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Abstract

ML models have been increasingly used in the setting of employment, with
concerns arising about the fairness of such models. This thesis considers em-
ployee attrition prediction and evaluates the unfairness with respect to gen-
der, age, and education in baseline machine learning models. Subsequently,
fairness-aware machine learning models are applied and evaluated. The ex-
isting literature on fairness-aware machine learning mostly focuses on a single
sensitive attribute, and the employment setting is rarely investigated. This re-
search addresses this gap by evaluating four fairness-aware ML models that can
handle multiple sensitive attributes. Reweighing, Differential Fairness Method,
Reductions Based Approach, and the novel proposed Fair Ensemble are consid-
ered. These methods are evaluated on a primary dataset and, as a robustness
check, on the IBM dataset. The existing methods considering intersectional
subgroups all reduced unfairness substantially relative to the baselines, with a
maximum drop in F1 score of 0.005 on the primary dataset. A second conclu-
sion is that no method was observed to yield superior performance compared
to the other methods. Among the existing methods, the Differential Fairness
Method reduced the intersectional fairness metrics the most, at a cost of a 0.004
reduction in F1 score for the primary dataset. However, no significant differ-
ence was found between the intersectional fairness metrics values obtained by
the Differential Fairness Method and those obtained by the Reductions Based
Approach. The novel Fair Ensemble improved fairness on the primary dataset
but underperformed compared to the best single-attribute method. Moreover,
it increased the unfairness in the IBM dataset relative to the logistic regres-
sion baseline. The Reductions Based Approach performed best with respect to
point estimates on the IBM dataset, indicating that it is the most robust to a
shift in data distribution, though no method dominated on both datasets.
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Chapter 1

Introduction

Employee attrition is an important HR task. Identifying which employee is likely to leave
allows companies to take proactive measures. This, in turn, could reduce costs significantly.
In 2025, the average cost per hire for non-executives in the United States is $5,475, and
for executive roles, it was $35, 879 [50]. Machine Learning (ML) has proven to work in this
domain, as ensemble approaches achieved an accuracy of 93% [48].

However, ML models are known to be sensitive to bias. The models learn patterns in the
data. If this data reflects systematic historical patterns of human bias, the decisions made
by these models might become unfair. An example is the COMPAS software, which was
used to aid in decision-making regarding the release of prisoners. It was later revealed that
this software included a bias against convicts of African-American heritage [36]. Having
such a bias in a deployed model is obviously undesirable from an ethical standpoint and
can have severe consequences for the people involved. This example illustrates that when
such models are deployed, either directly or indirectly, in a decision-making process, the
outcomes of these models must be fair, especially when sensitive data is leveraged. Simply
removing the sensitive variables is not enough to ensure fairness. The models can still
rely on correlated variables known as proxies. For example, zip code can act as a proxy
for race, allowing the model to indirectly discriminate even when the sensitive variable
is removed [46]. This is concerning in Human Resources (HR), where the data contains
multiple potentially sensitive attributes such as gender, age, and education. The presence
of these sensitive attributes and interactions introduces additional complexity that single
sensitive attribute analysis might fail to capture.

Despite this, most fairness-aware ML research has focused on analyzing single binary
sensitive attributes [43], and the HR domain has received little attention. In the field
of fairness-aware ML, most research is conducted either on the Adult dataset or on the
COMPAS dataset (77% and 51% of the research, respectively) [24]. The Adult dataset
contains data about the income of adults, where the attribute gender is often specified as
the sensitive feature. The COMPAS dataset consists of criminal records, where race and
gender are mostly treated as sensitive features [24]. The lack of research is remarkable,
given that HR data often consists of multiple sensitive features. However, real-world HR
datasets are rarely publicly available. Besides the ethical concerns, organizations are often
not allowed to share personal data due to regulations such as the General Data Protection
Regulation (GDPR) in the European Union. Moreover, concerns about trustworthiness,
reputational risk, and misuse could be motivations for not sharing such data. As a result,
studies on employee attrition prediction often use synthetic datasets. Furthermore, this
limited availability of real data could explain why fairness-aware ML has received little
attention in the HR field.

Biases in ML models can arise from different sources, including historical bias, measure-
ment bias, representation bias, algorithmic bias, and more [52|. In HR datasets, historical
bias is a possible concern, and fairness-aware ML is useful for mitigating this type of bias.
Fairness-aware ML models addressing this can be split into three categories: pre-processing,
in-processing, and post-processing methods. Pre-processing involves altering the training



data before training to make the data fairer. In-processing involves introducing fairness
during training. Lastly, post-processing aims to establish fairness after training is finished.
In the scope of this thesis, only pre-processing and in-processing techniques will be con-
sidered. Since post-processing techniques operate on the model outputs, they have been
shown to generally underperform compared to pre-processing and in-processing techniques
[44].

Motivated by this gap, this thesis focuses on how fairness-aware ML can be effectively ap-
plied to HR data, focusing on multiple and multiclass sensitive attributes: gender, age, and
education. These attributes are evaluated not only at the group-level but also across their
intersectional subgroups, which is rarely considered in the literature. Among the proposed
models is a novel Fair Ensemble approach, which combines multiple fairness-aware models
to improve fairness across groups and intersectional subgroups. This thesis therefore asks:
"What trade-offs do pre- and in-processing fairness mitigation methods provide between
predictive performance and intersectional fairness in employee attrition prediction?”

To aid in answering the research question, the following sub-questions are addressed:

1. How do baseline employee attrition prediction models perform in terms of predictive
performance and intersectional fairness?

2. How do pre- and in-processing fairness mitigation methods reduce unfairness for var-
tous sensitive attributes and their intersectional subgroups in employee attrition pre-
diction?

3. What trade-offs between predictive performance and intersectional fairness can be
identified when applying the fairness mitigation methods compared to the baseline
employee attrition prediction models?

Ernst and Young (EY) is a large professional services firm with over 400,000 employees,
operating in various industries. EY is pursuing Al implementation for its clients across
multiple sectors, such as public services, healthcare, and financial services. Moreover,
EY also promotes the implementation of Al within its internal functions, for instance,
consulting, assurance, and tax. Furthermore, employee retention is important for the firm.
With 400,000 employees, the total cost of hiring new employees can be substantial. As
discussed, ML models have proven to be useful and can possibly identify which employees
are likely to leave. However, Al models are known to amplify historical biases, which
makes fairness and ethical concerns extremely important when deploying these models.
This thesis will investigate fairness-aware ML models for employee attrition prediction to
provide EY with potentially valuable insights in this domain.

The remaining part of the thesis is structured as follows. Chapter [2] provides an overview
of the relevant literature. Subsequently, Chapter [3] describes the data used. Thereafter,
Chapter [4 discusses the methods, fairness metrics, and evaluation metrics. Chapter
discusses the experimental setup. Chapter [6] shows the results, and Chapter [7] discusses
and analyzes these results. Lastly, Chapter [§ provides a conclusion.



Chapter 2

Literature review

Fairness-aware ML is a research field with hundreds of different methods, all aiming to
introduce fairness while maintaining predictive performance [24]. Moreover, there are
numerous fairness metrics, all considering different notions of fairness [§]. To clarify the
concepts, this section provides an overview of all the components in the fairness-aware
pipeline, backed by relevant methods from the literature.

First, Section discusses various sources of bias that are potentially present in this
research. Subsequently, Section reviews important fairness metrics. Then, Section
discusses the accuracy-fairness trade-off. Section [2.4] reviews prior research on fairness-
aware ML. Section[2.5]discusses the ML models often used for employee attrition prediction,
and lastly, Section concludes the section by briefly discussing the research gap.

2.1 Sources of Bias

In ML models, bias can arise from several sources. Moreover, these biases can arise in
several parts of the modeling pipeline: from data to algorithm, from algorithm to user,
and from user to data. In the context of HR data, all three categories are relevant, as
unfairness can arise in all three parts. In addition, within these categories, the sources of
bias can be broken down even further. In light of the categorization by Mehrabi et al. |36,
the most relevant biases for this research are briefly discussed below. For a more detailed
overview of different sources of bias, the reader is encouraged to read the papers 36|, and
[51].

1. Measurement bias: the bias that arises when the measurement of a feature is inac-
curate or when the feature is measured unevenly |36} p.4]. In the context of fairness,
the mismeasurement of features could encode bias. For example, performance ratings
could be influenced by an individual’s perceptions towards others instead of actual
performance, and hence could lead to biased predictions.

2. Representation bias: this type of bias occurs if the sampled population does not
correctly represent the real world [36, p.5]. In the context of this thesis, this could
lead to unfair model performance across different groups. This could result in certain
subgroups being disadvantaged.

3. Aggregation bias: aggregation bias arises when inferences are drawn about an
individual based on population level observations. An example of aggregation bias
that can occur within the scope of this thesis is that outcomes can seem fair at the
gender level. However, at a more granular level, the outcomes might be unfair with
respect to, for instance, young women. This example is a case of Simpson’s Paradox,
which occurs when trends from the population fade when the data is examined within
subgroups, or vice versa |36}, p.5].

4. Algorithmic bias: algorithmic bias emerges only from the algorithm; the bias is not
present in the data, but the algorithm still exhibits bias |36, p.6]. Such bias can be
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caused by the choices of hyperparameter values and other implementation strategies.
The danger of this type of bias can always occur, regardless of the data.

5. Historical bias: historical bias stems from systematic biases embedded in the data
[36, p.5]. For example, since particular subgroups have been privileged more, this
bias is embedded in the data. This bias arises even if the data is measured perfectly.
A model trained on such data may learn these patterns and could produce unfair
outcomes. Note that historical bias and measurement bias are related, as historical
bias can arise from the systematic mismeasurement of certain groups.

2.2 Fairness Metrics

To assess whether a model is fair, one needs to use a definition of fairness. To transfer the
idea of fairness to ML models, a substantial number of metrics have been proposed. In
total, there are over 20 fairness metrics introduced in the literature, where certain metrics
resemble one another [53|. Additionally, the same fairness metric can carry different names,
e.g., Demographic Parity (DP) and Statistical Parity Difference (SPD). However, these
metrics can be distinguished as group level fairness metrics and individual level fairness
metrics.

The fairness metrics introduced in this thesis serve two purposes; firstly, they are needed
to grasp the different kinds of fairness metrics and the framework for selecting the appro-
priate fairness metric in Section Secondly, certain fairness metrics introduced in this
section are used for evaluation.

To understand the different fairness metrics, notation is introduced first. Aligning with
this thesis, binary classification and categorical sensitive attributes are assumed.

e Y € {0,1}: true label, where 1 is the desired output.

e Y €{0,1}: predicted label.

Y: set of possible values for the target variable.

e S: the set of possible values for the sensitive attribute, with s; being the value of the
i-th value in S.

e G: all intersectional subgroups derived from the sensitive attributes, where g; is the
i-th group in G.

In the remainder of this subsection, various important fairness metrics for both categories
will be highlighted. Note that the random variable S and specific value s; are used in
formulas when dealing with a single sensitive attribute, and the random variable G and
specific group g; are used in formulas when referring to intersectional subgroups derived
from all sensitive attributes jointly.

2.2.1 Group Level Fairness Metrics

Group level fairness metrics focus on disparities between statistical values in the predic-
tions, defining fairness over the population divided into groups.
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2.2.1.1 Overall Group Fairness Metrics

The most popular fairness metric is Demographic Parity (DP), which is used in at least
136 publications |24]. Assuming S is a binary sensitive attribute, DP is attained when
the probability of being assigned to class 1 is the same for both groups of the sensitive
attribute. In mathematical terms, that is P(Y = 1|S = 0) = P(Y = 1|S = 1). The
difference between these probabilities can be used as a measure of disparity, which is often
referred to as DP or SPD. The discrimination score by Calders and Verwer [5] is a difference
based metric commonly used to quantify DP and is equivalent to SPD/DP. Furthermore,
DP naturally extends to a multi-class sensitive attribute setting.

Another similar group based fairness metric is Disparate Impact (DI). DI takes the same
quantities as DP; however, instead of taking the difference, DI calculates the ratio. DI
can also be straightforwardly extended to multiclass sensitive variables. Furthermore, DI

is used to compute the p-rule. The p-rule is defined as: min P(?ZHGZQ"), P(Y=1/G=g;)y
: Y P gi,gjeg(P(YzllG:gj) P(Y:”G:Qi))

In the literature, the p-rule is used with respect to the four-fifths rule, where this quantity
needs to be at least 0.8. For example, Foulds et al. |21] adjust the level of unfairness up
to the point that the p-rule will be 0.8 at a minimum.

Additionally, in a vast amount of research, Equalized Odds (EO) is used as a fairness
metric. EO requires access not only to the predicted value Y but also to the true label
Y. To realize EO, the True Positive Rate (TPR) and False Positive Rate (FPR) must
be equal across sensitive attribute groups [23]. EO, in mathematical terms, is defined as:
PY =1§=1,Y =y)=P(Y =1]S=0,Y =y) Vye Y. The differences in TPR and
FPR between groups can be used as a fairness metric. The metric can either be reported
as the difference in TPR and FPR or as the maximum of the differences in TPR and FPR.
For this metric, it holds that it can be rewritten so that it applies to multiclass variables
as well.

In the same paper, Equality of Opportunity (EoO) is discussed. EoO is similar to EO;
however, it only enforces the true positive rates to be equal for all sensitive attribute
groups. EoO can hence be seen as a relaxation of EO.

2.2.1.2 Subgroup Fairness Metrics

The previous section discussed fairness metrics concerning a single sensitive attribute;
however, in real world scenarios, multiple sensitive attributes often exist. An example of
this is the HR context of this thesis. In more recent years, the field has adopted this vision
and proposed subgroup fairness metrics, which capture fairness across different subgroup
levels.

Kearns et al. [31] recognized that fairness metrics can seem fair overall but can still
be unfair for certain subgroups. To prevent this fairness gerrymandering, two traditional
fairness metrics are extended. The authors define statistical parity over all subgroups,
together with a weighting term that takes the size of the subgroup into account. For a
specific g; € G, this can be written as:

P(G =g;)(|P(Y =1) = P(Y = 1|G = g;))).

This quantity needs to be below a chosen threshold ~ for all subgroups ¢g; € G to be
considered fair. Here P(G = g;) weakens the effect of smaller subgroups. This metric is
called Statistical Parity Subgroup Fairness (SPSF). SPSF quantifies the disparity between
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the probability of a positive outcome for a certain subgroup compared to the population
as a whole.

Furthermore, the authors extend the notion of EO’s FPR part in a similar fashion.
Their version is called False Positive Subgroup Fairness (FPSF) and for subgroup g; € G
is defined as:

P(G = gi,Y = 0)(|P(Y = 1]Y = 0) = P(¥ = 1|G = g,, Y = 0)]).

Similarly, as to SPSF, this quantity needs to be below ~ for all g; € G to be considered fair.
Moreover, there is again a weighting term and a fairness term measuring overall disparity
for a certain subgroup. The weighting term diminishes the impact of subgroups with a low
probability of having the class label 0. Since FPR is calculated only for instances with a
true label of 0, this weighting term reduces the influence of small subgroups with relatively
few observations labeled as 0. The latter term determines the amount of overall disparity
in FPR for a subgroup ¢; € G.

Additionally, Foulds et al. [21] define Differential Fairness (DF). Where differential
fairness weighs all subgroups evenly, thus enforcing fairness across all different subgroups
regardless of their size. Let 6 € © be the distribution that generates the data. A classifier
is said to be e-DF fair if the following holds for its predictions:

P(Y =y|G = g;,0)
- P(Y =y|G =gj,0)

—€

<e Vye), gi,9;€G.
In this definition, the amount of unfairness can be controlled by the value of e.

2.2.2 Individual Level Fairness Metrics

Individual fairness metrics approach fairness from a different standpoint. In the field of
individual fairness, instances that are similar should receive similar outcomes [37]. An
example of such a fairness metric is Fairness Through Awareness (FTA), presented by
Dwork et al. |16]. Let f be a classifier, x; and z; be the i-th and j-th observations in the
dataset X, and D(-,-) be a distance metric for the labels, while d(-,-) is a distance metric
for the observations. FTA then requires

D(f(xi), f(z5)) < d(m,x5), Vag,z; € X,

This inequality states that the difference between predictions should be smaller than or
equal to the difference between instances. This implies that individuals with similar fea-
tures should obtain the same predictions. However, as the authors themselves noted,
defining the distance metric for features can be challenging.

Additionally, the counterfactual fairness metric proposed by Kusner et al. [32] is a
different approach to defining fairness. The proposed fairness metric is strongly associated
with causality. The authors say a classifier is counterfactually fair if there is no difference
between the outcome of the predictor observed in the real world and a counterfactual world,
where only the sensitive attribute and its descendants differ. This definition, however,
requires defining how the descendants of the sensitive attributes change when the sensitive
attribute is altered. This can be done using the structural equations of a Structural Causal
Model (SCM), however, specifying a SCM can prove to be difficult [3]. Furthermore,
Barocas et al. |3] note that using a structural causal model where the causal assumptions
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do not hold can lead to invalid conclusions. Let U be the set of exogenous variables.
Furthermore, let Z = X \ S denote the set of non-sensitive features. In mathematical
terms, a classifier is counterfactually fair if

P@Gegi(U) =y Z:sz:gz) :P(?Gegj(U) =y Zzz,G:gz) Yy eV, 9,95 €G.

In this equation }A/Gy_gj means the predicted label Y that would be obtained in a counter-
factual world where an instance’s group and its descendants are recomputed after changing
group membership to g; while keeping U fixed. The values of the descendants are inferred
from the structural equations of the SCM.

2.2.3 Relations Between Fairness Metrics

As there are numerous fairness metrics, this section discusses the relationships between the
fairness metrics discussed in this thesis.

2.2.3.1 Equivalences and Differences

The fairness metrics discussed above bear various similarities and differences. For instance,
DI takes the same quantities as DP; however, by taking the ratio instead of the difference,
the interpretation changes. Moreover, EoO is a direct relaxation of EO. A more significant
difference is found between DP and EO. DP does not take the true label Y into account.
Furthermore, DP requires that the probability of being assigned to the positive class re-
mains the same, regardless of the sensitive attribute. EO, on the other hand, requires
that people with a true positive class and a true negative class have similar classification
statistics. This spreads the notion of fairness over TPR and FPR instead of the overall
positive predictions.

Additionally, the subgroup fairness metrics closely relate to the overall group based
notions. SPSF, for example, slightly tweaks DP so that it can measure unfairness with
respect to multiple sensitive attributes. Additionally, FPSF extends EO’s FPR part to
multiple sensitive variables. On the other hand, DF extends DI to multiple sensitive
attributes and is hence also closely related to DP. A classifier that is performing well
with respect to DP will likely perform well with respect to DF, as both use the same
probabilities. DP takes the difference between probabilities, whereas DF uses a ratio.

On the other hand, individual fairness metrics bear little similarity to (sub)group fairness
metrics. The individual fairness metrics discussed require the specification of additional
metrics or assumptions, such as a distance metric or an adequate SCM, which can prove
to be difficult. Given this, group based fairness metrics tend to be predominantly used in
the fairness literature.

Beyond the similarities and differences in the quantities used, fairness metrics can be
assigned to one of two additional categories: bias preserving and bias transforming. Bias
preserving metrics are always satisfied with a perfect classifier, while bias transforming
metrics are not necessarily satisfied with a perfect classifier [54]. In other words, bias
preserving metrics can reflect biases present in the data, measuring the extent to which
the error rates are equal across sensitive groups. By using the true label, these fairness
metrics take into account the underlying data. If this data contains societal biases, these
metrics preserve that bias. On the other hand, bias transforming metrics do not use the
distribution of the data. Extending the table by Wachter et al. |54], Table[1]is obtained.
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Metric Level Type Requires Y Multiclass §
DP Group Bias transforming X v
DI/p-rule Group Bias transforming X v
EO Group Bias preserving v v
EoO Group Bias preserving v v
SPSF Subgroup Bias transforming X v
FPSF Subgroup  Bias preserving v v
DF Subgroup Bias transforming X v
FTA Individual Bias transforming X v
Counterfactual Fairness Individual Bias transforming X v

Table 1: Overview and comparison of fairness metrics discussed in this section.

Wachter et al. [54] note that bias preserving methods are not inherently wrong to use;
however, one needs to understand the difference between these metrics. Bias preserving
methods can still be useful in preventing ML models from injecting bias themselves. Fur-
thermore, the authors provide guidance on how to choose which type of fairness metrics
to use. This thesis will discuss these guidelines further in Section [£.2]

2.2.3.2 Incompatibilities

Viewing fairness metrics from a different standpoint has led to certain fairness metrics
contradicting one another. For instance, Chouldechova |13| showed that although a clas-
sifier can seem fair with respect to predictive bias, it may remain unfair concerning FNR
and FPR rates. Furthermore, fairness metrics are unable to capture both group and in-
dividual fairness concurrently [9]. Additionally, Barocas et al. [3]| proved that given mild
assumptions, for binary classification, DP and EO cannot hold simultaneously.

2.3 The Utility-Fairness Trade-off

As seen earlier, there is a large variety of fairness metrics. Improving fairness with respect
to these metrics often comes at the cost of reducing the accuracy of the classifier [9].
Fairness-aware ML techniques often try to find a balance in this trade-off |6} 21} 28| 31].
The challenge in fairness-aware ML thus lies not only in achieving fairness but also in
finding an appropriate trade-off between model performance and fairness.

2.4 Fairness-Aware ML Methods

Given the utility-fairness trade-off, various fairness-aware ML models have been proposed
to mitigate unfairness while maintaining predictive performance. Moreover, fairness-aware
ML is a relatively new research field, with interest in the subject commencing approx-
imately in 2009 [24]. The earliest techniques mostly focus on a single binary sensitive
attribute, with little expandability to multivariate multi-class sensitive features. Further-
more, the paper by Chen et al. [12]| from 2024 notes that the majority of available methods
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deal with a single protected attribute at a time. Additionally, in the context of this the-
sis, not only is the binary sensitive attribute of gender considered, but age and education
are also included. This highlights the need for techniques capable of handling several
multi-class variables.

In the literature, fairness-aware ML methods are commonly divided into three different
categories: pre-processing, in-processing, and post-processing. Pre-processing techniques
aim to alter the data before training the model. The goal is to remove unfairness from
the data, which should lead to the subsequently trained model being fairer. In-processing
methods are designed to enforce fairness during the training of the model. This can be
done by enforcing fairness constraints during training, for instance. Lastly, post-processing
approaches intervene in the output of the model. These approaches can, for example, de-
termine unfair predictions and modify them to create fairer predictions [9]. As discussed in
the introduction, this thesis will not consider post-processing techniques, as prior research
found them to be less effective than pre- and in-processing techniques [44].

2.4.1 Pre-processing

As per Hort et al. |24], pre-processing is a highly researched fairness-introducing category,
with over 100 publications on different methods. These approaches operate by modify-
ing the data before training the model, with the goal of reducing dependencies between
sensitive attributes and the target variable.

2.4.1.1 Instance and Label Transformation

The paper by Kamiran and Calders |28| offers three pre-processing techniques and is one of
the most widely used benchmarks in the literature. By 2024, it had been used 37 times as
a benchmark, making it the second most used benchmark in the field [24]. Their methods
focus on a single binary sensitive attribute, but they can be extended to multiple multiclass
sensitive features.

The first method introduced is called massaging; massaging involves flipping specific
labels in the training dataset. The probabilities of a positive class outcome are used to make
a decision on which instances to flip. In addition, a method called reweighing is proposed;
here, all instances in the dataset are assigned a weight. These weights are determined
by the observed label and group membership. Instances that belong to over-represented
group-label combinations, with respect to what is expected, receive a lower weight. On the
other hand, instances that belong to under-represented group-label combinations receive a
higher weight. Lastly, an alternative sampling technique is proposed, which is designed for
cases where reweighing is not applicable. However, since reweighing is directly applicable
in this thesis, sampling is not considered.

The methods are tested on several datasets, including the Adult Income dataset, which
classifies whether an adult has an income over or under $50,000. For this dataset, the pro-
posed methods are shown to decrease DP without substantially compromising predictive
performance. Reweighing yields considerable fairness improvement, obtaining approxi-
mately 3% DP as opposed to the 18% baseline discrimination, while the accuracy drops by
approximately 1%. A major advantage of these methods is that they are model agnostic.
However, flipping the labels in massaging comes with concerns about data integrity.



2.4 Fairness-Aware ML Methods

The methods proposed by Kamiran and Calders |28] offer straightforward techniques to
mitigate bias that can be used in intersectional subgroup settings, making them practical
baselines. Massaging additionally raises concerns with respect to data integrity, as the
flipping of labels introduces artificial patterns in the data.

2.4.1.2 Distribution Transformation

An approach capable of handling multivariate, multi-class sensitive attributes is the method
proposed by Calmon et al. [6]. In the paper, the probabilistic transformation of the
dataset is formulated as a mathematical optimization problem with multiple constraints.
The objective function minimizes the difference between the distribution of the original
dataset and the transformed dataset. The constraints impose restrictions on, for example,
the degree of unfairness. The resulting transformed dataset is then used for training the
classifier. However, a disadvantage of the method is that it only works with discrete
sensitive features.

A similar feature based drawback arises in the method by Feldman et al. [20]. The
paper introduces two data repair approaches: Combinatorial and Geometric repair. Com-
binatorial repair moves the non-sensitive features towards the median in the dataset while
preserving the relative rank in the group. Geometric repair works by decreasing the dis-
tance between the distributions of the sensitive groups. However, these techniques only
work for numeric non-sensitive features.

Such feature type constraints are not compatible with the mixed feature types that this
thesis uses and are therefore not considered further.

2.4.1.3 Representation Learning

A conceptually different pre-processing approach is representation learning. Representation
learning aims to learn a new, fair representation of the data in a latent space. For example,
Zemel et al. [56] encode the latent representation such that as much information as possible
from the original dataset is preserved while removing information about group membership.
Consequently, a classifier is trained on the latent representation of the data. However,
as applied, this technique considers only binary sensitive attributes. Nonetheless, this
approach is widely regarded as influential and has sparked numerous research studies on
similar approaches, such as the method by Madras et al. |35].

Newer models have taken representation learning into the field of Deep Learning (DL).
With the emergence of these models, more advanced frameworks have been used, such as
Variational Autoencoders (VAE) [15, 34} 41|. However, these complex models are generally
implemented for a single binary sensitive attribute or require independence assumptions
between multiple sensitive attributes. Given these limitations, such models are not con-
sidered.

2.4.2 In-processing

This subsection highlights several representative in-processing methods, which are further
divided into more granular categories. The methods are particularly discussed for their
ability to handle multiple multi-class sensitive attributes.

10



2.5 Employee Attrition Prediction

2.4.2.1 Regularization Based Methods

In-processing methods often make use of regularization or constrained optimization to
ensure the fairness of the classifier |16} |30} 55].

Regularization based methods are a straightforward solution to enforce fairness in ML
algorithms. However, Kamishima et al. [30] only deal with a single binary sensitive
variable. Additionally, the method by Kamiran et al. [29] operates on non-intersectional
group fairness metrics. These limitations are addressed by Foulds et al. [21|. The study
by Foulds et al. |21] explicitly uses regularization with intersectional notions of fairness to
ensure subgroup fairness. This approach is particularly relevant to this thesis, given that
the method is capable of handling multiple multi-class sensitive attributes. In their paper,
the fairness metrics SPSF and DF act as regularizers. These fairness constraints are added
to the learning objective and are weighted by a hyperparameter A\. The classifier used is
a simple 3-layer neural network. Moreover, the method exhibits strong performance on
the Adult Income dataset; the DF decreases from 1.646 to 0.379, while the accuracy only
drops by roughly 1.6 percentage points.

2.4.2.2 Adversarial Learning

Adversarial learning draws inspiration from a deep learning architecture, specifically a
Generative Adversarial Network (GAN). In the paper by Zhang et al. [57] adversarial
debiasing is introduced. Adversarial debiasing makes use of a predictor that predicts the
target variable Y from the data X. The adversary takes the output of the predictor and
attempts to predict the sensitive feature. If the adversary has low accuracy, the model is
perceived as fair. Although the proposed method can be easily modified to use multi-class
sensitive variables, adversarial debiasing is restricted to a single sensitive attribute.

2.4.2.3 Reductions Based Methods

Another in-processing method that is capable of handling multiple sensitive variables is the
technique proposed by Agarwal et al. |1]. The authors rewrite the constrained optimization
problem in Lagrangian form. Subsequently, they note that this is a zero-sum game and
propose an algorithm that solves this problem. The algorithm uses cost sensitive classifiers
and exponentiated gradient updates, among other techniques, to iteratively enforce fairness
and ensure predictive performance. The obtained randomized classifier lies on the Pareto
frontier for a given set of classifiers and a given level of unfairness. Moreover, the method
is compatible with multiple classification algorithms and supports several fairness metrics,
including DP and EO. Given these advantages of the reductions based approach, the
fairness-aware ML model introduced by Agarwal et al. [1] is suited for the setting of
this research.

2.5 Employee Attrition Prediction

The trade-off between accuracy and fairness plays a significant role in fairness-aware ML.
Hence, this section reviews ML approaches used in employee attrition prediction, identify-
ing possible baselines for this thesis.

In the literature on employee attrition prediction, mostly the same set of machine learning
methods is researched and evaluated. These include Logistic Regression (LR), Decision
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2.6 Research Gap

Trees (DT), Random Forest (RF), Extreme Gradient Boosting (XGBoost), Neural Network
(NN), and more |19, 26, 58]. Fallucchi et al. [19] compared 8 different classification models
using 5 different evaluation metrics with the IBM HR dataset. The authors find that a
Gaussian Naive Bayes (GNB) classifier obtained the highest recall and F1 score, 0.541
and 0.446, respectively. GNB, therefore, minimizes false negatives, correctly capturing a
substantial proportion of people who are leaving. LR follows closely, with an F1 score of
0.445. Moreover, Raza et al. [48] find that the ensemble model Extra Trees Classifier (ETC)
performs best for employee attrition prediction on the IBM HR dataset. ETC outperforms
LR, obtaining a recall score and F1 score of 0.93, while LR achieves a recall score of 0.72
and an F1 score of 0.73. However, Qutub et al. [47] find that ensemble methods, including
XGBoost and RF, do not outperform LR with respect to accuracy, recall, and F1 score.
Lastly, Zhao et al. [58| use three different datasets and find that XGBoost performs, on
average, the best with respect to the Receiver Operating Characteristic (ROC). The ROC
captures the trade-off between true positive and false positive rates. Additionally, NNs are
found to perform solidly overall.

The variety in performances on the same dataset across different studies likely reflects
differences in pre-processing the data. Raza et al. |48|, for instance, use Synthetic Minority
Oversampling Technique (SMOTE) and perform feature engineering, while the paper by
Fallucchi et al. |19] uses neither of these. This likely leads to differences in results for LR
and makes comparison difficult. Given the variety of models present and the differences in
performance, this thesis will assess LR and XGBoost as base classifiers. These methods are
selected due to their compatibility with the fairness-aware ML methods in this thesis, and
their consistent appearance in the attrition prediction literature. These baseline models
additionally differ, as one is a linear approach and the other is an ensemble-based approach.

None of the employee attrition prediction studies reviewed in this section incorporate fair-
ness considerations. This is particularly concerning given that attrition prediction models
can directly inform consequential HR decisions and, hence, potentially are categorized as
high-risk systems in the AI Act. This motivates this thesis, which explicitly integrates
fairness alongside predictive performance.

2.6 Research Gap

As discussed in this chapter, the majority of fairness-aware ML methods focus on deal-
ing with a single binary sensitive attribute. Although more recent methods are designed
for subgroup fairness, the application to HR data remains scarce. Considering that HR
data contains several potentially sensitive attributes, such as gender, age, and education,
this gap is particularly relevant. While Foulds et al. [21] apply intersectional fairness
in classification, their method does not compare methods against one another in the em-
ployee attrition context. This thesis addresses this gap by applying and comparing pre-
and in-processing methods to employee attrition prediction, where group and subgroup
level fairness metrics are considered alongside predictive performance. Additionally, this
research tests a novel approach, Fair Ensemble, which potentially provides a straightfor-
ward way to obtain fairness at the subgroup level. Furthermore, legislation like the EU Al
Act can classify an employee attrition prediction model as a high-risk system and impose
restrictions on bias mitigation, yet it does not provide guidance on how to achieve it or
what level of unfairness is acceptable. This motivates the empirical comparison of fairness
mitigation methods.
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Chapter 3
Data

This chapter discusses the datasets and their properties. There is limited availability of
real-world HR datasets, hence, research on employee attrition prediction is often conducted
on the synthetic HR dataset constructed by IBME This IBM dataset will be used for a
robustness check in this thesis. The primary dataset used for training is a second synthetic
datasetﬂ. Both datasets are designed to aid researchers and HR practitioners in identifying
patterns that trigger employee attrition. Moreover, both datasets contain the demographic
features required for the fairness analysis of this thesis.

Section [3.1] describes the data, and Section [3.2) discusses which features are selected as
sensitive attributes. Section describes how the datasets are aligned. Subsequently,
Section describes the data pre-processing pipeline. Moreover, Section [3.5| shows the
Exploratory Data Analysis (EDA), and Section highlights the differences between the
datasets and their implications. Lastly, Section [3.7] provides the concluding remarks of this
chapter.

3.1 Data Description

The reason two datasets are used in this thesis is the limited number of observations in
the IBM dataset. The IBM dataset consists of 1,470 instances and 35 features, which is
too small for certain learning architectures used in this thesis. Hence, the need for another
dataset. The primary dataset has 24 features and comes with a predetermined 80— 20 split
between the training and test sets. The train set consists of 59,598 observations, while the
test set contains 14,900 instances. This makes the dataset suitable for NNs, for instance.
Moreover, the IBM dataset is not used for training. However, since it is often utilized in
the literature on employee attrition prediction, using it for a robustness check allows for
verification of generalizability.

3.2 The Sensitive Variables

Choosing sensitive variables requires normative assumptions about which attributes need
protection. In this thesis, gender, age, and education are treated as sensitive variables since
differential treatment based on these attributes may be socially undesirable. Moreover,
these attributes are frequently considered sensitive attributes in fairness-aware ML |1} |5,
20, 27, 133].

Gender: In the field of employment, there are known disparities concerning gender,
such as the gender wage gap [|4]. Another example is that some women may leave due
to responsibilities for taking care of a newborn, which can lead to an employment break

! Available on Kaggle: https://www.kaggle.com /datasets/pavansubhasht /

ibm-hr-analytics-attrition-dataset/data
ZAvailable on Kaggle: https://www.kaggle.com /datasets/stealthtechnologies/

employee-attrition-dataset /data?suggestionBundleld=428
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3.3 Aligning Datasets

and eventually a lower wage [17]. The data may contain such factors, and a regular ML
model is likely to learn these patterns. Furthermore, the EU Equal Treatment Directive
(2006/54/EC) states that discrimination on the grounds of sex is prohibited in employment
[18]. Hence, predictions should be fair with respect to the variable of gender.

Age: Age can also be viewed as a sensitive attribute. In HR datasets, such as the IBM
dataset, age often correlates with monthly income and job level. A model that uses age
may penalize employees for being experienced or nearing retirement, disadvantaging cer-
tain demographic groups specifically. Moreover, if a model predicts that older employees
have a higher chance of leaving the company due to retirement proximity or higher salaries,
organizations might reduce their investments in these employees. This could result in a
self-fulfilling prophecy that disadvantages people in a higher age group. Lower investment
in an employee could result in that employee leaving the company. This theoretical con-
cern is in line with the statistical discrimination theory from Phelps [45]. Additionally,
similar to gender, there is a tendency for age discrimination in HR settings. For example,
research shows that age discrimination is associated with higher rates of job separation.
Neumark and Johnson [38] found the result to be significant even when controlling for
retirement. Furthermore, EU law provides a framework banning discrimination based on
age in employment settings [14].

Education: Unlike gender and age, education is not generally considered a protected
characteristic in anti discrimination law. However, education is not equally accessible
to everyone and, therefore, can be a proxy for socioeconomic status [40]. Consequently,
evaluating fairness across education levels allows this thesis to examine whether fairness
interventions affect individuals from educational backgrounds differently. Additionally,
adding education to the subgroups provides a substantial increase in the number of sub-
groups, which might uncover disparities that would not be visible from gender and age
alone. Therefore, education is included as a sensitive attribute for fairness analysis.

These attributes are not only considered in isolation, but the intersectional groups for
these attributes are also analyzed. Combining these attributes leads to more fine-grained
subgroups, which can uncover unfairness not visible at the group level [31].

3.3 Aligning Datasets

Since the datasets do not contain exactly the same attributes, the features of the datasets
must be aligned to ensure a consistent input space for the model. After aligning the
datasets on common columns, both datasets contain 12 columns.

Moreover, the aligned features do not have the same range of values; hence, various
features need to be coarsened to make both datasets compatible with the models. The
training data has five levels of education: high school, associate degree, bachelor’s degree,
master’s degree, and PhD. However, the IBM dataset contains only 48 observations for
education level 5. Hence, the PhD level is grouped together with a master’s degree for the
primary dataset, and for the IBM dataset education level 4 and 5 are grouped. This leads
to a slight loss of information, however, since there are significantly fewer people with a
PhD, it makes sense to aggregate this group with the Master’s degree group. The resulting
encoding also yields a more evenly distributed number of observations, which is desired
in the training data, as this gives the model equal exposure to each group. Furthermore,
the variable job level consists of three values in the training dataset and five in the IBM
dataset. Similarly, this variable is reduced to three values in the IBM dataset.
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3.4 Pre-processing the Data

Lastly, the feature job role was removed, as the job roles defined in the two datasets show
insufficient overlap. The aligned datasets provide a consistent feature set for the models.

3.4 Pre-processing the Data

Data pre-processing is important in ML, as model performance depends on the data on
which it is trained. The goal of pre-processing is to obtain a suitable dataset for the model
to improve performance [22|. Both datasets are synthetic, providing clean data with no
missing values and requiring minimal pre-processing. Therefore, the pre-processing consists
only of encoding features and removing outliers. The sensitive attribute age is converted
from a numerical feature to a categorical feature because most fairness-aware ML methods
use categorical sensitive attributes. Furthermore, age is often converted into bins within
the employee attrition prediction setting [19]. The three bins are defined as 18-30, 31-45,
and 46+. These groups can be viewed as the early stage, middle stage, and end stage of a
career. Moreover, the resulting bins yield roughly similar numbers of observations across
age bins for the training data, which improves the reliability of subgroup fairness estimates.

Moreover, the target variable attrition is encoded as 0 for leaving and 1 for staying.
This aligns with the literature on fairness-aware ML, where the label 1 corresponds to the
desired outcome.

Furthermore, the two numeric features, monthly income and distance from home, are
tested for outliers using the Interquartile Range (IQR) method. Only the monthly income
is identified as containing outliers. The IQR method calculates the first (Q;) and third
(Q3) quartiles and uses these quartiles to determine whether an observation is considered an
outlier. The following formula denotes the computations for the lower and upper bounds.

lower bound = Q1 — 1.5(Q3 — Q1)
upper bound = Q3 + 1.5(Q3 — Q1)

A datapoint is considered an outlier when its value is either below the lower bound or
above the upper bound. The IQR identified and removed 50 outliers from the monthly
income attribute in the training dataset. Identifying and removing outliers is performed
solely on the training set, as the test set is left intact to evaluate the whole population and
to prevent data leakage. However, removing outliers might eliminate unique individuals
from certain subgroups, which could reduce the representation of those subgroups and thus
introduce bias. Given that only 50 outliers were removed from a training set of 59,598
observations, this risk is negligible in this setting. Nonetheless, this decision is a choice
with potential implications for fairness in the resulting models.
Table [2| describes the attributes of the features in the dataset after pre-processing.
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3.5 Exploratory Data Analysis

Variable Name Description Data Type
Attrition Whether the employee has left the company Categorical
DistanceFromHome Distance from home to workplace Numerical
Gender Employee’s gender Categorical
JobLevel Seniority level Ordinal
JobSatisfaction Job satisfaction level Ordinal
MonthlyIncome Monthly salary Numerical
OverTime Works overtime Categorical
PerformanceRating Performance rating (4 levels) Ordinal
EnvironmentSatisfaction Work environment satisfaction Ordinal
MaritalStatus Marital status (single, married, divorced) Categorical
Age Age bins (18-30, 31-45, 46+) Ordinal
Education Education level (4 levels) Ordinal

Table 2: Features after pre-processing for both datasets.

MaritalStatus is one-hot encoded, as the three classes have no natural ordering. The
ordinal variables are kept with integer representations, as the order can be interpreted and
used by the classifiers. The pre-processed data is used for EDA in the next section.

3.5 Exploratory Data Analysis

This EDA section provides plots and tables that aid in understanding the data and iden-
tifying its distribution.

Figure[I]shows the distribution of attrition for the training dataset and the IBM dataset.
The training dataset shows little difference between the proportion of leavers and the
proportion of stayers. Such a distribution is desired so that the models have an equal
amount of data for both outcomes, which helps the models learn patterns associated with
both outcomes. On the other hand, the IBM dataset exhibits a substantial class imbalance,
which may affect the stability of performance and fairness metrics, especially for groups
that have a relatively small number of attrition cases.

Attrition - Train Data Aftrition - IBM Data
1200 4

1000 -

800 4

count

600

2004

Left Stayed Left Stayed
Attrition Attrition

(a) Training dataset (b) IBM dataset

Figure 1: Comparison of attrition distributions across datasets.
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3.5 Exploratory Data Analysis

In Table[3] the distribution of the sensitive variables and the attrition rate for all sensitive
variables are shown. Moreover, the approximately even distribution of the age bins in the
training data is in line with the binning discussed in Section This equal distribution is
not present in the IBM dataset. However, since the model is trained on the training data,
an approximately equal distribution is of greater importance there.

Furthermore, the attrition rate varies within each sensitive variable. For the training
data, each sensitive attribute has a difference of at least 5 percentage points, with the
biggest difference being 10 percentage points for gender. Such a substantial disparity in
attrition rates may be learned by baseline ML models. Hence, a model trained on the train-
ing dataset is expected to show unfairness with respect to gender. Yet, the IBM dataset
shows little difference for gender and education, where the maximum difference for age is
15 percentage points. The direction of the disparity changes. For the IBM dataset, the
attrition rate is higher for males compared to females, highlighting the difference between
the datasets. Therefore, a model trained on the IBM data is likely to exhibit unfairness
with respect to age. Both datasets, therefore, exhibit differing disparities in attrition rates
across the sensitive attributes, which may affect generalizability.

Additionally, the maximum deviation from the overall attrition rate is 5 percentage points
for the training dataset and 10 percentage points for the IBM dataset. Furthermore, the
average deviation is only 2.56 percentage points for the training dataset and 2.89 percentage
points for the IBM dataset, which is modest. These averages at the group level can mask
disparities present in intersectional subgroups, which are discussed next.

Attribute Group Train dataset IBM dataset

Share (%) Attrition Rate (%) Share (%) Attrition Rate (%)

Total - - 48 - 16
Male 55 43 60 17
Gender
Female 45 53 40 15
18-30 33 51 30 26
Age 31-45 34 45 50 11
46+ 33 46 19 12
Level 1 (High School) 20 48 12 18
. Level 2 (Associate degree) 25 48 19 16
Education
Level 3 (Bachelor) 30 49 39 17
Level 4 (Master & PhD) 25 44 30 14

Table 3: Distribution of sensitive attributes and attrition rate per group across both datasets.

To evaluate the properties of the intersectional subgroups, Figure [2]is presented. Figure
shows the attrition rate for each subgroup. The subgroups are encoded as Gender | Age
| Education, where F | 18 — 30 | Edul means females aged 18 — 30 with education level 1.
Particularly remarkable is the systematic difference in attrition rates between males and
females in the training set, which is in line with Table[3] However, there are also differences
within the male and female subgroups, indicating the need for intersectional subgroup
fairness. For the IBM data, the attrition rate for the age bin 18 — 30 is systematically
above the mean attrition rate, which aligns with the IBM data in Table[3] In addition, the
IBM data also shows differences within sensitive variables. For example, there is a 14.9
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3.5 Exploratory Data Analysis

percentage points difference between males aged 46+ with education level 2 and females
aged 46+ with education level 2. Additionally, Figure [2| shows that the IBM dataset has
extreme outliers; for example, the subgroup of males aged 18 —30 with education level 4 has
an attrition rate that is two times larger than the dataset average. This demonstrates large
disparities within sensitive attributes and amplifies the need for intersectional subgroup
analysis.

The findings from Table[3|and Figure 2]illustrate that the data can appear approximately
balanced at the overall sensitive attribute level but imbalanced at the subgroup level.
This indicates that, in this setting, a model trained to prevent unfairness at the overall
level might overlook unfairness at the subgroup level, further motivating the intersectional
analysis that this thesis conducts.
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Figure 2: Intersectional subgroups attrition rate across both datasets.

Figure [3] shows the correlation heatmap of the training dataset and the IBM dataset.
For a more extensive analysis, the multiclass sensitive variables are one-hot encoded. The
correlation heatmap of the training data shows that job level and marital status have a
large absolute correlation with attrition. Moreover, in the IBM dataset, the age bin 18 —30
and overtime have a strong negative correlation with attrition. These differences suggest
that the datasets represent different parts of the true population.

Table [4] reports the mean of key job related features per subgroup. The job-related
features are selected based on the correlation heatmaps shown in Figure [3] as well as prior
literature identifying key predictors for employee attrition . Additionally, features that
are unlikely to serve as a proxy for sensitive attributes, such as distance from home, are not
evaluated in the table. Table[d]shows approximately equal values across all subgroups. This
reveals that the values of these job-related variables cannot be used as proxies for sensitive
attributes. Hence, this suggests that unfairness through the use of proxies is unlikely for
a model trained on the training data. Nonetheless, for the IBM dataset, these values vary
significantly, as can be seen in Table 23] in the Appendix. Hence, a model trained on the
IBM dataset could discriminate even if the sensitive variables were removed.

Additionally, n is the number of observations for each subgroup. In the training data,
the number of observations is at least 1,700 for each subgroup, making the calculations
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3.5 Exploratory Data Analysis

of fairness metrics for these subgroups reliable. On the other hand, for the IBM dataset,
certain subgroups have only 7 observations. This could lead to unstable computations for
these subgroups, therefore, the outcomes for these subgroups should be handled with care.
Lastly, in the Appendix, one can find similar figures and tables for the test set, which
exhibit patterns similar to those of the training data.

Correlation Heatmap for Train Data

10
Astrition

B8 0.10-0.10 0.31 -0.01 0.01 -0.06 0.05 0.18 0.06 0.23 -0.28-0.05 0.03 0.02 -0.01 -0.010.02 0.04
DistancefromHome —0.10 BRI 0.00 -0.00 0.00 -0.00 0.00 -0.00 0.01 -0.00 -0.00 0.01 0.01 -0.00-0.00 -0.00 0.01 -0.00 -0.00

Gender -0.10 0.00 pR-0.00 -0.01 0.00 0.00 -0.01 -0.01 0,00 -0.00 -0.00 0,00 -0.00 0.00 0.00 0.00 0.00 0.00

JobLevel -0.31 -0.00 0.00 pId-0.00 -0.01 -0.00 0.00 0.00 -0.00 0.01 -0.00 0.00 0.00 -0.01 0.00 -0.00 0.00 0.00
JobSatisfaction --0.01 0.00 -0.01 -0.00 BRI-0.01 0.00 0.00 -0.01 -0.00 0.00 -0.00 0.00 -0.00 0.00 0.00 -0.00 0.00 -0.00 06
Monthlyincome - 0.01 -0.00 0.00 -0.01 -0.01 R¥81.0.00 0.00 0.00 0.00 0.01 -0.00 0.0 0.00 -0.00 0.00 0.01 -0.00-0.00
OverTime -0.06 0.00 0.00 -0.00 0.00 -0.00 BRdY 0.01 -0.01 0.00 0.00 -0.01-0.00 0.00 0.00 0.00 -0.01 0.00 0.00
PerformanceRating - 0.05 0.00 -0.01 -0.00 0.00 0.00 0.01 0.00 0,00 0.00 0.00-0.00 0.00 0.00 0.00 0.00 0.00 0.01
Environmentsatisfaction -0.18 0.01 -0.01 0,00 0.01 0.00 -0.01 0.00 -0.00 0,00 0.01 0.00 0.00 0.00 -0.00-0.00 0.00
MaritalStatus_Divorced - 0.06 -0.00 0.00 -0.00 0.00-0.00 0.00 0.00 [):71:0.31 0.00 0.01 -0.01-0.00 0.00 0.00 0.00
MaritalStatus_Married - 0.23 -0.000.00 0.01 0,00 0.01 0.00 0.00 FRIRZT 0.00 -0.00-0.00 0.00 0.00 0.00 -0.00
MaritalStatus_Single —-0.28 0.01 -0.00 -0.00 -0.00 -0.00 -0.01 -0.00 0.00 0.31 0.01-0.00 0,01 -0.00 0.00 0.00 -0.00
Age_18-30 --0.05 0.01 0.00 0.00 0.00 -0.00-0.00 0.00 -0.01 0.00 0.00 -0.01 PRIJEIELEIEN 0.00 0.00 -0.00 0.00

--0.2
Age_31-45 - 0.03 -0.00 -0.00 0.00 -0.00 0.00 0.00 0.00 0.00 0.01 -0.00 -0.00 L1

BRI -F] -0.01 0.00 0.00 0.00

Age_46+ -0.02 -0.00 0.00 -0.01 0.00 -0.00 -0.00 0.00 0.00 0.01 -0.00 0.01 LILRISIIERNY 0.00 -0.01 0.00 0.00
Education_1 --0.01 -0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.00 -0.00 0.00
Education_2 --0.01 0.01 0.00 -0.00 -0.00 0.01 -0.01 0.00 -0.00 0.00 -0.00 0.00 0.00 0.00

Education_3 --0.02 -0.00 -0.00 0.00 0.00 -0.00 0.00 0.00 -0.00-0.00 0.00 0.00 0.00 0.00

Education_4 - 0.04 -0.00 0.00 -0.00 -0.00 -0.00 0.00 -0.01 0.00 0.00 -0.00 -0.00 -0.00 0.00

H

Gender -
JobLevel _
OverTime -
Age_18-30 -
Age_31-45 -

Education_4

DistanceFromHome -
JobSatisfaction -
Monthlylincome ~
PerformanceRating -
Environmentsatisfaction -
Maritaltatus_Divorced -
MaritalStatus_Married -
MaritalStatus_Single -
Age
Education_1 |
Education_2
Education_3

(a) Training dataset

Correlation Heatmap for IBM Data

Attrition BRI -0.08 0,03 0.18 0.10 0.16 025 0.00 0.10 0.09 0.09 0.18-0.18 0.13 0.05 -0.02 0.01 -0.03 0.04
DistanceFromHome —-0.08 pI 0.00 0.04 0.00-0.02 0.03 0.03 -0.02-0.01 0.03 .03 0.02 0,00 0.02 0.02 0.00 0.00 0.01
Gender -0.03 0.00 BRY 0.05 -0.03 0.03 0.04 0.01 0.00-0.05 0.01 0.03 -0.02 -0.01 0.04 -0.03 0.01 0.02 -0.01 o8
JobLevel -0.18 0.04 0.05 fRI40.00 ¥ 0.00 -0.02 0.0 0.04 0.05 o.nso.:ﬂ 034 0.100.00-0.00 0.08
Jobsatisfaction - 0.10 -0.00 -0.03 -0.00f¥33-0.01 0.02 0.00 0.01 -0.02-0.01 0.02 0.01 0,02 0.01 0.02 0,02 -0.06 0.03 06
Monthiyincome -0.16 0.02 003 X001 JR 0.01 ©.02 0.01 0.03 0.06 o.osﬁam 042 0.070.03 000 007
OverTime 025 0.03 0.04 0.00 0.02 0.01 f#3J 0.00 0.07 0.02 0.01-0.01-0.01 0.01 0.02 0.03 0.02 0.05 0.01
PerformanceRating --0.00 0.03 0.01 .02 0.00 -0.02 0.00 P34 -0.03 .01 0.01 -0.00 0,00 -0.00 0.00 0.02 0.02 -0.02-0.01
EnvironmentSatisfaction - 0.10 -0.02 -0.00 -0.00 0.01 0.01 0.07 -0.03[BRY 0.02 -0.02 0.01 0.01 -0.01 0.03 0.01 -0.00 0.04 -0.05
Maritalstatus_Divorced -0.09 -0.01-0.05 0.04 0.02 0.03 0.02 0.01 0.02 PRIV 710,01 0,01 0,00 0.03 0.04 -0.01-0.00
Maritalstatus_Married -0.09 0.03 0,01 0.05 -0.01 0,06 0.01 0.01 0.02 LXCRRIMNE 0,06 0.01 0.05 0.02 0.00 0.02 0.01
MaritalStatus_Single —0.18 -0.03 0.03 -0.09 0.02 -0.09 -0.01 -0.00 0.01 |\~ /MVEISRI 0.07 -0.02 -0.06 0.01 -0.04 0.03 -0.01 - 00
Age_18-30 ~0.18 0.02 o.oza.mﬂom 0,00 0.010.01 -0.06 0.07 PRISEELL /"1 0.21 0.01 0.06 020
Age_31-45 -0.13 0,00 -0.01 0,07 0,02 0.01-0.01 0.00-0.01 0,01 0,01 -0.02 RETRRIIENE! 0,14 0,01 0.02 010
Age_46+ - 0,05 0.02 0.04 0.34 -0.01 0.42 0.02 0.00 0.03 0.00 0.05 -0.06 -~ LI 0.07 0.01 0.05 0.11
Education_1 --0.02 0.02 0.03 0.10 0.02 -0.07 0.03 0.02 0,01 .03 0.02 0,01 0.21 -0.14-0.07]
Education_2 - 0,01 0.00 0.01 -0.00 0.02 0.03 0.02 0.02 0.00 0.04 0.00 -0.04 -0.01 0.01 -0.01 -0.18 PRIRIELE /-1
Education_3 --0.03 0.00 0.02 -0.00 -0.06 0.00 -0.05 -0.02 0.04 0.01-0.02 0.03 0.06 -0.02 -0.05

Education_4 - 0.04 0,01 -0.01 0.08 0.03 0.07 0.01 -0.01-0.05-0.00 0.01 -0.010.20 0.10 0.11 -0.24 .. -~ ICEIEEY

Attrition -
Gender -
JobLevel -
OverTime -
gle -
Age_a6+ -

Age_31-45 -

DistanceFromHome -
Jobsatisfaction -
Monthlylncome -
PerformanceRating -
Environmentsatisfaction -
MaritalStatus_Divorced -
MaritalStatus_Married -
MaritalStatus_Sin
Age_18-30 -
Education_1 -,
Education_2
Education_3
Education_4
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Figure 3: Correlation heatmap for both datasets.
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3.6 Dataset Differences

Gender Age Edu. n  AvgInc. ($) Avg Job Lvl OT (%) Avg Env. Sat.
F 1830 1 1,798 7,314 1.82 33.4 2.59
F 18-30 2 2,241 7,363 1.78 30.7 2.59
F 18-30 3 2,591 7,230 1.82 33.4 2.60
F 18-30 4 2,192 7,311 1.81 33.1 2.58
F 31-45 1 1,729 7,390 1.79 324 2.61
F 31-45 2 2,224 7,278 1.79 33.1 2.61
F 31-45 3 2,716 7,284 1.80 33.1 2.60
F 31-45 4 2,348 7,311 1.77 33.6 2.57
F 46+ 1 1,769 7,189 1.80 32.1 2.59
F 461 2 2,264 7,317 1.78 33.4 2.58
F 46+ 3 2,681 7,287 1.79 32.5 2.60
F 46+ 4 2,280 7,338 1.80 32.5 2.60
M 18-30 1 2,116 7,304 1.80 30.9 2.59
M 18-30 2 2,700 7,326 1.80 31.9 2.61
M 18-30 3 3,228 7,316 1.80 33.5 2.57
M 18-30 4 2,711 7,203 1.80 32.8 2.59
M 31-45 1 2,171 7,274 1.81 34.2 2.62
M 3145 2 2838 7,337 1.82 31.1 2.59
M 31-45 3 3,307 7,318 1.82 32.8 2.60
M 31-45 4 2,774 7,303 1.79 33.3 2.61
M 46+ 1 2,157 7,314 1.80 34.4 2.60
M 46+ 2 2,638 7,285 1.80 32.1 2.60
M 461 3 3,288 7,271 1.79 31.2 2.60
M 46+ 4 2,787 7,271 1.81 32.3 2.64

Note: Edu. denotes education level (1 = high school, 2 = associate degree, 3 = bachelor’s degree, 4 =
master’s/PhD). n is the number of observations. Avg Inc. is mean monthly income. Avg Job Ivl is mean job

level. OT is the percentage of overtime. Avg Env. Sat. is the average environment satisfaction.

Table 4: Intersectional group job characteristics for the training data.

3.6 Dataset Differences

The most notable difference between the two datasets is the class imbalance for the IBM
dataset. This imbalance implies that comparisons need to be made carefully and that
robust metrics for class imbalance need to be used, such as the F1 score. Furthermore,
the differences in performance metrics and fairness metrics arise at least partially due to
class imbalance. The datasets have different distributions for the variables monthly income
and distance from home. The training dataset has a mean of 7,297 and 50 for monthly
income and distance from home, respectively, while the IBM dataset has a mean of 6,503
and 9, respectively (see Table 24] in the Appendix for more details). A model trained on
the training dataset and evaluated on the IBM dataset will systematically see lower values
for distance from home compared to training. The same holds for monthly income. Given
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3.7 Concluding Remarks on the Data

these differences, results on the IBM dataset should be interpreted with care and solely as
a robustness check.

3.7 Concluding Remarks on the Data

To conclude, the two datasets differ in several important aspects. The IBM dataset exhibits
substantial class imbalance, while the training data has an approximately balanced target
distribution. Moreover, the datasets show different disparities in the attrition rate across
various sensitive variables, both in magnitude and direction. The differences with respect
to the overall attrition rate may appear small for the sensitive attributes. However, the
imbalances appear substantial when examining the intersectional level. Hence, a standard
ML model is expected to learn and reproduce the disparities in the data, further justifying
the need for fairness-aware ML discussed in the next chapter. Additionally, the disparities
in the data justify the use of the selected sensitive variables. Moreover, in the training
data, job related features show approximately equal distributions, reducing the risk of proxy
discrimination. Furthermore, the type of bias in the data is difficult to determine, but this
section shows disparities present in the data. Given that these findings are consistent with
stereotypical biases, such as the gender pay gap [4], they suggest the presence of historical
bias in the training data. However, the datasets are synthetically generated, and bias may
therefore be a consequence of the data generation rather than historical bias. Nonetheless,
the magnitude of the disparities motivates the use of fairness-aware ML regardless of their
origin. Lastly, the differences between the primary dataset and the IBM dataset make the
robustness check meaningful. A model that performs consistently across both datasets is
robust to variations in the data.
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Chapter 4
Methods

In this chapter, the methods and metrics to mitigate and measure fairness are discussed,
additionally the baseline models are described. First Section introduces notation.
Section [£.2] discusses the choice and explanation of the formulas for the fairness metrics.
After that, Section [4.3] discusses the fairness-aware ML models used, where the first three
are existing methods, and the last Fair Ensemble model is a novel contribution proposed
in this thesis. Thereafter, Section [£.4] provides the baseline prediction models, and lastly,
Section states the evaluation metrics used in this thesis.

4.1 Notation

Since there are numerous overlapping notations in this chapter, this section states the most
common symbols to prevent confusion. Additional notation is already defined in Section
2.2

e X: the dataset
e x;: instance 7 in X
e y;: the true label of instance 4

e N: the total number of observations

4.2 Fairness Metrics

In this section, the fairness metrics chosen for evaluating model fairness are provided. This
section will proceed by first determining which methods to use. Subsequently, the formulas
and interpretations for the fairness metrics are discussed.

As mentioned in Section Wachter et al. |54] propose a set of four questions that
act as a guideline to choose the right fairness metrics for evaluation. Aligning with the
framework, Figure [4] exhibits questions and their consequences.
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4.2 Fairness Metrics

Q1: Are the fairness metrics solely Yes ( Both metric B

to diagnose disparity, without making ) T

substantive decisions about individuals?

No

( N 2: Is the system deployed in a
Investigate possible bias No Q . U L

i . domain known to have unaccept-

before choosing a metric . . L. .

J able historical social inequality?

3: Is the system deployed i
Q s the system deployed in Both metric

types acceptable

a legal jurisdiction that solely

promotes formal equality?

No

4: Is the system deployed i ( )
Qd: Is . e_sys_ e@ eiplloed u No Both metric
a legal jurisdiction that pro-

types acceptable
motes substantive equality? I 1

Yes

Recommend:
bias transform-
ing metric

Figure 4: Decision framework for selecting fairness metrics, adapted from Wachter et al.
[54].

In light of this thesis, these questions are answered accordingly. Question 1 is answered
with 'No’ since this thesis aims to provide insights for EY. Hence, EY may use the findings
from this thesis. Therefore, the goal of this thesis is not to exclusively diagnose disparity.
Consequently, question 2 is answered with "Yes’, HR data is known to consist of historical
biases, such as the gender pay gap [4]. Accordingly, questions 3 and 4 are answered with
'No’ and "Yes’, respectively. As the authors note, the European Union (EU) promotes
substantive equality through instruments such as the EU non-discrimination law. More-
over, article 21 of the Charter of Fundamental Rights of the European Union explicitly
mentions that no discrimination based on gender or age is allowed. Article 23 states,
"Equality between women and men must be ensured in all areas, including employment,
work, and pay."|10]. Additionally, according to the AT Act, a system that is designed to
aid in decision-making on the termination of contracts or in monitoring and evaluating the
performance of employees is regarded as high risk [49]. High risk systems have to adhere to
extra requirements. This framework for selecting fairness metrics thus recommends the use
of bias transforming fairness metrics. DP is chosen because it is the most common fairness
metric used in the literature [24]. Moreover, DP and DF use the same quantities. However,
DP takes the difference between probabilities, making it easier to interpret. Hence, DP
is selected as a fairness metric. Additionally, SPSF is specifically designed for evaluating
fairness in intersectional subgroups. SPSF has a similar interpretation to DP but weighs
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4.2 Fairness Metrics

subgroups by size. By using this weighing term, it ensures that the fairness metric is not
dominated by values obtained for subgroups with a small number of observations, making
it more stable in such cases. This is particularly useful for evaluating the IBM dataset.
Moreover, unlike DP, which compares the probabilities of two subgroups, SPSF compares
the probability given group membership to the overall probability. Since SPSF provides a
complementary perspective, it is also selected to evaluate fairness.

4.2.1 Demographic Parity

DP is obtained when the probability of being assigned to class 1 is the same across all
groups. Let Y be the prediction of a classifier; in the case of a binary sensitive attribute
S, DP is defined as

P(Y =1|S=0)=P(Y =1|S=1).

Here, the measurement of DP is
P(Y =1/S=0)—P(Y =1|S=1). (4.1)

For intersectional subgroups, let G consist of k& subgroups, this expression then naturally
extends to

PY =1G=g)=PY =1G=g)=..=PY =1|G = g).

Here, g; € G Vi € {1,2,...,k}. This definition of DP requires that the probabilities of being
assigned to class 1 are the same for all k£ subgroups. The quantity to measure the extent
to which this fairness metric is violated is

max (|P(Y =1|G = g;) — P(Y = 1|G = gj)]). (4.2)

9i,95€G
This extended version of DP (intersectional DP) loses its direction. Formula has either a
positive or a negative sign indicating the direction of unfairness. However, if S is multiclass,
the maximum absolute difference in probabilities is taken. Hence, there is no direction of
unfairness. The formula can be modified such that no absolute values are used; however, the
direction then becomes difficult to interpret. To grasp this, let the maximum difference in
probability be between the subgroup of females aged 18 —30 and females aged 31 —45. The
sign of the metric would indicate which one of these two groups is more over-represented
among instances with label 1; however, the metric does not tell us anything about the
relation between females aged 18 — 30 and males aged 18 — 30. The metric would identify
the most under-represented group with label 1, but the relationship to all other groups
would be unclear. Therefore, a signed metric has limited added value in the context of
this thesis, which is why the maximum with absolute value is used as the metric. In
Equation a high value indicates worse fairness levels for a classifier. Moreover, this
metric measures the worst-case scenario, as every pair of subgroups other than the worst-
performing one is ignored.

4.2.2 Differential Fairness

Although DF is not used to evaluate fairness, it is used to enforce fairness in the method by
Foulds et al. |21] which is analyzed in this thesis. Therefore, DF is extensively discussed
and rewritten in this subsection.
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4.2 Fairness Metrics

Differential fairness measures intersectional fairness and gives every subgroup equal
weight, seeking fairness for all subgroups. Let © be the set of distributions that can
generate the data. Foulds et al. |21] define a classifier to be e-DF fair if

P(Y =y|G = g;,0)
-~ P(Y =y|G =y,,0)

—€

<e, 0€O, We, g,g; €G.

However, since P(Y = y|G = g;,6) is unknown in practice, the authors estimate DF by
using estimates of this probability. This probability is estimated using the outcomes of

a classifier on the data. That is, P(Y = y|G = g;,6) is estimated by “1. Here, Ny g,

is the number of observations in subgroup g; with predicted label y. Moreover Ny, is
the number of observations for subgroup g;. Subsequently, the definition is simplified to
Empirical Differential Fairness (EDF), defined as

L)
( )

= e_E S
y gj

Since the number of observations in intersectional subgroups can be small, empirical counts
can produce unreliable results. The authors address this issue by assuming a symmetric
Dirichlet prior for the probabilities per group. The posterior predictive then provides
smoothed probability estimates. Given this symmetric Dirichlet concentration parameter
«, the smoothed version becomes

— < Nygz Ny, + Yl
+|y’04 y.g; T

Q]

and is called hard counts DF. Here, P(Y = y|G = g;,0) = %

imbalanced datasets and imbalanced predictions, the hard counts DF can become unstable.
To address this issue, Foulds et al. propose using raw probabilities instead of hard counts.
Let G(z;) be the group instance x; belongs to. The soft counts DF is then written as:

€

Zz G( ml =g P(y|z;) + ;Y] -,
9 T Y] 2l Gla)=g; PYlz) + o ™

Moreover, for

Here, P(y|x;) denotes the probability of being assigned to class y given the instance x;.

. P +
Thus, for soft counts P(Y = y|G = ¢;,0) = ZI‘GWJZV);_’;W‘%M) °

unfairness, the maximum of the logarithm is taken, which results in a single € value as

follows: o
P(Y =y|G = g;,0
PV =9lG=910) )y gy ey, (4.3)
P(Y =y|G =y;,0)
The maximum value again deals with the most adverse outcome. Additionally, the value
of Formula has an intuitive interpretation if € = 0.69, there is a subgroup that has a
€069 ~ 2 times larger probability of receiving label 1 compared to another group.

. Moreover, to measure

max(log
9i:95
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4.2 Fairness Metrics

Furthermore, Foulds et al. [21] state that DF is robust to Simpson’s Paradox. That
means a classifier that is e-DF fair with respect to all subgroups is also e-DF fair with
respect to a subset of these subgroups.

4.2.3 Statistical Parity Subgroup Fairness

SPSF from Kearns et al. [31] measures the disparity between being assigned to class 1
overall and being assigned to class 1 given that the instance belongs to a certain subgroup.
Moreover, this disparity is then weighted by the probability of belonging to subgroup g;.
A classifier is then defined to be v-SPSF fair if the following holds.

PG =g)(|P(Y =1) - P(¥Y =1G=g))) <7 Vg €.

Here, v € [0,1]. To be compatible with the fairness method of Foulds et al. [21], SPSF is
also rewritten. For intersectional subgroup i:

|P(Y =1[0) — P(Y =1|G = g;,0)|P(G = gi|0)
=|P(Y = 1|0)P(G = gi|0) — P(Y = 1|G = g;,0)P(G = g;|0)|.

Additionally, for hard counts, the estimate for SPSF is

P(G=g)(P(Y =1)— P(Y =1|G = g)|) =
’ N1+a Ngi+a Nl,gi_“a Ngl—i_a

N+ YlaN+ Yo Ny +|VaN+ |y\a"

Here, N is the total number of observations, Ny 4, is the number of observations for the
sensitive group g; and predicted label 1, and Nj is the number of observations with pre-
dicted label 1. Moreover, Ny, is the number of observations with group membership g;,
and || is the number of classes of the target variable. To obtain the soft counts estimates,
the empirically obtained probabilities are plugged in

P(G=g)(|P(Y =1)-P(Y =1|G = g)) =

Ny, +a 35 Py =1]z) + Q_erG(wz):gi Ply=1z) +a N, +a
N+ Ve  N+[V|a Ny, + | Yl]ex N+ [Y]a

The measure of unfairness then becomes

max(P(G = gi)|P(Y = 1) = P(Y =1|G = g,)]).

Similar to intersectional DP and DF, SPSF takes the worst case scenario into account
and ignores all other subgroups. Moreover, the weighting term of SPSF leads to scarce
subgroups receiving a smaller weight and thus being regarded as less important. This may
underestimate fairness with respect to certain groups, as the lack of data for subgroups
often leads to bias [54] in the predictions. However, this weighting term is needed for
Kearns et al. [31] to provide generalization guarantees. Moreover, this metric is still
included since it complements the other fairness metrics. Intersectional DP and DF both
take the worst case into account, whereas SPSF weights by group size. Analyzing both
intersectional DP and SPSF gives a more complete picture of fairness.
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4.3 Fairness Methods

4.3 Fairness Methods

Having established how fairness is measured, this section discusses four fairness-aware
ML mechanisms. First, the pre-processing method Reweighing method is discussed; this
method is well known in the fairness-aware ML literature. Reweighing provides a straight-
forward benchmark for fairness-aware ML. Subsequently, the in-processing technique DF
method is discussed, which deals with intersectional subgroups directly. Additionally, the
in-processing method Reductions Based Approach is discussed, which provides an elegant
way of calculating fair predictions. Lastly, a novel in-processing technique is introduced:
the Fair Ensemble. This Fair Ensemble provides an intuitive method that works with a
broad range of fairness-aware ML methods.

4.3.1 Reweighing

Reweighing is a pre-processing approach introduced by Kamiran and Calders [28], in which
a weight is given to each observation in the dataset. A classifier allowing for weighted
observations is trained on the subsequent weighted dataset. Reweighing is particularly
useful if bias in predictions arises from structural inequalities represented in the data, as it
actively tries to achieve a balanced dataset. It starts by assuming that group membership
and the label should be statistically independent; in mathematical terms, that is:
N, N
Py (Y =9y,G=g)=PY =y)P(G=g;) = =LY

exp( y gl) ( y) ( gZ) N N
where N, is the number of observations with label y. However, in a biased dataset, this
equation often does not hold. The observed probability is defined as

Pan(¥ =y,G = g) = "2

Here N, 4, is the number of observations with true label y, and group membership g;.
Reweighing uses the expected probability and the observed probability to assign lower
weights to instances that are overrepresented relative to the expected probability. That
is, observations belonging to group-label combinations that have a higher probability than
the expected probability are assigned a lower weight, while combinations that have a lower
probability than the expected probability obtain a higher weight. By assigning weights,
the classifier puts less emphasis on over-represented group-label combinations and more
on under-represented group-label combinations. This leads to a more balanced dataset,
which should, in turn, result in fairer predictions.

The weighting term is calculated by the ratio of the expected probability to the observed
probability. The weighting term for instance 4 thus is

o Puy(Y=yG=g)
! Pobs(Y:yaG:gi)

After applying reweighing, the following holds for the resulting dataset:

Pe:vp(Y:va:gi> :Pobs(Y:va:gi> :P(Y:y)P(G:gZ)7 ng S g
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4.3 Fairness Methods

This means that G and Y are statistically independent. To show this, let the weight of
group (y, g;) be denoted by w(y, g;). The weighted sum of group (y, g;) is then written as

Z w(y; 9i) = Nygw(y, 9:)
J3Yj=y,Gj=g;

_ ‘Pearp(Y:yaG:gi)
v Pobs(Y =Y, G= gi)

N N
= Nyg,i
v [ Ny,g,
N

N [Ny N,
=Mooy AN W
Y,9i

= NPexp(Y =Y, G = gz) = NPobs(Y = y)Pobs(G = gz)

To determine the probability of belonging to group g; with label y, this weighted count
needs to be normalized. That is done as follows:

_ NPobs(Y :y)Pobs(G :gi)
Zg’ Zy’ NPops(Y = y') Pobs(G = g’)’

where 3, Pops(Y = y') = L and >_ , Pops(G = ¢') = 1. Hence, the equation reduces to

Pw(Y:va:gz)

NPobs(Y = y)Pobs(G = gz)
Zg' Zy' NPoys(Y = y') Pops (G = ¢')
Therefore, in the weighted dataset, G is statistically independent of Y. With this weighted

dataset, a classifier that can handle sample weights can be trained. Such classifiers include

LR and XGBoost.

= Pobs(Y = y)Pobs(G = gz) = Pemp(Y =Y, G = gz)

4.3.2 Differential Fairness Method

The paper by Foulds et al. [21] proposes a straightforward approach to mitigate unfairness
accounting for intersectional subgroups. A classifier is trained where the objective function
incorporates a penalty term. The Feed Forward Neural Network (FFNN) classifier is used
with ReLu activation functions. The outputs are logits, and the binary cross entropy
loss function with logits is used as the primary loss function. The additional penalty for
unfairness is weighted with the hyperparameter A, such that the binary cross entropy loss
function becomes

N
—% > lyslog(py) + (1 — y;)log(1 — pj)] + AF (ebase)- (4.4)
=

Here, y; is the true label of instance j, and p; is the corresponding probability of being
assigned to class 1. Moreover, F(€pqse) is the fairness penalty, where €pq5. determines
the extent to which unfairness is deemed acceptable. Therefore, to ensure a nonnegative
penalty term that does not result in a negative penalty, F'(€pase) := maz(0, DF — €pase),
with DF being the largest disparity of DF between two subgroups.
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4.3 Fairness Methods

Moreover, the authors propose a burn-in phase where the FFNN is trained for a pre-
determined number of epochs using the binary cross entropy loss function with logits. The
burn-in phase is used so that the fair model already has accurate predictions before the
fairness objective is introduced.

4.3.3 Reductions Based Approach

In contrast to the DF method, the reductions based approach proposed by Agarwal et al.
[1] frames fairness as a constrained optimization problem. The objective is to minimize
the error of a classifier f, subject to the fairness constraint. The authors note that DP can
be formulated as a set of equality constraints in the following way:

pg;(f) — pa(f) <0
pig; (f) — px(f) = 0.

Here, f(X) denotes the vector of predictions {f(acj)}jvzl Moreover, pg, (f) = E[f(X)|G =
gil, p«(f) = E[f(X)], and X is the dataset. Let K = G x {0,1}, which gives the set
two elements for each sensitive attribute, one per constraint. Furthermore, let J = G U
{pop}, which adds the element population to the set of intersectional subgroups. With this

notation, the matrix form of the constraints becomes:

Mu(f) < c.

(4.5)

In this factorized form, p(f) € R “and when multiplied with M captures both inequal-
ities from . Additionally, ¢ € R¥I*1 Moreover, M € REI*VI is a matrix containing
entries in {—1,0,1} such that, when multiplied with p, the inequality constraints are ob-
tained. The values of M are defined as My, 1y = 1(gi = ¢'), Mg, 00,9 = —1(9i = ¢'),

Mg, 1),pop = —1, and My, 0y pop = 1, with 1 being the indicator function.
Given these constraints, the problem of finding a fair classifier is defined by
in L t. M <c. 4.6
min Loss(f) s p(f) <c (4.6)

Here, F is the set of classifiers, and Loss(f) is the loss of classifier f. Moreover, the authors
propose the use of a randomized classifier. A randomized classifier is a probability distri-
bution @ over F. Intuitively, this randomized classifier can reach any convex combination
of points outputted by the single classifiers, whereas single classifiers are restricted to a
discrete set of loss-fairness combinations. Therefore, a randomized classifier can potentially
reach trade-off points that a single classifier could not attain. The optimization problem
[4.6] is then written as

gleig Loss(Q) sit. Mp(Q) <c.

Here, A is all possible probability distributions over F. However, this problem is not
tractable since the true distribution of the data is not known. Hence, the quantities in
the minimization problem are estimated based on the available data. Moreover, a small
nonnegative error term € is added to the allowed unfairness c, this results in €. The
empirical optimization problem is denoted as

gleiRL(;ss(Q) st. Mp(Q) <& (4.7)
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4.3 Fairness Methods

This constrained optimization problem can be written in Lagrangian form. The La-
grangian multiplier has a single multiplier for each of the elements in the set K. Addi-
tionally, an /; norm is imposed on the Lagrangian multiplier. Let £(Q,A) = Léss(Q) +
AT(Mf(Q) — €). Equation in Lagrangian form is then defined as:

min max L(Q,N).
QEA \er!H Al <B

With the corresponding dual

max min £(Q, A).
AeR[ A1 <B Q€A

Both have solutions where the objective value of the primal is equal to the objective value
of the dual since £(Q, A) is linear in both @ and A (shown in Appendix[A.2), with convex
and compact domains among other conditions. This optimization problem is viewed as a
saddle point problem and is solved by the corresponding Algorithm

Algorithm 1 Reductions based approach from Agarwal et al. [1].

Require: Training data {(mj,yj,gj)}év:l,

constraints Mji(Q), bound B, learning rate 7,
tolerance v

Initialize (b(l) =0 ¢ RIK

fort=1,2,...7T do

A-player: exponentiated gradient update

)
ePr

A= B. vk €K

¢(t)
1+ Zk"EK e’k

Q-player: best response via cost-sensitive classification

f® «— BesTCLASSIFIER(A(Y)

Update running averages

QU =1y s®, A =13y A

Check suboptimality of current average play

vy = max {L(Q(”, BesTLAMBDA(OM)) — £(O®, A",

(00,3 — £(BrstCLASSIFIER(AY), X(t))}
if v, <v then
return (Q(t), A
end if
Gradient step on ¢
P!t = o) 4 (Ma(f) — &)
end for

(1)
)

In this algorithm, Q(t) is the empirical approximation of (), which equally weights all
classifiers up to point ¢. Additionally, ¢ is updated using regular gradient updates, while

S\(t) is updated with exponentiated gradient updates. The algorithm runs for a pre-defined
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4.3 Fairness Methods

number of iterations 7" or until the difference between utility gains for the best Q®) and

the best )A\(t) is smaller than hyperparameter v.

The function BESTLAMBDA(Q(®)) is straightforward to obtain; either the constraints are
satisfied, and hence the maximum of the Lagrangian is obtained for A = 0. Or the entire
weight B is placed on Ag, where k is the most violated constraint.

N(
Moreover, BESTCLASSIFIER(A( )) is solved by choosing Q such that the Lagrangian,
L(Q, ), is minimized. Since £(Q, A) is linear in ), and A is a convex and compact set, the
ot
function is minimized at an extreme point of the set. That means BESTCLASSIFIER(A( ))
is obtained by choosing a single classifier f. Furthermore, the minimization problem can
be solved by regarding it as a cost sensitive classifier. For a single classifier f, and DP the

following expression is obtained:
L(Q, ) = Loss(f) + AT (MA(f) — &) = E[1{f(X) # Y}] -

57 BB OUG = g} + 3 Mg MEL (X))
kogn 9i k

Here, pg, is the probability of belonging to group g; € G. The classifier f that minimizes
this corresponds to solving the cost sensitive classifier written as

argmanf z)Ci + (1 — f(azj))C'jo (4.8)
feF o
Moreover,
C7 = 1{Y; # 0},
and
=1{Y; #1} —|— Ag
pG(:J:J glgg a

Here, Ay, = Ag;1 - Ag; 0, and pg, is the probability of belonging to group g; € G. Moreover,
the costs are intuitive. For both labels, it holds that predicting the label incurs a cost
for misclassifications. Furthermore, since label 1 is assumed to be the desired outcome, no
extra fairness cost is assigned for predicting label 0. While for predicting label 1, there is an
additional penalty proportional to the price Ag;» divided by the probability of belonging to
gi. Additionally, an overall term, > g:€G Agi» 1s subtracted to ensure balanced cost updates
for all groups. The problem [4.8| can therefore be solved by regular cost sensitive classifiers.

Furthermore, the authors set most hyperparameters of Algorithm [I] during solving to

fit the problem at hand. The upper bound of the /4 norm B is set to % The tolerance

vi= 0.5%, where o(-) denotes the standard deviation. The tolerance thus depends
on the amount of errors weighted by the number of observations. Lastly, the learning rate
7 is initialized as %9 at iteration 0 with a default value of 2. However, during training,
at every multiphcatlvely increasing interval, if the best gap v* has not improved by 20%
compared to the previous best gap v,,.,, 7 shrinks by 20%. This then means:

v* > 08uf

prev

= 7+ 0.87.

Wherever this condition is checked, it is delayed by a factor of check_t = 1.6. During
early iterations, this is checked more often; whereas, as the iterations progress, this check
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4.3 Fairness Methods

is executed less frequently. The algorithm assumes that the acquired learning rate becomes
more stable as the algorithm progresses through its iterations.

Combining these results leads to a solvable algorithm where, for a given level of unfairness
and a set of classifiers, this randomized classifier lies on the Pareto frontier.

4.3.4 Fair Ensemble

As Kearns et al. [31] noted, a classifier can seem fair with respect to a certain attribute;
however, taking a closer look at more granular subgroups might reveal unfairness. The Fair
Ensemble (FE) method proposed in this section aims to mitigate unfairness by training
three separate fair classifiers, one for each of the sensitive attributes. The final prediction
is made by obtaining an equally weighted sum of the probabilities. With the obtained
probabilities, predictions are made for the FE. The method will be evaluated empirically to
verify whether combining individual fairness-aware ML models can produce improvements
at the intersectional level.

The FE thus uses classifiers that are trained to be fair at the group level; for instance, one
for the attribute gender and one for the attribute education. By combining the probabilities
of these classifiers, the FE aims to obtain a classifier that is fair regarding the intersectional
subgroups. However, the FE never considers all intersectional subgroups, it only uses
group-level fair classifiers, which is computationally cheap. Considering m binary sensitive
attributes, the number of intersectional subgroups is then 2"; for multiclass sensitive
variables, the number of subgroups will be even larger. The reason for using FE is the
theory that taking averages over group level fair classifiers could result in a classifier that
is fair regarding the intersectional subgroups, which is a theory that is tested empirically.
In conclusion, the FE seeks to produce fair classification at the intersectional subgroup
level without considering all intersectional subgroups.

For the general setting with |S| number of attributes, let f1, f2, ..., fis| be the fair clas-
sifiers trained to be fair with respect to a different single protected variable. The FE
probabilities are then defined as

|S|

™= sz‘Pi(X)-
i=1

Here, w; is the weight assigned to classifier i, e.g., ﬁ for equal weights. Moreover, P;(X)
represents the probabilities that the ¢-th classifier assigns to the instances in the dataset
X for having the label 1. For binary classification with a classification threshold 0.5, the
final predictions are

Y =1{x > 0.5}.

Here 7 is the probability vector of the dataset X. This thesis uses equal weights because
no attribute is preferred over another. However, this choice can be adjusted. For example,
if the data shows significantly more disparity with respect to a specific sensitive attribute,
the weight corresponding to the classifier of this attribute can be increased. However, the
sum of weights needs to be one, and the weights need to be non-negative in order to obtain
a true probability.

Although the FE does not provide any fairness guarantees, it can serve as an intuitive
approach to increasing fairness in ML models. Moreover, it can be paired with any fairness-
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aware ML model as long as the probabilities of the instances can be accessed, and the
framework can be extended to the setting of multi-class prediction.

4.4 Prediction Methods

The methods discussed in the previous section all try to mitigate unfairness; however,
this section discusses the baseline models against which the fairness-aware ML models are
evaluated. The models chosen as baselines are logistic regression and XGBoost. These are
selected to be consistent with prior work on employee attrition prediction |19} 47, 48, 58|.
Moreover, both methods are capable of handling weighted datasets, which is useful for the
Reweighing and the Reductions Based Approach, allowing for clearer comparison.

4.4.1 Logistic Regression

Logistic regression is a model that can be used for binary classification, it models the prob-
ability of belonging to a certain class, applying a sigmoid function to a linear combination
of the features. Following the notation of Hosmer et al. |25]:

B 1

T4 e Bt Bym)

E[Y ;] = m(xi)

Here, Y € {0,1}, x; is a single observation of X, and the coefficients  are estimated using
maximum likelihood estimation. The sigmoid function maps all linear combinations of the
features to a [0, 1] interval. Moreover, E[Y|z;] can be used as a probability. An instance is
predicted to have the label 1 if this probability is above a certain threshold; in this thesis,
that threshold is 0.5. Moreover, the function g(x;) is defined to be the logit transformation:

(i)
1-— F(xz) )

p
= By + Zﬂjl’j.

Jj=1

g(z;) =1In(

Logistic regression thus assumes a linear relationship between the features and the logits
[25], which can limit the ability of logistic regression to capture nonlinear relationships.

4.4.2 XGBoost

XGBoost is an ensemble tree boosting method that builds trees sequentially. The model
uses a differentiable and convex loss function with an added regularization term that pe-
nalizes model complexity to prevent overfitting. The objective function is defined as:

Loss(f/, Y)+ Z Q(fr),

k

where, fi is the k-th tree and Q(fy) is a penalty term that increases as model complexity
increases. At each step, a tree fj is fitted by minimizing the second-order Taylor approx-
imation of the objective function. Additionally, to further control overfitting, XGBoost
uses shrinkage and column subsampling. For faster computations, finding splits for dif-
ferent features is parallelized within trees. Furthermore, XGBoost can handle sparse data
and missing values by using sparsity-aware split finding [11].
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4.5 Evaluation Metrics

4.5 FEvaluation Metrics

Before defining the evaluation metrics, recall that the label 1 was determined to correspond
to staying; therefore, class 0 represents the minority class, which consists of the employees
who left. However, most evaluation metrics, such as the F1 score, assume the minority
class is assigned the label 1. Standard formulas would therefore evaluate performance
solely on the majority class instead of the minority class. Hence, the following notation is
introduced:

e T'Py: employees who were correctly predicted to leave
e F'Py: employees who were incorrectly predicted to leave
e T'Ny: employees who were correctly predicted to stay
e F'Ny: employees who were incorrectly predicted to stay

This notation is necessary to define the evaluation metrics below.
The first metric discussed is accuracy, which is a straightforward metric that measures
the percentage of correctly classified instances and is denoted by

TPy + TNy

Accuracy = N

However, since the IBM dataset is highly imbalanced, accuracy may yield misleadingly
high values. A classifier that predicts the majority class can attain high values of accuracy
on an imbalanced dataset. Therefore, the F1 score is used as an evaluation metric. The F1
score combines recall and precision, ignoring the true negatives, to produce an evaluation
metric that is more robust to class imbalances.

Precision captures the fraction of predicted positives that are actually positive. Precision
lies in the interval [0, 1], where a higher value is desired. Precision is given by:

TP

Precision = m

Moreover, recall is the fraction of positives that are correctly captured. The value of recall
is in [0,1]. A value of 1 means no positive instances are missed, and a value of 0 means all
positive instances are missed.

TPy

Recall = — 0
A= Th + FN,

The F1 score balances recall and precision and is written as

Recall x Precision

F1=2 .
% (Recall + Precision)

The F1 score also lies in the interval [0, 1], with a higher value indicating a better performing
model.
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Chapter 5

Experimental Setup

In this chapter, the details on model training and experimental setup are discussed. Sec-
tion [5.1] discusses the overall model training, Section [5.2] additionally shows the obtained
hyperparameters for each model. Lastly, Section discusses the methods of testing the
results.

5.1 General Model Training

The common training pipeline is as follows: the model is trained using the training set
and evaluated on the test set. Certain methods require a development set, for instance,
to determine which classifier to use. This development set is constructed by taking a 30%
split from the training data using a stratified split on the intersectional subgroups. The
resulting development set consists of 17,865 observations. Additionally, all models are
also evaluated on the IBM dataset. The Differential Fairness Method (DFM) normalizes
the numerical features distance from home and monthly income, as normalizing numerical
features often improves neural network performance [39).

The sensitive attributes are included as features during both training and inference,
which is consistent with the requirements for the methods used in this thesis.

5.2 Method-Specific Model Training and Hyperparameter Tun-
ing

All models use Optuna for hyperparameter tuning. Optuna is an optimization framework
that implements effective searching and pruning techniques [2|. Most methods are tuned
using stratified 5-fold cross validation, where the data is stratified by the number of sub-
groups, and each model receives 50 trials to obtain the best set of hyperparameters. These
settings allow for a rigorous search in the hyperparameter space while remaining compu-
tationally accessible. Additionally, the fairness constraint tolerance e of the Reductions
Based Approach and the weighting term for the fairness penalty A for the DF method are
tuned on a withheld development set. Since both parameters regulate the utility-fairness
trade-off, they should be optimized using a multi-objective function. Instead, a grid-search
is performed to identify the values that yield the most favorable balance between predictive
performance and the level of unfairness.

The fairness metric used to evaluate the utility-fairness trade-off depends on the metric
that the model uses. For example, DFM uses DF during training. Hence, to select the
value of A, the performance is evaluated on DF (both soft and hard counts). All other
methods use intersectional DP as a fairness metric; therefore, intersectional DP is used to
select the best hyperparameter values. This framework is appropriate since each model is
then evaluated based on the metric it aims to minimize.

Reweighing
The Reweighing method uses a classifier that can handle sample weights to make predic-
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5.2 Method-Specific Model Training and Hyperparameter Tuning

tions. In this thesis, logistic regression and XGBoost are considered since they can handle
sample weights and are often employed in the literature on employee attrition prediction.
The classifier that achieves the best utility-fairness trade-off on the development set is
chosen. XGBoost yielded a higher F1 score and lower fairness metrics; hence, the classi-
fier used is XGBoost. Table [5] shows all hyperparameters that were considered and the
obtained values. All folds are evaluated based on the F1 score.

Hyperparameter Search Range Selected Value
Maximum tree depth (maz_depth) {3,4,...,10} 3
Learning rate (learning_rate) [1074,0.25] (log-uniform) 0.043
Number of estimators (n_estimators) {100, 300, 500, 700, 1000} 500
Minimum child weight (min_ child _weight) {1,2,...,10} 3
Minimum loss reduction (7) [1078,5.0] (log-uniform)  0.307
Subsample ratio (subsample) [0.5,1.0] 0.822
L1 regularization (reg alpha) [1078,5.0] (log-uniform)  3.628 x 107
[

L2 regularization (reg lambda) 1.0,10.0] (log-uniform) 1.456

Table 5: Hyperparameter search space and selected values for Reweighing with XGBoost.

As mentioned earlier, XGBoost actively tries to reduce overfitting, where most of these
hyperparameters heavily influence the models risk of overfitting.

Differential Fairness Method The differential fairness method makes use of a NN for
predictions. Foulds et al. |21] use a simple 3 layer NN. This thesis adopts this framework
of a 3-layer FFNN with ReLu activation functions and the Adam optimizer.

Moreover, DFM is trained using batched gradient descent. However, as Foulds et al.
[21] note, small batch sizes potentially lead to small subgroups, which, in turn, could
produce unreliable estimates of the fairness metric. Therefore, a large batch size of 5000
was chosen to obtain reliable estimates for the fairness metrics. Moreover, the burn-in
number of epochs is 50, and the fairness-aware training epochs are set to 500, which aligns
with the paper. Furthermore, the parameter €4 is set to 0. The AT Act does not provide
any level of unfairness that is allowed; therefore, this thesis assumes the goal of the fairness
penalty is to penalize any magnitude of unfairness. However, setting €pqsc to 0 does not
imply that the model will have outputs that perfectly satisfy the fairness metric. The
objective function of the DF method contains the parameter A\. This parameter controls
the fairness-predictive performance trade-off and cannot be tuned simultaneously with the
other hyperparameters because A would be set close to 0 to minimize the objective function.
Therefore, the development set is used, and A is tuned via grid search using the best set
of hyperparameters.

Table [6] shows the tuned hyperparameters and selected values. Each set of hyperparam-
eters is trained for 10 burn-in epochs and 50 fair-learning epochs. Moreover, each trial is
evaluated using Equation [£.4] where, during training A = 0.01, in line with the paper. The
model performance of A is evaluated on the development set, where the model is trained
for 50 burn-in epochs and 500 fairness-aware epochs. A = 0.5 is selected, as it achieved
the highest F1 score while improving DF fairness metrics compared to lower values of A.
Increasing A\ further quickly degrades the F1 score and the soft DF metrics. Notably, as
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A approaches 1, the fairness metrics computed using hard counts actually increase, likely
due to probabilities being close between subgroups but on opposite sides of the threshold.

Hyperparameter Search Range Selected Value
Learning rate [1074, 1071] 0.0001

Dropout rate [0.0,0.5] 8.2 x 107*
Hidden units {32,64, 128,256,512} 512

A {0.05} U{0.1,1.0} in steps of 0.1 0.5

Table 6: Hyperparameter search space and selected values for the DFM.

The search range for A consisted of 0.05 and values between 0.1 and 1.0 in steps of 0.1.

Here, the dropout rate is a regularization hyperparameter, the learning rate influences
training stability, and the hidden units determine the model complexity.

Reduction Based Approach This method makes use of a base classifier that can
handle a weighted classification problem. To align with the baseline models, the base
classifiers used are logistic regression and XGBoost. Jointly tuning € and the parameters
of the base classifier would result in a circular dependency since the best hyperparameters
of the base classifier depend on € and vice versa. Given the value of €, the hyperparameters
of the weighted classifiers are tuned using Optuna with the objective to maximize the F1
score. This aligns with how Agarwal et al. |1] treat the base classifier; they regard it
as a black-box algorithm that tries to maximize utility without having explicit knowledge
about the definition of fairness.

The value of € appeared to neither influence F1 nor intersectional DP substantially. This
suggests that if the fairness constraints are activated, the algorithm is likely to produce
classifiers that rapidly achieve low values of intersectional DP. Moreover, € is not only a
hyperparameter, it also indicates the allowed level of unfairness. The parameter, therefore,
is also interpretable; e.g., a value of 0.01 indicates that an intersectional DP value of 1%
is allowed. Consequently, € is set to the default value of 0.01 from the paper.

To determine which base classifier to use, F1 and intersectional DP are evaluated for
both logistic regression and XGBoost with € = 0.01. The classifier yielding the best trade-
off in terms of F'1 score, fairness, and standard deviation is then selected. XGBoost overall
obtained better predictive performance while performing similarly in terms of intersectional
DP; hence, XGBoost is selected as the base classifier.

Additionally, the number of iterations is kept at the default level of 50 since improving
it did not yield a notable difference in predictive performance and fairness metrics.

Table [7] shows the selected base classifier, where the name denotes which subgroups
were considered; for instance, Intersectional corresponds to the setting that considers all
intersectional subgroups.
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Model Classifier

Intersectional XGBoost
Gender XGBoost
Age XGBoost
Education XGBoost

Table 7: Selected classifiers for each Reductions Based Approach model.

Hyperparameter Search Range Selected Value
Maximum tree depth (max_depth) {3,4,...,10} 3
Learning rate (learning rate) [1074,0.25] (log-uniform) 0.022
Number of estimators (n__estimators) {100, 300, 500, 700, 1000} 700
Minimum child weight (min_ child_weight) {1,2,...,10} 4
Minimum loss reduction (v) [1078,5.0] (log-uniform)  1.440 x 1074
Subsample ratio (subsample) [0.5,1.0] 0.740
L1 regularization (reg alpha) [1078,5.0] (log-uniform)  8.488 x 1076
[

L2 regularization (reg lambda) 1.0, 10.0] (log-uniform) 1.813

Table 8: Hyperparameter search space and selected values for XGBoost in the Reductions

Based Approach considering intersectional subgroups.

Ensemble The ensemble method makes use of existing fair classifiers. In this thesis,
the fair classifiers that will be used are those obtained by using the Reduction Based
Approach, since it has shown promising results for single multi-class sensitive attributes
[1]. The hyperparameters for the base classifiers of the individual fairness-aware ML models
are obtained in the same way as for the Reduction Based Approach; the hyperparameter
values are denoted in the three tables below. Additionally, the selected classifiers are shown
in Table [71

Noteworthy is the fact that the education-based model and the gender-based model
yield the exact same hyperparameters. A probable cause is that the seed provides the
same search space, independent of the model, and it reveals that these hyperparameters
provide the best performance for both models.
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Hyperparameter Search Range Selected Value
Maximum tree depth (maz_depth) {3,4,...,10} 3

Learning rate (learning_rate) [1074,0.25] (log-uniform) 0.036

Number of estimators (n_estimators) {100, 300, 500, 700, 1000} 300

Minimum child weight (min_child _weight) {1,2,...,10} 4

Minimum loss reduction (vy) [1078,5.0] (log-uniform)  3.568

Subsample ratio (subsample) [0.5,1.0] 0.899

L1 regularization (reg alpha) [1078,5.0] (log-uniform)  5.012 x 1077

L2 regularization (reg lambda) [1.0,10.0] (log-uniform) 1.007

Table 9: Hyperparameter search space and selected values for XGBoost in the gender-based

model.

Hyperparameter Search Range Selected Value
Maximum tree depth (max_depth) {3,4,...,10} 3

Learning rate (learning rate) [1074,0.25] (log-uniform) 0.042

Number of estimators (n__estimators) {100, 300, 500, 700, 1000} 300

Minimum child weight (min_ child_weight) {1,2,...,10} 2

Minimum loss reduction (7) [1078,5.0] (log-uniform)  0.149

Subsample ratio (subsample) [0.5,1.0] 0.904

L1 regularization (reg alpha) [1078,5.0] (log-uniform)  1.240 x 1076

L2 regularization (reg lambda) [1.0,10.0] (log-uniform) 1.764

Table 10: Hyperparameter search space and selected values for XGBoost in the age-based

model.
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Hyperparameter Search Range Selected Value
Maximum tree depth (maz_depth) {3,4,...,10} 3
Learning rate (learning_rate) [1074,0.25] (log-uniform) 0.036
Number of estimators (n_estimators) {100, 300, 500, 700, 1000} 300
Minimum child weight (min_child _weight) {1,2,...,10} 4
Minimum loss reduction (vy) [1078,5.0] (log-uniform)  3.568
Subsample ratio (subsample) [0.5,1.0] 0.899
L1 regularization (reg alpha) [1078,5.0] (log-uniform)  5.012 x 1077
[

L2 regularization (reg lambda) 1.0,10.0] (log-uniform) 1.007

Table 11: Hyperparameter search space and selected values for XGBoost in the education-

based model.

Logistic Regression For Logistic Regression, certain parameters are important for con-
vergence, such as the solver, tolerance, and maximum iterations. Others are important for
regularization and, hence, generalizability, such as penalty and regularization strength.
Each trial is evaluated using the F1 score. Moreover, the selected values for the hyperpa-
rameters can be found in Table 12

Hyperparameter Search Range Selected Value
Solver {1bfgs,liblinear,saga} saga

Penalty {11,12,elasticnet,None} None

[1 ratio None or {0,1} None

Tolerance (tol) [1076,1073) 7.69 x 107*
Regularization strength (C) [1072,1] 4.72 x 1072

Fit intercept {True,False} True

Maximum iterations {100, 300, 500, 700, 1000} 700

Table 12: Hyperparameter search space and selected values with baseline Logistic Regression.

Note: Invalid solver—penalty combinations are remapped to valid combinations during optimization, and {1

ratio is only for elasticnet penalty.

XGBoost The search space of the XGBoost classifier is the exact same as the search
space for the XGBoost classifier in the Reweighing method. The hyperparameter values

obtained for the unconstrained XGBoost classifier maximizing the F1 score are shown in
Table 13
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Hyperparameter Search Range Selected Value
Maximum tree depth (maz_depth) {3,4,...,10} 3
Learning rate (learning_rate) [1074,0.25] (log-uniform) 0.128
Number of estimators (n_estimators) {100, 300, 500, 700, 1000} 100
Minimum child weight (min_child _weight) {1,2,...,10} 2
Minimum loss reduction (vy) [1078,5.0] (log-uniform)  0.405
Subsample ratio (subsample) [0.5,1.0] 0.795
L1 regularization (reg alpha) [1078,5.0] (log-uniform)  0.004
[

L2 regularization (reg lambda) 1.0,10.0] (log-uniform)  4.888

Table 13: Hyperparameter search space and selected values for XGBoost.

5.3 Significance Testing

5.3.1 Significance Testing for Fairness Metrics

Point estimates for fairness metrics can be misleading. Hence, this thesis provides confi-
dence intervals and empirical p-values for all the fairness metrics.

The confidence intervals are constructed using stratified bootstrapping samples with re-
placement. The samples are stratified based on intersectional group size to preserve reliable
estimates for all subgroups. For each of these samples, all fairness metrics are computed,
which is done for 500 iterations to obtain reliable estimates. Subsequently, the confidence
intervals are equal to [Q2.5,Qg7.5], where Q25 and Qg7.5 are the 2.5 and 97.5 percentiles,
respectively. Moreover, using the bootstrap metrics, the most unfairly treated groups are
tracked. This thesis considers the following null hypothesis:

Hy: the observed value of the fairness metric is consistent with what would be observed if
the classifier’s predictions would be randomly assigned to group membership.

That means this thesis tests how likely it is that this level of disparity is observed if the
classifier’s predictions were randomly paired with group membership, assuming there is no
relationship between the sensitive variables and the predicted label. To test this hypothesis,
the relationship between predicted labels and instances is removed by permuting the pre-
dicted labels and the probabilities that a classifier outputs simultaneously. This preserves
the label-probability relationship while breaking the connection with group membership.
Using these permutations, all fairness metrics are computed. In line with the permutation
tests defined by Ojala & Garriga [42], the one-sided empirical p-value is then obtained by:

SR A > fn) 11
#Iterations + 1

Y

and the two-sided test is

S A 2 ) + 1
#Iterations + 1 '

The one-sided test is used for fairness metrics where larger disparities indicate more un-
fairness, for instance, all intersectional fairness metrics. This is done because values as
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large as the obtained value provide evidence against the null hypothesis. A two sided test
is used for the fairness metric that includes signed values, which is only the DP difference
for gender. For this fairness metric, values closer to zero are considered more fair, regard-
less of the direction. Both tests are bounded from below by the value 50%. Moreover,
in these equations, fm!“™ is the i-th permutation value of a certain fairness metric fm.
Here, fm is either intersectional DP or SPSF. Additionally, fm° is the observed value for
the fairness metric fm. The proportions result in an empirical permutation p-value that
estimates the probability of observing a disparity this large under random permutations
of group assignments. This proportion thus counts how often the fairness metric under
permutations is as extreme as the observed fairness metric, indicating at least as extreme
unfairness under the null. While the empirical p-value is not derived from an analytical dis-
tribution, it retains a direct probabilistic interpretation. That is, if the empirical p-values
are below the chosen significance threshold, v = 0.05, the null hypothesis is rejected, and
it is assumed that this level of disparity is highly unlikely to be caused by chance.

For the interpretation of the confidence intervals and empirical p-values, it is important
to note the sample size of each subgroup. For both the test set and the IBM dataset,
the number of observations per subgroup is denoted in Tables and respectively.
For specific subgroups, such as females aged 46+ with education level 1, the number of
observations is small. Therefore, especially the empirical p-values and confidence intervals
for the IBM data should be interpreted with care, as a low number of observations can
lead to unreliable results.

5.3.2 Significance Testing Between Methods

Since point estimates with standard deviations can overlap between methods, this thesis
tests whether the difference in a given metric between models is significant. The metrics
considered are intersectional DP, SPSF, and F1 score. The framework of the proportions
used in Section has no natural equivalent permutation scheme to obtain the null
for comparing two trained models, unlike the null of the previous section, which can be
simulated by permutations. Since two models are different trained classifiers, simulating
the null hypothesis that there is no difference for a given metric cannot be done by per-
mutations. Hence, testing in this section is performed using confidence intervals. To test
the difference in, for example, F1 score between models, 500 bootstrap samples are used.
These bootstrap samples are again stratified on subgroup size. Consequently, for each
method, F1, intersectional DP, and SPSF are calculated for all bootstrap samples. This is
done without retraining the model, which ignores model variance but is computationally
inexpensive. Subsequently, for every pair of models and every bootstrap sample, the dif-
ference in the metric value between two methods is computed. Consequently, with these
differences, a 95% confidence interval is obtained. The null hypothesis states that the
expected difference in the metric between two methods is zero. For the F1 score between
model A and model B, that is:

Hy:E[F14— Flg]=0.

For intersectional DP and SPSF, the null is constructed similarly. A confidence interval
that does not contain zero is equivalent to rejecting the two-sided null hypothesis at a 5%
significance level, according to Theorem 9.2.2 from Casella & Berger |7, p.421].
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Chapter 6
Results

This chapter will provide all results needed to answer the research question and sub-
questions. Moreover, this chapter will use abbreviations in text, tables and figures. A list
of abbreviations is provided below.

o LR = Logistic Regression

¢ XGB = XGBoost

e RW = Reweighing

e DFM = DF Method

e EG = Reductions Based Approach
e FE = Fair Ensemble

All results are provided for both the primary dataset and the IBM dataset. However,
IBM results serve exclusively as a robustness check, and differences with the primary
dataset can occur due to class imbalance and distributional differences in the IBM dataset.
Moreover, as Section identified, the differences in data distribution for attributes such
as monthly income and distance from home, as well as the small number of observations
in certain subgroups, could result in fairness metrics of different magnitudes for the IBM
dataset.

6.1 Baseline Models

Table shows the predictive performance metrics of both baseline models across both
primary and IBM datasets, accompanied by the standard deviation. The standard devi-
ations are obtained from 500 bootstrap samples. Both methods exhibit a small standard
deviation for the primary dataset, suggesting low sampling variability for the metrics for
this dataset. Additionally, XGB consistently outperforms LR on every metric for the pri-
mary dataset, where XGB attains a value of 0.695 for the F'1 score, indicating a reasonable
trade-off between precision and recall. Recall is particularly important as it measures the
fraction of leavers that are captured correctly. The performance drops substantially on the
IBM dataset, except the accuracy of LR. However, as noted in Chapter [3| the IBM dataset
is imbalanced, and hence the accuracy can appear misleading. Moreover, LR outperforms
XGB for all metrics except recall. On the IBM dataset, both models obtain low precision
and therefore a low F1 score; this is due to the class imbalance of the IBM dataset. Recall
that the evaluation metrics are computed with respect to class 0, the leavers, as defined in
Section [£.5] The evaluation metric recall for the majority class, the stayers, likely remains
high, while recall for the minority class, the leavers, likely drops substantially. The preci-
sion metric may be affected more, as a small false positive rate leads to a large absolute
number of false positives, which heavily influences precision in the minority class, while
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6.1 Baseline Models

precision for the majority class is probably less affected, as the false positives are small
compared to the size of the majority class. Therefore, accuracies remain broadly similar
across datasets, but precision for the minority class likely drops considerably. Also, the
standard deviation is higher for the IBM dataset, implying more uncertainty in the pre-
dictions. Overall, XGBoost performs better on the primary dataset, and LR seems to be
marginally more robust to data coming from a different distribution.

Model Accuracy Precision Recall F1-score

Primary Dataset

LR 0.708 £0.004 0.698£0.004 0.671+0.006 0.684 + 0.004
XGB  0.716 £0.004 0.704 +£0.004 0.686 +0.005 0.695 + 0.004

IBM Dataset

LR 0.711£0.012 0.295+0.015 0.571+£0.031 0.389 £ 0.019
XGB  0.683£0.012 0.276 £0.014 0.592+0.031 0.376 £ 0.018

Table 14: Baseline predictive performance on the primary and IBM datasets.

In Table DP is shown with respect to the individual sensitive attributes, where the
bold values indicate a value that is unlikely under the permutation null at the 5% sig-
nificance level. Furthermore, the values in the squared brackets denote the confidence
intervals. All values are shown to be significantly higher from those obtained from the
permutation samples, meaning that the observed values of the fairness metrics are un-
likely to arise if the predictions of attrition are assigned randomly independent of group
membership (see Section for the testing procedure). Moreover, a DP value of 0.179
for LR regarding DP Gender indicates that there is a 17.9 percentage point difference in
the probability that a male is assigned to class 1 compared to a female. Additionally, for
gender, DP is lower for the IBM dataset, while the sensitive variable age obtains a higher
DP. This aligns with the findings in the EDA, which showed the IBM dataset having a
smaller deviation in attrition rates for gender but a larger disparity between attrition rates
for the attribute age. In addition, XGB and LR differ in the magnitude of violation; for
example, LR attains a higher DP for gender on the primary dataset. This reflects that the
models potentially learned a different decision boundary. Furthermore, XGB consistently
exhibits a higher DP on the IBM dataset.
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6.1 Baseline Models

Model DP Gender DP Age DP Education

Primary Dataset

LR 0.179[0.163,0.193] 0.082[0.063,0.101] 0.055[0.036,0.081]
XGB  0.170[0.154,0.185] 0.083[0.070,0.104] 0.080 [0.067,0.106]

IBM Dataset

LR 0.091[0.044,0.137] 0.382[0.326,0.438] 0.170[0.093,0.245]
XGB  0.127][0.082,0.175] 0.429[0.368,0.486] 0.205 [0.125,0.283]

Table 15: Baseline fairness metrics for a single sensitive attribute on the primary and IBM
datasets. Bold values indicate an observed disparity that is unlikely under the permutation
null (o = 0.05), and the brackets denote the 95% confidence interval.

As the fairness metrics regarding a single sensitive attribute do not show the full picture,
Table [L6] exhibits the intersectional fairness metrics, where Int. DP is intersectional DP
and SPSF is obtained using hard counts. SPSF measures the difference in probabilities
between being assigned to class 1 given group membership and the overall probability of
being assigned to class 1, weighted by the probability of belonging to a group. The value
of SPSF has a similar interpretation to intersectional DP but is weighted by subgroup size.
A low value of SPSF is desired. All metrics again show significant disparities. Moreover,
the intersectional DP shows considerably higher values than the fairness metrics for a
single sensitive attribute, indicating that there is a larger disparity between subgroups
when the intersectional subgroups of all three sensitive variables are considered. However,
this is also a combinatorial result, as it is expected that larger disparities will be observed
when more subgroups with smaller sample sizes are considered. Subgroups with smaller
sample sizes are more prone to sampling variability, potentially leading to larger disparities.
Furthermore, LR outperforms XGB for both datasets.

Model Int. DP SPSF

Primary Dataset

LR 0.339(0.301,0.392] 0.007 [0.006,0.009]
XGB  0.3400.306,0.392] 0.009 [0.007,0.010]

IBM Dataset

LR 0.604[0.566,0.790] 0.020[0.015,0.025]
XGB  0.730[0.650,0.852] 0.024[0.019,0.029]

Table 16: Baseline intersectional fairness metrics on the primary and IBM datasets. Bold
values indicate an observed disparity that is unlikely under the permutation null (o = 0.05),
and the brackets denote the 95% confidence interval.
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6.2 Fairness-Aware Models

6.2 Fairness-Aware Models

The performance of the fairness-aware ML models with respect to single attribute DP
is shown in Table All methods considering intersectional subgroups (RW, DFM, and
EG) show improvements with respect to all fairness metrics relative to the baselines for the
primary dataset. For the primary dataset, DFM no longer exhibits significant disparities,
indicating that the null hypothesis, which states that this value for the fairness metric is
consistent with what would be observed under the permutation null, fails to be rejected.
Moreover, for EG, DP Age and DP Education show no significant disparities. However, for
DP Gender, the disparity remains significant. Additionally, EG Age and EG Education do
not show significant disparities with respect to DP Age and DP Education, respectively.
However, single attribute EG variants do not consistently decrease the fairness of the non-
targeted sensitive attributes, occasionally increasing the fairness metrics compared to the
baseline. This signals the need for fairness metrics considering intersectional subgroups.
Notably, FE improves DP Gender and DP Age but increases the value for DP Education
compared to the LR baseline.

For the IBM dataset, generally, all models that take the intersectional subgroups into
account improve fairness for all three metrics, except RW for DP Education. Moreover,
here RW, DFM, EG, and EG Gender no longer yield a significant difference for DP Gender.
Additionally, DFM no longer shows a significant difference in DP Education. Remarkably,
FE does not improve the fairness metrics with respect to the LR baseline, while it does
improve the fairness metrics relative to XGB.

For both datasets, certain methods contain 0 in their confidence interval, e.g., DFM for
DP Gender. This is because gender is a binary sensitive attribute, and hence, DP can be
directional. A negative sign indicates that the selection rate of males is smaller than that
of females. A confidence interval containing zero indicates that there is no evidence for
the disparities being different from zero. Note that a confidence interval which contains
zero and significance tests under the permutation null answer different questions. The
confidence intervals show the sampling variability, while the permutations test assesses
whether the observed disparity is likely under the permutation null, which does not imply
that there is no unfairness in the classifier’s predictions.
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6.2 Fairness-Aware Models

Method

DP Gender

DP Age

DP Education

Primary Dataset

LR (Baseline)
XGB (Baseline)
RW

DFM

EG

EG Gender

EG Age

EG Education
FE

0.1791[0.163,0.193]
0.170[0.154,0.185]
0.050 [0.034, 0.066]
0.003 [-0.013, 0.018]
0.018 [0.002, 0.033]
0.024 [0.008, 0.040]
0.165 [0.149, 0.181]
0.179 [0.162, 0.195]
0.134 [0.118, 0.149]

0.082[0.063,0.101]
0.083[0.070, 0.104]
0.025 [0.010, 0.045]
0.004 [0.003, 0.027]
0.007 [0.002, 0.029]
0.079 [0.064, 0.099]
0.015 [0.005, 0.035]
0.073 [0.060, 0.094]
0.051 [0.036, 0.073]

0.055 [0.036,0.081]
0.080 [0.067,0.106]
0.041 [0.019, 0.064]
0.019 [0.008, 0.045]
0.015 [0.007, 0.040]
0.079 [0.057, 0.103]
0.083 [0.064, 0.105]
0.018 [0.007, 0.044]
0.063 [0.043, 0.086]

IBM Dataset

LR (Baseline)
XGB (Baseline)
RW

DFM

EG

EG Gender

EG Age

EG Education
FE

0.091 [0.044,0.137]
0.127[0.082,0.175]
0.041 [-0.005, 0.087]
-0.026 [-0.079, 0.021]
0.012 |-0.033, 0.062]
0.003 [-0.041, 0.048]
0.137 [0.087, 0.184]
0.145 [0.097, 0.196]
0.101 [0.054, 0.143]

0.382[0.326, 0.438]
0.429 [0.368, 0.486]
0.352 [0.297, 0.411]
0.193 [0.126, 0.260]
0.311 [0.256, 0.375]
0.412 [0.351, 0.478]
0.347 [0.291, 0.402]
0.390 [0.333, 0.453]
0.388 [0.330, 0.448)]

0.170[0.093, 0.245]
0.205 [0.125, 0.283]
0.174 [0.094, 0.255]
0.107 [0.062, 0.194]
0.136 [0.063, 0.222]
0.221 [0.143, 0.300]
0.176 [0.110, 0.253]
0.137 [0.061, 0.224]
0.170 [0.097, 0.246]

Table 17: Fairness metrics for a single sensitive attribute method on the primary and IBM

datasets. Bold values indicate an observed disparity that is unlikely under the permutation

null (e = 0.05), and the brackets denote the 95% confidence interval.

Table shows that all fairness-aware ML models improve the fairness metrics, except
for EG Education on SPSF, relative to the baselines for the primary dataset. DFM obtains
the lowest fairness metrics and the fairness metrics do not significantly exceed the values
obtained by the permutations on the primary dataset for both fairness metrics. It should
be noted that no significance does not indicate fairness, but rather shows a lack of evidence
that the disparity exceeds what would be obtained under the permutation null. Addition-
ally, for the primary dataset, FE improves the fairness metrics compared to the baselines.
However, the magnitude is smaller compared to fairness-aware ML models that consider
intersectional subgroups. Furthermore, EG Gender reduces intersectional DP more than
FE, signaling the weak performance of FE.

For the IBM dataset, DFM and EG show no significant disparity for intersectional DP.
Hence, these methods improve fairness concerning all sensitive attributes compared to the
baselines. Moreover, for the IBM dataset, all methods that take the subgroups into account
improve both fairness metrics relative to the baselines, while the fairness-aware ML models
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6.2 Fairness-Aware Models

that focus on a single sensitive attribute often increase unfairness with respect to LR. Only
the single sensitive attribute method EG Gender improves the fairness metrics compared
to the baselines.

Additionally, all confidence intervals seem to be asymmetric around the point estimate.
This is likely because the fairness metrics are bounded quantities and take the max-min
difference. Hence, the bootstrap samples are expected to be right-skewed.

Method

Int. DP

SPSF

Primary Dataset

LR (Baseline)
XGB (Baseline)
RW

DFM

EG

EG Gender

EG Age

EG Education
FE

0.339[0.301, 0.392]
0.340 [0.306, 0.392]
0.152 [0.128, 0.210]
0.086 [0.081, 0.157]
0.111 [0.087, 0.169]
0.188 [0.173, 0.254]
0.275 [0.266, 0.339)]
0.290 [0.272, 0.348)]
0.244 [0.226, 0.308]

0.007 [0.006, 0.009)]
0.009 [0.007,0.010]
0.003 [0.003, 0.005]
0.002 [0.002, 0.004]
0.003 [0.002, 0.004]
0.005 [0.004, 0.006]
0.006 [0.006, 0.008]
0.007 [0.006, 0.009)]
0.006 [0.005, 0.008]

IBM Dataset

LR (Baseline)
XGB (Baseline)
RW

DFM

EG

EG Gender

EG Age

EG Education
FE

0.604 [0.566, 0.790]
0.730[0.650, 0.852]
0.528 [0.496, 0.721]
0.491 [0.411, 0.741]
0.465 [0.442, 0.680]
0.598 [0.552, 0.758]
0.669 [0.601, 0.814]
0.677 [0.616, 0.827]
0.669 [0.603, 0.815]

0.020 [0.015,0.025]
0.024[0.019, 0.029)]
0.016 [0.011, 0.021]
0.015 [0.011, 0.020]
0.014 [0.010, 0.020]
0.019 [0.015, 0.024]
0.023 [0.017, 0.027]
0.022 [0.017, 0.027]
0.022 [0.017, 0.027]

Table 18: Intersectional fairness metrics by method on the primary and IBM datasets. Bold
values indicate an observed disparity that is unlikely under the permutation null (o = 0.05),
and the brackets denote the 95% confidence interval.

Table [19| shows the most disadvantaged group per model according to DP. The groups
are encoded as Gender | Age | Education, where F | 18 — 30 | Edul indicates a female aged
18 — 30 with education level 1. This corresponds to the group yielding the lowest selection
rate, that is, the probability of being assigned to the class of stayers given membership in
a specific group. In the primary dataset, the baseline models showed the same group with
respect to gender and age; however, they disagree on education. This shows that the most
disadvantaged group is not necessarily a data property but differs per model. Nevertheless,
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6.3 Predictive Performance of Fairness-Aware Models

both models agree that females in the age range of 18 — 30 are the most disadvantaged
group. Several fairness-aware ML models show slightly different groups, this is because
these models actively try to mitigate the differences in selection rates between groups. This
might change the most disadvantaged group.

For the IBM dataset, the most disadvantaged group is the same for all methods, which
indicates that this group is the worst off in the IBM dataset. Moreover, no fairness-
aware ML model considered here changes that. Nonetheless, on the group level, both
datasets mostly one young females aged between (18 — 30), as the most disadvantaged
group, indicating that fairness interventions reduce the magnitude of unfairness but do not
remove the disadvantage with respect to females.

Method Most Disadvantaged Group

Primary Dataset

LR (Baseline) F | 18 — 30 | Edul
XGB (Baseline) F|18—-30| Edu3
RW F | 18 — 30 | Edul
DFM F | 46+ | Edud

EG F |18 — 30 | Edu3
EG Gender F |18 —-30 | Edul
EG Age F| 31 — 45 | Edul
EG Education F |18 —-30 | Edu3
FE F | 18 — 30 | Edul

IBM Dataset

LR (Baseline) F|18—-30| Edu3
XGB (Baseline) F|18—-30| Edu3
RW F |18 — 30 | Edu3
DFM F | 18 — 30 | Edu3
EG F |18 — 30 | Edu3
EG Gender F | 18 — 30 | Edu3
EG Age F |18 — 30 | Edu3
EG Education F |18 —-30 | Edu3
FE F |18 — 30 | Edu3

Table 19: Most disadvantaged group as per DP for both datasets.

6.3 Predictive Performance of Fairness-Aware Models

The fairness-aware ML models have been shown to decrease the level of unfairness, as noted
in the previous section. However, the predictive performance is of utmost importance.
Hence, Table [20] shows the predictive performance of the models. For the primary dataset,
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6.3 Predictive Performance of Fairness-Aware Models

overall, the models exhibit little loss of predictive performance compared to the XGB
baseline, and generally, the methods obtain better performance than the LR baseline.
Notably, DFM obtains higher recall and lower precision than both baselines, where recall
can be viewed as important since it identifies the number of leavers captured correctly.

For the IBM dataset, accuracy drops by at most 0.082. However, accuracy is not a reliable
evaluation metric in the case of an imbalanced dataset, so more emphasis is placed on the
other evaluation metrics. Importantly, precision generally drops compared to LR, but
overall increases compared to XGB, despite most methods using XGBoost as a classifier.
Nevertheless, these improvements are less than one standard deviation away from the
baseline and are not consistent across methods. Therefore, these gains should not be
interpreted as systematic gains. Additionally, DFM shows an increase in recall. Lastly, for
F1, as it combines precision and recall, one can see the same patterns. Overall, the fairness-
aware ML models do not exhibit significant drops in performance metrics, occasionally
increasing. However, these changes mostly fall within a one standard deviation difference
compared to the baselines, indicating no considerable change in predictive performance,
except for DFM.

Method Accuracy Precision Recall F1-score
Primary Dataset
LR (Baseline) 0.708 £0.004 0.698 £0.004 0.671 +£0.006 0.684 £ 0.004
XGB (Baseline) 0.716 +£0.004 0.704 £0.004 0.686 +0.005 0.695 £+ 0.004
RW 0.713 £0.003 0.701 £0.004 0.681 +0.005 0.691 + 0.004
DFM 0.701 £0.004 0.674£0.004 0.708 £0.005 0.691 £ 0.004
EG 0.713£0.003 0.703 £0.004 0.677 £0.005 0.690 £ 0.004
EG Gender 0.714 £0.003 0.704 £0.004 0.681 +0.005 0.692 +£ 0.004
EG Age 0.713 £0.004 0.702+0.004 0.680 4+ 0.005 0.691 + 0.004
EG Education  0.7154+0.003 0.703 £0.004 0.687 £0.005 0.695 =+ 0.004
FE 0.716 £0.003 0.705 £ 0.004 0.684 +£0.005 0.694 £ 0.004
IBM Dataset

LR (Baseline) 0.711£0.012 0.295+0.015 0.571+£0.031 0.389 + 0.019
XGB (Baseline) 0.683 +£0.012 0.276 £0.014 0.592+0.031 0.376 +0.018
RW 0.702 £0.012 0.287+0.015 0.5704+0.030 0.382+0.019
DFM 0.629 +£0.013 0.245+0.011 0.624 +0.029 0.352+ 0.015
EG 0.720 £0.011 0.301 £0.016 0.558 £0.030 0.391 £ 0.020
EG Gender 0.704 £0.012 0.291 £0.015 0.579 £0.031 0.387 £ 0.019
EG Age 0.703 £0.012 0.283+0.016 0.549 +0.031 0.374 £ 0.020
EG Education  0.696 £0.012 0.282+0.015 0.5754+0.031 0.379 £ 0.019
FE 0.704 £0.012 0.288£0.015 0.567 £0.031 0.382 £ 0.019

Table 20: Predictive performance by method for both datasets.
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6.4 Fairness-Performance Trade-Off

In order to directly compare the different models, Figure [5] shows all methods with the
F1 score on the x-axis and a fairness metric on the y-axis. Moreover, the error bars
denote one standard deviation. The SPSF fairness metric is computed with hard counts.
Models in the lower right are preferred, as they exhibit the highest F1 score and the lowest
fairness metrics. The single sensitive attribute models are omitted, as they do not consider
intersectional subgroups which is what this thesis researches.

The figure shows that, for the primary dataset, RW, DFM, and EG are placed close
together, all dominating the LR baseline and substantially improving fairness at minimal
predictive performance cost. For example, DFM reduces intersectional DP from 0.340 to
0.086, while the F1 score decreases only by 0.004 compared to the XGB baseline. A similar
result is noted for EG. Moreover, FE is placed between the fairness-aware ML methods and
the baseline methods in terms of the fairness metric, which further indicates its inferior
performance. In the figure, no model dominates all other models. Additionally, the error
bars for DFM and EG overlap on both axes, and the error bars for RW and EG overlap
on both axes as well. The figure for SPSF shows the same pattern. This result indicates
that there is no method that performs universally best on the primary dataset.

The results on the IBM dataset show a different pattern. The models are more clustered
together, and DFM yields the lowest F1 score. This is potentially because the models are
trained on a different dataset, and the IBM dataset shows signs of a different data distribu-
tion. Moreover, EG dominates all points, yielding the lowest values for the fairness metrics
while not decreasing the predictive performance with respect to the baseline, indicating
that it performs the best given a different data distribution. Additionally, FE increases
the magnitude of the fairness metrics relative to LR, which indicates poor performance on
different data distributions.

Dataset TEST Dataset TEST
0354 I ‘ ‘ % ‘ 0.009
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0.007 ,—{—1
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Figure 5: Fairness—performance trade-off results.
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Figure 5: Fairness—performance trade-off results (continued).

Figure[f|identifies the most promising methods for each dataset. For the primary dataset,
the methods are RW, DFM, and EG, as they show the lowest fairness metric at a low cost
for predictive performance. For the IBM dataset, the methods are RW, EG, and the
baseline LR. Although EG is the dominating model, it shows overlapping error bars with
RW and LR. The Tables below assess whether there are significant differences in F1 and
the fairness metric according to the procedure discussed in Section [5.3.2] If zero is not
included in the confidence interval, Hj is rejected. On the other hand, if the confidence
interval includes zero, the null hypothesis is not rejected, but this does not imply that
the true difference is zero. Moreover, no correction was applied for conducting multiple
tests. As multiple tests are performed simultaneously, certain results could be significant
by chance alone.

On the primary dataset, DFM and EG show significant differences compared to RW with
respect to intersectional DP, as the confidence intervals of the differences do not include
zero. However, DFM and EG do not exhibit significant differences with respect to each
other. Moreover, for SPSF, the confidence interval of the difference between DFM and RW
includes zero, so the null hypothesis cannot be rejected at the 5% significance level. This
can happen even though in the plot they do not appear to have overlapping error bars
concerning SPSF, as the plot and the test are not equivalent. Additionally, all confidence
intervals concerning the F1 score include zero. Although this does not prove that the
difference in the F1 score is zero, it implies comparable predictive performance, which is
in line with the overlapping error bars with respect to the F1 score in Figure

For the IBM dataset, the confidence intervals of the differences between EG and RW
include zero for the fairness metrics, and hence Hy is not rejected. Therefore, there is no
evidence that the fairness metrics obtained by EG and RW are different. However, the
difference between EG and LR, does not include zero for both fairness metrics, and hence
the null hypothesis is rejected. The same holds for the confidence interval of the differences
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for RW and LR for SPSF. Additionally, similar to the results for the primary dataset, zero

is included in the confidence intervals on the differences in F1 scores across all model

comparisons. This again aligns with the overlapping error bars in Figure [5, Note that for

the IBM dataset, certain subgroups have a small number of observations. While SPSF is
robust to this, the stratified bootstrap samples may still be unstable with the predicted

probabilities for these subgroups. This should be kept in mind when interpreting the results

of Table 211
Metric ~ Comparison 95% CI for Difference
Primary Dataset
Int. DP EG - RW  [—0.073, —0.014]
Int. DP  EG-DFM [-0.036, 0.051]
Int. DP RW - DFM  [0.006, 0.094]
SPSF EG-RW  [—0.00147, —0.00009]
SPSF EG - DFM  [-0.00080, 0.00171]
SPSF RW - DFM  [-0.00004, 0.00255]
Fl-score EG - RW [—0.00413, 0.00236]
Flscore EG - DFM  [~0.00644, 0.00547]
Fl-score RW - DFM [-0.00570, 0.00558]
IBM Dataset
Int. DP EG - RW [—0.140, 0.028]
Int. DP EG - LR [—0.259, —0.006]
Int. DP  RW - LR [—0.189, 0.011]
SPSF EG - RW [—0.00462, 0.00049]
SPSF EG-LR  [—0.00942, —0.00215]
SPSF RW - LR  [—0.00731, —0.00049]
Fl-score EG - RW [—0.00649, 0.02643]
Fl-score EG - LR [—0.01876, 0.02327]
Fl-score RW - LR [—0.02502, 0.01177]

Table 21: Pairwise bootstrap confidence intervals for differences between methods. Confi-

dence intervals are computed for the difference in the reported metric between the compared

methods. Bold confidence intervals indicate confidence intervals that do not include zero,

rejecting Hy at a 5% significance level.
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Chapter 7

Discussion

The main results show that methods considering intersectional subgroups significantly
reduce disparities with respect to the baselines on the primary dataset, where the cost in
F1 score is negligible. A second finding is that there is not enough evidence to conclude
that the disparities obtained by DFM are significantly different from those obtained by
EG on the primary dataset, and no method dominates on both the primary and the IBM
dataset.

This chapter discusses these observed results and patterns, where exceptions are noted
and discussed as well. Lastly, this chapter discusses the limitations of this thesis and
proposes directions for future work.

7.1 Baseline Disparities

The results for the baseline models established that the standard ML models show a
significant disparity for all single attribute DP metrics. However, the magnitude of DP
becomes larger when all intersectional subgroups are considered. For the primary dataset,
DP Gender yields a value of 0.179 for the LR baseline, while intersectional DP attains a
value of 0.339 for the LR baseline. This is an example of aggregation bias discussed in
Section [2.I] Hence, the baselines not only show that there is substantial unfairness but
also clearly indicate the need for intersectional analysis. Furthermore, the difference in the
most disadvantaged subgroup identified between baselines shows that this property is at
least partly a consequence of the choice of model in this dataset.

7.2 Fairness-Aware Methods on the Primary Dataset

The fairness-aware ML models decrease the level of unfairness for all intersectional fairness
metrics relative to the baselines, except for EG Education in SPSF. Notably, DFM re-
duces the fairness metric the most and yields values that do not significantly exceed those
obtained by permutations. It should be noted that a non-significant result indicates insuffi-
cient evidence that the obtained fairness metric exceeds the fairness metric expected under
the permutation null. Nevertheless, the result indicates strong improvement with respect
to the fairness metrics. A possible explanation for why DFM obtains non-significance is
that DFM does not use intersectional DP directly as a fairness metric to minimize, but
uses DF with soft counts. It actively tries to make the probabilities of being assigned to
class 1 closer to each other, instead of the predictions themselves, which is done by EG.
Hence, the choice of DF as a fairness criterion in the objective function for DFM is a
possible reason for the model performing well in terms of minimizing intersectional DP
and SPSF. However, the success of DFM cannot be entirely credited to the metric DF, as
DFM also uses a NN as a predictor, which may provide additional advantages over, for
example, XGBoost.

The second highest performing model in terms of intersectional fairness is EG, which
is another in-processing model like DFM. However, the improvement in the fairness met-
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7.3 Evaluation of the Utility-Fairness Trade-Off

rics is of smaller magnitudes, which is potentially due to the use of the fairness metric
intersectional DP, as opposed to DF with soft counts.

Similar to DFM and EG, RW reduces intersectional DP compared to the baselines, but it
attains higher intersectional DP than DFM and EG. A probable cause for this is that RW
does not explicitly optimize over intersectional subgroups. However, the weights assigned
according to the group-label pairs improve the fairness metric by a substantial amount
relative to the baselines. RW is computationally cheap, but it comes with the cost of more
unfairness compared to other methods considering intersectional subgroups.

Regarding SPSF, the models perform similarly compared to each other, with LR now
performing marginally worse than FE in terms of SPSF. Lastly, all these methods improve
the single attribute fairness metrics compared to the baselines.

The results of the test for detecting differences in fairness metrics from Section [5.3.2|show
that the ranking of the methods is not solely based on the point estimates for the fairness
metrics. The disparities obtained for DFM are shown not to be significantly different
from those obtained by EG for the fairness metrics. Moreover, DFM and RW do differ
significantly with respect to intersectional DP but not for SPSF. Additionally, EG and RW
significantly differ for both fairness metrics. This result further implies that neither DFM
nor EG outperforms the other.

The need for intersectional subgroup aware methods is shown by the results for the
single attribute EG variants. These methods generally decrease single sensitive attribute
unfairness and the intersectional fairness metrics. EG Gender reduces intersectional DP
considerably, which is likely caused by the dominant disparity within the sensitive variable
gender, as highlighted in Section The other two single attribute EG variants also
decrease intersectional DP relative to the baseline XGB. Nevertheless, all these methods
exhibit aggregation bias, as they appear to have fairly low DP values for their targeted
sensitive variable, while the intersectional DP values exhibit larger values. This result is
partially expected, as considering subgroups at a more granular level means each subgroup
contains fewer observations. Consequently, the disparities estimated from these smaller
subgroups are likely larger due to sampling variability.

The novel FE shows interesting results, which indicate that methods blind to intersec-
tional subgroups perform worse than those that explicitly consider intersectional subgroups.
Although FE reduces both intersectional fairness metrics compared to the baseline, EG
Gender reduces these metrics further than FE. This shows that the assumption that an
average over fairness-aware ML models with respect to a single sensitive attribute should
be fair with respect to the intersectional subgroups does not hold in practice. Every model
only enforces fairness upon the targeted sensitive attribute, and the average of the three
models will carry over some of these improvements. However, the fact that the intersec-
tional subgroups are never considered is likely a bottleneck in this approach.

7.3 Evaluation of the Utility-Fairness Trade-Off

All the fairness metric improvements come with a negligible predictive performance cost
on the primary dataset. The models yielding the lowest fairness metrics (RW, EG, and
DFM) show only a maximum decrease in F1 of 0.005. Moreover, F1 scores do not differ
significantly for these models. Therefore, there is hardly any trade-off with respect to
the F1 score in this setting. The best model, then, is the one that obtains the lowest
fairness metric, which is either DFM or EG, as they do not show significant differences
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between the fairness metrics. However, when the evaluation metrics of precision or recall
are considered individually, there is a trade-off. For instance, DFM decreases precision
but increases recall compared to other methods, while EG does not exhibit this behavior.
As noted earlier, recall is important in the context of employee attrition prediction, as it
captures the model’s ability to classify the leavers correctly. Moreover, DFM was shown
to exhibit fairness metrics that did not significantly exceed the fairness metrics obtained
from the permutations for the primary dataset, which could be a reason to select DFM.
Lastly, the fact that the cost in predictive performance is low is potentially because the
primary dataset is balanced with a 48% attrition rate, which may not appear in real-world
datasets as well.

7.4 Generalization to the IBM Dataset

IBM results do not measure how well fairness interventions generalize, instead, they mea-
sure how models perform under a distribution shift. The differences in fairness metrics
and performance metrics are due to an interaction between the IBM data distribution and
the models. The result that there is no universal winner is supported by the fact that
EG dominates all other models on the IBM dataset, as can be seen in Figure 5] How-
ever, it does not dominate all models on the primary dataset. Moreover, EG and DFM
exhibit intersectional DP that do not significantly exceed the intersectional DP obtained
under permutations. Again, this result indicates a lack of evidence that the fairness metric
obtained by the model exceeds the value of the fairness metric expected under the per-
mutation null. A plausible explanation for EG’s dominance is that EG uses a randomized
classifier, which relies less on noisy dataset features. As a consequence, EG relies on the
features differently and, therefore, potentially obtains lower values for the fairness metrics
in this setting.

Notably, DFM attains the lowest F1 score, while it yields the highest F1 score out of
the intersectional-aware methods on the primary dataset. However, this is possibly due
in part to how the model is trained. The NN was trained in batches with a balanced
attrition rate. The model predicts attrition more often than what is common in the IBM
dataset. A small false positive rate leads to a large number of false positives, which heavily
influences precision and, consequently, also the F1 score. Nevertheless, this is likely not a
fundamental property of using DF as a regularizer.

Moreover, FE shows a large change in performance when applied to the IBM dataset.
FE improves all fairness metrics compared to the baseline XGB but not with respect to
LR. Furthermore, there is an additional explanation beyond the primary bottleneck of
FE. For the IBM dataset, the sensitive attribute age is the most dominant one, as DP
Age is considerably higher than DP Gender and DP Education. Since FE assigns equal
weights, each sensitive attribute is considered equally important. However, for the IBM
dataset, FE possibly assigns too large weights for gender and education relative to the
disparities observed in the dataset, which are analyzed in Section [3.5] This is an untested
hypothesis and is further addressed in Section [7.7} This potentially further explains the
poor performance of FE on the IBM dataset. Therefore, FE offers a framework that is cheap
to compute given the single sensitive attribute but should not be used as a replacement
for methods that consider intersectional subgroup fairness in this setting.
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7.5 Disadvantaged Subgroups

7.5 Disadvantaged Subgroups

All methods show females as the most disadvantaged group. This is in line with historical
biases against females, which are highlighted in Section [3.2] However, the fairness-aware
ML models show that in certain cases, the most disadvantaged group can shift. In such
cases, the maximum differences per group shift, and another group then becomes the
most disadvantaged. For the IBM dataset, no fairness-aware ML model shifts the most
disadvantaged group, while most methods decrease the level of unfairness relative to the
baselines. This is explained by how the fairness metrics work. All fairness metrics used in
the models take the worst case. Therefore, only the disparity itself is minimized, and this
does not necessarily change the most disadvantaged subgroup.

7.6 Limitations

The results obtained in this thesis stem from models trained on synthetic data. Bias in
the training data might not be real historical bias but rather may be due to the data
generating process. Therefore, the results obtained in this thesis may not transfer to HR
datasets from real organizations.

Furthermore, to test for significance between metrics obtained by two models, bootstrap
samples are used. However, the models are not retrained using these bootstrap samples.
Therefore, the test only captures uncertainty from the data and not from the model training
and hyperparameter optimization. Additionally, 500 permutations and bootstrap samples
were used, increasing this value further would yield more stable p-values and confidence
intervals.

All fairness metrics are computed based on the 0.5 classifier threshold. Changing this
threshold is a well known post-processing technique [23| that was deliberately excluded.
Nevertheless, altering the threshold changes the precision-recall balance for every method,
which might change the ranking of the models based on the fairness metrics.

Lastly, the equal weights in FE are a design choice in this research; the model might
benefit from adjusted weighting. Varying the weights per method, where attributes with
a higher disparity receive a higher weight, could improve FE.

7.7 Future Work

The results and limitations of this research provide pathways for new research. A natural
direction is to validate the results obtained in this thesis on real-world HR datasets. This
includes validating whether the method rankings observed in this thesis are preserved and
verifying similar trade-offs. Additionally, the FE could be investigated using various meth-
ods for weighting the different classifiers, as this could possibly result in better fairness
performance. Lastly, this thesis proposes research on the evaluation of other fairness met-
rics. This thesis follows the framework of Wachter et al. |54, which results in considering
only bias transforming fairness metrics. However, this research fails to detect models where
the TPR and FPR differ between subgroups. Hence, EO would be an interesting metric to
evaluate in future research. Additionally, the bias transforming metrics such as FTA and
counterfactual fairness were not evaluated due to their reliance on appropriate distance
metrics and a SCM, respectively. However, as they take a different perspective on how
they regard fairness, evaluating these fairness metrics would yield interesting research.
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Chapter 8

Conclusion

This thesis investigated the trade-offs between predictive performance and fairness that
pre- and in-processing fairness mitigation methods provide. This chapter concludes the
answers to the research question and sub-questions.

To answer the first sub-question, "How do baseline employee attrition prediction models
perform in terms of predictive performance and intersectional fairness?”, the baselines are
assessed here. XGB outperforms LR on the primary dataset in terms of predictive perfor-
mance, and both baselines exhibit values for the intersectional fairness metrics that were
found to be larger compared to the values obtained by permutations. The single attribute
fairness metrics appear modest in comparison to intersectional DP, as intersectional DP
yields almost double the largest single sensitive attribute fairness metric. Therefore, there
is a difference when considering intersectional subgroups, which implies evidence of Simp-
son’s Paradox and the need for intersectional fairness analysis. On the IBM dataset, the
pattern changes; DP Gender shrinks while DP Age increases substantially. This is due
to an interaction of the methods and the differences between the IBM and the primary
dataset discussed in Chapter [3]

The second sub-question "How do pre- and in-processing fairness mitigation methods
reduce unfairness for various sensitive attributes and their intersectional subgroups in em-
ployee attrition prediction?”, is addressed by discussing the performance of these methods.
All intersectional-aware methods reduce every fairness metric compared to the baseline on
the primary dataset, which includes both single sensitive attribute and intersectional fair-
ness metrics. DFM shows the strongest decrease relative to the baselines for the primary
dataset. DFM yields values for which the null hypothesis cannot be rejected, indicating
insufficient evidence that the observed fairness metric exceed the fairness metrics expected
under the permutation null. EG also shows promising results, while RW yields the weakest
result among the intersectional-aware methods on the primary dataset but is inexpensive to
compute. Furthermore, the single-attribute EG methods improve fairness concerning their
targeted sensitive attribute compared to the baselines, but they often leave intersectional
DP high. The novel FE method shows mixed results. On the primary dataset, it improves
fairness compared to the baselines but underperforms compared to EG Gender. Addition-
ally, for the IBM dataset, it occasionally worsens intersectional fairness compared to the
baselines. Hence, the results do not support the assumption that averaging single-attribute
fair classifiers yields intersectional fairness.

The final sub-question, "What trade-offs between predictive performance and intersec-
tional fairness can be identified when applying the fairness mitigation methods compared
to the baseline employee attrition prediction models?" can be answered by interpreting the
fairness-aware ML models. The increase in fairness comes with a negligible cost in F1 score
for the primary dataset. The maximum drop in F1 score is 0.005 for the intersectional-
aware methods. Additionally, there is a lack of a detected difference between the F1 scores
of these methods. DFM increases recall, which is a relevant performance metric in the
context of employee attrition prediction. The results on the IBM datasets show different
trade-offs, as the methods do not demonstrate the same performance compared to one
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another. EG dominates all other models as it increases the F1 score and shows the lowest
values for both intersectional fairness metrics.

This thesis ultimately aims to answer the research question: "What trade-offs do pre-
and in-processing fairness mitigation methods provide between predictive performance and
intersectional fairness in employee attrition prediction?” To answer this, the answers to
the sub-questions are utilized. These findings show that pre- and in-processing fairness
mitigation methods that target intersectional subgroups can substantially improve fairness
relative to the baselines. The cost in F1 score is negligible for the primary dataset and
generally small for the IBM dataset. DFM is the exception, which yields a 0.037 decrease
in F1 score compared to LR on the IBM dataset. To conclude, in the context of this thesis,
there is a minimal trade-off with respect to F1 score, as fairness can be improved without
significantly reducing the F1 score.

A second conclusion is that no method yields universally the best performance, which
can be seen by comparing method performance and considering the different datasets.
The intersectional-aware methods exhibit similar performance on the primary dataset.
Especially, DFM and EG achieve similar intersectional DP and SPSF, while both yield
comparable F1 scores. The test that assesses the difference in intersectional DP and SPSF
indicates that there is not enough evidence to prove that there is a difference between
those two metrics for the methods DFM and EG. Additionally, for the IBM dataset, EG
dominates all methods, while DFM yields the lowest F1 score. Moreover, single-attribute
EG models perform worse compared to intersectional-aware methods. Combining such
methods, as done by the FE, does not consistently improve intersectional fairness relative
to the baselines. Moreover, for the methods themselves, there is a trade-off, as DFM
attains higher recall compared to the baselines, but its precision is the lowest among all
other methods for both datasets, particularly in the IBM dataset. Hence, no model is
universally the best method in this context, and the preferred method depends on the
preferences of the decision maker. For instance, a preference for high recall might lead a
decision maker to choose the DFM method.

Finally, this thesis provides an empirical comparison of pre- and in-processing fairness-
aware ML models for intersectional fairness in the employee attrition setting. Additionally,
a novel FE method is proposed and assessed, which provides clear directions, such as
different weights, for future research that could aid in improving the method’s performance.
Despite its potential classification as high-risk under the Al Act [49|, this setting has not
been previously evaluated on intersectional subgroups. This research demonstrates the risk
of relying solely on single sensitive attributes when aggregation bias is present. Moreover,
the findings from this thesis are relevant both to the fairness-aware ML literature and
to organizations such as EY, as it evaluates models for employee attrition prediction and
measures fairness.
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Chapter A
Appendix

A.1 Additional EDA
Figure [6] exhibits the distribution of the target variable in the test data.

Attrition - Test Data
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Figure 6: Attrition distribution for test data.

Figure [7] shows the attrition rate for intersectional subgroups in the test data.
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Figure 7: Intersectional Subgroups Attrition Rate for test Data.

Figure [§ shows the attrition rates for each subgroup in a heatmap for all datasets. The
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A.1 Additional EDA

y-axis denotes gender and age group, where the education level is shown on the x-axis,
where Edul means education level 1.
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Figure 8: Intersectional subgroups attrition rate (heatmap).

Tables 22] and [23] show the job characteristics for all the intersectional groups in the test
data and the IBM data , respectively. Table 23| exhibits that the job characteristics change
per subgroup. Moreover, n is significantly smaller than for the training data and test data.
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Gender Age Edu. n AvgInc. (8) Avg Job Lvl OT (%) Avg Env. Sat.

F 18-30 1 451 7,200 1.79 29.7 2.56
F 18-30 2 563 7,342 1.82 33.0 2.58
F 18-30 3 686 7,320 1.79 31.9 2.61
F 18-30 4 o976 7,461 1.79 31.8 2.64
F 31-45 1 416 7,096 1.79 37.3 2.63
F 31-45 2 572 7,302 1.83 33.7 2.64
F 31-45 3 693 7,272 1.85 30.9 2.54
F 31-45 4 601 7,285 1.82 31.6 2.59
F 46+ 1 441 7,318 1.83 34.7 2.63
F 46+ 2 583 7,279 1.76 30.7 2.54
F 46+ 3 671 7,333 1.81 30.4 2.57
F 46+ 4 560 7,083 1.78 32.9 2.59
M 18-30 1 524 7,223 1.76 35.3 2.66
M 18-30 2 669 7,315 1.77 31.2 2.62
M 18-30 3 813 7,264 1.77 29.5 2.59
M 18-30 4 684 7,249 1.81 33.6 2.66
M 31-45 1 970 7,324 1.82 37.5 2.56
M 31-45 2 695 7,279 1.78 35.7 2.59
M 31-45 3 879 7,379 1.87 30.9 2.63
M 31-45 4 663 7,182 1.81 33.3 2.60
M 46+ 1 530 7,435 1.86 34.2 2.63
M 46+ 2 652 7,256 1.78 35.6 2.61
M 46+ 3 763 7,423 1.84 31.1 2.60
M 46+ 4 645 7,160 1.84 35.3 2.59

Note: Edu. denotes education level (1 = high school, 2 = associate degree, 3 = bachelor’s degree, 4 =
master’s/PhD). n is the number of observations. Avg Inc. is mean monthly income. Avg Job lvl is mean

job level. OT is the percentage of overtime. Avg Env. Sat. is the average environment satisfaction.

Table 22: Intersectional group job characteristics for test data.
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Gender Age Edu. n AvgInc. (8) Avg Job Lvl OT (%) Avg Env. Sat.

F 18-30 1 31 4,006 1.52 45.2 2.81
F 18-30 2 34 4,544 1.68 50.0 2.62
F 18-30 3 81 3,940 1.38 23.5 2.74
F 18-30 4 28 95,634 1.89 25.0 2.64
F 31-45 1 22 6,366 1.73 27.3 2.73
F 31-45 2 58 5,730 1.84 29.3 2.83
F 31-45 3 109 7,097 2.13 27.5 2.71
F 31-45 4 104 6,109 1.92 32.7 2.53
F 46+ 1 7 11,808 2.71 14.3 2.00
F 46+ 2 25 9,397 2.32 36.0 2.88
F 46+ 3 45 11,285 2.56 42.2 3.00
F 46+ 4 44 10,669 2.45 15.9 2.84
M 18-30 1 67 3,812 1.34 23.9 2.81
M 18-30 2 51 4,054 1.49 19.6 2.73
M 18-30 3 116 3,875 1.40 241 2.75
M 18-30 4 47 4,397 1.49 31.9 2.40
M 31-45 1 31 7,501 2.03 45.2 2.74
M 31-45 2 88 6,820 1.99 27.3 2.70
M 31-45 3 174 6,550 1.95 21.8 2.78
M 31-45 4 156 9,961 1.88 28.2 2.71
M 46+ 1 12 10,339 2.33 25.0 2.75
M 46+ 2 26 8,741 2.31 34.6 2.46
M 46+ 3 47 11,452 2.60 25.5 2.83
M 46+ 4 67 10,710 2.45 34.3 2.73

Note: Edu. denotes education level (1 = high school, 2 = associate degree, 3 = bachelor’s degree, 4 =
master’s/PhD). n is the number of observations. Avg Inc. is mean monthly income. Avg Job lvl is mean

job level. OT is the percentage of overtime. Avg Env. Sat. is the average environment satisfaction.

Table 23: Intersectional group job characteristics for IBM data.

Table [24] shows the differences in the distribution of the features monthly income and
distance from home for the different datasets after removing outliers from the training
data.

Train Set IBM Set Test Set
Variable Mean Std Mean Std Mean Std
Monthly Income 7,297 2,143 6,503 4,708 7,287 2,157
Distance From Home 50 28 9 8 50 29

Table 24: Monthly Income and Distance From Home Statistics Per Dataset.
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A.2 Linearity of £(Q,A) in Q and A.

A.2 Linearity of £(Q,A) in Q and .
Below it is shown that £(Q, A) is linear in @ and .

L(Q,\) = Loss(Q) + AT (Mj(Q) — &)
=" Q(f)Loss(f) + AT(M D a(/)Q(S) — &)

feF feF
= > Q()(Loss(f) + ATMA(f)) — Ae.
feF

This is clearly linear in @ and A. Moreover, the minimum of £(Q, A) is chosen over the
convex set A. Therefore, the minimum is attained at one of the extreme points in the set.

A.3 SPSF Using Soft Counts
Table [25] shows the performance of the methods with respect to SPSF soft counts.
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A.4 Additional Fairness-Performance Trade-Off Plots

Method SPSF (soft counts)

Primary Dataset

LR 0.005 [0.004, 0.005]
XGB 0.005 [0.004, 0.006]
RW 0.002 [0.001, 0.002]
DFM 0.001 [0.001, 0.002]
EG 0.003 [0.002, 0.004]
EG Gender  0.005 [0.004, 0.006]
EG Age 0.006 [0.006, 0.008]
EG Education 0.007 [0.007, 0.009]
FE 0.006 [0.005, 0.008]

IBM Dataset

LR 0.013 [0.010, 0.015]
XGB 0.014[0.012, 0.016]
RW 0.010 [0.008, 0.013]
DFM 0.005 [0.004, 0.007]
EG 0.014 [0.010, 0.020]
EG Gender  0.018 [0.014, 0.023]
EG Age 0.022 [0.016, 0.027]
EG Education 0.022 [0.017, 0.028]
FE 0.021 [0.015, 0.026]

Table 25: SPSF (soft counts) by method on the primary and IBM datasets. Bold values
indicate an observed disparity that is unlikely under the permutation null (a = 0.05), and the

brackets denote the 95% confidence interval.

A.4 Additional Fairness-Performance Trade-Off Plots

Figure [9) shows the trade-off plot where SPSF is measured using soft counts.
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SPSF (soft counts)
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Figure 9: Fairness-performance trade-off results on the test and IBM datasets with SPSF

soft counts.
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