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“It’s the most fair thing to do, but it doesn’t make any sense”
Perceptions of Mathematical Fairness Notions by Hiring
Professionals

PRIYA SARKAR, Delft University of Technology, The Netherlands
CYNTHIA C. S. LIEM, Delft University of Technology, The Netherlands

We explore the alignment of organizational representatives involved in hiring processes with five different,
commonly proposed fairness notions. In a qualitative study with 17 organizational professionals, for each
notion, we investigate their perception of understandability, fairness, potential to increase diversity, and
practical applicability in the context of early candidate selection in hiring. In this, we do not explicitly frame
our questions as questions of algorithmic fairness, but rather relate them to current human hiring practice.
As our findings show, while many notions are well understood, fairness, potential to increase diversity and
practical applicability are rated differently, illustrating the importance of understanding the application domain
and its nuances, and calling for more interdisciplinary and human-centered research into the perception of
mathematical fairness notions.
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1 INTRODUCTION

In present-day society, many aspects of unfairness and inequality exist. For example, in credit risk
scoring, considerable disparities exist between risk score distributions of different racial groups,
which will affect the economic opportunities of members from these groups [42]. In academic
promotions, the career advancement of women may be hampered by gendered stereotypes, without
these stereotypes being recognized and acknowledged [97]. In hiring, discrimination towards ethnic
minorities has been observed in different countries [43], where reasons both lie with different ways
of resume presentation, as well as human capital disadvantages.

Concerns about unfairness in human resources processes (e.g., workplace circumstances, hiring
policies, career advancement opportunities) are increasingly recognized as an organizational
operational concern. In response, Diversity, Equity and Inclusion (DEI) frameworks and offices are
increasingly established, that seek to implement fairness-promoting strategies in the policies of
organizations [28, 38, 20]. The people working on implementation of such policies tend to need to

Authors’ addresses: Priya Sarkar, priyasarkar.contact@gmail.com, Delft University of Technology, Postbus 5, Delft, The
Netherlands, 2600 AA; Cynthia C. S. Liem, c.c.s.liem@tudelft.nl, Delft University of Technology, Postbus 5, Delft, The
Netherlands, 2600 AA.

This work is licensed under a Creative Commons Attribution International 4.0 License.
BY

© 2024 Copyright held by the owner/author(s).
ACM 2573-0142/2024/4-ART83
https://doi.org/10.1145/3637360

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW1, Article 83. Publication date: April 2024.


HTTPS://ORCID.ORG/0009-0005-7541-1829
HTTPS://ORCID.ORG/0000-0002-5385-7695
https://doi.org/10.1145/3637360
https://orcid.org/0009-0005-7541-1829
https://orcid.org/0000-0002-5385-7695
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3637360
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3637360&domain=pdf&date_stamp=2024-04-26

83:2 Priya Sarkar and Cynthia C. S. Liem

push against an established and institutionalized status quo, with role ambiguity, lack of support,
and tokenism (being singled out as a ‘token’ representing a minority, because of being a member
of this minority) [107]. This makes them vulnerable to burnout [84, 104], while at the same time,
pressure exists to make DEI interventions more evidence-based, while little data is still available
on their impact [104].

In parallel, society has turned increasingly digital, and algorithmic systems have increasingly
been proposed as ways to automate decision-making and prioritization processes. Often, these are
based on machine learning, and optimized for recognizing and reproducing statistical patterns in
existing data. Various minoritized authors have warned that these technologies have predominantly
been designed by privileged white males, who have been oblivious to large-scale deployment
having adverse consequences for vulnerable populations [79], with sexist [26] and racist [78, 6]
impacts.

Within the machine learning (ML) community, unfair social impact of predictive methods has
also increasingly been recognized as a concern. In response, on the algorithmic side, research on
ML fairness gained traction, which led to a broad range of mathematical fairness notion proposals
(e.g., [23, 42, 8, 55, 21, 37, 30, 57, 52]), that can quantitatively be used as optimization or auditing
criterion in data-driven systems. To ease adoption, several toolkits implementing these notions
have been proposed, such as the IBM Al Fairness [5] and FairLearn [11] toolKkits.

These notions and libraries may imply that undesired biases in a presently unfair world can be
fixed through computational means. The presence of debiasing strategies also is being explicitly
used as a selling point by vendors offering data-driven assessment solutions—even though how
debiasing will exactly be done tends to remain underspecified [87]. However, the problem is more
complicated, as translating real-world problems to data and problem framing compatible with
machine learning frameworks is a highly non-trivial matter [81, 27, 44, 82].

This raises questions of operationalization: how do design requirements concretely translate
into technical choices, and which fairness notion would one choose to implement? In applications
of algorithmic decision-making such as in credit risk scoring [42, 90, 89], criminal recidivism
prediction [2, 34], or hiring [98, 13, 102], operationalization choices intended to increase fairness
were shown to actually perpetuate inequality, adversely affecting minority populations. The various
possible mathematical fairness notions capture fundamentally different world views [74, 36], that
mathematically cannot be satisfied at the same time [36, 77]. Furthermore, questions of measurement
bias and overarching questions of experimental validity have not trivially been included in machine
learning methodology [47, 64, 44, 27, 100].

It also should be noted that the algorithmic take on fairness has been led by computer and data
scientists. However, with questions of fairness and (in)justice being situated in more systemic
social scenarios, it will be appropriate to rather contextualize algorithmic fairness discussions at
interdisciplinary crossroads [27, 91, 60, 71]. Here, the computationally and non-computationally-
minded stakeholders may think they speak of the same problem, but actually depart from different
underlying assumptions on which aspects of the problem need the deeper research [64, 95].

In this article, we seek to initiate such an interdisciplinary discussion, by exploring the alignment
of organizational representatives involved in hiring and DEI processes on five different, commonly
proposed mathematical fairness notions. Potential advantages of these fairness notions are that
they are explicit with clear boundary definitions. As such, they may be a way to very crisply define
policy, and thus aid in making DEI policy more tangible, principled and evidence-based. However,
as potential disadvantages, they may take a very simplified and unimplementable take on the hiring
and selection process, and not be understandable to professionals who may not be mathematically
inclined.
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Our research question therefore is: How do organizational representatives understand and
perceive different mathematical fairness notions in the context of early candidate selection
in hiring? We answer this question by qualitatively investigating our participants’ conceptual
understanding, perception of fairness, perception of diversity and judgment of applicability of
using the different mathematical fairness notions during the early candidate selection in hiring.
The organizational representatives comprise professionals in executive functions, talent acquisition,
HR, organizational psychology, and diversity and inclusion operations.

Our study offers several contributions to the field. First, there still is much less empirical work
on human perceptions and considerations of technical fairness notions and interventions, than
there are proposals of new mathematical notions or interventions. The nascent field focusing on
human perception of fairness is limited to lay people’s, user’s or ML designers understanding of
various fairness scenarios [94, 89, 41, 58, 50, 27, 91, 62, 60]. With our work, we broaden the scope
by engaging participants who are already professionally committed to addressing questions of
fairness, albeit from a very different methodological angle than that of the algorithmic fairness
domain.

Second, within the hiring domain, our focus on early candidate selection is a novel take: much
of existing literature focused on the automation of assessment instead. In our approach, we also
purposefully will leave it ambiguous whether algorithmic processes or humans would make a
selection; instead, we primarily want to focus on the extent to which very formalized policy notions
may be compatible with current human selection practices.

Finally, in conducting this study, we have been raising awareness across fields on current best
practices. With the authors of this work being computer scientists, the study helped in gaining
deeper insight on how to navigate requirements on fairness-promoting interventions with domain
experts. At the same time, for many of the domain experts, this was the first time to be familiarized
with algorithmic and more formalized takes on fairness concepts.

2 RELATED WORK
2.1 The hiring pipeline

The hiring pipeline of organizations is broadly composed of three stages: recruitment, selection
and job offering. Recruitment focuses on targeting and attracting potential employees for different
job vacancies, with the goal of receiving job applications from interested applicants. Candidate
selection assesses and evaluates the job applicants through multiple steps of screening, tests and
interviews. In these steps, applicants are evaluated by multiple decision-makers, who select a
smaller subset of applicants with each step. Finally, the most suitable applicants from the subset
remaining in the last step are offered the jobs. Especially for the candidate selection stage, several
data-driven algorithmic decision-making interventions have been proposed, offering automated
candidate screening and assessment [19, 87, 13, 24]. Reasons for adopting such interventions
involve overcoming unconscious human judgment [54], increasing the processing efficiency [12],
and economic benefit [1].

2.2 Algorithmic systems for candidate selection

With the data-driven algorithmic decision-making systems trained to identify and replicate major
patterns in the data, leading to higher accuracy of the predictions made, there are risks of harmful
patterns such as historical prejudice or even discrimination being replicated in the new predicted
decisions [63], [16]. A study [63] on interviewing HR Managers found that while some organizations
onboard algorithmic tools after legal consultation, very few organizations undertake consultations
on the type of data, input and target variables, validation processes or debiasing solutions employed.
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This finding has implications on the organization’s policies regarding hiring: without the ability to
understand societal consequences of adopting the tool, organizations are unable to justify its use to
the effect of fair and inclusive hiring.

2.3 Algorithmic fairness notions

Many fairness notions have been proposed based on data and sometimes, domain knowledge, which
can be classified broadly as notions towards group fairness [23, 42, 8, 55, 21] or individual fairness
[37, 30, 57, 52].

Group fairness, also known as statistical fairness, seeks to treat different social groups equally [57].
With minimum assumptions of the underlying population [51], it provides statistically-fair average
guarantee for groups made of different sensitive attributes (e.g. race, education-level). For instance,
Statistical Parity [30], requires equal prediction rates across groups defined by their sensitive
feature. Other examples of group fairness notions include Equal Opportunity [42], Predictive Parity
[21], Overall Accuracy Equality [8] and Calibration [21]. In contrast, individual fairness asks for
similar predictions for similar individuals [57]. A fine-grained analysis of fairness can be achieved
by placing constraints on pairs of individuals [30]. A motivation for desiring this granularity of
fairness is that people who are less qualified should not be preferred over more qualified ones
[48]. Examples of individual fairness notions include Causal Discrimination [37], Fairness through
Awareness [30], Counterfactual Fairness [57] and No Unresolved Discrimination [52].

The mathematical implementations of different fairness notions can be targeted at different
elements of the data-driven decision-making system pipeline, such as correcting the input data [49,
17], searching for a feasible solution space [42, 106, 108], representing the features as a graphical
problem [67, 76, 52, 83], or using fair representation learning [53, 69, 25, 66]. The attempt to combine
multiple fairness notions has been met with limitations, leading to treating individuals unfairly
despite satisfying group fairness [9] or inability to mathematically satisfy multiple fairness notions
at the same time [55, 74, 2]. Furthermore, the mathematical addressing of fairness has created
concerns about the focus on trade-offs between accuracy and fairness [7, 106, 23, 32], while failing
to address fairness from a societal point, creating a mismatch between what is required to be
measured and it operationalization [47, 65].

2.4 Human-centered research on fairness notions

As the field of fairness in ML is growing, a large body of work has focused on human-centered
research. To bridge the gap between the mathematical and social context of fairness in ML, several
studies have been conducted to understand social perceptions of algorithmic decisions by lay people
[94, 89, 41, 58, 10, 29, 90] and people affected by algorithmic decisions [105, 15, 103, 59].

In studies with lay people on several scenarios, people turned out to have difficulty judging
fairness when presented with two notions and tend to prefer the simplest notion [94]. In high-stakes
scenarios, people ended up preferring Statistical Parity as the most fair [94], while in case of lending,
Calibration was the most preferred notion [89]. Some findings also suggest people’s judgment
depends on the severity and impact of decisions in fields such as recidivism [29], showing that
people’s concerns of fairness in recidivism went beyond topics of discrimination [41].

In the context of hiring, it was found that people perceive human decision to be more fair
compared to an algorithmic decision, despite the decisions being the same [58]. This finding
aligns with people’s change in perception of justice with the change in human involvement in
decision-making [10].

In situations where people are personally affected by algorithmic decision-making, it was found
that they have low trust in the systems and negative emotions are evoked regarding racial and
economic injustice [105, 15]. Moreover, people have favorability bias, where people prefer positive
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judgments and negatively perceive them if a negative judgment was received [103, 59]. These
findings can be attributed to a diverse set of human characteristics and demographics that impacts
how people perceive fairness [103, 59].

2.5 Designer and user needs in designing fair algorithmic systems

Studies into lay peoples’ perceptions on fairness show that social and human behaviors are difficult
to mathematically express [59]. Recent literature has also looked into the needs of (potential) users
or practitioners [91, 62, 60], and designers [50, 27, 87] of such systems.

On the side of the users, different fairness motivations exist based on their interaction with the
system and the context in which they use the system [60]. The users prefer to choose systems
aligned with their goals and values [91]. Many works in the human- computer interaction domain
show how to embed social values into technical systems [56, 92, 93], but fairness as a value can
cause confusing discussions in similar and different domains [75], which makes conceptualization
of fairness difficult.

The designers need more support in undertaking interdisciplinary conversations and support
in understanding the domain [27]. Moreover, they also request context specific guidance and the
ability to identify the population composition of the users the systems are designed for [27, 44, 70].

This shows the disconnect between user and designer needs to produce practical and fair socio-
technical systems [100], warranting further research. A promising direction towards participatory
and collaborative approaches is now emerging in recent literature [68, 101, 61].

3 DESIGN OF TOY EXAMPLES

In our work, we will use fictional toy examples of early candidate selections, based on various
mathematical fairness notions. In this section, we discuss how we chose the scoping of scenarios,
which mathematical fairness notions we chose to adopt, and how these were visualized to our
participants.

3.1 Scenario scoping

Before embarking on our main study, semi-structured interviews were first conducted with five
organizational professionals, to better familiarize us with the problem domain, and understand
how to scope our study such that it would be sufficiently recognizable and realistic. Following
these interviews, several choices were made. First of all, we chose to frame scenarios as taking part
in the earliest phase of candidate selection in the hiring pipeline. While later phases in the selection
procedure may more explicitly focus on vacancy-specific differences between candidate suitability,
and focus on advancing with very few people towards job offers, early stages have more focus on
removing clearly unsuitable candidates, while leaving room for still advancing with potentially
promising candidates, even though they may not be the most obvious match to a position. As such,
there often is explicit room for advancing with a diverse pool of possible candidates and focus on
aspects of fairness and broader DEI considerations.

In order to discuss scenarios in the context of fairness, a choice also had to be made on what
sensitive attributes would need to be discussed. Our interviewees mentioned gender, nationality
and ethnicity as important sensitive features. However, in current practice, gender is the only
sensitive attribute that today is explicitly available and monitored by organizations to improve
diversity, while other features in practice are not accessed or retained by organizations, also due
to moral and legal dilemmas'. Therefore, for our study, we will focus on a scenario of gender

Here, it is contextually relevant to mention that our study was conducted in the country of The Netherlands. In this
country, since January 1, 2022, a law has entered into force defining an appointment quota for the Supervisory Boards of
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imbalance. This is in line with the findings in [44], where designers do not have access to all the
sensitive features but must work with coarse-level information.

While historical data and much of current data retained by organizations classifies gender in
more categories than male and female, common mathematical fairness notions depart from a binary
take to group membership. As a consequence, we presently opt for a binary representation of
gender, and translate the gender imbalance scenario into toy examples where a particular job
position historically had been male-dominated.

Finally, many possible mathematical definitions of fairness exist, that require different types of
information. For example, some fairness definitions consider False Negatives (i.e., in the case of
hiring, rejected candidates that in retrospect should have been selected). However, as per GDPR
guidelines, applicant information cannot be retained by an organization without an applicant’s
consent, and our interviewees indicated that in practice was impossible for their organizations to
monitor how rejected candidates were faring, after being rejected by the organization. Therefore,
in our choices of fairness notions, we only could choose notions that would not consider False
Negative rates.

3.2 Chosen mathematical fairness notions

For our study, we adopt 5 different fairness notions (3 group fairness notions and 2 individual
fairness notions), which both are well-known in literature on algorithmic fairness, and realistically
applicable to early selection stages.

Formally, all of the notions can be implemented as optimization constraints in a binary supervised
machine learning classification problem. In this problem, we have a collection of N candidates,
where each candidate is represented by a given feature set X; a single binary sensitive feature, A and
true outcome, Y, which is a binary variable indicating whether a candidate was selected to advance
to the next stage or not. A classifier makes predictions Y, that should be as close as possible to Y,
while the fairness notion of interest is being satisfied. The 5 fairness notions are shown in Table 1.

Table 1. The chosen mathematical fairness notions

Fairness Name Formula Citation

Type

Group Statistical ~Parity P(Y|A=0)=P(Y|A=1) [30]
(SP)

Group Equal Opportunity P(Y=1Y=1,A=0)=P(Y=1Y=1A=1) [42]
(EO)

Group Calibration (CB) P(Y=1S=5A=0) =P =1S =s,A = [21]

1) Vs € [0,1]

Individual Fairness Through D(P(X;),P(X;)) < d(X;, X)) [30]
Awareness (FA)

Individual Counterfactual Fair- P(Y;|A; =0) = P(Y;|A; = 1) [57]
ness (CF)

listed companies, that should ensure that men and women each hold at least one third of the seats on the Supervisory Board.
Furthermore, public and private limited liability companies are required to set appropriate and ambitious target ratios to
improve the gender diversity on their boards and among their senior management personnel, and report on the current
situation yearly [40]. At the same time, where in the Anglo-Saxon countries, the collection of ethnic/racial data has been
common for the purpose of monitoring from an equality of opportunity perspective, such monitoring is formally absent in
The Netherlands, as well as many more European countries [99].
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3.2.1 Statistical Parity. Statistical parity (SP) is a group fairness notion, that requires for the
prediction Y to be statistically independent of the sensitive attribute A : P(Y|A=0)=P(Y|A=1).
This means that equal prediction rates across groups should be reached, regardless of the actual
outcome Y [30]. SP is a suitable metric when there are legal requirements of equal acceptance rates
for multiple sensitive groups. However, the downside is that it can be satisfied without satisfying
fairness. For instance, to obtain equal acceptance rates for men and women in hiring, the recruiters
can select qualified candidates from one group whereas, select only random candidates from the
sensitive group to satisfy this fairness criteria. This results in masking [4], where random candidates
instead of qualified candidates are selected in order to satisfy statistical parity.

3.2.2  Equal Opportunity. Equal Opportunity (EO) is a group fairness notion, where the positive
prediction Y should be conditionally independent of the sensitive feature, given that Y comes from
the positive class : P(Y=1]Y =1,A=0) = P(Y = 1Y = 1, A = 1). This means that the probability
of being predicted in the positive class when the actual outcome is positive should not depend on
the sensitive feature [42]. An example satisfying equal opportunity is when equal proportions of
people are selected from the qualified fraction of the sensitive group, such as men and women. This
fairness notion is useful when the False Positive (FP) rate is not important. In practice this would
mean that more unqualified employees also get selected for the next round in the hiring process,
along with the qualified employees. This can be considered fair because it gives equal opportunity
to all candidates, irrespective of the sensitive feature. This also implies that equal opportunity
should not be applied when having high FP can have consequences (e.g when firing ill-performing
employees, many well-performing employees would also get fired) [72].

3.2.3 Calibration. Calibration (CB) is a group fairness notion, requiring equal probability of
belonging to the positive class for the same predicted score S = s, irrespective of the sensitive
feature : P(Y = 1|S =5,A=0) = P(Y = 1|S =5,A = 1) Vs € [0,1] [21]. For example, for men
and women with a predicted qualification score of 0.8, there should be equal probability that their
actual outcome was positive. The same statement holds for every value of s € [0, 1].

3.24 Fairness through awareness. Fairness through awareness (FA) requires the same prediction for
any pair of individuals whose similarity falls under a given threshold [30]. For any two individuals
i and j, where P(X;) is the probability distribution over all possible outcomes of prediction for i, D
measures the distance between two probability distributions and d measures the similarity distance
between the two individuals, fairness through awareness can be written as : D(P(X;), P(X;)) <
d(X;, X;). For instance, for a binary outcome, if the probability distribution for individuals i and j
are [0.3, 0.7] and [0.2, 0.8], respectively, the distance between the distributions could be measured
by, say Hellinger distance between them which is approximately 0.08. Here [0.3, 0.7] means that the
probability of belonging to the positive class is 0.3 and the probability of belonging to the negative
class is 0.7. Now, if the similarity distance metric d between i and j is, say the Euclidean distance
between them, fairness through awareness is achieved if the Hellinger distance of 0.08 is lower
than the Euclidean distance between features of i and j. FA provides fine-grained analysis, because
it can quantify how individuals are treated. However, a major challenge of this fairness notion is
that a good collaboration is required between domain experts to define the similarity metric, which
can be different based on the context and its requirements.

3.25 Counterfactual Fairness. Counterfactual fairness (CF) is an individual fairness notion, that
requires the probability for every individual, i with A = a to get the same prediction, had the
sensitive value been A = @’ : P(Yj|A; = 0) = P(Y;|A; = 1). It looks at the causal relationship
between variables, rather than the statistical correlations between them [57]. For example, looking
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at the change in probability of receiving a positive or negative outcome for an individual with her
ethnicity flipped, can show how the model is dependent on ethnicity for the prediction, indicating
the extent of unfairness according to CF.

3.3 Visualization of the fairness notions

6 Men, 4 Women

Selected
1. Concept : Equal acceptance rate for men and women regardless of their true outcome _ Rejected
(3 candidates are
selected)
(4 candidates are
selected)
(a) Initial design of the toy example for SP
° o 3
A. Equal selection rate for men and women regardless of any known previous ww ﬂ
selection decisions. T
) ) ) . 30% selectic 30% selection rate
Example : for 100 job applicants, with 70 men and 30 female, 30% selection or men for women
rate for men gives and 30% selection rate for women gives 9 women.

Previous selection decisions about these 100 applicants are known but not Y P . I R
sed TN 44

A4

A1 A2 A3 A5 A6 A7 A8 A9 A10
Applicant pool of 7
Men and 3 Women

Previous selection o o | o o L) ‘ ‘

decisions \/ \/ \/
New selection
decisions based on
fairness notion
(b) Fmal design of the toy example for SP

Fig. 1. Design changes to the toy example

While we strive to discuss perceptions of mathematical fairness notions with organizational
representatives, it is unlikely that these representatives can easily comprehend the formal technical
mathematical definitions of the fairness notions, and conceptualize what this would look like in an
early candidate selection scenario. Therefore, we chose to visualize the chosen notions, inspired
by the design used in [94]. However, where [94] displayed the outcomes of different algorithmic
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strategies in parallel (and then found that participants preferred the most simplistic strategy), we
will discuss one fairness notion at a time to avoid possible bias towards a simpler alternative.

In a direct translation of the design in [94], toy examples would look like in Figure 1a. However, in
iterative consultation with several lab members (both with and without technical or mathematical
backgrounds), we made several changes, leading to the design as shown in Figure 1b, with the
full set of used designs being presented in Appendix A. As our visualizations were intended as
discussion-starters rather than fully optimized designs, we did not go through a full iterative design
and development process with a broader user population yet, and thus cannot yet make formal
claims on accessibility and user-friendliness of these visualizations. Still, several relevant reasonings
with regard to our design choices are discussed below.

First, the framing of an ‘algorithmic prediction’ seemed to distract from the true purpose of the
study: assessing to what extent common algorithmic notions match current practitioner thinking
about selection policies—regardless of whether human or algorithms make the selections. As
discussed in Section 2.4, people may also have different perceptions of trust in outcomes following
from algorithmic or human procedures. To avoid such bias, we removed any reference to algorithmic
procedures. Instead, the fairness notion of interest are contrasted with ‘what a previous selection
committee’ would have judged. With this change, we avoid potential response bias, as the type of
decision-maker for the same task evokes different emotions in people [58].

Next, we found the concept of ‘true outcome’ problematic in the context of hiring procedures: it
could imply an absolute ground truth that a prediction should match closely to (which is the framing
commonly seen in machine learning). To keep the option open that previously known judgments
may not necessarily be repeated, we framed the true outcome as judgments from ‘a previous
selection committee’. We did not state whether this committee would have been undesiredly biased,
but left this up to the interpretation of our study participants.

Similarly, the concepts of ‘selected’ and ‘rejected’ appeared too harsh, implying that those rejected
would be unqualified or inferior to those selected, where it actually is unknown whether this truly
would be the case. For subjects who historically would be selected, we know they positively stood
out to the party doing the selection, but for those who would not, there actually is no information
on whether these candidates actually are worse. Therefore, we chose to visually give a positive
association to those who would previously get selected, but a neutral indication for those who
would not. Additionally, the choice of a red vs. green color palette would not be colorblind-friendly,
while at the same time again evoking stronger ‘good’ vs. ‘bad’ associations than we wished to
imply. Instead, we chose to go forward with a more accessible blue vs. yellow palette.

Our conversations with independent colleagues (in particular, the person most remote to technical
work) also informed our chosen order of discussion for the different fairness notions. In line with
the finding in [94], SP was easily understood. EO was interpreted as an ‘improvement’ on SP, so
discussing SP before EO when discussing group fairness would be logical, while CB appeared hardest
to understand. As for the individual fairness notions, FA triggered less clarification discussions
than CF, and thus would be easier to discuss first.

4 METHODOLOGICAL SETUP
4.1 Recruitment

We used a combination of purposive sampling and snowball sampling [39] to recruit experts.
Initially, we sent direct e-mails to relevant professionals in the domains of HRM and Diversity
and Inclusion (D&I) operations found with the help of our network of personal connections in
industry. Next, we made announcements on LinkedIn inviting professionals in the same domains to
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Table 2. Demographic Information of Study Participants.

Job Title Experience Education Gender Ethnic Minority* Other minority**
E1l Talent Acquisition Specialist 23 years Bachelor Male No No
E2 D&I Officer 4 years Doctorate  Female No No
E3 HR Manager 24 years Master Female No No
E4 Managing Director 3 years Master Male No No
E5 Executive Board Member 5 years Bachelor  Female No Yes
E6 CEO 14 years Master Male Yes No
E7 HR Development Trainee 1 year Master Male No No
E8 HR Business Partner 4 year Master Male Yes No
E9 HR advisor 5 years Doctorate ~ Female No No
E10 D&I Advisor 8 years Master Female No Yes
E11 Chief Diversity Officer 10 years Doctorate Male Yes No
E12  Recruitment Technology Consultant 15 years Master Male No No
E13 Assistant Professor (as vacancy holder) 6 years Doctorate ~ Female No No
E14  Psychological Assessment Reseacher 40 years Master Female No No
E15 Global D&I Manager 12 years Master Female Yes Yes
E1l6 Inclusion Specialist 6 years Bachelor Male No Yes
E17 1/0 Psychologist 7 years Master Female Yes No

Ethnic Minority™ = self-reported as belonging to an ethnic minority
Other Minority** = self-reported as belonging to a minority group that faces discrimination

participate in an interview by sending us an e-mail. We also found a list of professionals working
in this field using LinkedIn, whom we contacted by sending direct messages.

We recruited experts working in The Netherlands between May and July of 2022, who had
professional experience regarding topics of diversity, equity and inclusion in the hiring domain.
Being aware that the HR field tends to largely feature white women, we also made explicit efforts
towards recruiting a diverse participant group through active LinkedIn searches. From the lists of
professionals found on this platform, we prioritized reaching out to those in minority groups.

Through these strategies, we were able to find and contact a little over 80 potential participants,
out of whom 48 responded, and 21 agreed to schedule interviews within the time-frame of the
study. We conducted the study at Delft University of Technology, The Netherlands.

4.2 Participants

Out of the 21 participants, we selected 17 for our more thorough analysis®. The professional roles
of all participants were verified with their Linkedin profile and their demographic information is
listed in Table 2. Reflecting our conscious effort to obtain a diverse participant group, our sample
consists of 9 women and 8 men, of whom 5 self-reported as belonging to an ethnic minority, 4
self-reported as belonging to other minority related to age, health, sexual orientation, immigration
and neurodiversity, and only 1 identified as belonging to both an ethnic and another minority
group. All participants work in The Netherlands, at a diverse set of differently-sized organizations,
as shown in Table 3.

4.3 Interviews

The same researcher interviewed each participant independently, either in person or online using
Microsoft Teams. The semi-structured interviews were conducted in one or two sittings, which
overall lasted 75 minutes on average. The interview began by presenting an opening statement
containing goal of the interview, participant information to be collected, purpose of audio recording,
participant’s right to withdraw from the research and contact details of the researchers. After

2We excluded 4 participants from the analysis, as in the interviews, they turned out to have insufficient hands-on experience
in HR and DEI initiatives.
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Table 3. Participant distribution over organization industries and sizes.

Employment Industry Number of Participants Organization Size

Education and Sports 1 <10
Recruitment Service 2 <10
Water Management 1 <100
Human Rights 1 <100
Arts and Culture 1 <100

Higher Education and Research 3 <1,000

Higher Education and Research 4 <10,000

FMCG 1 <70,000

Police 2 <70,000

Offshoring 1 <70,000

obtaining the participant’s explicit and voluntary consent to the opening statement, we proceeded
with the semi-structured interviews.
The interview consisted of 6 parts:

(1) Introductions were made and the participants provided their background information, shown
in Table 2.

(2) The participants were introduced to the context of early phase in candidate selection, examples
of job positions such as engineers, nurses or accountants and possibility of selecting multiple
candidates for further stages in the hiring pipeline.

(3) For each fairness notion, participants were explained the notion according to our non-

technical translation, and were asked to think out loud about their understanding, concerns,
benefits, feelings and implications of adopting this fairness notion. After participants de-
scribed their initial thoughts, they were shown the pictorial representation of the same
fairness notion and their comments were obtained.
In terms of the order of presentation, we randomly started with the set of group or individual
fairness notions. Within these sets, we retained the same order of presentation (group: SP,
EO, CB; individual: FA, CF), in line with increasing difficulty as perceived when discussing
our designs (Section 3).

(4) The discussion of each fairness notion concluded with 5-point Likert scale responses on
understanding, fairness and diversity in terms of gender, which is described in the following
questions:

e What would you rate your understanding of this fairness notion?
(1=Don’t Understand, 2=Somewhat Don’t Understand, 3=Don’t know, 4=Somewhat Under-
stand, 5=Understand)
e What would you rate this notion on fairness?
(1=Unfair, 2=Somewhat Unfair , 3=Don’t know, 4=Somewhat Fair, 5=Fair)
e What would you rate this notion’s ability to improve gender diversity?
(1=Unhelpful, 2=Somewhat Unhelpful , 3=Don’t know, 4=Somewhat Helpful, 5=Helpful)

(5) After all fairness notions were presented, the participants were asked to re-rate each of the
notions again on the same 5-point Likert scale. In doing this, we wanted to see whether a
re-evaluation after seeing all notions would lead to changed ratings.

(6) Finally, participants were asked to describe their experience of the interview and their
thoughts about using the fairness notions.
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4.4 Analysis

Audio recordings of the interviews (totaling 26 hours of interview content) were automatically
transcribed through the automatic closed captioning functionality offered in Adobe Premiere
Pro 2022 for audio interviews and Microsoft Teams for video interviews. These transcriptions
were manually checked by the two authors for correctness of translation with the help of the
corresponding audio or video recordings and later imported into the Atlas.ti software for coding.
We employed a combination of inductive and deductive coding [31, 85] to conduct a thematic
analysis [14] of the interview transcripts.

Each of the 17 interview transcripts were divided into 5 sections corresponding to the 5 fairness
notions. Initially, both authors of this paper followed an inductive approach and independently
open-coded four randomly chosen interview transcripts at sentence and paragraph level to create
codes while analyzing the transcripts. The goal of this preliminary analysis was to create a set of
codes by two coders, which would later be discussed and revised to establish a reference codebook.
The sample size of 4 transcripts (23.9%) in the preliminary analysis is a sufficient proportion to
be coded, which is recommended to be between (10-25%) [80]. Each fairness notion was coded
independently, giving codes corresponding to each fairness notion. Coding 4 interviews this way
produced 2 sets of codes by two authors for each of the 5 fairness notions.

Following this preliminary analysis, iterative discussions were held between the two authors to
compare, identify and consolidate the codes as different coders interpret and organize their codes
differently [3].The discussions were guided by the research question to establish the reference
codebook for the next part of the analysis. Discussion is an acknowledged form of inter-coder
agreement [22] which improves the reliability of the codes [45]. Quantitative measures of inter-
coder reliability prior to the discussions were not necessary, as the two coders jointly discussed
and revised the codebook, leading to alignment between the coders.

For each of the 5 fairness notions, the codebook contains the participant ID, codes given by the
authors to the sentences in the transcript and the frequency of occurrence of each code across
transcripts. For instance, participant P8’s quote when talking about Statistical Parity, “No, the
selection rate needs to go up. You need to identify your minority group and make sure it is at least 50%
of your talent pool. Otherwise you’ll never make this change.”, was assigned the high-level code of
‘diversity’, followed by the sub-code of ‘talks about minority’ and ‘can’t help’. The same sentences
were further coded with ‘suggestion for improvement’.

As one coder is sufficient to code all the transcripts after establishing a reference codebook [18],
the first author open-coded all the 17 transcripts by applying the codes from the codebook following
a deductive approach. A code was assigned to multiple sentences or paragraphs containing similar
information. As the codebook was established based on a smaller subset of transcripts, additional
relevant codes were applied to the transcripts using an inductive approach to cover concepts not
identified in the reference codebook.

Thereafter, the codes were categorized into high-level codes and sub-codes, and grouped per
fairness notion. The categorization of codes this way produced themes on conceptual understanding,
perception of fairness, perception of diversity, applicability and concerns of participants regarding
the 5 different mathematical fairness notions during the early candidate selection in hiring. The
themes are described in detail in section 5. In conducting the interviews, it was empirically observed
that the responses given by the participants became predictable after 12 interviews. Moreover, very
few new codes emerged from the last two interviews. This suggests that saturation was reached,
and the sample size of 17 participants in total was justifiable.

For each fairness notion, we collected Likert-scale ratings from our participants, to allow for more
structured visualizations of how participants rated the 3 components of understanding, fairness
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and diversity. Furthermore, this allows us for grouping rating distributions for different participant
segments (i.e, considering the respondent’s gender, or self-identified membership of an ethnic or
other minority). Finally, through alluvial plots, we visualize whether and how ratings for each of
the notions changed after the participants discussed all notions.

Given our small sample size, these visualizations should be seen as exploratory illustrations,
more than true quantitative analyses. We will therefore also refrain from drawing formal statistical
conclusions from the rating data.

4.5 Responsible research practices

With our study considering research with human subjects, Human Research Ethics Approval was
requested and granted at the main authors’ institution. Obtaining human research ethics approval
also required for the opening statement to be externally reviewed, and a separate Data Management
Plan to be written and approved. For the sake of transparency and reproducibility, we release
our codebook and corresponding participant quotes (following explicit participant consent) as
supplemental material. However, to respect the privacy of our participants, full audio recordings or
transcriptions will not be reshared.

5 RESULTS

In reporting our results, we visualize the ratings given by participants on Understanding, Fairness
and Diversity, together with breakdowns for sensitive self-reported features (Gender, belonging
to an Ethnic Minority, belonging to an Other Minority). Following our thematic analysis on the
interview transcripts, for each fairness notion, we qualitatively discuss responses to impression,
perception of fairness, perception on improving diversity, and applicability. Lastly, we discuss the
outcomes of the renewed ratings on fairness, that participants did after seeing all the fairness
notions.

5.1 Statistical Parity (SP)

Coding for SP produced 150 quotations. Rating distributions of the participants are shown in
Figure 2.

Il 1:Disagree Il 2 : Somewhat Disagree 3 : Don't Know 4 : Somewhat Agree I 5 :Agree
Understanding Fairness Diversity
Frenene I I — §
Gender M L I — ] [ |
F | I [
Ethnic MmontyYeS || [ [ | |
No I I — | I —
Other Minority"es I ||| I
No I I — | I

0 2 4 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16

Number of Participants

Fig. 2. SP - Ratings given by participants on Understanding, Fairness and Diversity of SP, along with the
distribution by gender, ethnic minority and other minority groups.

5.1.1 Impression of SP. SP was well-understood by all participants. At the same time, participants
had a wide range of thoughts and comments on the notion. Several participants expressed what
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they liked such as merit being the basis of selection (E1, E9, E12) and that the notion objectively
treats all job applicants equally (E2, E4, E6). “.it should not restrict us getting in contact with good
candidates" - E9. “creates equal opportunities for both sexes, which is positive” - E6. However, several
participants also disagreed with the notion refusing to use the notion in their organizations (E5, E6,
E8, E11, E12, E16). ‘T understand what it’s trying to do. But would I use it? Do I agree with the fairness
notion, then no." - E5. “T would never do it this way. I don’t care what the gender is in this stage. I want
to select the best candidates." - E12. In fact, several participants expressed their dislike for the notion
directly or indirectly. While some participants directly mentioned that they did not like the notion
(E5, E6, E7), others did not like gender being the basis of separation (E4, E1, E7). “I don’t like this
one. It is very well possible that these 70 men aren’t very qualified at all and then you’re going to still
hire 30% of them" - E7. “..you are making a difference on gender and it’s something we try to avoid as
long as possible.” - E4.

Some participants said that the notion favors the majority and may not help minorities (E2, E10,
E15). “I'm happy that there’s at least more than just one woman, because we often see there’s only one
woman. Looking at chances, the men have more chance of being hired than the women do in this case."
- E10. “We know that the chance of hiring female is zero. Right?" (sighs) - E11.

5.1.2  Perception on fairness of using SP. Majority of the participants argued this notion as unfair
because they feel it is not equitable (E8), is based on gender (E5, E6), is based on quota systems
(E11), skewed applicant pools (E3, E15, E16) and other factors (E1, E2). “It’s not equitable. So I think
it’s unfair”. - E8. “The whole system is not fair because you don’t want to use a quota system, right?" -
E11. On further examination, we see that many participants consider SP as fair and applicable only
in an ideal world (E2, E4, E8, E9, E13, E15, E16, E17). “Tt’s fair in theory, unfair in result. If it were a
fair world, a perfect world, then this would be a fair procedure.” - E2. According to them, theoretical
fairness is attributed to ideally treating everybody equally. “Technically, it’s still fair because of same
selection rate for men and women" - E4. However, many hesitated about the calling the notion fair.
“I think it’s fair on paper [...] it’s actually not quite fair because 30 women and 70 men applied for
the job, and it feels really wrong to have only 9 women go on to the next round" - E16. Lastly, few
participants found it quite difficult to say whether or not this notion could be called fair. “This is a
difficult one. I really would like to know why A1, A3 and A4 were chosen by the former committee and
why the decision is now different. If I don’t know why, I cannot say if it’s fair or not, or sensible." - E14.

5.1.3  Perception on improving diversity when using SP. Participants were more certain about
commenting on improving gender balance in organizations with the help of Statistical Parity. Some
participants felt positive about the notion’s ability to help diversity in terms of gender (E1, E2,
E4, E7, E9). “We have 75% men and 25% women in our company. So when we introduce this fairness
notion, then it will help to balance our company more." - E4. They liked the notion, and reasoned
that despite a skewed applicant pool, it can act as a precautionary step because final hiring can
be biased, however long the improvement takes. “You will provide possibility of balance in your
selection group but then there’s still the final selection”. - E1. “But if you really want to hit the targets,
that’s probably not going to help." - E7.

However, a larger number of participants, reasoned about the notion’s inability to improve
diversity for two main reasons (E2, E3, E5, E8, E12, E13, E15, E16). First, some participants said
that diversity goals cannot be achieved if the minority is absent in the applicant pool. “Because
if only one female applies, then there goes your theory" - E5. Second, another set of participants
said that broader diversity goals of the organization cannot be realized because of small minority
representation in selections. “You need to identify your minority group and make sure that’s at least
50% of your talent pool. Otherwise you’ll never make this change.” - E8. Despite, polarized perceptions,
some participants indicated that the notion could contribute to diversity to some extent (E1, E4, E6,
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E11, E13). “T mean of course, if your team had no women then you’re improving your gender balance.
If your team consisted of only women, you might want to select only men. So it depends on what your
gender balance was." - E13.

5.1.4 Applicability of SP. The majority of participants were concerned about the structure of the
selection rate. They said that the status quo of minority and majority would not change resulting
in unfairness towards the minority (E5, E8, E9, E10, E11, 15, E16, E17). “I presume that you want
equal representation and you can’t do that by focusing on percentages because as you see the end of
the funnel, you’ll still end up with a majority and a minority." - E5. Some of them were concerned
about gender, rather than merit, being the focus of selection (E1, E4, E5, E7, E12). “You're not
looking at the big picture of hiring the best candidates. This is statistics." - E12. ‘T hope that most
companies won’t make the decision focused solely on gender." - E5. Lastly, some of them said that
equal selection rate removes effort towards fairness or attracting more diverse applicants (E2, E10,
E12, E15). “Apparently [here], we see men as higher quality than women and the risk is that you have
this excuse woman. We need a woman in selection procedure. We we have more men, but we also have
one woman. So we are also diverse" - E10. T see that we have overwhelmingly male applicants or
female applicants. Whatever the role is, I'm always curious why that is the gender distribution. Is it
something about our job ads? Is it something about the language that we use?" - E15. Interestingly,
some of them suggest that Statistical Parity is applicable only when the applicant pool is large (E5,
E2) and contains only qualified (E1, E7) and diverse (E15, E16) applicants, which would increase
it’s effectiveness (E2, E15). “When you create models like this, you often take the presumption that
many will apply. But what will happen if you only have 3 applicants?" - E5. “If all the hard criteria is
met, the percentages would make more sense and then they would feel more fair" - E1. Furthermore,
many participants also suggested modifying the selection rate by making it proportional to the
applicant pool representation (E5, E10, E16), making the selection rate higher for minorities (E2,
E15, E16, E17), or opting for minimum number of minority candidates over a percentage (E11). ‘Tt
doesn’t feel fair looking at it from this perspective. I feel like the selection rate might need to be higher
for women because there are fewer women if they’re all qualified.” - E15. “There needs to be at least
one female candidate on the shortlist. It is kind of a minimum requirement of one at least one viable
female candidate. Otherwise you have to keep searching. You can’t only have male candidates." - E11.

Another major source of concern among the participants was the context in which the notion is
applied. “It’s a clear notion, but it misses lots of context.” - E6. They said that applicability depends on
the the composition of the existing team and type of job role, saying that a more diverse employee
base and a generalist role would make Statistical Parity fair to use (E1, E5, E6, E13, E17). “T would
also argue that it depends on your current team if you want to have a diverse team. If you have a team
of only women, then you could argue to put more focus to men." - E6. “If you copy this model to a
production facility with 150 people doing almost exact the same work, then it would be easy, really easy
to implement” - E1. Some of the participants also pointed that the notion’s applicability depends on
the type of organization, its size and more importantly its goal (E5, E6). “You can’t just replicate it
towards an entire industry or even jump function or organization. It wouldn’t create the effect you’re
looking for I think. In SMEs talent pools aren’t that big." - E5.

5.2 Equal Opportunity (EO)

Coding for EO produced 88 quotations. Rating distributions of the participants are shown in
Figure 3.
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Fig. 3. EO - Ratings given by participants on Understanding, Fairness and Diversity of EO, along with the
distribution by gender, ethnic minority and other minority groups.

5.2.1 Impression of EO. Several participants pointed out the similar underlying principle in SP and
EO (E5, E9, E12), where some felt EO being less fair (E1, E2, E4, E7). “It’s slightly different data, but
the principle is the same." - E12. “T don’t like it even more than the previous one because of this." (points
to actual outcome) - E2. While all the participants understood the notion well, many participants
immediately indicated their dislike or disagreement with the notion (E8, E10, E11, E12, E17). ‘T
would never use this. It’s a forced way [what] you’re doing. But this is not what helps you realize non
biased selection.” - E12. “I don’t agree. The problem is I don’t agree with with selecting people on the
basis of splitting up on percentages and gender. I think it will create conflict and upset people even more
because it’s just based upon numbers." - E11. However, a large source of dislike came from the use
of actual outcome in final predictions. Several participants either asked for reasons for the actual
outcome or outright disagreed with its usage saying that it can influence a human selection-maker
if the actual outcome is known (E1, E2, E4, E5, E7, E10, E13, E16, E17). ‘It will interfere with your
selection method knowing what somebody else concluded.” - E1. “If you ask me what happened and
why did they do this? That part I don’t understand." - E17.

5.2.2  Perception on fairness of using EO. A majority of the participants rated this notion low on
fairness (score of 1 or 2). “If you do not know the background of the decisions, I would still go for an
equal selection rate of the applicant pool [SP]" - E4. Several participants expressed the notion being
unfair due to the influence of actual outcome in the selections and the need for more information
on reasons for actual outcome (E1, E2, E4, E7, E10, E15, E17). “What was the selection criteria and if
that’s unknown to me, then this new selection doesn’t seem fair because I don’t have the information
to make that decision” - E15. This reason also made few participants unwilling to provide a rating
on fairness (E7, E14, E17). ‘T have no clue. I couldn’t also not say if it’s fair or not." - E17. “When your
organization needs more women or maybe more men, then you have to have other principles. But for
now I cannot say anything else." - E14.

5.2.3  Perception on improving diversity when using EO. We see that many participants were certain
that using EO will not improve gender balance in organizations. Many of them attributed this to
the small minority in the applicant pool (E1, E4, E7), their slim chances of being selected in the
actual outcome (E4, E11) and lack of trust in the actual outcome (E1, E13, E15). “Then you most
probably end up with three or four men and zero or one women." - E4. “You're copying the same bias,
perhaps as the previous person” - E1.
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5.2.4  Applicability of EO. The biggest source of concern for the majority of the participants was
trusting the actual outcome. Many participants mentioned that bias present in the actual outcome
will get copied to the prediction (E1, E2, E5, E10, E13, E16) defeating the purpose of the fairness
notion. “If this (points to actual outcome) is very unfair, then it propagates unfairness." - E2. “As an
organization we never ask the opinion of the previous committee." - E10.

While majority of the participants expressed concerns about using the actual outcome, some
participants mentioned that they would only use the notions if the reasons behind the actual
outcome is known (E6, E7, E9, E16). “Knowing what somebody else concluded will interfere with your
selection method." - E1. “The first thing that I will do is check with them. On what basis did you select
those people?” - E7. “Sometimes you would have to trust that people made the right decisions and you
have to move from there." - E9. “Instead of A1, I think I would like to interview A7 or A10 only because
I’'m very curious to see what they’re about and just to find out if there is anything that the previous
selection decisions [missed]." - E16.

The next set of concerns affecting the applicability of EO was its inability to help diversity goals.
Participants said that diversity goals could not be achieved using the concept of equal selection rate.
They also indicated gender, being used just for sake of diversity, thereby decreasing effort towards
fairness (E9, E11, E12). “This equal selection rate for merit should be something to monitor but not to
aim for." - E9. “You’re confusing the situation, you’re confusing things by doing this. You're just using
gender to make selections without any reasoning. You can play with the percentages, you can create all
kinds of different equations, but it doesn’t serve justice to what you want to achieve in the end, right?"
- E11. Many participants felt that just like Statistical Parity, the applicability of Equal Opportunity
was affected by a skewed applicant pool, which favors the majority, suggesting a higher selection
rate for minorities (E5, E7, E8, E10). “If the basis you’re working from is not truly inclusive, you’ll see
that with every cycle that difference and imbalance magnifies." - E5. “If they’re all qualified, if they
can all do the job, why not select women? Because it would be very good to restore gender balance.
In the long term, it’s almost always better for your company." - E7. Lastly, it was also indicated that
diversity goals can be achieved by involving multiple stakeholders, which EO currently misses
(E10). “You really need these different perspectives, put them together and then you can, I think create
fair principles and fair ways of working. This [EO] was probably made by one person." - E10.

5.3 Calibration (CB)

Coding for CB produced 72 quotations. Rating distributions of the participants are shown in Figure 4.

5.3.1 Impression of CB. Most participants said that they found CB confusing or illogical (E1, E4,
E5, E6, E7, E9, E10, E13, E15, E16, E17). “T'm trying to find the logic behind this. I can’t really find
it" - E17. “I think this system is really confusing. I don’t see why this would help" - E16. They said
that it felt mathematical or asked clarifying questions on the scores (E1, E9). “It looks very scientific
and quantitative. But I know from practice is that can be very difficult” - E9. “The points are based on
what exactly?" - E17. Despite the difficulty in understanding the concept, few participants pointed
out rating participants on merit is fair and can help keep human biases in check (E1, E4, E11). “If
you purely look at merit based recruiting, grading candidates based on their merits is fair" - E1. Some
participants extended the discussion saying they liked that applicants were compared, which can
remove the myth of meritocracy (E1, E2, E17). “Twould say the positive will eliminate this meritocracy
myth." - E2. However, some people also disliked comparing applicants and assigning them scores
(E4, E10).

5.3.2  Perception on fairness of using CB. The majority of participants rated CB as 3 or lower on
fairness. However, not all participants were able to clearly express reasons behind their ratings.
Few participants indicated that they needed more information and context (E13, E17). ‘T can’t really
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Fig. 4. CB - Ratings given by participants on Understanding, Fairness and Diversity of CB, along with the
distribution by gender, ethnic minority and other minority groups.

say anything about fairness because I have no clue about the previous decisions. I really need that piece
of information to make a statement about fairness." - E17. Few other participants felt that the process
of assigning scores to applicants was unclear and they could not justify it (E4, E5, E6). “The idea
of grades can help explain to people why they were selected. But in this situation, it’s quite difficult
because if you want to be transparent and open on it, I would say this is really difficult.” - E4. “T don’t
understand how you can give points in this way to candidates. That’s why it feels not fair if it’s not
transparent enough and how the points are made and how decisions are made. It lacks transparency." -
Ee.

5.3.3  Perception on improving diversity when using CB. The majority of the participants rated
CB 3 or lower for diversity, which may relate to this notion having been harder to grasp. Several
participants provided reasons for their ratings on diversity saying that they were either uncertain
or could not see how gender balance would improve with the help of CB (E1, E2, E4, E5, E6, E9,
E10, E17). “If you crystallize the process, then could it help on gender balance? Maybe. [ wouldn’t dare
say at this point." - E5. I think this has nothing to do with gender balance" - E10.

5.3.4 Applicability of CB. Participants expressed two major concerns regarding the applicability
of CB. First, participants said that the process of assigning scores was unclear making it lack
transparency and logic (E2, E3, E7, E10, E11, E13, E14, E16). ‘Tt looks like it’s very objective, but it’s
just a number and you don’t know what it’s based on" - E3. “That makes no sense. And I don’t think it
would contribute to anything. I don’t think it would help gender balance. I don’t think it’s logical." -
E11. Further, they expressed that lack of transparency made CB undesirable for use (E2, E4, E6, E11,
E14). “What actually do you take into account whether something can be quantifiable, which is known
to be more in favor for men like publications or grants? Then you are by default lowering the values of
women." - E2. “If I don’t understand it, I can’t see how it’s going to help me." - E6. The second major
concern came from doubts about actual outcome (E2, E7, E10, E11, E12, E14, E14, E5, E7). “It can
propagate bias in selection, right?" - E2. ‘I don’t know why they made these decisions. I don’t know
what the selection committee was like. I have no idea. So that makes me not like using any of their
previous decisions.” - E15.
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5.4 Fairness Through Awareness (FA)

Coding for FA produced 127 quotations. The high number of quotations can be explained by half of
the participants starting with FA rather than SP, and participants tending to give most feedback on
the first notion. Rating distributions of the participants are shown in Figure 5.

Il 1:Disagree I 2 : Somewhat Disagree 3 : Don't Know 4 : Somewhat Agree I 5 :Agree
Understanding Fairness Diversity
Frenene L I N I
Gender M I | I I |
F I | I [ — |
Ethnic Minority'es - L | | ||
No I | I I — |
Other Minority €S | I | |
No I || I I —— |

0 2 4 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16

Number of Participants

Fig. 5. FA - Ratings given by participants on Understanding, Fairness and Diversity of FA, along with the
distribution by gender, ethnic minority and other minority groups.

5.4.1 Impression of FA. Participants had many things to say about FA. While several participants
agreed with the notion saying they were happy that both genders were treated equally (E2, E4, E5,
E6, E9, E17), few participants found it difficult to comment on the notion (E1, E9). ‘T agree. And
I'would select both." - E4. “We cannot disagree with that. That is what we should aim for" - E9. On
further probing many participants mentioned that in their experience two similar people are never
the same, saying that they may differ on some aspects such as potential or soft skills (E1, E3, E4,
E5, E8, E9, E13, E15). “They’re all unique, so it might differ in terms of location, match or growth
in different direction" - E5. “So they had their PhD, say in 2012 and they both have, I don’t know, 16
papers. But if the woman has been on maternity leave twice, then those 16 papers means she’s been
in the other time much more productive than the man. So what do you even mean with the same
characteristics?" - E13.

Every participant rated their understanding at 4 or 5, indicating that they understood the
definition of FA. While the majority of the participants clearly said that they understood the notion,
most of them also indicated that this notion reflects the ideal end goal, cautioning its use in earlier
phases of hiring (E2, E5, E8, E9, E13, E14, E16). ‘T understand it fully. But circumstances make it
sometimes impossible to follow this principle.” - E14. “T think it’s where you want to go as an end goal
but to drive the change for unconscious bias, you need to create more opportunities for women" - E8.

5.4.2  Perception on fairness of using FA. A majority of the participants rated fairness of FA at 4
or higher. Interestingly, they reflected on many dimensions to assess the fairness of FA. While
some participants referred to FA as being principally fair (E6, E8, E10, E11), several others provided
reasons for calling the notion unfair. “The principle in itself is rationally fair. The world that we live
in is not." - E10. Participants called FA unfair because it is not equitable, cannot achieve diversity
goals, disadvantage to minorities (E2, E7, E8, E15). “I think given the gender imbalance for which we
want to correct, then I don’t think this is fair " - E2. “This is a utopia idea. I think it’s still inequitable
because the female will always have a bias, that she is considered less fit for the job if everything else
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is the same" - E8. Further, participants reflected that while FA might be fair towards applicants (E1,
E3, E5, E7, E12, E16, E17), minorities groups might still find it unfair (E1, E14, E15) and they felt
that it was more important to fix historical justice because majorities won’t be severely affected if
minorities are given more opportunities (E2, E8, E11, E15, E17). “It’s difficult for the male candidate,
but we have a kind of historical injustice that has to be fixed. It doesn’t mean we only select female
applicants, right?" - E11. Lastly, some participants found it quite difficult to rate fairness of FA
saying that fairness depends on many factors (E9, E10, E11, E13). ‘T find it very hard to answer
because I need a more clear definition of what the the same characteristics are." - E13. “It’s fair within
the scope of the context, which I would define but as a general statement, it’s not fair" - E11.

5.4.3  Perception on improving diversity when using FA. In contrast to ratings on fairness, ratings on
diversity for FA are divided. While some participants said that FA could help organizations improve
gender balance (E4, E5, E15), many others said that FA could not improve gender balance because
it is prone to cultural cloning, skewed applicant pools and minorities self-selecting themselves for
job applications (E2, E6, E8, E9, E10, E14, E16). “If you have a black woman and you have a white
man and the previous 20 people that did the job were all white men, then the white man will be hired
again. This is how our brain works." - E10. “If you want to improve gender balance in an organization,
then sometimes you cannot have this fair criterion. Sometimes you have to let that go." - E9. Lastly,
some participants indicated that the notion could help in some contexts, while being supported by
other measures within the organization (E3, E4, E7, E11, E17). “Yes, it will help improvement, but it’s
not the only thing." - E11. “It depends on so many things. I don’t know how many women or men [sic]
employees the organization has." - E17.

5.4.4 Applicability of FA. The majority of the participants said that FA is quite theoretical and
difficult to apply in practice (E1, E2, E5, E8, E9, E10, E11, E13). “Tt’s the most fair thing to do, but it
doesn’t make any sense" - E1. “In the perfect world where everybody would be treated equally and we
have equal opportunities, then this principle is great but we are not in that world right now." - E10.
“On paper, it may look very easy, but in practice it’s not." - E9. Additionally, several participants also
indicated that the notion benefits the majorities more than it benefits the minorities and cannot
select applicants who have different characteristics than previous employees (E1, E3, E4, E8, E10).
“Tt could be that a male applicant has more profit of this fairness notion than a woman because maybe
a woman was pregnant a couple of times” - E3. “So if you have always had white men of a certain age
with a certain background, certain studies, and they were always doing the job in a good way, you
will pick a person that is the same as all the people that did it before” - E10. Lastly, some participants
mentioned that the notion would be applicable only in organizations that are diverse (E7, E10, E11,
E14). “When [your organization] is balanced and you are in that sense equal, you're also giving equal
opportunities to everybody. Then you can apply this principle of fairness for sure." - E10.

5.5 Counterfactual Fairness (CF)

Coding for CF produced 72 quotations. Rating distributions of the participants are shown in
Figure ??.

5.5.1 Impression of CF. CF was very well understood by the majority of the participants. There
also was high agreement with the notion (E1, E3, E6, E7, E8, E9, E10, E12, E13, E14), with two
participants expressing curiosity about trying out the notion (E1, E16). ‘T agree that changing only
gender should not affect the selection decision." - E14. ‘I really like this especially if you test it." - E1.
Additionally, some participants mentioned that such a notion can help keep discrimination in check
(E1, E2, E16). “You're not pushing more women forwards or more men forwards. You're just checking

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW1, Article 83. Publication date: April 2024.



Perceptions of Mathematical Fairness Notions by Hiring Professionals 83:21

bias" - E1. Lastly, few participants indicated the similarity of CF and FA (E1, E7) T think they are
ethically speaking the same, right?" - E7.

5.5.2  Perception on fairness of using CF. Perception of fairness and diversity of using CF elicited
few responses from the participants. Some participants said that the notion is fair in principle but
is not very practical or useful (E5, E10, E10, E14, E17). “The principle in itself is very fair. But putting
it in the context of our world becomes very complex." - E10. While few other participants felt the
notion is fair because it is purely based on merit and could help improve the selection of minorities
(E7, E9, E11, E15). ‘T would rate this as fair because nothing has changed about the qualifications of
the candidate at this point." - E15.

5.5.3  Perception on improving diversity of using CF. A majority of the participants was unsure
whether CF would help improve the gender balance in organizations and indicated using other
measures instead (E2, E3, E4, E5, E6, E8, E9, E10, E12, E14). “Can it help improve gender balance? I'm
not sure. This notion, not by itself, no." - E6. “No, it won’t help. When you want to have more women in
your organization, then sometimes you have to [use other approaches]” - E14. I don’t think in terms
of fairness or diversity it can be improved. At least temporarily, we might need different measures."
- E5. Few participants indicated that depending on the context, it could help diversity (E11, E16).
“We want to get more males for secretarial support. There, it would contribute to helping the gender
balance." - E11.

5.5.4 Applicability of CF. The biggest concern about CF expressed by participants was related to
gender. Some participants said that they were unsure about gender or another sensitive feature
being part of the selection process when CF is used (E1, E6, E9, E17). I think it’s all information that
we do not need for open, transparent and merit based recruiting. It might help with diversity, though.
And sometimes a big age gap can be seen as something less positive too" - E1. While, other participants
said that diversity is a quality and such features can be helpful in selection (E3, E4, E10). “To me
and to our organization, diversity is also a quality. So, if the norm in your organization is female and
the applicant is male, then that is also a quality of the person” - E10. “Men and women bring different
perspectives which you should also consider. You don’t see this if you remove the gender." - E3.

It was also indicated that CF has low applicability, when diversity is a goal of the company (E7,
E11). On the applicability of CF, some participants said that improvement would be quite slow
because the notion favors the majority (E2, E5, E13, E15). “You have marginalized groups that are
like 10 - 0 behind. So you can use the notion, but that would mean that we would have to go through
many cycles to reach true fairness levels. So it’s not always applicable.” - E5. It was also mentioned
that the notion is not bidirectional, meaning that it was not logical to show majority as a minority
applicant because they would still be favored (E2, E13). ‘T think what occurs more is that you would
have females who are not selected and then if they were presented as a male candidates, they would be
selected and not the other way round.” - E2. “You can never have the same candidate’s gender flipped
because a man cannot become pregnant, so you cannot have a gender neutral CV because how do you
account for pregnancy leave then." - E13.

5.6 Changes in the ratings

Having discussed and rated all the notions, participants were asked to rate the same notions on
Fairness again. This second round of ratings was obtained to mitigate order effects, while at the
same time nudging participants to now comparatively consider the different notions they saw
passing by. In re-rating, participants could not revisit their initial ratings. Figure 6 visualizes to
what extent initial and final ratings by participants changed for each fairness notion. Again, as the
study is an interview study, the ratings were obtained for exploratory illustrations.
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Comparatively, SP sees many shifts in ratings, possibly due to this having been one of the starter
notions. Participants who initially interpreted SP as unfair, tend to still feel the same or move to a
more positive rating in the second round. At the same time, several participants who used to find
SP somewhat fair are more negative in retrospect. Overall, participants are divided in their final
judgments, showing the most uniform distribution over the 5 ratings out of all notions.

Where EO initially invoked largely negative ratings, participants becomes milder towards this
notion at the end. Still, a majority of ratings remain on the negative side of the Likert scale.

Where CB was hard to grasp, and several participants initially were hesitant to rate it for fairness,
in the end, participants more explicitly take a stance, mostly skewing towards the negative side of
the Likert scale.

The initial response to FA with regard to fairness was more positive than in the end. Still, this
notion overall retains a majority on the positive side of the Likert scale, and the most negative
rating disappears.

As with FA, participants initially were more positive about the fairness of CF than at the end,
although the majority remains on the positive side of the Likert scale.

6 DISCUSSION

In the previous section, we gave a rich overview of our participants’ responses relating to our
research questions for each of the chosen mathematical fairness notions. Zooming out, our obser-
vations lead to a few more insights.

6.1 No fairness notion emerged as the most suitable for early candidate selection in
hiring

Where overall, participants had high understanding of the fairness notion explanations, Calibration
(that already was found harder to grasp during our design phase) remained more difficult to
understand. The lower degree of understanding also led to more hesitant responses regarding
fairness, diversity and applicability. This aligns to the findings in [94], where lay people found it
difficult to judge fairness of complex notions, and ended up choosing the simplest notion, statistical
parity, as the most fair option. In our case, the latter however did not happen. This may have to do
with domain experts being concerned about Statistical Parity conflicting with considerations of
merit, which are important in hiring, where [94] considered other application domains (recidivism
prediction and skin cancer diagnosis), while the raters were no domain experts. At the same time,
in our case, Statistical Parity did not stand out as obviously simpler to understand in comparison to
other notions.

Despite a high degree of understanding on most fairness notions, most participants found it
quite difficult to provide a rating for fairness as they did not have a clear set definition for fairness
themselves. Most participants provided their rating after talking about multiple dimensions of
fairness, asking whether it was fair to organizations or applicants. This is in line with earlier
findings that definitions of fairness can differ within a domain and cause confusion [75]. This
points to contextualizing and defining the scope of fairness in future studies, as people find it quite
subjective. Even if a larger sample of participants and ratings would be reached, it is important to
not only look at numerical ratings, but also at the rationale behind them. Most of the participants
felt that they could not disagree with individual fairness notions of Fairness Through Awareness
and Counterfactual Fairness and rated it as fair. However, their language suggested some restrain or
skepticism. Sentiments of disinterest in continuing the discussion with all the notions, despite being
enthusiastic on talking about such topics, reflects that the ratings do not convey the full picture.
This is aligned with findings from [41], where participants had no consensus on fairness and their
discussion went beyond discrimination. In our work, the main theme surrounding the reasoning
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Fig. 6. Alluvial plot showing changes in the ratings for all fairness notions. Initial ratings on the left move to

final ratings on the right.
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behind low ratings for fairness and diversity was missing context: many participants expressed
that fairness notions miss many critical nuances and context to questions of early selection. Not
having access to these nuances and context, such as team composition, type of industry, goals, etc.,
hinders them from being certain of their answers, and makes them more resistant to see fairness
notions as potential ways to get more explicit and standardized policy. Here, it is likely that a ‘one
size fits all’ approach will not exist. Zooming out of the need to choose an existing mathematical
notion, it can be argued that our participants’ hesitance in advocating for most notions comes
from their discomfort in choosing distributive nature of fairness, which most notions are based
on. Formulations based on other forms of justice, for instance relational equality [33] are only
recently being researched and could incorporate aspects that the current notions lack. It is likely
that algorithmic decisions could only support human work, rather than replace it. Thus, more effort
will need to be spent on technical addressing of fairness where designers request context specific
guidance [27], users define their fairness motivations depending on the context of the interaction
with systems [60] and experts, as seen in our work provide context on domain needs.

6.2 Fairness and Diversity considerations may not go hand in hand in the hiring domain

The complex relationship between fairness and diversity emerged with higher ratings for fairness
but lower ratings for diversity for most notions. For individual fairness notions, many participants
took time to suggest that while the notion was fair, it would not help diversity goals of their
organizations. Similarly, as already discussed in the reactions to Fairness Through Awareness and
Counterfactual Fairness, what is considered fair may not be applicable or defensible in practice. This
points towards a need to look at holistic view of fairness and diversity because the fairness notions
may not be sufficiently rich to capture societal needs regarding diversity. This aligns with literature
suggesting looking beyond discrimination [41] because different scopes impact how people perceive
fairness [58]. In our study, we uncover that diversity is an important consideration when addressing
fairness in hiring. The major concern noted for Statistical Parity, Equal Opportunity, Fairness
Through Awareness and Counterfactual Fairness was the inability of the notion to help improve
diversity because majority-minority status quo would be be affected by using these notions. While
this concern was expressed in relation to equal selection rates for Statistical Parity and Equal
Opportunity, it was in relation to every individual being defined by different characteristics for
Fairness Through Awareness and Counterfactual Fairness. Moreover, participants expressed that a
skewed applicant pool with fewer or no minorities makes it difficult to put notions such as Statistical
Parity and Equal Opportunity into practice. The applicability of fairness notions, though used in
practice [87], is under-researched in literature, pointing towards the need for collaboration between
different stakeholders when designing fairness promoting directives in organizations. With our
work, we show that organizational representatives in various functions such as HR, DEI and I/O
psychology hold key knowledge in shaping hiring policies, and thus have valuable insights to share
in discussions on the possible adoption of mathematical fairness notions towards fair hiring.

6.3 Concerns of organizational representatives on discussing topics of fairness

A recurring theme while discussing fairness notions with the participants was that our depictions
were ‘too simplified’ a concept, while fairness in itself encompasses many complex dimensions
that are difficult to mathematically represent. Many participants were hesitant to provide a rating,
had difficulty explaining their ratings or had to be asked multiple times to choose the most suitable
rating before moving to the next question, especially on their perception of fairness. Their main
concern arose from their rating not able to fully justify societal and organizational needs. This
highlights the directions for future inter-disciplinary conversation: tools to aid conversations
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surrounding topics of fairness could allow for the expression of varied dimensions of fairness to
gather more holistic insights.

One such source of discomfort among participants of this work was whether to include a
sensitive feature such as gender so explicitly in the selection process. This emerged from the fear of
selecting unqualified female candidates for the ‘sake’ of fairness. Many participants said that merit
was important and diversity considerations should not precede merit. While most participants
deliberated both the concerns on gender and merit, many women explicitly expressed that general
notion of merit favored men and more inclusive takes on merits are needed before such notions
could be applicable and called fair. While it is known that in machine learning methods, removing
the sensitive attributes from the input features does not remove discrimination because of their
correlation with other attributes, this could not be explicitly discussed with our participants as they
were not made aware of the mathematical origin of the fairness notions. Previous studies [41, 89, 90]
have shown that lay people question the use of sensitive features in algorithmic decision making
and its usage lowers their trust in such systems. Further, a handful of participants also showed
discomfort in the binary treatment of gender, asking to include more options. The discomfort in
weighing an attribute such as gender in hiring despite organizational policies surrounding diversity
indicates the delicate nature of such a topic and the organization’s need to tread such conversations
with caution.

Lastly, participants expressed concern regarding the use of actual outcome in making current
decisions, with most of the participants questioning its use and validity in the current decisions.
Specifically, for Equal Opportunity, participants said that they need space to disagree with the
actual outcome because it could perpetuate bias from previous decisions. However, when reflecting
on Calibration, the usage of the actual outcome brought concerns about the lack of transparency in
decision making. There are two main implications of this finding. First, as actual outcome comes
from the input data for algorithmic systems, this highlights concerns about data quality. It is
possible that clarity and transparency in data sourcing methods could improve the organizational
representatives’ trust in using the actual outcome. With that respect, concerns exist that aspects of
algorithmic systems are not often disclosed fully by vendors [87]. However, a study [103] with lay
people has shown that final outcomes are more important that the process. This contrast can be
attributed to the fact that in [103], the outcomes personally affected the lay people whereas, in our
work, the participants are domain experts. With ramifications on diversity goals of organizations,
transparency is needed on what data is collected and what is measured because it can affect the
users’ trust in the system [90]. Second, while mathematical fairness notions are designed with
the view of distributive justice, our participants also expressed concerns about procedural justice.
The difficulty in trusting the use of actual outcome, the need to understand the concept of the
fairness notions and concern about use of sensitive features to make new selection decisions shows
that organizations want to recognize and justify the use of selection procedures. The plethora of
literature in [88] shows that Al and fairness are increasingly being discussed in organizations,
through the lens of some forms of justice. However, these discussions have limited scope and do
not fully incorporate concepts such as employee engagement, trust, or socio-economic impact,
pointing to the need of broader inter-disciplinary perspectives.

In terms of future adoption of technically enabled decision making, the above considerations
suggest that any algorithmic approach will need to be positioned in spaces with sufficient room for
ongoing discussion and reflection by different human stakeholders. As such, algorithmic data-driven
systems could be seen as digital support to a human process, where the decision-making aspects
strongly need to remain on the human side. The formulation of the current fairness notions, as
seen with discussion with our participants, lack context and human involvement.
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6.4 Minoritized groups may bring specific, different stances on how to improve
diversity

In [105], it is shown how algorithmic fairness evokes negative emotions from minority groups
regarding racial and economic justice. While our sample has been too small to draw strong con-
clusions, as most of our current participants did not identify as belonging to a minority, in the
reactions to our question on whether given fairness notions would help in improving diversity,
we did seem to see different, stronger responses from those identifying with minority groups.
Participants sometimes refused to answer this question, saying that they were forced to rate an
option they did not agree with. For the sensitive attribute on which we had a reasonably balanced
sample (gender), on closer examination, we see that proportionally more women compared to
men were skeptical about all the notions’ abilities to improve diversity. A similar result, albeit in
a different context of course recommendation and recidivism shows that men are more likely to
choose maximizing accuracy over minimizing racial disparities and they also prefer algorithms
over human judgment [86].

6.5 Fairness notions are no all-encompassing solution towards fairness in hiring

Many participants liked the concept behind the fairness notions, but said that more work in
different stages of the hiring pipeline would be needed for fair and diverse hiring. For instance,
many participants expressed the need to improve the preceding and succeeding stages to early
candidate selection. These stages involve attracting suitable candidates to apply and removing
human biases that can appear in interview stages. With our work, it becomes clear that interventions
for fair hiring needs to be considered at multiple stages of the hiring pipeline, thereby deeming the
fairness notion as only a support in one important phase of this pipeline.

Our interviews demanded considerable time investment from our participants (60-75 minutes),
sometimes requiring a second sitting to complete the session. While no resources were available
to compensate participants for their time, the participants were eager and intrinsically motivated
to participate, return, and stay in the loop on the authors’ findings. This has been a promising
observation, suggesting that stakeholders are eager to remain involved. Considering the need
for human-centered, interdisciplinary and holistic perspectives in which the technical solution
would be a supporting element in larger decision-making procedures, we believe this makes future
interdisciplinary collaborations realistic, and would expect for these to particularly be a good fit to
the CSCW and HCI research communities.

6.6 Limitations and Future Work

Several limitations can be identified in our current work. First of all, while our non-technical
translation visualizations of mathematical fairness notions were developed with feedback from
independent colleagues, they have not formally been evaluated for user-friendliness and accessibility.
In order to turn them into a contribution that other researchers can confidently build upon, more
thorough study will need to be done with regard to their design, with further design iterations,
that should more structurally be tested with broader audiences..

Continuing on discussions on multifacetedness, our current work also only considered one
sensitive attribute (gender) and treated it as a binary variable. Even while in practice, it seems very
hard to monitor for other sensitive attributes, it will be worthwhile to investigate considerations on
other sensitive attributes including multi-valued sensitive attributes, and aspects of intersectionality,
which may lead to extra adverse effects on those belonging to multiple minoritized groups [16].
Next to this, it will be more realistic to not only depart from binary variable membership (such as a
binary take on gender), but allow for multiple possible categories or values within a variable.
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Furthermore, many more fairness notions have been proposed in literature, and we only studied
a few of them. More notions may need to be investigated, while at the same time, it is likely that all
of the notions may be too rigid, too inflexible and too distanced from application contexts to be
considered as a sufficiently acceptable explicit reference for implementing diversity policy. It is
imaginable that different notions need to be combined but many mathematical notions cannot be
satisfied simultaneously [2, 21, 55]. More explicit discussions also need to be held on the degree
to which potential candidate rankings in current selection processes can be trusted not to carry
undesired biases, and whether all relevant facets to a candidate being qualified already would be
sufficiently captured.

Generally, the question of fairness needs to be considered in the context of its application. Even
within the scope of early candidate selection, refinement and contextualization is needed, which
also may include more explicit connection to surrounding elements and stakeholders in the pipeline.
To make the discussion more tangible and recognizable, it will be worthwhile to not only discuss
theoretical, fictional examples, but integrate these more strongly with cases and infrastructures
from actual practice. However, in doing this, the technological intervention still would need to
be considered next to non-technological organizational aspects and facilities, such as company
reputation, awareness trainings, and the facilitation of inclusive work environments.

Choices of fairness notions reflect choices of world views, and challenges of untangling and
balancing these. Different stakeholders and people coming from different background experiences
will bring different perspectives. In our current work, we did not address this as explicitly yet,
while for future work, it is important to address this more thoroughly. For example, with our
participants having been confronted with these types of notions for the first time, they may not
oversee the potential impact of the different notions yet. It e.g. is striking that the individual fairness
notions FA and CF are rated less negatively than the group fairness notions on their capability of
improving diversity. However, in credit risk scoring, it actually has been shown that implementing
individual fairness notions may amplify inequality between groups that already are far apart, thus
being particularly disadvantageous for members of the disadvantaged group [9]. Thus, what our
respondents currently prefer may not actually be the preferred course of action. As being rejected
in a job selection process could be seen as being denied an opportunity for financial stability, this
suggests a distinction between social acceptance and ethical acceptability. In the field of Ethics,
for other dilemmas on the adoption of risky technology, arguments were made that both social
acceptance and ethical acceptability need to be considered when policy is to be set [95]. This
can easily be extended to questions of fairness in data-driven decision making. Similarly, in the
disagreements seen between our participants, and hesitance of participants to rate when context is
missing, we see aspects of conceptual and epistemic normative uncertainties [96].

Furthermore, as we discussed, it appears that participants representing minorities may have
different reactions to fairness and DEI policies than those representing majorities. We hypothesize
there may be different reasons for this. For example, those from minorities may themselves have
faced discrimination. Furthermore, in situations of bias due to social inequality, it has been noted
that those in power positions tend to not be representative of those who may be disadvantaged [73].
Continuing the discussion on power dynamics, fairness policy has been criticized for largely
representing the interests of managers in an organization, which again may represent a status quo
that is not necessarily mindful of the interest of minorities [35].

While we plead for more explicit inclusion of minority stances in future work, this does raise
concern on how the right voices and stances can indeed sufficiently be heard without getting
over-burdened. First of all, for future studies, we recommend to more explicitly check on concrete
and lived experience of participants with aspects of discrimination, as well as the underlying
intrinsic motivations of participants to participate in studies like ours. Secondly, to inclusively hear
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the voices of minorities, it is important to situate problems in contexts they indeed relate to [46],
which may imply that the current, more organizational, perspective of who gets to be hired may
need to be reversed, and rather focus on what it means not to be hired or prioritized.

7 CONCLUSION

Through our study, we have given insights in participant responses to our translations of different
fairness notions. While this describes how participants currently think about the different notions,
we did not yet take a stance on consequent preferred notions to adopt or integrate. This also has to
do with the observed tensions between fairness, diversity improvement and applicability.

When starting the research leading to this paper, initially, the authors had intended to work
on (quantitative) fairness monitoring tooling for early selection stages in hiring. However, as our
investigations show, deeper qualitative understanding of the problem space is key before any
quantitative tool will have relevance. Considering the responses of our participants, even if good
data would be available, it would not have made sense to implement functionality from common
fairness toolkits at this point in time. In finding ways to understand where data-driven tooling may
be helpful—or even before that, where the room is to concretize towards more transparent and
actionable improved selection policies—as we pointed out, more connections between expertise in
different academic domains can and should be investigated, in active collaboration with practitioners,
designers and policy-makers.
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A. Equal selection rate for men and women regardless of any known previous
selection decisions. T

=ie
=ie
=

30% 309% selection rate
Example : for 100 job applicants, with 70 men and 30 female, 30% selection for women

rate for men gives and 30% selection rate for women gives 9 women. T
Previous selection decisions about these 100 applicants are known but not

ued rieeee
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(a) Final design of the toy example for SP

B. Equal selection rate for men and women from the group who was
previously selected.

Example : for 100 job applicants, with 70 men and 30 female, previous
committee has selected 50 applicants of 40 men and 10 women. From this
group of 50 applicants, 40% selection rate for men gives and 40 %
selection rate for women gives 4 women.

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10
Applicant pool of 7
Men and 3 Women
Previous selection .o .o ..
decisions N4 N4 N4
New selection

decisions based on
faimess notion

(b) Final design of the toy example for EO
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D. If applicants get same points in the new selection, they should have the
same possibility of previous selection or previous rejection.

Example: We give the same points to applicants who got similar decisions
before. So, we give calibrated or relative points to candidates instead of
looking at each candidate individually.

Al A2 A3 A4 A5 A AT A8 A9 A10
Applicant pool of 7
Men and 3 Women
Previous selection o L) oo
decisions N4 / N4
New points based
onfamessnoton  9:5 8 7.5 7.5 8 7 7 6.5 6.5 7

(a) Final design of the toy example for CB

E. Regardless of gender, two similar applicants should be given similar decisions.

Example : There are 2 job applicants - one man and one woman with the same characteristics except gender.
We either select both or reject both because they differ only on gender.

Same
characteristics,
except gender

New selection decisions based on fairness notion:

Select both or reject both
(b) Final design of the toy example for FA

F. Change in only gender should not affect the selection decision.

Example : You are given a male applicant’s resume and you select him. Now, | change the gender to female
on the resume while everything else remains the same. Now, you have to select her because only gender is
different.

Same candidate.
Gender Flipped

Previous selection ° o " . . .
i New selection decisions based on fairness notion:
decision: /

Because it is the same
candidate. Only
gender is flipped

(c) Final design of the toy example for CF
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