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Abstract

Algorithms are increasingly used to make or support decisions, such as recruitment and selection, loan
approval, fraud detection, classification and prediction. This has raised important questions on how to
assure the use of algorithms respects important values such as fairness, absence of bias and discrimina-
tion, and also explainability and redress. Despite decades of research, there is no single metric that can
be used to measure fairness, absence of bias or discrimination. For every implementation one needs to
evaluate multiple different metrics and also additional decisions about the subgroups and thresholds to
use for the fairness metrics. In this paper we present an overview of the mostimportant fairness metrics,
provide, updated more thorough definitions, and a new dataset of hiring candidates (n=225) to show
the impact of the different definition in practice. The dataset presented is suitable for educational and
demonstration purposes since it is freely usable, has no privacy constraints, no data quality issues and
is sufficiently complex to explain the challenges of fairness evaluations. We use the dataset to show that
the different fairness definitions are indeed conflicting and that it is necessary to consider many sub-
groups using multiple sensitive features. We also discuss the importance of the socio-technical context
and domain knowledge in fairness.

1. Introduction

Machine learning has become prevalent in many different domains. The use of machine learn-
ing enables making decisions based on relevant data. The benefit of automated decision-making
is that it allows for more efficiency and accuracy when making a decision (with less subjectivity
and less human biases when making a decision), as it is able to consider a larger pool of relevant
factors that could affect a decision [CCG*22]. However, the use of machine learning for decision-
making in practice, has shown to have the potential to discriminate unlawfully and undesirably,
by replicating models of discrimination and bias found in both algorithms and data. Therefore the
collection and selection of training data may be a predominant means of introducing bias. Without
sufficiently inclusive and balanced training data, the system may learn to make unfair decisions,
and therefore create algorithmic biases [CLM22].

One of the best known efforts to tackle the power of algorithmic systems trends, with fairness
as one of the core principles, is the introduction of EU’s GDPR in 2016 [Eurl16]. Further efforts in-
clude the Ethics Guidelines for Trustworthy Artificial Intelligence published in 2019 by the High-
Level Expert Group on Al [Guil9]. The latter aims to provide a framework for the development
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and deployment of trustworthy Al systems, geared towards Al stakeholders, while ensuring the
mitigation of potential negative consequences, including bias. Together with the Organisation for
Economic Co-operation and Development (OECD) [OEC19], these guidelines aim to leverage Al
methods to help humans to identify their biases, and assist them in making less biased decisions
accordingly.

The concept of fairness in machine learning is another attempt at reducing algorithmic biases
when it comes to automated decision-making, and therefore increasing equal treatment of similar
groups or individuals [CCG*22]. Increasing algorithmic fairness has been a topic that attracted a
lot of attention in the recent years, with over twenty newly proposed notions of fairness [VR18] and
countless implementations [PLL*23]. Among popular implementations, there are open-source li-
braries such as Al Fairness 360 [BDH*19], Aequitas [SKH*19] and FairLeran [WDE*23]. The field
grows further with propositions to improve performance of discrimination-free algorithms, such
as by Papagiannopoulos et al. [PAKM22], and fully-fledged commercial solutions for responsible Al
deployment like Deeploy [DWWP24, Dee25] and Code4Tought [Cod25]. Debates and propositions
on implementing fairness are well-ongoing within the industry, for example, on contrasting inter-
pretations within the GDPR itself [Cod20], or ill-suited applications of the ‘four-fifths-rule’ [Fai22,
WMC22]". This signals a lack of agreement on when the multitude of fairness definitions applies
and how they are defined exactly [CCG*22]. The paper of Verma [VR18] identifies the most promi-
nent definitions of fairness, while providing clear rationales behind these definitions, and illustrat-
ing these using an example dataset, in an attempt to address the aforementioned problem.

For this article, the definitions of fairness, identified in the paper of Verma, will be illustrated
and applied to a generated fictitious dataset to give a clear and concise overview of these defini-
tions. The dataset represents a typical hiring scenario where hiring candidates are evaluated by
a series of algorithms on a set of features. Its size is limited to 225 data points where each repre-
sents a fictitious candidates with certain characteristics and the hiring outcome according to four
decision algorithms. The overall goal is, thus, to provide readers with a practical notion of fair-
ness, illustrate the definitions on a realistic case study and showcase the potential contradictions
between fairness definitions.

The dataset is released as creative commons, and can be used freely for any purpose. If you
use it, please cite this paper. The dataset is available on Kaggle: https://www.kaggle.com/dataset
s/ictinstitute/utrecht-fairness-recruitment-dataset.

2. Literature review

There s a lot of interesting research into fairness metrics that provides valid insights for particular
cases and situations. Below is an extensive overview of multiple cases that we are aware off. It
shows that the current metrics can be applied in practice but also shows the challenges of meeting
required fairnesss targets.

The default fairness approach in machine learning focuses on constructing an optimal ML model
subject to fairness constraints (a “constrained optimization problem”). This is exactly where fair-
ness comesinto play, as it aims to achieve equal treatment of similar groups or individuals [CCG*22].

Achievingfairness however is not that simple. Although many different notions of fairness have
been defined, there are still not necessarily a “right” answer for each and every situation, making
these definitions therefore often not considered during the development of ML systems.

To address the aforementioned issue, the paper of Verma[VR18] collects the most prominent
definitions of fairness for the algorithmic classification problem. For this problem, Verma explains

"The selection ratio of a minority group should be at 80% of the selection ratio of the majority group - 29 C.F.R. §
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the rationale behind the defined notions, while also performing a case-study on the topic of loan
granting, in order to demonstrate all the different definitions of fairness mentioned in the paper.
[VR18]. Compared to the paper of Verma, this paper will provides more detailed examples, using
a more compact dataset with multiple sensitive attribues. It thus better illustrate the possible
differences between the main fairness notions.

When comparing metrics, one needs to decide what difference in values is acceptable. In the
literature the “four fifths rule” or “80% rule” is a often-mentioned rule of thumb commonly used
in fairness assessments for machine learning models (and sometimes as a ‘legal waiver’ for le-
gal obligations) [Cod20]. It relies on measuring demographic parity ratios (group fairness), typi-
cally labeling outcomes as fair if subgroup ratios exceed 80% (instead of the difference). However,
this practice is frequently inappropriate because fairness must be evaluated within the broader
socio-technical context, centered around potential harms rather than purely numerical thresh-
olds [Fai22].

The paper of Zliobaite [Zli15] classifies different fairness definitions into different categories
(statistical tests, and absolute, structural and conditional measures). Most fairness notions that
will be discussed in this article, are also mentioned by Zliobaite, albeit under another name (e.g.
difference of means test instead of balance for positive class). As far as the applicability of the fair-
ness definitions is concerned, the only criterion taken into consideration was the type of variable
(i.e. binary, categorical, numerical, etc.).

The paper of Berk [BHJ*21] aims to clarify a so-called existing trade-off between both fairness
and accuracy, as different kinds of fairness. Berk concludes that it is impossible to satisfy all kinds
of fairness simultaneously and states that a major complication that occurs in practice, are the
different base rates across different legally protected groups. The paper of Berk therefore mention
a need to consider challenging trade-offs. Noteworthy, is that Berk only listed fairness notions
surrounding group fairness that are able to be defined by the use of a confusion matrix. Through
the use of this confusion matrix and a criminal risk assessment use-case, the paper of Berk aimed
to highlight the relationships and possible differences between the fairness notions.

The paper of Castelnovo [CCG*22] aims to highlight important aspects in regards to fairness
metrics and its respective relationships, as the paper claims that the different definitions of fair-
ness have not yet been analyzed fully in existing literature, which according to Castelnovo, could
have a grave impact on both individuals and populations. The paper aims to provide some more
structure and order to the many definitions that currently exist on the topic of fairness.

The paper of Hooghiemstra provides a case-study using real-world models. Hooghiemstra also
gives a ranking of the different fairness definitions in terms of which definitions could be best used
for future Al models [H0022]. The paper of Hooghiemstra acts as a good example on exactly how
models can be used in order to measure fairness, while considering several different fairness def-
initions.

The paper of Hutchinson [HM19] compares past and present definitions of fairness on a num-
ber of levels, including the criteria for the fairness definitions, the focus of the respective crite-
ria (for example, in the form of a test or a model), the relationship of fairness to individuals and
(sub)groups, and lastly the mathematical method used in order to measure fairness (i.e. regres-
sion, classification). It ends with a reflection on future prospects when it comes to lessons that
can be learned based on the history of test fairness, and the effect these lessons can have when it
comes to the future of fairness in ML.

The paper of Snel [Sv022] also describes a case study on how to detect and correct bias in
a specific case. In order to achieve this, Snel demonstrates a algorithm-independent bias cor-
rection method, which is aimed to result in better ML predictions, mainly when it comes to the
likelihood of default. Snel finds that before bias can be eliminated, it is necessary to first apply
bias-correction consecutively, which would allow for the mitigation of the impact the bias would
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have on various, overlapping groups.

In the paper of Chouldechova [Chol7] hypothetical use cases to connect particular fairness
properties of a Recidivism Prediction Instrument (RPI) to a measure of disparate impact, are con-
sidered. Chouldechova presents both theoretical and empirical results to illustrate how disparate
impact can arise when making use of a RPI that is claimed to not have any predictive bias at all.

The paper of Mittelstadt [MWR23] scrutinizes the use of leveling-down measures in order to
achieve fairness and also further investigates how fairML, used for auditing black-box predictive
models, can move beyond mere levelling down methods.

The paper of Wachter [WMR21] addresses so-called ’contextual equality’, revolving around a
critical gap that exists between legal, technical, and organisational definitions of algorithmic fair-
ness. Wachter identifies a critical incompatibility when it comes to already existing works that
have been done on the topic of automated and algorithmic fairness, as well as European notions
of discrimination, through conducting an analysis of EU non-discrimination law and jurisprudence
of the European Court of Justice (ECJ) and national courts.

The paper of Corbett [CDPF*17] aims to mitigate disparities when it comes to the decision-
making process of releasing defendants awaiting trial back into their respective community. In
orderto achieve algorithmic fairness, Corbett has proposed several techniques. With this research,
the paper of Corbett aims to maximize public safety while satisfying formal fairness constraints
aimed at reducing racial inequality.

The paper of Simoiu [SCDG17] develops a new statistical test of discrimination, namely the so-
called threshold test, which is able to mitigate the problem of infra-marginality (two groups hav-
ing different risk distributions, resulting in different decision-making across groups, even without
discrimination). Simoiu does this estimating both the risk distributions and the most appropri-
ate decision thresholds. These two aspects are then applied to be tested against a data set of 4.5
million police stops, present in North Carolina.

The paper of Galhotra [GBM17] gives definition to software fairness and discrimination and de-
velops a method that would allow the measuring of software and whether it discriminates, and if
so, how much it actually discriminates. This is done with the aim of identifying possible causes
for discriminatory behavior. Galhotra mentions their approach Themis, which helps with measur-
ing discrimination, uses Themis for 20 different software systems. The paper of Galhotra overall
demonstrates that fairness testing is crucial when it comes to software development, especially in
domains where possible discrimination is prevalent, and provides possible tools that can be used
when trying to measure software discrimination.

The paper of Prince [PS19] offers various potential strategies when it comes to combating the
risk of proxy discrimination by Als. Proxy discrimination is described by Prince as a particularly
pernicious subset of disparate impact, which is able to harmindividuals that belong to a protected
class. The paper of Prince further argues that Al and big data play a crucial role when it comes to
the aforementioned issue of proxy discrimination.

The paper of Wisniewski [WB21] introduces an R package fairmodels, which can be used to
solve the issue of existing bias in classification models, and can help validate fairness in a more
efficient and flexible manner. The package revolves around all sorts of methods surrounding the
mitigation of biases and therefore aims to help diminish discrimination in multiple classification
models.

The paper of Zafar [ZVRG17] introduces a flexible mechanism that is able to design fair clas-
sifiers, using a new measure of decision boundary (un)fairness. This mechanism is expressed
through the use of two classifiers, namely Support Vector Machines (SVM) and Logistic Regres-
sion. Using these classifiers, the paper of Zafar is able to show using real-world data, which usually
only costs very little in terms of accuracy, that the mechanism allows to have precise control on
fairness, more specifically the degree in which it is achieved.
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The paper of Dwork [DHP*12] introduces a framework for fair classification that is able to com-
promise on ensuring that people are treated fairly and making use of a task-specific metric that is
able to assess how similar individuals are, while keeping the specific classification task in mind.

Finally, the work by Papagiannopoulos et al. [PAKM22] presents and validates a data science
approach to improve fairness metrics while retaining an algorithm’s predictive performance. Many
previous methods to mitigate bias and discrimination in machine learning fall short on accuracy
performance. Papagiannopoulos et al’s approach implements a fairness-aware bagging proce-
dure leveraging the randomness in resampling methods to help improve models’ accuracy.

3. Fairness definitions
3.1 Typesof machine learning tasks
Machine learning tasks are often classified according to the type of output required, for instance
in textbooks[Ger19]. The most common groups of tasks are regression (predicting a continuous
value, such as value of an item or next day temperature), classification (assigning an item to the
correct class out of a finite number of classes) and binary classification (classification with only two
classes, a positive/selected class and a negative class). Knowing the class of a task is important to
make sure you apply the right metrics: metrics like accuracy are suitable for classification but not
for regression. Precision and recall are defined for binary classification, but nor for other tasks.
Similarly, many fairness metrics are only suitable for specific tasks. In this paper we therefore
introduce the definitions foridentifying groups of tasks that require different treatment in fairness.

 Ataskis fairness-sensitive if individual decisions have a significant positive or negative impact
on people or groups of people. The people affected are often not the users of Al systems. De-
pending on the context, they can be candidates, buyers, owners, citizens, residents, students
or employees.

* We propose to call the people who are impacted by the decisions in a fairness-sensitive task
the impacted individuals or informally individuals. In this paper we will also use the term can-
didates since this is the preferred term when in case of hiring decisions.

* A desired-selection task is a binary classification tasks where individuals would like to be se-
lected. Examples are hiring processes where people would like to be hired, university accep-
tance processes, or loan approval processes where people would like to be offered the loan.
The example dataset introduced in this paper presents a desired-selection-task.

* Adesired-accuracy task is a classification task where individuals just want to be classified cor-
rectly. An example of such task is the case where a machine learning algorithm is used to esti-
mate clothing sizes, and individuals just want to receive the right size.

* Adesired-high-score task is a regression task where individuals prefer to get a higher score over
any lower score. An example of such task would be a fitness test, essay grading task or any
assessment.

* Adesired-low-score task is a regression task where individuals prefer to get a lower score over
any higher score. An example of such task would be credit scoring or risk estimation, such as
[Sv022].

* A undesired-selection tasks is a binary classification tasks where individuals would like to not
be selected. An example is a tasks were people are selected for rejection, or where transactions
by individuals are selected as fraudulent.

Note that any undesired-selection task can be converted into a desired-selection tasks by chang-
ing the labels: instead of saying an individual is selected for rejection or identified as fraudulent
(the undesired outcome), one can state that the individual is not selected for the desired outcome
(immediate approval or no-fraud). We recommed this conversion and will assume tasks are not
undesired-selection tasks.
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Note also that in many tasks it does not have to be the case that all individuals have the same
preferences over outcomes. Forinstance in the case of estimating house values , some house own-
ers might prefer a lower value since this may lead to lower taxes, some house owners might prefer
a higher value since they intend to sell their house and a higher value makes the house more at-
tractive to buyers, and other buyers prefer a predicted value close to the real value to help with
financial planning.

3.2 Basic concepts extended to groups

Before diving into the definitions of fairness metrics, we first introduce a set of foral defintions of
basic mathematical concepts used in many fairness definitions. There are listed in Table 1. Table 1
defines several basic concepts often used in machine learning. These definitions are commonly
used to measure the performance of decision algorithms on a complete data set. We redefine
these concepts so that they are defined for any subgroup ¢ of cases (candidates for our dataset).
Since the task of the algorithm is to predict a certain property, each case in the data set either has
the property (a positive case) or does not have the property (a negative case). An algorithm makes
a prediction for each case and the prediction (predictive class) can be compared to the true answer
(actual class).

In the literature of fairness metrics, metrics are often compared without specifying whether
an exact equality is required or not. This is a useful simplification in a theoretical discusssion.
However, in many real situations an exact equality is not be attainable and is also not required.
Therefore, one must define approximate equality. We define that two values are approximately
equal when the difference of the two values is lower or equal than a threshold of 0.1 (th = 0.1)
to provide a clear and practical definition of what we consider fair. Algorithmic fairness assessors
and auditors can also use this definition by referring to this paper, or should explicitly define a
different threshold. When given metric values for different groups are approximately equal, we
consider that fairness holds between those two groups according to that metric.

Table 1. Definitions of performance metrics for evaluating binary classification algorithms on an overall dataset.

Name Acronym  Description

True Positive TP(g) The number of true positive cases in a subgroup g is the number
of cases in g that are actually positive and selected.

True Negative TN(g) The number of true negative cases in a subgroup ¢ is the number
of cases in g that are actually negative and not selected.

False Positive FP(g) The number of false positive cases in a subgroup g is the number
of cases in g that are actually negative and selected

False Negative FN(g) The number of false negative cases in a subgroup ¢ is the
number of cases in g that are actually positive and not selected.

All Positives AP(g) The total number of positive cases in a subgroup ¢ is the total
number of cases in g that are selected.

All Negative AN(g) The total number of negative cases in a subgroup g is the total
number of cases in g that are not selected.

Cardinality Clg) The number of elements/cases in the set of subgroup g.

Exact equality a=b Two numbers a and b are exactly equal if their difference is zero.
Thus 0.4000 = 0.4000 but not 0.3998 = (0.4000.

Approximate equality @ ¥ b Two numbers a and b are approximately equal if their absolute difference

is 0.1 or less. Thus 0.41 = 0.45 but not 0.39 = 0.51.

3.3 Individual fairness definitions

Individual fairness means that classification algorithms should predict similar outcomes for sim-
ilar individuals in a given context. That is, two individuals with the same or similar attributes
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should lead to the same prediction [DHP*12]. Individual fairness definitions typically include mul-
tiple sensitive attributes (like age and gender in our dataset).They do not look solely at gender or
reduce age to two groups. It is often implemented using a similarity metric or a distance func-
tion [DHP*12].

Individual fairness has been criticized on the basis that individual fairness approaches do not
guarantee fairness and often include existing biases, for instance in the definition of the similarity
metric. Thisis described by Fleisher[Fle21]. It has also been discussed that individual fairness and
group fairness could lead to apparent conflicts, e.g. when a male candidate is not invited for an
interview while he has similar test scores as some female candidates that were invited, he could
argue that this violates individual fairness. A detailed philosophical discussion of this apparent
conflict is given by Binn[Bin19].

In our view, individual fairness is an important principle but difficult to apply in practice. First
of allit is not easy to apply since one needs to decide what similarity metric to use: there is no ob-
vious similarity metric that includes age, gender ethnicity and other sensitive features in a natural
way. Secondly, the use of metrics instead of groups makes it much harder to set explicit accep-
tance criteria, and thus makes audits and assessments more difficult in practice. In this paper we
therefore do not include individual fairness based in similarity metrics. Our approach, inspired
by the recommendations of Buolamwini and Gebru[BG18] is to use group fairness definitions but
with multiple groups instead of just one group. If you use this approach and combine multiple sen-
sitive features to define small subgroups (e.g. darkskinned women for facial recognition[BG18] or
older female candidates you can also make sure the risks towards all individuals are considered.

We do agree with the principle behind individual fairness basd on similarity metrics, that one
should consider the individual situation and consequences for individual candidates when dis-
cussing fairness. As Fleisher[Fle21] points out, the technical individual fairness definitions are not
sufficient to solve this problem. We recommend that organisations look beyond metrics and con-
sider each individual decision carefully. Metrics can help find out what the negative decisions are
that candidates could consider unfair. Following Table 1, recall can be considered as a preferred
metric for measuring individual fairness towards qualified candidates, since itis based on avoiding

false negatives (the lower FN, the higher recall): Recall = % = %.

One could also argue that the overall selection rate (Hiring rate = A—Cp) is the best metric to con-
sider, since this is based on hiring the most candidates and thus satisfying the needs of most can-
didates. Hiring all candidates however is not a practical for most businesses.

3.4 Group fairness definitions
The idea behind group fairness metrics is that there are specific groups of individuals that might
be discriminated aganst, and that you compare metrics for your algorithm on these groups against
the same metrics for the entire dataset. Group fairness criteria are applied at group level where
sensitive attributes define a group (e.g., age group, gender, sexual orientation, etc.). The problem
with group fairness is that there is not one obvious metric (e.g. accuracy) to consider. As we will
show, there are many metrics that one could consider. Considering the overview of previous litera-
ture, we follow along the fairness definitions of Verma and Rubin [VR18] as their work summarizes
the most prominent definitions of fairness for algorithmic classification problems. Whereas their
paper goes over 20 fairness metrics, we focus on common metrics to provide a practical, easy to
follow demonstration: Demographic parity (statistical parity), Conditional statistical parity, Pre-
dictive Parity (PPV-parity), Predictive equality (FPR-parity), Equality of Odds, Treatment Equality,
Test fairness, Well-calibration, Fairness through unawareness and Fair inference.

The selected fairness definitions collected by Verma [VR18] are presented in Table 2. All defi-
nitions refer to a specific group to be protected (e.g., women, candidates over a certain age, im-
migrant workers etc.). We use p for the protected group and u for the set of all people outside the
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protected group. In our examples, female candidates are the protected group. In practical situ-
ations one must consult domain experts who understand the legal and ethical considerations of
the case in order to determine what the to be protected groups are.

Table 2. Selected fairness metrics definitions from Verma [VR18], based on algorithm performance metrics of Table 1.

Name Definition Description
Group fairness  PPP(u) & PPP(p) where  This definition is satisfied in case individuals in both protected (p)
[DHP*12] (benchmark- PPP(g) = AP and unprotected (1) groups have an equal probability of being se-

ing [SCDG17], equal
acceptance [Zli15], sta-
tistical parity [DHP*12])

Conditional statistical
parity [CDPF*17]
Predictive parity
[Chol7]

False positive error
rate balance [Chol7]
(predictive equality
[CDPF*17])

Equalized odds [HPS16]

Treatment
[BHJ*21]

equality

Fairness through un-
awareness [KLRS17]

Fair inference [NS18]

Cl9

PPP(u,l) =~ PPP(p,l)

where/ € L

PPV(u) =  PPV(p)
- TP

where PPV (g) = 6]

FPR(u) =  FPR(p)
- FPQ)

where FPR(g) = N

(TPR(u) = TPR(p))

A (FPR(u) = FPR(p))
= TP

where TPR(g) = )

FN(1) ~ FN(p)

FP(u) FP(p)

Test method: classifi-

cation output equals
to classification output
with swapped sensitive
attribute

Test method: no illegit-
imate paths to predic-
tion in a causal graph.

lected by the classifier: Positive Predicted Probability (PPP), or be-
ing assigned to the positive predicted class.

This definition is satisfied in case individuals in both protected
(p) and unprotected () groups have an equal probability of being
selected by the classifier (PPP) given one or more legitimate at-
tributes (L) such as, experience, place of residence, etc.

This definitionis satisfied in case the Positive Predicted Value (PPV)
- or precision - of both the protected and unprotected groups is
equal, meaning that the probability of an applicant that s predicted
to be selected by the classifier, is equal to actually being hired.

This definition is satisfied in case the False Positive Rate (FPR) for
both the protected and unprotected is equal, i.e, the probability of
an applicant that is actually not hired for a company, to be incor-
rectly selected by the classifier, is equal for both groups.

This definition is satisfied in case the True Positive Rate (TPR) for
both the protected and unprotected groups are equal , meaning
that the probability of an applicant that is actually hired for a com-
pany to be selected by the classifier and the probability of an appli-
cant that is actually not hired to not be selected by the classifier, is
equal for both groups.

This definition is satisfied in case the ratio of False Positive (FP) to
False Negative (FN) is equal for both protected and unprotected
groups.

This definition is satisfied in case no sensitive attributes are used
in the decision-making process, meaning that gender-related or
nationality-related features are not used when training the classi-
fier, so whether an applicant is hired for a company or not, cannot
rely on these features. This also means that the classification out-
come should be the same for any applicant that have the same at-
tributes. Itisasimilarity measure not relying on sensitive attributes,
with no mathematical definition.

This definition is satisfied in case paths in causal graphs are classi-
fied as either legitimate or illegitimate. In case there are no illegiti-
mate paths from A to Y, a causal graph can be considered to satisfy
the notion of fair interference. No mathematical definition, as it is
based on causal reasoning, assuming a given causal graph.

4. Dataset overview
To illustrate how fairness metrics can be employed in practice, we generated a dummy dataset
of 225 candidates applying for a fictitious job position as a security guard. Each candidate is de-
scribed by age, gender and whether they live close to the job location. The job requires candidates
to be able to pass a physical strength and speed test to qualify for the position, therefore a vari-
able encodes their test result. The employer estimates a business value for a successful hire of
suitable candidate (a not suitable candidate has a negative value). Similarly, each candidate has
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an estimated loss if not hired (a skilled candidate looses more with respect to an unskilled can-
didate given, e.g., previous investments in training). Finally, each candidate is evaluated against
five different classification methods and each methods’ hiring decision is recorded. Specifically,
each candidate record consists of the following variables: mainid, age, gender, testresult,
livesnear, suitability, Value-hired, Candidate-loss-nothired, should-hire,
hired-by-expert, A1, A2, A3 and A4. The explanation of each variable follows in Table 3. Ap-
pendix Appendix 1 presents additional details on the dataset.

Table 3. Variables description.

Variable Description Count Example

mainid(hidden) Unique identifier 225 225153

Age(feature, sensitive)) Age, sensitive feature (20-49) 30 25

Gender(feature,sensitive)  Gender, sensitive feature (female, male) 2 female

testresult(feature) Outcome of strength and speed tests as job requirement (0-2) 5 1.5

livesnear(feature) Does the candidate live near to job location? 2 0

Suitability(target) Candidate suitability as function of testresult (1-4) 4 3

Value-hired Business value when hired (-10000-10000). Unsuitable candi- 4 5000
dates have a negative business value.

Candidate-loss-nothired Candidate loss when not hired (10 - 5000). The loss is higher 3 5000
for more suitable candidates. It is positive for each candidate
since all candidates want to be hired

Should-hire(target) Target variable for classification methods. It is derived from 2 1
value-hired, which is the ground truth

hired-by-expert Outcome classification method by human expert (discrimi- 2 0
nates on Suitability and livesnear with additional noise)

Al(testresult) Outcome classification method (uses testresult) 2 1

A2(testresult,30under) Outcome classification method (uses testresults and Age) 2 1

A3(Age,Gender, test) Outcome classification method (uses testresults, Age and 2 1
Gender)

A4(postive-dicr) Outcome classification method (uses testresults and age and 2 1

positively discrimination on Gender)

5. Fairness results
5.1 Recruitment as an optimization problem

Our scenario for illustrating fairness metrics usage consists of a fictitious physical security com-
pany that wants to fulfill their recruitment needs while maximizing the business value of each
hire. On the other hand, each candidate wants to be hired, however certain candidates are more
or less suitable and, consequently, would incurin a loss on their own if not hired. We codified such
considerations as Value-hired and Candidate-loss-nothired in the dataset (see Table 3). It is thus
evident that the employer seeks to hire candidates that provide the best business value, and at
the same time minimize the candidate loss by selecting the right candidates for the job. However,
theincurred loss for the business and a candidate is asymmetrical: the loss for the business is high
for a wrong hire (e.g., 10000) as opposed to a loss of an unqualified candidate (e.g., 10). In other
words, a false negative is expensive for the candidate, and both false positives and false negatives
are expensive for the business.

Following Table 3, each candidate in the hiring dataset has a Should-hire label, 1 or 0, that
means whether the candidate should be hired or not. This label represents the ground truth,
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i.e., the ideal result of the hiring procedure. Each classification algorithm (hired-by-expert,
A1, A2, A3 and A4) outputs a hiring decision based on factors described in Table 3. For exam-
ple, A2 outputs the hiring decision based on a threshold for the physical test result and age limit.
Hired-by-expert, on the other hand, simulates a human making the hiring decision based on
a subjective suitability scale (Suitability in Table 3), the candidate residence location and added
noise (to simulate human errors). We can, therefore, evaluate the performance of each classifica-
tion method based on its error rate against the ground truth.

Table 4. Overall performance metrics of the 5 classification methods.

Method TP TN FP FN Precision Accuracy Recall F1Score Value Candidate-loss
hired-by-expert 54 141 9 21 0.86 0.87 0.72 0.78 295,010 129,180
Al(testresult) 57 110 40 18 0.59 0.74 0.76 0.66 95,120 102,980
A2(testresult,30under) 49 127 23 26 0.68 0.78 0.65 0.67 205,100 145,130
A3(Age,Gender, test) 53 127 23 22 0.70 0.80 0.71 0.70 230,090 126,120
A4(postive-dicr) 33 122 28 42 0.54 0.69 0.44 0.49 10,080 227,060

Table 4 shows the basic performance metrics for each classification algorithm. The hired-by-
expert has the overall best performance, e.g., few FPs (9) and FNs (21), almost on par with A3.
Al and A4 have the worst performance of them all, with a high amount of FPs (40) and FNs (42),
respectively. We included two extra columns for business value and candidate loss that represent
the total value for the right (TP) and wrong decisions (FP). For instance, the algorithms A2 and A3
have a comparable performance while providing significantly different values for hire due to the
underlying features used by the classifier. We can visualize it better in Figure 1.

hired-by-expert 4
Al(testresult) 4
A2(testresult,30under) 1

A3(Age,Gender, test) {

Value
A4(postive-dicr) Candidate-loss
0 50,000 100,000 150,000 200,000 250,000 300,000

Value / Candidate-loss

Figure 1. Barchart of business value and candidate loss. The differences between the classification algorithms are evident
in terms of monetary value/losses, with hired-by-expert scoring best and A4 scoring the worst.

Figure 1 suggests that the business value is maximized by the hired-by-expert with A3 following
suit. Interestingly, this is not necessarily true for the candidates point of view: the lowest overall
candidate loss happens for Al. The lowest overall value, for both the employer and the candi-
dates, is A4. We may conclude from this evaluation that hiring expert and algorithm A3 are the
best options for a business decision.

To appreciate the differences of how each algorithm classifies candidates to hire with the re-
lated discrimination conditions, we show a scatterplot of hiring predictions by age and test result
for the actual hires, hired by expert and Al in Figure 2. Furthermore, Figure 2 encodes the marker
color for the hiring decision (algorithms output) and marker shape for the gender variable. For ex-
ample, the figure shows that Al(testresult) advises to hire only individuals that pass the test with
a score higher than 1, irrespective of age and gender. On the other hand, the hiring by expert does
not rely exclusively on the test score and includes candidates even with lower test scores. The
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ground truth (Should-hire), displays the actual hires across various ages, gender and test results.
Figure 6 in Appendix 1 shows hiring decisions for the remaining algorithms.

True outcome (Should-hire(target)) Method: hired-by-expert Method: Al(testresult)

2.0 o 1 ® L ex ¥x 2.0 xex x % % 2.0 *2x ® x x

® g % 5 x. ‘ xy ® @a X ue Fxx « 3O B » xg .
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Figure 2. Scatterplot of hiring outcomes for ground truth (1st plot), hiring-by-expert and A1 methods against test score
and age. The markers are coded by shape (female/male) and color (hired/not hired). The differences in hiring decision
are evident by looking at the three methods discriminate by test result, age and gender. A jitter is added to the Y-axis to
improve the visualization as otherwise the markers would be superimposed on discrete values [Leel7].

Itis therefore clear that the various algorithms of rely on different features to label a candidates
as hired/not hired, which conditions they overall performance. What is interesting to explore is
how do these classification methods, including the hired-by-expert, fare in terms of fairness.

5.2 Individual fairness

In Section 3.3, we mentioned that we would not consider individual fairness in the normal way
using similarity metrics. Instead we consider the fairness towards each individual using the met-
rics hiring rate and recall. These metrics capture how many candidates get the desired outcome.
We will also look at precision to consider the quality of the algorithms from the employer point of
view. Figure 3 shows the metric values for each algorithm.

Selection Rate Recall Precision
hired-by-expert
Al(testresult) q
A2(testresult,30under) 4
A3(Age,Gender, test)
A4 (postive-dicr) 4
0.0 Ojl Oj2 0j3 0?4 0.0 0j2 Oj4 0?6 0.00 0_'25 O_'50 0_'75
Metric value Metric value Metric value

Figure 3. Selection rate, Recall (candidate perspective) and Precision (business perspective) across algorithms.

It is immediately clear that the algorithms differ significantly on these overall metrics. The
highest selection rate (hiring rate) belongs to Al which would hire more than 40% of candidates.
Recall, on the other hand, captures the fraction of relevant candidates being hired, with Al and
hired-by-expert being the most fair to the individual. Finally, the precision metric tells us that
hired-by-expert is by far the best one minimizing false positives (costly errors for the employers).

From the candidate perspective, we may conclude that the preferred algorithms by most can-
didates in terms of individual fairness is A1, with the highest Recall and the higher likelihood of
being hired (an overall large selection ratio). From the business perspective, hired-by-expert is the
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best option as precision is maximized. Candidates have a lower chance of getting hired (low selec-
tion ratio). There is thus an apparent conflict between the needs of the business and the needs of
candidates. In a detailed fairness assessment, one could decide trying to finetune all algorithms
to have the same recall before comparing these algorithms. This would make the algorithms eas-
ier to compare. Such finetuning is however not always possible: in many cases including with this
dataset there are not enough different test scores to get every selection rate.

These observation about the overall fairness towards individuals, however, do not tells us any-
thing about specific groups that may be discriminated (as suggested by Figure 2). To say whether
our selection algorithms are fair towards different groups in our candidate pool, we need to inves-
tigate group fairness.

5.3 Group fairness

Following the overview of the definitions in Table 2, it is possible to illustrate the fairness met-
rics using our hiring dataset. In the dataset, there are two sensitive variables: Age(feature,
sensitive) and Gender (feature,sensitive). An additional variable that can be used to dis-
criminate candidatesis 1ivesnear (feature). For our examples, we need to select the protected
group(s) within the sensitive attributes. A sensible choice that accounts for our realistic scenario
is candidates over 40 years old (Age>40) and female candidates, as both groups can be potentially
disadvantaged (legitimately or not). One could decide based on domain knowledge or based on
expert interviews tp also consider ‘lives near’ as a sensitive attribute. One could also argue that
this is non-sensitive, to differentiate candidates by a legitimate attribute. In the following tables,
we compute the first five fairness metrics to allow a tabular representation for readability reasons.
The remaining two (Fairness through unawareness and Fair inference) are described in their own
subsections.

In Table 5, we compute the defined fairness metrics by accounting for the sensitive attribute
Age with p=Age> 40 (and u=Age < 40). We canimmediately see that Group fairnessis not satisfied
for all algorithms except A4. Specifically, the selection rate for candidates over 40 is consistently
lower than for individuals below 40. A2 and A3 do not select individuals > 40 at all, which has the
consequence of failing all the fairness tests in Table 5. Predictive Parity and Treatment equality
are not satisfied for all the classification methods. Predictive equality is the satisfied for all cases
except A2 and A3. Overall we can conclude that all algorithms are mostly unfair towards candidates
over 40, with few exceptions for hired-by-expert and A4.

Table 5. Fairness metrics for sensitive attribute Age group (p = Age > 40 and u = Age < 40).

Metric hired-by-expert Al(testresult) A2(test,30under) A3(Age,Gender, test) A4(postive-dicr)

>40 <40 Fair | »40 <40 Fair | »40 <40 Fair | »40 <40 Fair >40 <40 Fair
Group 0.35 0.15 X 0.51 0.28 X 0.49 0.00 X 0.52 0.00 X 0.27 0.28 v
fairness

Pred.par. 0.88 075 X | 067 032 X | 068 000 X | 070 000 X 067 032 X
(PPV)
Pred.eq. 007 005 | 030 023 | 027 000 X | 027 000 X 015 023
(FPR)
Eq.odds 071, 007, v | 079, 030, X | 078, 027, X | 0.84, 027, X 041, 015 X

(TPR,FPR) 0.75 0.05 0.58 0.23 0.00 0.00 0.00 0.00 0.58 0.23
Treat. eq. 3.00 1.00 X 052 033 X 0.61 inf X 0.43 inf X 285 0.33 X
(FN/FP)

Count 78 147 78 147 78 147 78 147 78 147
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Table 6 shows gender as the sensitive attribute, with female candidates being the protected
group (p=female). Group fairness is achieved only in A2 and A4, with A2 not making strong distinc-
tions between female and male candidates. Predictive parity is satisfied for all except A3 (more
precise for female candidates), and Predictive equality is not true for A1 and A3 (unbalance of FPs).
Interestingly, only the ‘human expert’ method and A3 are fair by Equality of odds, which is one of
the strictest fairness metrics. Treatment equality is not satisfied by any of the methods. With sen-
sitive attribute Gender, three algorithms (hired-by-human, A2 and A4) ca be considered relatively
fair by three different metrics. It appears, therefore, that the classification methods are overall
more fair towards female candidates, as opposed to candidates over 40 years old.

Table 6. Fairness metrics for protected attribute Gender (p =female and u =male).

Metric hired-by-expert Al(testresult) A2(test,30under)  A3(Age,Gender, test) A4(postive-dicr)
female male Fair | female male Fair | female male Fair | female male Fair female male Fair
Group
0.34 0.16 X 0.48 0.33 X 0.35 0.27 v 0.43 0.16 X 0.24 0.33 v
fairness
Pred.-par ;64 092 o« |o061 05 o~ |073 05 X | 070 067 < |05 052 o
(PPV)
Pred-ed 409 002 v | 031 020 X |o016 015 < |o021 007 X | 018 02 <
(FPR)
Eq. odds
0.73, 0.02, V 0.87, 0.20, X 0.73, 0.15, V 0.53, 0.07, X 0.87, 0.20, X
(TPR,FPR) 0.72 0.09 0.73 0.31 0.63 0.16 0.75 0.21 0.33 0.18
Treat-eq. 400 212 x | o017 o057 X | 044 157 X | 175 o079 x | o017 250 X
(FN/FP)
Count 75 150 75 150 75 150 75 150 75 150

Finally, let’s consider the case of ‘livesnear’ attribute. Table 7 shows the fairness metrics with
sensitive attribute Gender for candidates that do not live near the job location (livesnear=0). By
comparing Tables 7and 6, it is clear that certain fairness definitions for the protected group p =female
do not hold anymore when considering the control variable livesnear. Specifically, for livesnear=0,
Group fairness for A2 is lost (here called Conditional Group fairness as per definitions in Table 2).
The same for Predictive parity, according to which, fairness was achieved in Table 6 for the majority
of the classification methods, but in Table 7 it holds only for A4. Interestingly, Predictive equality
(similar FP rates) does not change for Gender attribute with and without considering lives near.

There are other possible combinations to check for fairness, such as using ‘livesnear’ as a sen-
sitive feature, female candidates over 40 (p=female and Age>40) or even female candidates over
40 living far away (p=female and Age>40 and |=0). However, we omit the discussion of such cases
for readability reasons and, instead, provide an example in Appendix 1 (where the p=female and
Age>40 combination in Table 11 leads to only Predictive equality to be satisfied with hired-by-
expert).

5.3.1 Fairness through unawareness

Another interesting fairness definition in Table 2 is Fairness through unawareness whereby the
algorithms should not use any sensitive feature for classification (Age and Gender). This is an im-
portant fundamental fairness definition that can be required in certain domains. E.g. Article 9
of the GDPR[Eur16] explicitly forbids the processing of the special features ethnic origin, political
opinions, religious or philosophical beliefs, trade union membership or sexual orientation unless
there is a strong reason to do so. So any algorithm using these features in a situation like hiring
isillegal in the EU. Many national laws have similar anti-discrimination clauses. Fairness through
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Table 7. Fairness metrics for attribute Gender and control attribute ‘livesnear’ (p =female, u =male and / =livesnear).

Metric hired-by-expert Al(testresult) A2(test,30under) A3(Age,Gender,test) A4(postive-dicr)

female male Fair | female male Fair | female male Fair | female male Fair | female male Fair

Conditional Group fairness
livesnear=0  0.05 0.19 X 0.24 0.50 X 0.22 0.40 X 0.14 0.47 X 0.24 0.20 v
Pred. parity (PPV)
livesnear=0  0.50 0.69 X 0.44 0.60 X 0.50 0.71 X 0.80 0.64 X 0.44 0.50 v
Pred. equality (FPR)
livesnear=0  0.03 0.09 v 0.16 0.32 X 0.12 0.18 v 0.03 0.27 X 0.16 0.16 v
Equality of odds (TPR,FPR)

livesnear=0  0.20, 035, X 0.80, 081, X 0.80, 0.70, v 0.80, 081, X 0.80, 027, X
0.35 0.09 0.16 0.32 0.12 0.18 0.03 0.27 0.16 0.16

Treat. eq. (FN/FP)
livesnear=0  4.00 4.25 X 0.20 0.36 X 0.25 0.75 X 1.00 0.42 X 0.20 2.71 X
Count
livesnear=0 37 70 37 70 37 70 37 70 37 70

unawareness through unawareness can be evaluated for algorithms if one has access in two ways.

* Onecaninspect the code to understand the underlying logic, and check if the algorithm makes
use of sensitive features. This can for instance be done to see that A1 does not use gender or
age in its decision making. One could call this a white-box approach since you would look into
the algorithm itself.

* One can run the algorithm on modified data. You change the values of all sensitive features,
to see if there is any combination of sensitive feature values and see if there is any change
in outcome. If the outcome changes for any input and any combination of changed features,
the algorithm does not satisfy fairness through unawareness. This method is the black box
approach since you consider the algorithm a black box that you cannot inspect.

We used the black-box approach to determine whether the algorithms A1,A2,A3 and A4 satisfy
fairness through unawareness with respect to Age and Gender. We could not determine whether
the hired-by-expert method satisfies fairness through unawareness. If one does not have access to
the code or rules used, one cannot determine if a method satisfies fairness through unawareness.
This is an important practical limitation for this fairness definition.

One imprerfect but practical way to report on whether an algorithm satisfies fairness through
unawareness is by comparing the methods’ performance metrics with modified data with those of
the original dataset (see Table 4): in case an algorithm differs in terms of TPs and TNs (or FPs and
FNs), then they can be considered as not satisfying the Fairness through unawareness definition.

Table 8. Performance metrics compared with Age and Gender unaware classification methods.

Original Age Unaware Gender Unaware
Method TP TN FP FN | TP TN FP FN | TP TN FP FN
Al(testresult) 57 110 40 18 57 110 40 18 57 110 40 18

A2(testresult,30under) 49 127 23 26 | 57 110 40 18 | 49 127 23 26
A3(Age,Gender, test) 53 127 23 22 | 73 69 81 2 | 58 116 34 17
A4(postive-dicr) 33 122 28 42 | 27 136 14 48 | 26 131 19 49

Table 8 shows that the hired-by-expert, A3 and A4 change the classification outcome for both
sensitive features and, therefore, do not satisfy the definition of fairness through unawareness.
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5.3.2 Fairinference

The definition of fair inference assumes that there is a known causal graph that shows the relation
between features in the dataset. This is often not the case: one needs additional information from
domain expert interviews or from inspecting the code of algorithms to obtain such graph. In many
real world situations, the relations between features are not known and a causal graph cannot be
made or can only be made by making assumptions. This is an important practical problem of
inference based fairness metrics.

For our dataset, we do know have this information and we can create a directed graph with
features as nodes relationships between features as edges. The solid lines are relations derived
from inspecting the algorithm. The dotted lines are relations based on claims from domain ex-
perts and are thus somewhat subjective. Figure 4 shows A1, A3 and hired-by-expert as an example
of casual graph. The ‘hire’ node is the outcome of the classification method, the remaining nodes
are attributes of the dataset, the edges represent the relationship (a dotted edge represents a re-
lationship with a proxy variable [VR18]). Age and Gender are our sensitive attributes.

Fairness in Fair inference has been summarized in secondary literature as the absence of an
illegitimate path from any attribute to the outcome node[VR18]. In the original source[NS18] they
use a rather complicated statistics based approach using probability distributions and tolerances
to formalize this notion. This makes this fairness definition hard to apply.

Toillustrate the principle behind fairinference, we made an example for the method Al(testresult)
in Figure 4. Al uses the ‘Test result’ to make the hiring decision, and ‘Test result’ derives from a
‘Speed test’ and a ‘Lift test’ (see Table 3). Age and Gender have an impact the latter two (the do-
main knowledge suggests that age affects physical speed and gender strength). There is a path
between the sensitive variables and the outcome, consisting of two edges. As another example,
the directed graph of A3(Age,Gender,test) has a direct path from Age and Gender attributes that
condition the ‘hire’ node and is thus definitely not fair according to fair inference. Finally, we tried
to make a direct graph for hired-by-expert based on assumed domain knowledge and observable
correlations in the dataset. Suitability derives directly from ‘Speed’ and ‘Lift test’ (each with a sen-
sitive proxy variable).

A3 hired-by-expert

A1
’

Figure 4. Causal graphs for Al, A3 and hired-by-expert algorithms based on the dummy dataset generation. Nodes repre-
sent attributes (‘hire’ is the outcome variable) and edges relationships (dotted edge connects a proxy variable).

6. Discussion and Conclusion
6.1 Discussion
In this paper we have shown the complexity of assessing fairness.

First of all, throughillustrating the various fairness definitions identified by the paper of Verma [VR18]
on our example dataset and multiple algorithmms, we proved that different fairness definitions
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are indeed different and will lead to different outcomes. One example is that we show the possibil-
ity ofindirect discrimination: that itis possible for algorithms to be unfair even when the algorithm
does not discriminate directly. By looking at the various fairness tests in Section 5.3, it becomes
evident that a gender bias against female applicants only occurs for some fairness definitions and
some algorithms. For instance, hired-by-expert and A2 are fair algorithms according to Group fair-
ness (A2), Predictive parity (hired-by-expert), Predictive equality and Equality of odds (Table 6)
and Gender unawareness (A2 in Table 8). Age-wise, the majority of algorithms score low on fair-
ness and thus discriminate more strongly for candidates over 40 (Table 5). Of course, A4 also scores
well in fairness for both Gender and Age as it is designed to include female and >30 candidates.
What we would like to focus on, however, are the contradictions between the various metrics.
A better way to visualize such contradictions is in Table 9. Table 9 show that four different algo-

Table 9. Examples of contrasting fairness outcomes across algorithms and fairness definitions.

hired-by-expert  Al(testresult) A2(test,30under) A3(Age,Gender,test) A4(postive-dicr)

Group fairn. X X X X v
-Age

Eq. odds v X X X X
-Age

Fairn. unawar. unknown v X X X
-Age

Group fairn. X X v X v
- Gender

Pred. parity v v X v v
- Gender

Fairn. unawar. unknown v v X X
- Gender

rithms can be considered fair for candidates>40 and unfair at the same time according to three
different fairness definitions (Group fairness, Equality of odds and Fairness unawareness). Simi-
larly, Gender-wise, Group fairness holds for A2, while Predictive parity holds for all except A2. Fair
inference flags any of classification methods that directly employ Age or Gender as unfair.

This brings us to the crucial point where there is no simple rule on which is the best fairness
definition to use in all situations and, sometimes, not even in a given situation such as ours.

Secondly we have shown that importance of specifying which features are considered sen-
sitive. It is often not the case that there is only one sensitive feature. In this dataset there are
two features that are often considered sensitive (age and gender) and perhaps a third feature that
could also be considered sensitive (lives-near). One needs to decide based on domain knowledge
what features and hence groups to consider. It is recommended to define multiple to be protected
groups, by combining sensitive features.

Thirdly we have shown that some definitions are difficult to apply in practice due to practical
challenges. Group fairness cannot be determined based on decision data alone. One needs access
to the algorithm. This is for instance shown in Table 9 where it is unknwown whether the expert
method satisfies fairness through unawareness. We also discussed common metrics fair inference
and individual fairness through similarity metrics and explained why these are not easy to apply.

Fourthly, it is remarkable that all of the fairness metrics do not use the information available
about the value of each hire to the business or the loss of each candidate. All these metrics assume
a candidate should be definitely hired or definitely not hired and do not account for the fact that
some candidates are marginally suitable or unsuitable. This limited view makes it much hard to
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optimize business value and societal value and makes some algorithms seem needlessly unfair.
We would recommend the development of new metrics wich take the differences in values into
account, or that at least allow for decisions to be acceptable either way.

Fifthly, we would like to point out that fairness metrics are often introduced without clearly
stating an acceptable tolerance. This makes it harder for auditors and implementers to reach an
overall conclusion on fairness. Especially when you decide to do a thorough fairness review by
considering multiple sensitive features, there is a risk of finding no algorithm acceptable.

Thisis shown in Table 11 The table shows a detailed analysis of multiple methods against mul-
tiple definitions considering only one subgroup. In all but one comparising in the table the metrics
are not approximately equal, and one thus needs to call these algorithms unfair. For our Age>40
test scenario, with 78 over the total 225 candidates, the vast majority of fairness definitions are not
satisfied by the classifiers, indicating that there isindeed some form of age-related biasin the data.
The same occurs with Gender and ‘lives near’ attributes (), where only few metrics are satisfied,
and even more so for female candidates over 40 years old (Table 11).

6.2 Conclusion

In this work, we tackled the open problem of illustrating the various definitions of fairness metrics
in machine learning. We have reviewed the relevant literature on fairness and provided a selec-
tion of relevant fairness definitions. The main contribution of this paper lies in illustrating these
definitions by means of an artificial dataset of a realistic hiring scenario. The use of an artificial
dataset is beneficial since it means that the dataset can be reused and shared without any restric-
tions or privacy risks. We conclude with a discussion on the contrasting results, the importance of
the socio-technical context and domain knowledge for the application of fairness definitions.

We conclude that decision makers, algorithm auditors and supervisory authorities should ap-
ply relevant domain knowledge to assess how the various metrics align with business goals, le-
gal obligations and company values and not blindly describe one metric and one to be protected
group.

For instance, it might be more important to prioritize equality of odds (where truly qualified
candidates have equal opportunity, and similarly, unqualified candidates face equal probabilities
of being incorrectly selected across groups). Or on the other hand, group fairness (statistical par-
ity) might be prioritized to improve demographic representation at the cost of the overall accuracy
and business value. Every such situation has it’s own sensitive nuances that can lead positive re-
sults but carry unwanted consequences, such as the case with positive discrimination policies.

6.3 Suggestions for further research

* There are numerous additional fairness definitions we have not covered in our examples, and
disparate applicable scenarios where to make similar considerations to ours. For instance,
among the reviewed literature, there remain metrics such as False negative error balance [Cho17,
HPS16, KLRS17], (conditional) accuracy equality [BHJ*21], test-fairness [Cho17, HPS16], well-

calibration [KMR16], balance for positive and negative class [KMR16], causal discrimination [GBM17],

fairnessthrough awareness [DHP*12], counterfactual fairness [KLRS17] and no unresolved and
no proxy discrimination [KRCP*17]. It would be interesting to first investigate these metrics
and then make a decision to determine the type of problems tehse metrics are suitable for.

* Other future work should be done to determine what people mean exactly when they want
fairness in specific situations(e.g., candidate hires, fraud detection, but also price predictions
or size estimations) using surveys, interviews or experiments. This could provide audit guide-
lines on which fairness definition to use.



18 Burda & Van Otterloo

* Most fairness research is focused on fairness in binary classification, assuming people are ei-
ther completely suitable or completely unsuitable. Further research is needed into more nu-
anced metrics that would take into account that suitability for a function is a gradual concept.

* It would be helpful to have audit tools or guidelines on how to compute overall fairness over
many different groups or using multiple metrics.

6.4 Conclusion
Acknowledgments
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Appendix 1. Appendix

Table 10 shows the dummy data used to generate the synthetic candidates in our dataset. For in-
stance, thefirst row in the dataset (mainid 225000) is build by looking up the first rows of Tables 10a
and 10b and fetching the respective Age, Gender, Speed, Speedtest, Strength and Lifttest. Once
15 such rows are fetched, a modulo 15 operation on the lookup operation restarts the counter to
zero till 225 (15*15) dummy candidates are generated. As a final step, we add jitter (a randomized
increment between 0 and 9) to the Age variable to provide a realistic feeling to the data.

Table 10. Dummy data used to generate the candidates dataset.

Id Age Gender Speed Speedtest Id Age Gender Strength Lifttest
0 20 any 2 1 0 any male 6 1
1 20 any 2 0.5 1  any male 6 1
2 20 any 1 1 2 any male 6 1
3 20 any 1 0.5 3 any male 6 0.5
4 30 any 2 1 4 any male 6 0.5
5 30 any 1 1 5 any male 5 1
6 30 any 1 0.5 6 any male 5 1
7 30 any 0 0.5 7 any male 5 0.5
8 40 any 0 1 8 any male 4 0.5
9 40 any 1 0.5 9 any male 4 0

10 40 any 1 0.5 10 any female 6 1

11 40 any 0 0.5 11  any female 5 0.5

12 40 any 0 1 12 any female 5 0.5

13 40 any 0 0.5 13 any female 4 0.5

14 40 any 0 0 14 any female 4 0

(a) Data for speed and speedtest variables (age-dependent) (b) Data for Strength and Lifttest variables (gender-dependent)

Figure 5 shows the distributions for relevant features such as Age (mean=35.8, std=8.5, min=20,
max=49), Gender (female=75, male=150), testresult (mean=1.2, std=0.5, min=0.0, max=2.0) and
Suitability (mean=1.9, std=1.1, min=1.0, max=4.0).

Table 11. Fairness metrics for protected attributes Gender and Age (p =female and Age>40, u =rest).

Method Group Group fairness  Pred. par. (PPV)  Pred.eq. (FPR) Eqq. odds (TPR,FPR)  Treat. eq. (FN/FP)  Count
hired-by-expert female>40  0.08 0.50 0.04 1.00, 0.04 0.00 24
hired-by-expert rest 0.30 0.87 0.06 0.72,0.06 2.62 201
Fair X X v X X X
Al(testresult) female>40  0.12 0.33 0.09 1.00,0.09 0.00 24
Al(testresult) rest 0.47 0.60 0.30 0.76,0.30 0.47 201
Fair X X X X X X
A2(testresult,30under)  female>40  0.00 0.00 0.00 0.00, 0.00 inf 24
A2(testresult,30under)  rest 0.36 0.68 0.18 0.66,0.18 1.09 201
Fair X X X X X X
A3(Age,Gender, test) female>40  0.00 0.00 0.00 0.00, 0.00 inf 24
A3(Age,Gender, test) rest 0.38 0.70 0.18 0.72,0.18 0.91 201
Fair X X X X X X
A4(postive-dicr) female>40  0.12 0.33 0.09 1.00, 0.09 0.00 24
A4(postive-dicr) rest 0.29 0.55 0.20 0.43,0.20 1.62 201

Fair X X X X X X
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Figure 5. Distribution of Age, Gender, testresult and suitability attributes. There is notable prevalence of male applicants,
slightly over 30 years old candidates. The testresult most often occurs between 1 and 1.5, and suitability is most often on
1.
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Figure 6. Scatterplot of hiring outcomes for A2, A3 and A4 against test score and age. The markers are coded by shape
(female/male) and color (hired/not hired). The differences in hiring decision are evident by looking at the three methods
discriminate by test result, age and gender.
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Figure 7. Causal graphs for A2 and A4 algorithms based on the dummy dataset generation. Nodes represent attributes
(‘hire’ is the outcome variable) and edges relationships (dotted edge connects a proxy variable).
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