Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 -0.02 0.89 -0.08 -0.15 0.80

A: 1, S: 0 vs A: 0, S: 1 -0.03 1.06 0.03 0.13 0.80

A: 0, S: 1 vs A: 1, S: 1 0.04 0.96 -0.03 -0.16 0.80

A: 0, S: 0 vs A: 0, S: 1 -0.05 0.93 -0.06 -0.02 0.80

A: 1, S: 0 vs A: 1, S: 1 0.01 0.99 -0.01 -0.03 0.80

A: 0, S: 0 vs A: 1, S: 1 -0.01 0.88 -0.09 -0.18 0.80

Table A.10: Detailed results obtained from the first strategy of COCSFair with Gradi-
ent Boosting classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute A represents age and S represents sex. The results are calculated
using the German dataset. The performance measures of this result are on Table 5.3
(Gradient Boosting classifier with COSCFair1).

Technique GB w/o Mitigation GB with COSCFair1
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.066 0.037 0.103 0.065 0.038
age: 1, sex: 0 0.207 0.157 0.050 0.207 0.148 0.059
age: 0, sex: 1 0.087 0.059 0.027 0.087 0.060 0.027
age: 1, sex: 1 0.603 0.486 0.117 0.603 0.435 0.168

Table A.11: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 1 to predict the German test set using Gradient Boosting
(GB) classifier.
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Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 -0.02 0.87 -0.08 -0.12 0.75

A: 1, S: 0 vs A: 0, S: 1 0.00 1.11 0.05 0.12 0.75

A: 0, S: 1 vs A: 1, S: 1 -0.03 0.87 -0.09 -0.13 0.75

A: 0, S: 0 vs A: 0, S: 1 -0.02 0.96 -0.03 0.00 0.75

A: 1, S: 0 vs A: 1, S: 1 -0.03 0.95 -0.03 -0.01 0.75

A: 0, S: 0 vs A: 1, S: 1 -0.05 0.83 -0.11 -0.13 0.75

Table A.12: Detailed results obtained from the second strategy of COCSFair with
Logistic Regression classifier per unprivileged (G) and privileged (G’ ) subgroup com-
parison. Sensitive attribute A represents age and S represents sex. The results are
calculated using the German dataset. The performance measures of this result are on
Table 5.3 (Logistic Regression classifier with COSCFair2).

Technique LR w/o Mitigation LR with COSCFair2
Ratios Base Positive Negative Base Positive Negative
age: 0, sex: 0 0.103 0.055 0.049 0.103 0.057 0.046
age: 1, sex: 0 0.207 0.161 0.045 0.207 0.131 0.075
age: 0, sex: 1 0.087 0.058 0.029 0.087 0.050 0.036
age: 1, sex: 1 0.603 0.507 0.097 0.603 0.403 0.200

Table A.13: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 2 to predict the German test set using Logistic Regression
(LR) classifier.

Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 0.02 0.95 -0.04 -0.16 0.79

A: 1, S: 0 vs A: 0, S: 1 0.10 1.21 0.13 0.05 0.79

A: 0, S: 1 vs A: 1, S: 1 -0.10 0.84 -0.13 -0.07 0.79

A: 0, S: 0 vs A: 0, S: 1 0.12 1.14 0.09 -0.10 0.79

A: 1, S: 0 vs A: 1, S: 1 0.00 1.01 0.00 -0.02 0.79

A: 0, S: 0 vs A: 1, S: 1 0.02 0.95 -0.04 -0.18 0.79

Table A.14: Detailed results obtained from the second strategy COCSFair with Ran-
dom Forest classifier per unprivileged (G) and privileged (G’ ) subgroup comparison.
Sensitive attribute A represents age and S represents sex. The results are calculated
using the German dataset. The performance measures of this result are on Table 5.3
(Random Forest classifier with COSCFair2).
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Technique RF w/o Mitigation RF with COSCFair2
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.071 0.032 0.103 0.078 0.025
age: 1, sex: 0 0.207 0.166 0.040 0.207 0.165 0.042
age: 0, sex: 1 0.087 0.066 0.021 0.087 0.058 0.029
age: 1, sex: 1 0.603 0.514 0.089 0.603 0.478 0.125

Table A.15: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 2 to predict the German test set using Random Forest
(RF) classifier.

Subgroups (G vs G’) AEO Diff. DI Ratio DP Diff. PP Diff. Consis.

A: 0, S: 0 vs A: 1, S: 0 0.04 0.98 -0.01 -0.12 0.77

A: 1, S: 0 vs A: 0, S: 1 -0.02 1.05 0.03 0.11 0.77

A: 0, S: 1 vs A: 1, S: 1 0.01 0.94 -0.04 -0.13 0.77

A: 0, S: 0 vs A: 0, S: 1 0.02 1.03 0.01 -0.02 0.77

A: 1, S: 0 vs A: 1, S: 1 -0.01 0.98 -0.02 -0.03 0.77

A: 0, S: 0 vs A: 1, S: 1 0.03 0.96 -0.03 -0.15 0.77

Table A.16: Detailed results obtained from the second strategy of COCSFair with
Gradient Boosting classifier per unprivileged (G) and privileged (G’ ) subgroup com-
parison. Sensitive attribute A represents age and S represents sex. The results are
calculated using the German dataset. The performance measures of this result are on
Table 5.3 (Gradient Boosting classifier with COSCFair2).

Technique GB w/o Mitigation GB with COSCFair2
Ratios Base Pos. Neg. Base Pos. Neg.
age: 0, sex: 0 0.103 0.066 0.037 0.103 0.072 0.031
age: 1, sex: 0 0.207 0.157 0.050 0.207 0.148 0.059
age: 0, sex: 1 0.087 0.059 0.027 0.087 0.060 0.027
age: 1, sex: 1 0.603 0.486 0.117 0.603 0.442 0.162

Table A.17: The changes in the ratios of the positive (Pos) and negative (Neg) out-
comes in each demographic subgroups with and without the COSCFair framework
implemented with strategy 2 to predict the German test set using Gradient Boosting
(GB) classifier.
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