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Mittelstadt et al. [4], Vanderelst and Winfield [5]), while oth-
ers emphasize the outcomes of human versus AI decisions 
and the potential for algorithmic bias (e.g., Cossette-Lefe-
bvre and Maclure [6], Garcia et al.[7]). Defining and mea-
suring AI fairness remains a substantial challenge because 
individuals hold diverse intuitions about what constitutes 
fairness, and because the inclusion of AI adds additional 
layers of complexity. To foster a more informed discus-
sion on this issue, there is an urgent need for a conceptual 
framework that allows systematic evaluation of fairness in 
AI-driven decision-making. Although several such frame-
works and tool-kits for evaluating the fairness of AI models 
have been proposed (e.g., Carey and Wu [8], Bellamy et al. 
[9], Bird et al. [10]), empirical evidence on how they shape 
people’s perceptions of fairness–and, in particular, whether 
they provide sufficient guidance amid the myriad of pro-
posed fairness metrics–remains limited. Our study takes a 
step toward addressing this gap by investigating how struc-
tured exposure to fairness metrics–through a component1 of 
the conceptual evaluation framework presented in [11, 12]–
affects individuals’ preferences for fairness metrics and their 
perceptions of fairness in allocation outcomes.

1  We exclude the distributive pattern component, which was revised 
in [37].

1  Introduction

The increasing use of algorithms to make allocation deci-
sions in various contexts, such as personnel selection, lend-
ing, and law enforcement, has raised important questions 
about fairness Rabonato and Berton [1], Shams et al. [2]. 
How should fairness be defined and measured in such deci-
sion-making processes?

Fairness is a multifaceted concept that is difficult to 
assess in practice, particularly when decision-making pro-
cesses involve artificial intelligence (AI). Some argue that 
the involvement of AI for certain types of decisions renders 
the process inherently unfair or at least ethically problem-
atic (procedural fairness, AI ethics; e.g., Newman et al. [3], 
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This evaluation framework, rooted in philosophical theo-
ries of justice, consists of four key components: 

1.	 Utility of the decision subjects: Defines how to quantify 
the benefits/harms for decision subjects.

2.	 Relevant groups: Defines the social groups to be com-
pared with respect to how much utility they receive.

3.	 Claim differentiator: Defines the characteristics that 
justify inequalities in utility distribution between 
individuals.

4.	 Pattern of justice: Defines what constitutes a just 
distribution.

In this manuscript, we aim to examine the extent to which 
people prefer different fairness metrics in an experimental 
setting and how these preferences are shaped by (1) util-
ity considerations (2) of demographic groups, for which we 
focus on subgroups defined by (3) deservedness consider-
ations under (4) an egalitarian pattern of justice.

Our primary research questions are as follows:

	● How does exposure to the utility-based framework in-
fluence participants’ preferences for fairness metrics?

	● How does the utility-based framework affect partici-
pants’ perceptions of fairness in allocation outcomes?

The experiment is framed around a scenario of an employ-
ment agency that allocates spots in a job coaching program 
to unemployed individuals, using predictions of the likeli-
hood of finding a job based on participant attributes and 
race as a sensitive attribute to define relevant social groups. 
When considering the utilities of the job seekers, we also 
highlighted the cost-effectiveness of the job coaching pro-
gram, which could possibly justify inequalities across the 
demographic groups.

Our paper offers an important theoretical contribution 
to the literature on algorithmic fairness as it theorizes and 
demonstrates that proper consideration of utilities and 
deservedness arguments shifts people’s fairness preferences 
and perceptions. Hence, our manuscript demonstrates that 
an ethical guidance framework enables lay people to make 
more informed decisions regarding fairness metrics. As 
such, our framework allows stakeholders to arrive at more 
morally justified choices, which eventually should lead to 
a higher social acceptability of prediction-based decision-
making systems.

2  Related work

A growing body of research examines the question of fair-
ness in algorithmic decision-making, with many studies 
proposing different frameworks for evaluating fairness 
through so-called fairness metrics. One major area of focus 
is how individuals understand and evaluate these fairness 
metrics, as well as how they perceive fairness of algorithmic 
decisions more broadly.

Our study falls within the realm of ’algorithmic predic-
tors’ of fairness perceptions, as defined by the review work 
on algorithmic fairness by Starke et al. [13]. ’Algorithmic 
predictors’ are features of algorithms that affect fairness 
perceptions of algorithmic decisions. This broad class of 
factors includes features such as impartiality of algorithms, 
the data they are trained on, and even the presence of algo-
rithms per se in the decision-making process. Apart from 
controlling for the participants’ age and gender, we do not 
explicitly include “human predictors” (Starke et al. [13], 
i.e., the factors on the participants’ side that might influence 
fairness judgments (for a discussion on how participants’ 
demographic features affect fairness perceptions, see, e.g., 
Grgić-Hlača et al. [14]). However, our paper contributes 
to a subfield of studies exploring people’s preferences for 
distributive fairness of algorithms based on a particular 
set of statistical measures or fairness metrics for binary 
classifications.2

In the algorithmic fairness literature, it is well known that 
fairness criteria are often conflicting, which means that they 
cannot be fully fulfilled simultaneously in most cases in 
practice see Kleinberg et al. [15], Chouldechova [16], Baro-
cas et al. [17]. Given that some fairness criteria seem more 
intuitively appealing to practitioners than others, the choice 
between these criteria is often difficult in practice, because 
each fairness criterion represents different values and a dif-
ferent view of what it means to be fair [18]. As such, some 
deliberation and guidance are needed in practice to select 
the most appropriate fairness metric. However, for practi-
tioners, obtaining this guidance can be challenging. Fairness 
toolkits, such as AIF360 [9] or Fairlearn [10], can help prac-
titioners evaluate the fairness of their model by providing 
an implementation of various fairness criteria. However, 
interviews and surveys with practitioners revealed that prac-
titioners are often overwhelmed by the sheer number of fair-
ness metrics presented to them and lack guidance on how 
to choose among them [19–21]. Specifically, so far there 
are few accessible explanations in those toolkits as to when 
and how to use the implemented metrics [21]. This situa-
tion makes it difficult for practitioners to make an informed 

2  For research on perception of fairness metrics for non-binary classi-
fications in the context of scholarship allocations, see e.g., Alkhathlan 
et al. [38].
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decision. Our study examines whether and how a guiding 
framework that reframes fairness criteria through the lens 
of utility and deservedness considerations affects people’s 
fairness choices and perceptions.

In doing so, we draw upon the literature that studies 
people’s preferences regarding conflicting fairness metrics. 
This body of work suggests that people’s preferences over 
fairness metrics are highly context-specific. Srivastava et al. 
[22] compared a few prominent mathematical definitions of 
fairness metrics with human decision makers’ preferences in 
the context of criminal risk and cancer risk predictions. The 
authors demonstrate that in both contexts, people’s choices 
are predominantly consistent with ”simpler metrics,” such 
as statistical parity. In the context of bail, Harrison et al. 
[23] observed that a slim majority of participants preferred 
to equalize false positive rates (i.e., the frequency of mistak-
enly defined bails) over equalizing accuracy and statistical 
parity among white and African-American groups of defen-
dants. However, a substantial minority preferred accuracy 
and statistical parity. In the context of pre-screening job can-
didates, Sengewald et al. [24] found that automated deci-
sion-making systems constrained by equality of opportunity 
and equalized odds (i.e., the share of qualified candidates 
invited for the interview and the share of unqualified can-
didates invited for the interview between the two groups) 
are perceived to be more fair than those optimized for sta-
tistical parity. The mixed results suggest that people’s atti-
tudes towards fairness metrics are context-dependent and 
sensitive to the methods used to elicit them (e.g., the differ-
ences emerge between explicit presentation of the trade-offs 
between metrics or inferred metrics from the model output).

In sum, existing empirical research on participant’s 
preferences documents people’s preferences over fairness 
metrics “in the wild”, i.e., with minimal provision of any 
moral or ethical guidance to the participants. Our contri-
bution is to measure whether people’s preferences change 
when being prompted to evaluate the consequences of (we 
refer to these consequences as “utilities”) and the deserved-
ness of the individuals affected by the algorithmic decisions. 
Our framework encourages participants to (1) explicitly 
consider how the decision-making system impacts the rel-
evant social groups (i.e., their expected utilities) and to 2) 
explicitly consider deservedness arguments which define 
the relevant subgroups for utility comparisons (and justify 
inequalities between the groups when all group members 
are considered).3

On a conceptual level, our approach is related to studies 
that map utility-based moral evaluation to a specific class of 

3  Although scenarios in existing studies typically contain information 
on benefits or harms for the affected individuals, to the best of our 
knowledge, there are no explicit references or requests to compute 
and compare utilities or deservedness across the relevant subgroups.

statistical notions of fairness. Heidari et al. [25], for exam-
ple, introduced an ethical utility-based framework for fair-
ness that maps different moral viewpoints, such as Rawlsian 
and luck egalitarian accounts of equality of opportunity, 
with different fairness criteria. Loi et al. [26] discuss utili-
ties as an ethical principle that guides the choices of fairness 
metrics.

The concept of deservedness in fairness is also deeply 
rooted in moral philosophy. Philosophers like Feldman [27] 
and Miller [28] discussed desert as one of the key princi-
ples of justice, clarifying the role of individual responsibil-
ity and contribution as a basis upon which individuals are 
deemed deserving of particular outcomes. Empirical stud-
ies in economics and psychology confirm the profound role 
of accountability in perceptions of desert, alongside other 
related principles such as merit, effort, or need, in defining 
people’s fairness perceptions and preferences for redistribu-
tion Konow [29], Tinghög et al. [30], Cappelen et al. [31]. 
In these studies, merit is typically operationalized by allow-
ing participants to perform a task and linking participants’ 
payment to their performance. Need is operationalized 
as a loss of income due to an unfavorable random shock 
(“brute luck”), which reduces the reward of a participant 
and is beyond the participant’s control (see, for example, 
the solidarity game in Selten and Ockenfels [32]). In the 
algorithmic fairness literature, need is sometimes sim-
ply portrayed as the low level of income of the recipients 
(see, for example, Lee et al. [33]). Finally, accountability is 
manipulated as “option luck”. In settings with option luck, 
the initial endowment of participants is based on their previ-
ous choices, e.g., the choice to invest in a risky option (and 
later lose the lottery) as in Mollerstrom et al. [34]. After 
the initial income distribution and the source of inequali-
ties are disclosed to the participants, they can redistribute 
payoffs, either as affected parties or as impartial spectators. 
The degree of redistribution then reflects the weight people 
assign to the sources of inequality.

Although empirical evidence suggests that people tend 
to differentiate between brute luck and option luck in 
generic allocation scenarios – for example, sharing less 
money with recipients who lost income due to their own 
choices – demarcating the link between luck, choice, and 
deservedness in more complex environments is challenging 
[35]. Binns [35] discusses cases in which individuals make 
seemingly disadvantageous choices, such as self-selecting 
into low-paid jobs or moving into high-crime neighbor-
hoods, which may nonetheless yield societal benefits (e.g., 
reducing healthcare costs for dependents or contributing to 
community security). Binns argues that some form of com-
pensation for these individual choices is still justified and 
calls for a broader consideration of the societal implications 
of people’s decisions when assessing deservedness.
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agency tries to predict Y (we denote the prediction as Ŷ ) and 
allocates everyone with Ŷ = 1 to the job coaching program. 
The agency suffers a financial loss for misallocations (send-
ing people with true Y = 0 to the program, or not sending 
people with true Y = 1 to the program).

We use race as the sensitive attribute in this experiment, 
from which we construct two demographic groups, Black 
and white job seekers. This oversimplified assumption 
allows us to test fairness perceptions in the simplest case 
of just two demographic groups. Although some scholars 
argued for more neutral labels of the groups (like orange vs. 
blue group) to mitigate potential in-group bias in fairness 
judgments (Sengewald et al. [24], using race as a sensitive 
attribute is still common in empirical studies on fairness per-
ceptions of algorithmic decisions, see e.g. Srivastava et al. 
[22], Harrison et al. [23]. Although this design choice might 
have inflicted some bias in people’s fairness judgments, race 
definitely served as a “relevant” social comparison.

The key fairness metrics evaluated in the experiment are:

	● Accuracy Comparison (AC): The proportion of indi-
viduals with correct predictions (true positives and true 
negatives) among the total population across the two de-
mographic groups.

	● Statistical Parity (SP): The proportion of individuals 
allocated to the program among the total population 
across the two demographic groups.

	● Equality of Opportunity (EO): The proportion of in-
dividuals who are correctly allocated to the program 
(Ŷ = 1 and Y = 1) among those with a positive true 
outcome (Y = 1) across the two demographic groups.

	● True Positives Comparison (TPC)4: The proportion of 
individuals who are correctly allocated to the program 
(Ŷ = 1 and Y = 1) among the total population across 
the two demographic groups.

The literature on algorithmic fairness proposes a wide range 
of fairness metrics, each addressing different notions of 
fairness. Statistical parity (SP) and Equality of Opportunity 
(EO) represent some of the most prominent classes of fair-
ness metrics used in the field. These metrics capture differ-
ent perspectives on fairness and reflect important trade-offs 
in real-world decision-making contexts.

In our setting, the algorithmic decisions always disad-
vantaged the historically and systematically discriminated 
Black candidates. Importantly, fairness metrics produced 

4  Note that this metric is not established in the literature but is rather 
derived for this scenario using our utility-based framework. There-
fore, the name of this metric is also not an established term but rather 
one we use to refer to the metric in this paper only. The derivation 
process for this metric is explained further down in the description of 
the treatment condition in DV2.

In our study, we add to the discussion of perceptions of 
deservedness in the context of allocating job coaching. In 
particular, we ask participants to consider cost-effectiveness 
as a justification for inequalities and for a separate consid-
eration of the utilities of the subgroups based on the true 
labels. We focus on situations where true labels Y = 1 
imply the better use of resources (and at the same time 
potentially result in higher utility for affected individuals). 
In our scenario, the allocation of job candidates who can 
find a job after coaching (Y = 1) guarantees that the pro-
gram’s costs are not “wasted” on those who cannot find a 
job (Y = 0). Relying on evidence from economic experi-
ments about efficiency-seeking as a potential motive behind 
redistribution Konow [36], Charness and Rabin [29], we 
believe that cost-effectiveness can be an essential factor in 
people’s attitudes towards fairness metrics. Lee et al. [33] 
provide empirical evidence that people care about efficiency 
(delivery costs to food recipients) for algorithm-based deci-
sions in the context of donor-recipient matching algorithms. 
Therefore, the literature suggests that cost-effectiveness is 
an important factor for people’s fairness evaluations.

Overall, our key contribution to the literature on algorith-
mic fairness is the empirical investigation of participants’ 
preferences over conflicting fairness metrics and their fair-
ness perceptions of the allocation decisions in the context of 
(un)employment when being prompted to consider the utili-
ties of the job seekers and deservedness arguments based on 
cost-effectiveness.

3  Experimental design

3.1  Scenario description

The experiment involves participants acting as decision-
makers in a simulated employment agency scenario. The 
agency must allocate limited spots in a job coaching pro-
gram to unemployed individuals based on model predictions 
of their ability to find a job after completing the program.

Participants are presented with a two-year time horizon. 
In the first year, individuals either join the coaching pro-
gram or do not. Success or failure to find a job is recorded in 
the second year. Job seekers can find a job after the coach-
ing program (true Y = 1) or not (true Y = 0). For simplic-
ity, we assumed that no job seeker can find a job without a 
job coaching program. The employment agency covers par-
ticipation costs in the job coaching program (USD 10K). It 
pays a fixed amount of unemployment benefits (USD 75K) 
in Year 1 and Year 2 for everyone unemployed in the respec-
tive year. Finding a job implies receiving a salary of USD 
150K (twice as high as the unemployment benefits), i.e., an 
increase in the well-being of a job seeker. The employment 
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3.2.1  DV1: ex-ante fairness

Upon arrival at the lab, participants were randomly assigned 
to either a baseline or treatment condition. The experimental 
flow is presented in Fig. 1.

In both conditions, after reading the scenario, participants 
were first shown the information about the total number of 
unemployed individuals in each of the two demographic 
groups and how they were divided according to their true 
and predicted ability to find a job after the coaching pro-
gram. This information was presented in the form of 2 by 2 
distribution tables (see Fig. 2). Participants were then asked 
to evaluate the fairness of the job allocation decisions with-
out any further guidance. We refer to this as DV1.

We used subscales (1 to 7) to evaluate general fair-
ness, fairness for Black candidates, and fairness for white 
candidates.

Figure 2 shows two tables illustrating how accurately 
the model predicted outcomes for white candidates (panel 
a) and Black candidates (panel b). Each table compares the 
actual number of people with (Y = 0 or Y = 1) shown in 
the columns with the model’s predictions (Y = 0 or Y = 1) 
shown in the rows.

This layout allows readers to see both the correct and 
incorrect predictions at a glance. Participants also knew that 
everyone predicted as Y = 1 was selected for the program, 
and that only those whose true outcome was Y = 1 actually 
found a job and received a salary.

With this information, participants could consider the 
consequences of each possible situation: 

various degrees of disparities among the Black and white 
job seekers. The Total Accuracy of the model was 77% and 
72% for white and Black job seekers, respectively. An eval-
uation using Statistical Parity showed that 88% of white job 
seekers and 67% of Black job seekers were given a posi-
tive decision (allocated to a job coaching program). Using 
Equality of Opportunity to evaluate fairness, we saw that 
78% of white job seekers and 69% of Black job seekers who 
would find a job with the help of the program were allocated 
to the job coaching program. Finally, a comparison of the 
share of the true positives compared to the total population 
in both groups (we called this the “True Positives Compari-
son”) gives us a value of 0.69 for white job seekers and only 
0.46 for Black job seekers. Thus, the Accuracy Comparison 
and Equality of Opportunity produced smaller disparities 
among the demographic groups than the other two fairness 
metrics.

We then asked participants to choose the fairness crite-
rion they deem most appropriate in the context and elicit 
their fairness perceptions of the job allocation decisions 
before and after the choice of a particular fairness metric.

3.2  Experimental procedure

We pre-registered the study.5 The experiment was con-
ducted in March 2024 at Laboratory for experimental and 
behavioral economics of the University of Zurich. We thor-
oughly followed our university’s ethical guidelines for IRB 
approval. First, we obtained informed consent from the par-
ticipants after they read the experimental instructions. Sec-
ond, participants were instructed that their participation was 
voluntary and that they could withdraw from the study at 
any time. Based on our university guidelines, no further IRB 
approval was required, as our study did not impose any risks 
for participants or involve any forms of deception.

5  https:​​​//aspredict​ed.​org/​​2kv8​-n7vq.pdf.

Fig. 1  Timeline of the experiment
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3.2.2  Control questions

Before proceeding to the next stage of the experiment, par-
ticipants answered a few control questions targeting their 
understanding of types of errors, false positives and false 
negatives, through computational examples. The major goal 
was to establish a basic understanding of the distribution 
tables and the scenario (especially the cost of errors of each 
type).

3.2.3  DV2: fairness metric preference

Subsequently, participants were presented with our set of 
four fairness metrics as possible ’criteria’ to evaluate the 
fairness of the job allocation decisions. The fairness met-
rics were therefore labelled neutrally, e.g., we never referred 
to “Equality of Opportunity’ not to induce any sentiment 
towards this metric being more equal or more fair than 

1.	 Did not join the program and would not have found a 
job (predicted Y = 0, and true Y = 0, “true negative” 
prediction.

2.	 Did not join the program but could have found a job 
(predicted Y = 0, and true Y = 1, “false negative” 
error.

3.	 Joined the program but did not find a job (predicted 
Y = 1, and true Y = 0, “false positive” error.

4.	 Joined the program and found a job (predicted Y = 1, 
and true Y = 1, “true positive” prediction.

These distribution tables therefore provide all the informa-
tion about the frequency of correct and wrong model pre-
dictions and enable judgments about the model’s fairness. 
Although this was not said explicitly, we assumed that 
the group of Black candidates represented a marginalized 
demographic group because of the historic and systematic 
discrimination they experienced in the US, where our fic-
tional example was set.

Fig. 2  Distribution of accurate and 
inaccurate model predictions for 
white and Black participants
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comparison of the ratio  predicted Y = 1/ total number 
of job seekers across the two groups;

	● Equality of Opportunity (labelled as “Criterion 3”): 
“The comparison of the share of persons with true Y=1 
who are assigned to the program out of the group with 
true Y=1 for Black and white job seekers, i.e., the com-
parison of the ratio true positive/total number of people 
with Y = 1 across the two groups;

	● True Positives Comparison (labelled as “Criterion 4”): 
The comparison of the share of persons who get allo-
cated to a program and eventually find the job for Black 
and white job seekers, i.e., the comparison of the ratio 
true positive/total number of job seekers across the two 
groups.6

In the baseline condition, these four fairness metrics were 
described as above. Beyond that, participants were not 
given any guidance.

Contrary to the baseline condition, participants received 
further guidance in the treatment condition: To elicit pref-
erences over fairness metrics in the treatment condition, 
participants were first exposed to utility matrices which 
summarize the relative gain in well-being for an individual 
in each possible situation (Fig. 3) and asked to choose the 
one they thought fit best the scenario. They were encour-
aged to think about the situation and select the matrix 
that, in their view, best captured how benefits in each pos-
sible outcome were distributed. Figure 3 presents the utility 
matrices used in the study. To keep the task simple, we only 
presented matrices with utility values of 0 (= no benefit in 
the given situation) and 1 (maximum benefit in the given 
situation).7 Similar to distribution tables depicting correct 
and incorrect predictions of the model, each utility matrix 
specified a utility value for every possible combination of 
Ŷ  (whether the model predicts that the job seeker will find a 
job, which determines whether they are assigned to the pro-
gram) andY (whether the job seeker actually finds a job after 
the coaching program), i.e. four situations in total.

The different utility matrices represented alternative 
interpretations of the benefits and harms of the job coach-
ing scenario. Utility matrix 1, for example, assumes an 
equal utility of U = 1 for everyone participating in the job 
coaching program. This implies that all participants are con-
sidered to benefit from the program regardless of whether 

6  The options were presented into two possible orders (random assign-
ment, between-subject) which differ in the first and the last option 
presented (with Criterion 1 and Criterion 4 flipped), i.e. (Accuracy 
Comparison, Statistical Parity, Equality of Opportunity, and True 
Positives Comparison) or (True Positive Comparison, Statistical Par-
ity, Equality of Opportunity, and Accuracy Comparison).

7  Participants who believed that there was “some” but smaller benefit 
(i.e., a utility gain between 0 and 1) had therefore to consider whether 
it was closer to 0 or 1.

others. We just referred to comparisons of the respective 
ratios from the distribution tables.

Participants were asked to choose the one fairness metric 
out of the four offered ones that they deem to be the most 
appropriate in the given context. We refer to this part of the 
experiment as DV2.

The options were presented to them as follows:

	● Accuracy Comparison (labelled as “Criterion 1”):“The 
comparison of the total accuracy for Black and white job 
seekers, i.e., the comparison of the ratio (true positive 
+ true negative)/total number of job seekers across the 
two groups;

	● Statistical Parity (labelled as “Criterion 2”): “The 
comparison of the total share of persons allocated to 
a program for Black and white job seekers, i.e., the 

Fig. 3  The set of utility matrices presented in the treatment condition
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is not justified. Based on these considerations, we next pres-
ent a selection of possible criteria for fairness evaluation.”

To keep the concept of deservedness straightforward, 
participants were presented with two options: 

1.	 Compare the utility of all job seekers across both groups 
(including those with Y = 0 and Y = 1).

2.	 Compare the utility of only those who actually found a 
job (Y = 1) across both groups.

Choosing the first option (considering both Y = 0 and 
Y = 1) indicates the belief that all individuals are equally 
deserving of participation in the job coaching program. 
Choosing the second option (only true Y = 1) reflects the 
belief that participation should depend on outcomes–such 
as job attainment–possibly for reasons of cost-effectiveness.

However, these two options were not presented to them 
disconnected from the utility matrix as above. Rather, par-
ticipants were shown two options, formulated based on the 
utility matrix they had chosen: If a participant had chosen 
utility matrix 1, they were asked to choose between:

	● “Criterion 1 (same average utility for all): The compari-
son of the total share of persons allocated to a program 
for black and white job seekers, i.e., the comparison of 
the ratio predicted Y = 1/ total number of job seekers 
across the two groups;” and

	● “Criterion 2 (same average utility for Y = 1): The com-
parison of the share of persons with true Y = 1 who 
are assigned to the program out of the group with true 
Y = 1 for black and white job seekers, i.e., the compari-
son of the ratio true positive/total number of people with 
Y = 1 across the two groups.”

If a participant had chosen utility matrix 2, they were asked 
to choose between:

	● “Criterion 1 (same average utility for all): The compari-
son of the total share of persons allocated to a program 
who actually find a job for black and white job seekers, 
i.e., the comparison of the ratio true positives/total num-
ber of job seekers across the two groups;” and

	● Criterion 2 (same average utility for Y = 1): Same as 
criterion 2 above.

Finally, if a participant had chosen utility matrix 3, they 
were asked to choose between:

	● “Criterion 1 (same average utility for all): The compari-
son of the total accuracy for black and white job seek-
ers, i.e., the comparison of the ratio (true positive+true 

they ultimately find a job. One possible reasoning is that 
participation in the program still provides valuable skills, 
experience, or confidence gains. Utility matrix 2, on the 
other hand, assumes that individuals who do not find a job 
after completing the program do not experience a meaning-
ful increase in utility (i.e., their well-being remains similar 
to that of those who only receive unemployment benefits)8 
In this matrix, therefore, only those who participate in the 
program and subsequently find a job have a utility of U = 1. 
We hypothesize that this utility matrix best reflects the sce-
nario and would therefore be the most popular choice among 
participants. Within the framework that we built on, which 
outlines the procedure for defining a utility matrix in [12], 
utility matrix 3 presents a less plausible interpretation.9 This 
matrix was nevertheless included to ensure comparability 
with the baseline condition, since it is the only matrix that 
corresponds to the accuracy-based fairness metric. For this 
reason, its inclusion is primarily technical, and we expected 
it to be chosen least often.

Utility matrices, therefore, do not add any new relevant 
information beyond the consequences for job seekers in 
each of the four possible situations described in the sce-
nario. Instead, they allow for different interpretations of 
these consequences, i.e. their mapping to the change of the 
well-being of the affected individuals. We did not provide 
further guidance on which utility matrix to choose, apart 
from encouraging participants to think carefully about the 
scenario.

After participants selected their preferred utility matrix, 
we introduced the concept of deservedness. Participants 
were asked whether they believed that a person’s deserv-
edness to receive job coaching should depend on whether 
that person ultimately finds a job after the coaching. Cost-
effectiveness was presented as a possible rationale for why 
some individuals might be viewed as more deserving of 
participation than others. Specifically, participants were 
presented with the following instructions: “To evaluate fair-
ness, please consider the average utility of black and white 
job candidates. When doing so, one might say that all long-
term unemployed people in both groups deserve the same 
(average) utility from the program, regardless of whether 
they find a job at the end (regardless of their true Y). Oth-
ers might argue that not everyone deserves the same utility 
from the program, e.g., because spending the costs of the 
program on people who do not find a job after the coaching 

8  Because we use binary utilities, this means the program’s benefit is 
considered negligible if participants do not find a job; the main ben-
efit comes from successful employment.

9  A possible justification is that job seekers with Y = 0 with pro-
social preferences might appreciate not “taking the place of” of 
someone who could have benefited more. However, this assumes that 
people know about their true Y, which they are, of course, actually 
unaware of.
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3.2.6  DV4: Participant’s beliefs

Finally, we elicited participants’ incentivized beliefs about 
the fairness metrics most frequently chosen by others. In 
the baseline, participants were simply asked which of the 
four fairness metrics they believed was the most frequently 
chosen by participants in their experimental sessions. In 
the treatment, participants were asked which of the utility 
matrices and deservedness arguments they believed were 
the most frequently chosen by participants in their experi-
mental session.

4  Results

In total 109 participants took part in the experiment con-
ducted at the Laboratory of experimental and behavioral 
economics at the University of Zurich in March 2024. The 
mean age of the participants was 23; around 40% identified 
as women. All participants had a background in STEM (sci-
ence, technology, engineering and mathematics). A session 
lasted approximately 1 h and 15 min; the average payment 
was 30.6 CHF.

4.1  DV1: ex-ante fairness perceptions

We begin by comparing the ex-ante fairness perceptions, i.e. 
the judgment of fairness of the allocation of Black and white 
unemployed people to the job coaching program based on 
the information presented in Stage 1 of the experiment.

The pairwise comparisons (t.test with Bonferroni cor-
rection) indicate significant differences across the fairness 
subscales:

fair_general vs fair_black (Stage 1): 
t(216.0) = −2.61, Mfair_general=3.20, SDfair_general=1.36, 
nfair_general=109; Mfair_black=3.54, SDfair_black=1.59, 
nfair_black=109; p=0.010; Cohen's d = –0.35;

fair_general vs fair_white (Stage 1): 
t(216.0) = −7.08, Mfair_general=3.02, Dfair_general=1.36, 
nfair_general=109; Mfair_whitel=4.48, Dfair_whitel=1.66, 
nfair_whitel=109; p< 0.001; Cohen's d =–0.96;

fair_black vs fair_white (Stage 1): t(216.0) = −4.24, 
Mfair_black=1.54, SDfair_black=1.59, nfair_black=109; Mfair_white=4.48, 
SDfair_white=1.66, nfair_white=109; p< 0.001; Cohen's d =–0.96.

For ex-ante fairness evaluations in DV1, participants 
indicated that they found the allocation decisions fairer 
for white candidates. This is expected, as by design, the 
algorithmic decisions were more advantageous for white 
participants.

We observed no differences in ex-ante fairness evalua-
tions between the baseline and treatment condition (pairwise 

negative)/ total number of job seekers across the two 
groups;” and

	● Criterion 2 (same average utility for Y = 1): Same as 
criterion 2 above.

Importantly, the combination of the choice of the utility 
matrix and the choice of the deservedness option in the 
treatment condition lead to the same set of four fairness 
metrics as in the baseline.

	● Accuracy Comparison: Utility matrix 3 and deserved-
ness option 1;

	● Statistical Parity: Utility matrix 1 and deservedness op-
tion 1;

	● Equality of Opportunity: Any of the utility matrices and 
deservedness option 2;

	● True Positives Comparison: Utility matrix 2 and deserv-
edness option 1.

Although the elicitation of preferred fairness metrics dif-
fered between experimental conditions, participants in both 
settings were aware of the consequences of correct and 
incorrect model classifications. To ensure this understand-
ing, they were asked control questions immediately before 
DV2. Thus, participants in the baseline condition could also 
consider the associated utilities implicitly.

3.2.4  Ratio calculation

After the participants’ preferred fairness metric were identi-
fied, we asked them in both experimental conditions to com-
pute the respective ratios (based on the confusion matrices). 
For this task, we showed participants the confusion matrices 
again (and for the treatment condition, also the chosen util-
ity matrix) and asked them to compute the respective ratios 
for the fairness metric of their choice.10

3.2.5  DV3: ex-post fairness

Finally, once participants had computed the respective 
ratios for the Black and white job seekers and therefore 
learned the underlying degree of disparity, we asked them 
again how fair they found the allocation decision in DV3. 
We used subscales to evaluate general fairness, fairness for 
Black candidates, and fairness for white candidates.

10  Participants could not proceed to the next screen until they arrived 
at correct numbers.

1 3

Page 9 of 15     29 



AI and Ethics            (2026) 6:29 

also benefited participants who were not able to find the job 
afterwards, and utility matrix 3 (see Fig. 3c) implied a posi-
tive utility for a correct prediction only. The frequency at 
which utility matrix 3 was chosen — despite being lower 
than for utility matrix 2 — was higher than we initially 
expected. However, given that participants were, on pur-
pose, given minimal instructions so as not to influence them 
in their ethical evaluation of the scenario, it is less surprising 
that people interpreted utility matrices differently from us.11 
Although more participants chose the utility matrix 2, which 
is consistent with our hypothesis, the distribution of choices 
of the utility matrices is not statistically different from the 
uniform distribution (p = 0.20, exact multinomial test; Cra-
mer’s V = 0.18), consistent with either ”random decisions” 
(indifference among matrices) or an equal share of partici-
pants who strongly preferred each option.

With respect to deservedness, slightly more than a half 
of participants, 31 out of 55 participants or about 56%, 
have agreed that the fairness evaluation should take Y into 
account: 7 of 15 of those who had chosen utility matrix 1, 15 
out of 25 of those who had chosen utility matrix 2, and 9 out 
of 15 of those who had chosen utility matrix 3. Fisher exact 
test indicates that the share of those who chose the deserv-
edness option 2, i.e., to include Y in the evaluation, is not 
statistically different from 50%, p = 0.77. The association 
between utility matrix and deservedness choice was small, 
Cramer’s V = 0.12, suggesting a weak link between the 
assigned matrix and participants’ fairness evaluation. This 
pattern is consistent with a “random draw” choice, reflect-
ing indifference among options, or an equal distribution of 
strong preferences.

4.2.2  Baseline condition

Let us now compare the chosen metrics in the treatment 
condition (i.e., through the choice of a utility matrix and a 
deservedness argument) with those chosen in the baseline 
condition. We observed significant differences in distribu-
tions of the chosen fairness metrics across experimental 
conditions (see Fig. 4).

As Fig. 4 shows, the True Positives Comparison (TPC, 
fairness criterion 4) is the least preferred fairness met-
ric in the baseline; the distribution of the chosen met-
ric is significantly different from the uniform distribution 
(p < 0.01, exact multinomial test, n=54). This result sug-
gests that, without any additional guidance, this criterion is 

11  We elicited participants’ overall open-ended explanations for their 
choices in the experiment. A few participants who chose utility matrix 
3 stated they that correct classification increased well-being for job 
seekers with Y = 0 without providing a specific source of this well-
being improvement.

t.test comparisons with Bonferroni correction, p > 0.10) for 
all the three fairness scales:

fair_general (Stage 1): 
t(107.0) = −1.41, Mbase = 2.83, SDbase = 1.13, 
nbase = 54; Mtreat = 3.20, SDtreat = 1.54, ntreat = 55; 
p = 0.161; Cohen′s d = −0.27;

fair_black (Stage 1): 
t(107.0) = −1.61, Mbase = 3.30, SDbase = 1.57, 
nbase = 54; Mtreat = 3.78, SDtreat = 1.58, ntreat = 55; 
p = 0.111; Cohen′s d = −0.31;

fair_white (Stage 1): t(107.0) = −1.48, Mbase = 4.24, 
SDbase = 1.84, nbase = 54; Mtreat = 4.71, Mtreat = 1.45, 
ntreat = 55; p = 0.143; Cohen′s d = −0.28.

This is as expected since no experimental manipulation 
has been introduced at this stage of the experiment.

4.2  DV2: Fairness metric preference

We now turn to the choices of fairness metrics after the 
experimental manipulation has been introduced.

4.2.1  Treatment condition

First, let us start with the choices of the utility matrix and the 
deservedness argument, which implicitly defines the choice 
of fairness criterion in the treatment. 25 out of 55 partici-
pants, i.e. around 45% of participants, chose utility matrix 2 
(see Fig. 3b), which assigned a utility value of U = 1 for job 
seekers with true Y = 1 and predicted Ŷ = 1 and U = 0 to 
all other cases. This implies that participants believed that 
the job seekers only derive a positive utility if they are able 
to find a job after the job coaching program and were in 
fact allocated to participate in the program — in line with 
our hypothesis that this is the most plausible utility matrix. 
Utility matrix 1 and 3 were each chosen by 15 out of 55 
participants, i.e., by around 27%. Utility matrix 1 (see Fig. 
3a) implied that the allocation to the job coaching program 

Fig. 4  Proportions of metrics chosen across conditions
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fair_black vs fair_white (Stage 3): 
t(216) = −11.45, Mfair_black=3.2, SDfair_black=1.44, 
nfair_black=109nfair_black = 109; Mfair_white=5.27, 
SDfair_white=1.21, nfair_white=109; p=<0.001; Cohen's 
d=–1.55.

Interestingly, ex-post fairness evaluations are influenced 
by the choice of the fairness metric (general fairness,13 con-
ditions pooled). In particular, for the chosen metric of total 
model accuracy across the Black and white job seekers, the 
perceived fairness is rated as higher than under Statistical 
Parity or under the True Positives Comparison:

AC vs SP: t(41) = 2.96, MAC = 4.2, SDAC = 1.29, 
nAC = 25, MSP = 2.95, SDSP = 1.56, nSP = 22, p = 0.031, 
Cohen′sd = 0.88;

AC vs TPC: t(36.7) = 5.46, MAC = 4.2, 
SDAC = 1.29, nAC = 25, MTPC = 2.5, SDTPC = 0.65, 
nTPC = 14, p < 0.001, Cohen′sd = 1.53;

AC vs EO: t(54.7) = 2.28, MAC = 4.2, SDAC = 1.29, 
nAC = 25, MEO = 3.44, SDEO = 1.47, nEO = 48, p = 0.159, 
Cohen′sd = 0.54.

The other pairwise comparisons do not reveal significant 
differences:

SP vs EO: t(38.8) = −1.23, MSP = 2.95, SDSP = 1.56, 
nSP = 22, MEO = 3.44, SDEO = 1.47, nEO = 48, p = 1, 
Cohen′sd = −0.32

SP vs TPC: t(30.4) = 1.21, MSP = 2.95, SDSP = 1.56, 
nSP = 22, MTPC = 2.5, SDTPC = 0.65, nTPC = 14, p = 1, 
Cohen′sd = 0.35

EO vs TPC: t(50) = 3.42, MEO = 3.44, 
SDEO = 1.47, nEO = 48, MTPC = 2.5, SDTPC = 0.65, 
nTPC = 14, p = 0.008, Cohen′sd = 0.7

Remember that by design, our fairness metrics are asso-
ciated with different levels of resulting disparities between 
the Black and the white candidates.

To analyze whether the degree of disparities affects the 
fairness evaluations, we run a linear regression:

Yi =b0 + b1 ∗ Disparityi

+ b2 ∗ FairMetrici + b3 ∗ Ctrls + ei
� (1)

where Yi is the ex-post fairness score from 1 to 5 assigned 
by a participant i, Disparityi is the absolute difference in 
the respective ratios for white and Black job seekers under 
the respective fairness metric, and FairMetrici is the fair-
ness metric chosen by a participant i, Ctrls include age and 
gender, and finally ei is the error term.

Table 1 presents results of the regressions run for general 
fairness, fairness for white, and fairness for Black job seek-
ers (experimental conditions pooled).

13  As opposed to fairness for white job seekers and fairness for Black 
job seekers.

not the most intuitive choice people would make.12 As we 
saw in the treatment condition, people become more likely 
to choose this metric, though, when instructed to look at it 
through the lens of utilities. Specifically, each of the fair-
ness metrics, including the True Positives Comparison, 
was equally preferred in the treatment condition (p = 0.64, 
exact multinomial test of the observed distribution to the 
expected distribution of (1/6, 1/6, 3/6, and 1/6) for the four 
fairness metrics, N=55, respectively, assuming that each 
utility matrix and each of the deservedness argument are 
equally likely to be chosen). Two-sample test of proportions 
indeed confirms a significant difference in the frequency of 
the choice of the True Positives Comparison (fairness crite-
rion 4) as the fairness metric between the treatment and the 
baseline (z-score of 3.28).

We conclude that the introduction of utility matrices and 
deservedness arguments led to an increasing preference for 
the fairness metric that best aligns with a utility-based view 
of fairness metrics (i.e., the fourth fairness criterion, True 
Positives Comparison).

4.3  DV3: ex-post fairness & the role of disparities 
among the groups

We conclude by analyzing the ex-post fairness judgments, 
i.e., people’s perception of fairness of the allocations to the 
job coaching program after they have chosen the fairness 
metric (the lens) and computed the resulting disparities 
across demographic groups.

Comparisons of ex-post fairness perceptions did not 
reveal any meaningful difference across the conditions. 
Mixed ANOVA reveals no significant difference for the 
experimental conditions:F (1.00, 107) = 1.03, p = 0.313, 
η2

g  = 0.006, but significant differences for fairness subscales: 
F (1.65, 177) = 140.58, p =< 0.001, η2

g  = 0.318 (and 
no significant interactions effects: F (1.65, 177) = 0.11, 
p = 0.856, η2

g  = 0.000).

Similar to the ex-ante fairness perceptions, participants 
evaluated the job allocation decision as fairer for the white 
participants.

fair_general vs fair_black (Stage 3): 
t(216) = −0.98, Mfair_general=3.2, SDfair_general=1.44, 
nfair_general=109; Mfair_black=3.39, SDfair_black=1.46, 
nfair_black=109; p=0.982; Cohen's d=–0.13.

fair_general vs fair_white (Stage 3): 
t(216) = −10.29, Mfair_general = 3.39, SDfair_general=1.46, 
nfair_general=109; Mfair_white=5.27, SDfair_white=1.21, 
nfair_white=109; p=<0.001; Cohen's d=–1.39.

12  Interestingly, in contrast to [22], statistical parity was not the most 
frequent choice in any of our experimental conditions.
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suggesting that participants were not absolutely sure about 
the precision of their guesses.

In the treatment, participants were first asked to guess the 
most frequently chosen utility matrix. 47% correctly pre-
dicted utility matrix 2 while 53% made wrong predictions: 
38% mistakenly chose utility matrix 3, and 15% mistakenly 
chose utility matrix 1. The comparison of the guessed and 
true distribution of chosen utility matrices reveals no differ-
ence at 5% (p = 0.051, exact multinomial test).

Similarly to the baseline, around 62% of participants 
indicated the utility matrix they had chosen themselves as 
the most frequently chosen utility matrix by others. Regard-
ing the deservedness argument, around 53% correctly 
guessed option 2 (i.e., only comparing utilities of those with 
true Y = 1) to be the most frequently chosen option. Again, 
around 65% of participants indicated their own chosen argu-
ment as the one most likely picked by the others.

Similarly to the baseline, 25% of participants correctly 
indicated the range of the true average fairness score; 62% 
underestimated true fairness perceptions, and 13% over-
estimated it. Finally, participants’ average self-confidence 
were 66% and 56% (on 0–100% scale) for the beliefs about 
the selected utility matrix and the average fairness score, 
respectively, suggesting that participants were not different 
from the baseline in the confidence of their estimates.

We therefore conclude that the two experimental con-
ditions were similar in terms of participants’ beliefs. In 
both conditions, the most common strategy was to submit 
”naive” beliefs, i.e., to predict one’s own choice as the most 
frequent choice of others.

5  Discussion

This experiment provides important theoretical insights into 
how the structured exposure to a fairness evaluation frame-
work, which prompts people to consider the utility of the 
relevant groups and deservedness arguments, can influence 
preferences for fairness metrics and overall fairness percep-
tions of resulting algorithmic decisions. Although exposure 
to such a utility-based framework led to a significant shift in 
metric preferences, with more participants relying on com-
paring the average utilities across the groups, there were no 
significant differences in overall fairness perceptions across 
conditions.

Prompting participants to explicitly accommodate the 
utility of the affected individuals and deservedness argu-
ments represents a novel contribution to the empirical lit-
erature on perceptions of fairness metrics, encouraging 
participants to critically assess both fairness outcomes and 
the moral justifications behind resource allocation deci-
sions. This suggests that fairness metric preferences are 

The results of the regression analysis reveal that disparity 
is a substantial and statistically significant negative coeffi-
cient for the general fairness perception and the perception 
of fairness for Black job seekers. The choice of fairness cri-
terion is, however, an insignificant coefficient for the fair-
ness perception. These findings suggest that differences in 
fairness evaluations are driven primarily by the underlying 
level of disparity, not by the fairness metric itself.

4.4  Participant's beliefs

We conclude this section by looking at participants’ beliefs 
about the choices of others. Overall, participants cor-
rectly anticipate the choices of fairness metrics and fair-
ness scores of others. In the baseline, 43% of participants 
correctly guessed accuracy as the most frequently chosen 
fairness metrics; 57% arrived at the wrong predictions: 
26% believed it was Statistical Parity; 24% believed it was 
Equality of Opportunity, and finally 7% believed it was True 
Positives Comparison. The comparison of the guessed and 
true distribution of chosen fairness metrics reveals no differ-
ence (p = 0.41, exact multinomial test).

Interestingly, around 65% of participants indicate that the 
fairness metric they had chosen themselves would be the 
most frequently chosen fairness metric by others.

When asked to predict the average fairness scores, only 
about 20% of participants in the baseline guessed the correct 
range for the actual mean general fairness score. 32% over-
estimated the actual mean general fairness score and about 
48% underestimated it.

For both types of beliefs, the guessed fairness metric 
and the guessed range for the fairness score, we elicited 
self-confidence of participants in their estimate (from 0 to 
100%). The average confidence was 61% in both cases, 

Table 1  Regression Results
Fairness
general

Fairness
white

Fairness
black

(Intercept) 7.253∗∗∗ 5.430∗∗∗ 7.417∗∗∗

(1.125) (0.999) (1.085)
Disparity −6.371∗∗ −0.926 −7.550∗∗∗

(2.102) (1.865) (2.026)
FairMetric −0.172 −0.052 −0.102

(0.148) (0.131) (0.143)
Age −0.094∗ 0.041 −0.109∗

(0.046) (0.040) (0.044)
Gender −0.353 −0.609∗ −0.379

(0.262) (0.233) (0.253)
R2 0.186 0.074 0.221
Adj. R2 0.155 0.038 0.191
Num. obs 109 109 109
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05
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metrics generally produce different disparities among the 
groups, using any particular evaluation framework that “fun-
nels” participants towards specific fairness metrics will indi-
rectly affect their fairness judgments. Future research could 
explore the long-term effects of such frameworks, whether 
similar effects occur in other contexts, such as healthcare or 
criminal justice, and for other socially sensitive attributes 
(e.g., gender, ethnicity) and whether other types of deserv-
edness arguments (e.g., merit, need, or effort) have similar 
effects on people’s preferences over fairness metrics and 
resulting fairness evaluation of algorithmic decisions.

7  Limitations

We conclude the paper by acknowledging several important 
limitations that influence the interpretation of our results. 
First, our analysis of fairness perceptions focused exclu-
sively on race as the sensitive attribute. Consequently, we 
cannot determine whether these findings generalize to other 
prominent social categories such as gender or ethnicity. For 
the same reason, we are unable to extrapolate our results to 
more complex, real-world contexts involving intersectional-
ity–that is, situations in which individuals simultaneously 
belong to multiple social groups, potentially amplify-
ing the sensitivity of fairness considerations. Second, our 
data on fairness perceptions were collected from a sample 
of STEM students, who evaluated the scenario as external 
observers rather than as individuals directly affected by 
algorithmic decisions. Moreover, the scenario described 
a situation taking place in a different country, which may 
have further increased the psychological distance from the 
problem at hand. These factors limit the generalizability of 
our findings to the broader population, where people might 
experience such decisions personally or within a closer 
sociocultural context (e.g., involving their own country or 
community). Third, our study relies on hypothetical sce-
narios and self-reported evaluations rather than real-world 
decisions or observed behavior. While this approach allows 
careful experimental control, it may not fully capture how 
participants would respond when personally affected or 
under real stakes, potentially limiting ecological validity. 
Fourth, although we augmented our reporting with effect 
sizes, some conditions had modest sample sizes, which may 
reduce the precision of certain estimates and increase the 
risk of Type II errors for comparisons that did not reach 
statistical significance. Finally, our measures of fairness 
perceptions and utility evaluations are task-specific and 
scenario-dependent. The observed preferences for fairness 
metrics, utility matrices, and deservedness arguments may 

shaped not only by equity considerations but also by deeper 
moral evaluations of deservedness. Importantly, only a 
minority of participants apply the fairness metric ”true posi-
tives comparison” in the baseline. Recall that this metric is, 
by design, the most consistent when comparing the aver-
age utilities across the demographic groups. This suggests 
that even though all the relevant information was provided 
(in the form of the confusion matrices), participants rarely 
rely on comparing the utilities themselves without explicit 
instruction. In fact, participants in the treatment condition, 
who were guided in their choice of fairness metric and had 
to consider utility explicitly, were more likely to choose this 
metric.

We tested for one particular type of deservedness through 
cost-efficiency. In our scenario, allocating people with true 
Y = 1 to the job coaching program assured that the coach-
ing resources were spent efficiently. Interestingly, only 
about half of the participants agreed with this argument in 
this setting. The other half considered all job seekers to be 
equally deserving of participation in the job coaching pro-
gram, highlighting again the context-dependency and indi-
vidual differences of fairness perceptions. Despite focusing 
on a specific deservedness argument, we believe that our 
results might extend towards other scenarios where true 
labels serve as justifiers for differentiated treatment [26].

Importantly, our results demonstrate that people’s per-
ceptions of fairness are malleable: by providing specific 
types of instructions or guidance, it is possible to shift par-
ticipants’ preferences. Globally, such guidance or “nudging” 
can be employed for both benign and malicious purposes. In 
this paper, we have shown that the guidance used is socially 
beneficial, as it enables participants to consider multiple 
factors in their fairness judgments and thereby make more 
informed decisions. However, the potential for malicious 
use poses a significant risk of manipulating people’s prefer-
ences in a particular direction. Therefore, the design of any 
guidance related to fairness evaluations must be approached 
with caution: if the information provided appears biased or 
misleading, regulatory oversight may be necessary to ensure 
that it is revised and that such risks are mitigated.

6  Conclusion

In conclusion, this study demonstrates the potential of util-
ity-based frameworks to alter individuals’ preferences for 
fairness metrics, with a significant shift toward considering 
the average utilities for the two demographic groups. How-
ever, fairness perceptions remained relatively stable across 
conditions. What ultimately mattered for perceived fairness 
was the degree of disparity between the considered groups 
produced by a particular fairness metric. Since fairness 
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differ in other contexts or with alternative framings, high-
lighting that the findings should be interpreted as indicative 
rather than definitive.
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