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Abstract

The plethora of fairness metrics developed for ranking-based
decision-making raises the question: which metrics align best
with people’s perceptions of fairness, and why? Most prior
studies examining people’s perceptions of fairness metrics
tend to use ordinal rating scales (e.g., Likert scales). However,
such scales can be ambiguous in their interpretation across
participants, and can be influenced by interface features used
to capture responses. We address this gap by exploring the use
of two-alternative forced choice methodologies— used exten-
sively outside the fairness community for comparing visual
stimuli— to quantitatively compare participant perceptions
across fairness metrics and ranking characteristics. We report
a crowdsourced experiment with 224 participants across four
conditions: two alternative rank fairness metrics, ARP and
NDKL, and two ranking characteristics, lists of 20 and 100
candidates, resulting in over 170,000 individual judgments.
Quantitative results show systematic differences in how peo-
ple interpert these metrics, and surprising exceptions where
fairness metrics disagree with people’s perceptions. Quali-
tative analyses of participant comments reveals an interplay
between cognitive and visual strategies that affects people’s
perceptions of fairness. From these results, we discuss future
work in aligning fairness metrics with people’s perceptions,
and highlight the need and benefits of expanding methodolo-
gies for fairness studies.

1 Introduction
Background on Fairness in Ranking-Based Decisions.
AI-driven algorithms ranking candidates in education,
healthcare, recruitment, and financial lending risk introduc-
ing biases against groups based on race, gender, or disability
(Lee 2018; Harris et al. 2023; Loefflad and Grossklags 2024;
Zhang 2022; Gadiraju et al. 2023). Given this trend, much
attention recently has focused on developing fairness met-
rics for algorithmic decision-making, and evaluating peo-
ple’s perceptions of fairness in decision-making contexts,
emphasizing its role in trust and system adoption (Yurrita
et al. 2023; van Berkel, Sarsenbayeva, and Goncalves 2023;
Schoeffer, Machowski, and Kuehl 2021; Lee and Rich 2021;
Schoeffer, Kuehl, and Machowski 2022).

These works show the alignment of people’s perceptions
of fairness with fairness metrics in the literature and high-
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light the importance of transparency in presenting data to
users. Across application areas such as legal and criminal
risk (Grgic-Hlaca et al. 2018), healthcare (Lee and Rich
2021), and hiring (Lavanchy et al. 2023), ongoing challenges
and opportunities in designing fair systems remain. Gaining
a deeper understanding of people’s perceptions of fairness
in rankings across a wide range of tasks will allow organiza-
tions to design systems that will deliver equitable and widely
accepted outcomes (Lee and Rich 2021).

Gap in the Literature. Unfortunately, the predominant
approach for measuring fairness perception relies on qual-
itative measures and ordered scales, typically Likert scales
(Binns 2018; Shulner-Tal, Kuflik, and Kliger 2022; Schoef-
fer, Kuehl, and Valera 2021; Corbett-Davies et al. 2017;
Nyarko, Goel, and Sommers 2021; Marcinkowski et al.
2020; Harrison et al. 2020). These techniques have known
biases and limitations, including cultural differences in par-
ticipant response patterns (Lee et al. 2002; Johnson, Shavitt,
and Holbrook 2011), variability in interpretation among re-
spondents (Westland 2022), and tendencies such as acqui-
escence bias (He et al. 2014; Pimentel and Pimentel 2019;
Douven 2018). Further, many of these works (Lee and Rich
2021; Lavanchy et al. 2023) focus on fairness for classifica-
tion tasks, while ranking tasks have received comparatively
less attention.

Our Approach. In this paper we explore an alternative
methodology for assessing people’s perceptions of fairness
namely, the two-alternative forced choice (2AFC) method
(Heinrich, Kaur, and O’Donoghue 2015; Derrick, Hans-
mann, and Theys 2019; Guo et al. 2019), and apply it to
study fair-ranking metrics. 2AFC is often used to quan-
tify and model just-noticeable differences (JNDs) for stim-
uli, which is the minimum difference between two stimuli
that an observer can reliably distinguish (Yu and Grauman
2015; Du et al. 2024; Ma et al. 2024; Kay and Heer 2016;
Chung et al. 2016; Lu et al. 2022; Harrison et al. 2014).
2AFC and its associated modeling methodologies have been
widely adopted to evaluate people’s perceptions with the de-
sign and evaluation of visual, tactile, and interactive systems
(Stevens 1957; Gescheider 1997; Macknik and Martinez-
Conde 2009; Xue et al. 2023). In our case, we propose to
adopt and adapt it for the purpose of measuring percep-
tual thresholds in fairness metrics, which we here call “Just-
Noticeable Fairness”. A key strength of the 2AFC methodol-



ogy is that it effectively mitigates issues related to scale bias
(e.g., some participant never selecting 5 or even 4 on a 5-
point Likert scale; while others spread their ratings across all
5 scores), as participants only choose between two stimuli.
A metric with a consistently lower JND suggests that partic-
ipants can more easily detect changes in that metric. 2AFC
modeling also facilitates examining the impact of contextual
variables, such as the size of candidate lists, impacting peo-
ple’s perceptions.

Research Study. We report on our crowdsourced study
with 224 participants designed to assess their perceptions
of two competing fairness metrics, and to examine the rel-
ative impact of candidate list sizes. We compare two alter-
native metrics for measuring fairness across rankings: ARP
(Attribute Rank Parity) (Cachel, Rundensteiner, and Harri-
son 2022; Shrestha et al. 2022, 2023) and NDKL (Normal-
ized Discounted Cumulative KL-divergence) (Geyik, Am-
bler, and Kenthapadi 2019; Ghosh, Dutt, and Wilson 2021;
Kumar et al. 2023; Olulana et al. 2024), both of which have
been applied in multiple recent studies.

We examine four conditions: (A) Different Ranking
Sizes and Same Metric - ARP100 vs. ARP20; (B) Different
Ranking Sizes and Same Metric - NDKL100 vs. NDKL20;
(C) Same Ranking Size, and Different Metrics - ARP100 vs.
NDKL100; and (D) Same Ranking Size and Different Met-
rics - ARP100 vs. NDKL100. These four conditions explore
how fairness metrics and how list sizes influence partici-
pants’ perceptions of fairness – with their perceptions mea-
sured effectively by adopting the 2AFC methodology.

While prior work has examined people’s perceptions of
visual and visualization stimuli using Just Noticeable Differ-
ences (JND) methodologies (Kay and Heer 2016; Harrison
et al. 2014), our study is the first to explore this methodology
in a fair ranking context. Our core research questions about
fair-ranking metrics are:

• RQ1: How does the number of ranked candidates in-
fluence people’s subjective perceptions of fairness?

• RQ2: How do ranking fairness metrics align with peo-
ple’s subjective perceptions of fairness?

For RQ1, our findings—perhaps surprisingly—indicate
that longer lists (i.e., rankings with more candidates) led to
more consistent and precise fairness judgments from partici-
pants. Results clearly show that both ARP100 and NDKL100

outperformed their 20-candidate counterparts in terms of
precision and alignment with fairness perceptions.

For RQ2, the results reveal distinct patterns between ARP
and NDKL. ARP more closely aligns with participants’ fair-
ness perceptions, consistently yielding lower variance and
smaller JNDs for participants to detect fairness differences.

In addition, our qualitative study revealed two main strate-
gies that participants used to judge fairness: cognitive strate-
gies (e.g., intuitive judgments like avoiding clusters of
same-group candidates or spotting imbalance, and analytical
methods like comparing ratios or distributions) and visual
strategies (e.g., focusing on even color distribution, symme-
try, and balanced patterns across rankings).

Our findings suggest that visual displays play a critical
role in aiding user perception of fairness. Since our study

relies solely on visual representations, it offers insight into
when such cues are effective and when they may fall short.
This is particularly important in contexts where numeric
fairness scores may be inaccessible, not intuitive, or mis-
aligned with users’ sense of fairness.

2 Background
2.1 Perception of Algorithmic Fairness
Empirical research on algorithmic fairness has predomi-
nantly focused on classification tasks. Studies by Srivas-
tava et al. (Srivastava, Heidari, and Krause 2019) and Sax-
ena et al. (Saxena et al. 2019) indicate that non-expert per-
ceptions often align with fairness metrics like demographic
parity or calibrated fairness. For instance, Srivastava et al.
(Srivastava, Heidari, and Krause 2019) found that demo-
graphic parity— where outcomes are equally distributed
across groups— aligns closely with laypeople’s fairness in-
tuition for classification tasks, while Saxena et al. (Saxena
et al. 2019) reveal a preference for calibrated fairness, where
resources like money are divided according to applicants’
quality, with perceptions influenced by factors such as race.
Debjani et al. (Saha et al. 2020) developed a metric to assess
non-expert comprehension of fairness definitions, highlight-
ing gaps between algorithmic fairness and public perception
and the need for transparent explanations.

While classification studies focus on fairness in discrete
outcomes, ranking fairness (Yang and Stoyanovich 2017;
Zehlike et al. 2017; Zehlike and Castillo 2020; Singh and
Joachims 2018) adds complexity by addressing the relative
ordering of items and the distribution of protected groups
across a list (Lee et al. 2019; Ötting and Maier 2018; Wang,
Harper, and Zhu 2020; Lavanchy et al. 2023). Unlike classi-
fication, which uses metrics like accuracy, ranking fairness
must account for how item positions affect perceptions and
outcomes, such as scholarship amounts, raises, or other ben-
efits (Kuhlman and Rundensteiner 2020; Wu et al. 2022;
Sühr, Hilgard, and Lakkaraju 2021; Diaz et al. 2020).

Research on AI explanations has shown that transparency
and the way information is framed significantly influence
fairness perceptions. For example, Schoeffer et al. (Schoef-
fer, De-Arteaga, and Kühl 2024) found that clear expla-
nations foster trust, while Zhang et al. (Yang et al. 2024)
developed tools to mitigate bias. However, Binns et al.
(Binns et al. 2018) noted that certain explanation styles,
like case-based explanations, can negatively affect fairness
views. Other studies have highlighted how user character-
istics, such as education, gender, or perceived system relia-
bility, also shape how fairness is judged (Pierson 2017; Sri-
vastava, Heidari, and Krause 2019; Saxena et al. 2019; Saha
et al. 2020; Lünich and Keller 2024).

Similar to our work, Alkhathlan et al. (Alkhathlan et al.
2024) used Likert scales to study perception of fair rank-
ings, however, they examined the influence of score distribu-
tions of relevant attributes (e.g., similar vs. dissimilar grades
in a scholarship scenario) on fairness perception. Further,
their study was restricted to small lists composed of only
8 candidates, while most real-world problems must work
much larger sets of candidates that need to be fairly ranked.



Building on this, our research now investigates how list size
(short vs. long) affects fairness perceptions in ranking sys-
tems. Unlike prior fairness perception studies, we explicitly
introduce 2AFC methodologies to calculate Just Noticeable
Differences that allow us to capture precise differences in
how people perceive fairness (Yu and Grauman 2015; Du
et al. 2024; Ma et al. 2024; Kay and Heer 2016; Chung et al.
2016; Lu et al. 2022; Harrison et al. 2014).

2.2 Assessing JND Using 2AFC Methods
The concept of Just Noticeable Difference (JND) refers to
the smallest detectable difference between two stimuli per-
ceived by the human sensory system (Yu and Grauman
2015; Du et al. 2024; Ma et al. 2024; Kay and Heer 2016;
Chung et al. 2016; Lu et al. 2022) Lu et al. (Lu et al. 2022)
quantified perceptible differences in visual attributes like bar
height and bubble size to enhance data visualizations. Chung
et al. (Chung et al. 2016) explored how visual channels, such
as size and texture, affect order perception. Ma et al. (Ma
et al. 2024) extended the concept of JND to wearable de-
vices like AirPush, which provides multi-dimensional force
feedback for immersive VR. Du et al. (Du et al. 2024) ex-
plored tactile feedback through surface roughness. Studies
by Harrison and Kay et al. (Harrison et al. 2014; Kay and
Heer 2016) model correlation perception in visualizations
using Weber’s Law, while Yu et al. (Yu and Grauman 2015)
explore the perceptibility of differences in visual attributes
sportiness in images. These studies show how JND-focused
methods can inform the design of interactive systems.

The development of visualization systems relies deeply
on empirical studies of human visual perception, which
also benefit efforts in human-computer interaction (HCI).
Rensink et al. explored the perception of correlation in scat-
terplots using psychophysical methods to assess visual per-
ception in data visualization (Rensink and Baldridge 2010).
This work modeled how visual attributes scatterplot shape
might affect data interpretation. Harrison et al. extended
this method to multiple chart types, demonstrating how
model-based approaches can be used to compare compet-
ing methods (Harrison et al. 2014). Kay et al. introduced
advanced statistical methods to the modeling approach, in-
corporating individual differences and hierarchical models,
and adding uncertainty measurement and modeling (Kay
and Heer 2016).

JNDs in different contexts are estimated by studies us-
ing a Two-Alternative Forced Choice (2AFC) method (Hein-
rich, Kaur, and O’Donoghue 2015; Derrick, Hansmann, and
Theys 2019; Guo et al. 2019). 2AFC is used to assess
perceptible differences in stimuli by asking participants to
choose between two options, enabling the quantification of
Just Noticeable Differences (JND) (Szafir 2017; Elliott et al.
2021). While prior work has used pairwise comparisons for
preference elicitation—such as in participatory voting sys-
tems (Goel et al. 2019). Our work draws on psychophysi-
cal evaluation frameworks as proposed by Elliott et al. (El-
liott et al. 2021), which emphasize sensitivity, threshold,
and performance-based measures in visualization assess-
ment. Compared to Likert-style ratings, 2AFC allows for
finer-grained sensitivity to perceptual thresholds in fairness

judgments. Szafir applied 2AFC to measure color differ-
ences in visualizations, aligning design with human percep-
tual thresholds (Szafir 2017). Elliott et al. focuses on stimu-
lus adjustments and performance measures to improve visu-
alization evaluation (Elliott et al. 2021).

3 Methodology
Overall Goal: Finding the perceptual threshold. Our
study uses a controlled perception-based evaluation ap-
proach adopted from the visualization research community
to assess how fairness is perceived by (”looks” to) people
when they are shown ranked list displays. By isolating vi-
sual perception from broader social context, the goal is to es-
tablish perceptual thresholds—the minimum fairness differ-
ences participants can reliably detect between two rankings
with different levels of fairness. For example, if one rank-
ing has a fairness score F1 (e.g., 0.2, interpreted as mostly
fair) and another has F2 (e.g., 0.9, interpreted as quite un-
fair), the perceptual threshold represents the smallest differ-
ence at which participants can detect a fairness difference
between the two displayed lists. In this example, the differ-
ence is |F2 − F1| = |0.9 − 0.2| = 0.7, if participants are
able to perceive it.

A small perceptual threshold (small just noticeable dif-
ference, or JND) indicates that participants can detect even
minor fairness changes, while a large threshold would mean
that even sizable fairness differences may go unnoticed. This
experimental methodology therefore allows us to examine
whether participants can visually distinguish between differ-
ent fairness objectives—independent of context or specific
candidate demographics (e.g. race or sex).

Fairness Metrics. To compute the fairness Fi of a list,
we utilize two popular group fairness metrics in rankings
that align with the concept of statistical parity (Dwork et al.
2012), which seeks proportional representation of protected
groups across ranked positions. These metrics, Normalized
Discounted KL-divergence (NDKL) (Geyik, Ambler, and
Kenthapadi 2019) and Attribute Rank Parity (ARP) (Cachel,
Rundensteiner, and Harrison 2022), were selected for their
distinct approaches to measuring group fairness in the sense
of prioritizing fairness at different parts of the ranking as
elaborated upon below.

NDKL assesses the representation of groups at every pre-
fix of the ranking, weighting higher-up prefixes more. It
deems a ranking fair if each prefix, i.e., a top-k set, has a
proportional share of all groups. NDKL is most fair at 0 and
conceptually focused on representing groups fairly higher
up in the ranking. The metric is defined as:

NDKL(τ,G) =
1

Z

|X|∑
i=1

1

log2(i+ 1)
dKL(Dτi ||DX) (1)

where dKL(Dτi ||DX) measures the KL-divergence be-
tween the group proportions at the first i positions in τ and
the overall group distribution in X . The normalization factor
Z ensures comparability across rankings and is defined as



Z =
∑|τ |

i=1
1

log2(i+1) . Higher NDKL values indicate greater
disparities in representation at top positions.

ARP is a pairwise fairness metric that evaluates rankings
by decomposing them into pairwise comparisons, where a
mixed pair compares candidates from different groups. ARP
measures fairness by calculating the maximum absolute dif-
ference between the average mixed pairs won by each group.
Fairness is achieved when ARP equals 0, indicating that
groups are treated equally across the entire ranking. The
ARP metric is defined as:

ARP (τ,G) = max
∀gj ,gk∈G

|avgpairs(τ, gj)− avgpairs(τ, gk)|

(2)
where avgpairs(τ, gi) is calculated as the ratio of mixed

pairs won by group gi to total mixed pairs involving that
group. Higher ARP values, up to 1, suggest that groups are
disproportionately ranked lower compared to others.

3.1 Study Design
Our study examines the impact of two core dimen-
sions—competing fairness metrics (ARP and NDKL) and
alternate list sizes (small = 20, large = 100)—yielding four
higher-level comparison conditions (A–D), summarized in
Figure 3. The rationale for focusing on these two dimen-
sions is discussed in the subsections entitled Varying Fair-
ness Metrics and Varying Ranked List Sizes below.

Participants were presented with two rankings of differ-
ent fairness levels (according to some metric F) and asked
to choose the ranking they perceived as being “more fair”
(See study interface in Figure 1.) We call this a trial. A
ranking corresponds to an ordered sequence of candidates,
each with a sensitive attribute denoting their membership in
a protected group (e.g., the two groups sex = male or sex =
female). For simplicity, a binary group system is assumed:
half of the candidates belong to Group A and the other half
to Group B, visually indicated by yellow and purple respec-
tively in our study interface (See Figure 1). We chose yel-
low and purple as abstract socially-neutral colors denoting
different groups to avoid triggering biases, following prior
findings that participants respond differently when explicit
categories (e.g., race) are used compared to abstract ones
(e.g., colors) (Alkhathlan et al. 2024).

As described below in the Fairness Metrics subsection, we
worked with two fairness metrics from the literature: ARP
and NDKL. As second dimension of our study, we automat-
ically generated rankings for each metric in two list sizes: 20
candidates and 100 candidates. These rankings are denoted
as MetricX, where X represents the list size, either 20 or 100,
and Metric the abbreviation for the fairness metric. For ex-
ample, ARP100 and NDKL100 correspond to the longer lists,
while ARP20 and NDKL20 refer to the shorter lists.

Participant Assignment. Participants were randomly as-
signed to one of four studies: ARP100, ARP20, NDKL100, or
NDKL20, through Prolific (see the Recruitment and Partici-
pants subsection below for participant requirements). Each
participant is assigned only one study (See study interface
in Figure 1). This between-group design ensured that each

participant was exposed to only one combination of fairness
metric and list size (e.g., ARP100). To illustrate, participants
in the ARP100 study only viewed trials comparing ARP100
rankings to other ARP100 rankings; they were not exposed to
rankings by other metrics or list sizes to avoid confusion.

All participants completed the same set of trials, as de-
scribed in the following procedure and main study subsec-
tions. Each trial presents a unique pair of rankings for com-
parison, meaning no pair of rankings was repeated across
trials within the same study. Trials were independent, such
that participants’ responses to one trial did not influence the
presentation or outcomes of other trials. Participants had to
complete all trials. The study design ensured balanced rep-
resentation by including an equal number of trials per con-
dition within each study, and by keeping the total number of
trials consistent across the four studies.

The trial involved presenting a pair of rankings, where
the fairness score for each ranking (e.g., using ARP or
NDKL) varied systematically across predefined fairness
levels: (0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0) (See
Figure 2C.i). If an exact fairness level (e.g., 0.3) was not
achievable for a given list size and metric combination (e.g.,
NDKL20), we used the closest possible fairness score in-
stead (e.g., 0.26).

More precisely, each ranking (also called the first rank-
ing) at a given base fairness level (e.g., level 0.5) is paired
with multiple other rankings. As shown in Figure 2C.ii, it
is paired with 24 other rankings, referred to as the second
rankings. The pairings were constructed with fairness differ-
ences ranging from 0.02, 0.04, 0.1, etc. from the base fair-
ness value to detect both small and larger differences. These
trials (i.e., tasks where participants select the fairer ranking
between two side-by-side rankings, with one correct answer)
explore a range of comparisons, capturing the metric’s re-
sponsiveness to subtle or large differences in fairness. This
includes when first ranking might be completely fair (e.g.,
a score of 0.0), moderately fair (e.g., a score of 0.5), or not
fair at all (e.g., a score of 1.0), with the second ranking re-
flecting contrasting levels of fairness. Their position (left vs.
right) in the pair is randomized.

The two rankings (first and second) never have the same
fairness score, as participants are always required to choose
which ranking is “more fair” without an option to indicate
no difference. To avoid ordering bias, the order of trials pre-
sented to participants was randomized within each study.

We evaluate perceptions of fairness across 194 trials for
each of the four studies: ARP100, NDKL100, ARP20, and
NDKL20, totaling 4 × 194 = 776 trials. With 224 subjects,
this yielded 776× 224 = 173,824 individual judgments.

Varying Fairness Metrics. Fairness metrics differ in
how they evaluate representation across ranked lists. ARP
(Cachel, Rundensteiner, and Harrison 2022) measures fair-
ness by comparing overall group proportions. For example,
in a ranking [F, M, F, M, F, M] (where F = female, M =
male), ARP indicates high fairness (ARP = 0.33) due to bal-
anced counts. In contrast, NDKL (Geyik, Ambler, and Ken-
thapadi 2019) penalizes disparities more at higher ranks. Un-
der NDKL, a ranking [M, M, M, F, F, F] would be consid-



Figure 1: The study interface for one of our four studies (e.g., ARP100) illustrates two rankings side-by-side with different
fairness scores. Participants are tasked with selecting the ranking they believe is “more fair.” The actual metric scores are not
shown to participants. In this illustration, a ranking with ARP = 0.5 is paired against a ranking with ARP = 0.1, yielding a
fairness metric distance of 0.4.

ered less fair (NDKL = 1.0) because the underrepresented
group appears lower. Our study uses both ARP and NDKL
to examine how different fairness metrics highlight distinct
fairness concerns in rankings.

Varying Ranked List Sizes. Verma et al. (Verma et al.
2023) explored how group size disparities influence fairness
in resource allocation, finding that fairness decreased with
significantly disproportionate group sizes (e.g., 3 vs. 120
beneficiaries) due to compassion fade (Slovic et al. 2007)
and drop-in-the-bucket effects (Bartels and Burnett 2011).
Inspired by this, our study examines whether increasing the
number of candidates in a ranking from 20 to 100 affects
fairness perception and potentially decision-making, assess-
ing how these processes adapt to larger scenarios.

Aggregation of Studies. We aggregated the data from the
four studies ARP100, ARP20, NDKL100, and NDKL20 into
four higher-level comparison conditions (A–D) to address
our research questions, as detailed below and shown in Fig-
ure 3. This aggregation allowed us to analyze fairness per-
ceptions across metrics and ranking sizes by combining re-
sults from participants exposed to metrics ARP and NDKL,
and to short (20 candidates) and long (100 candidates) lists,
as follows:

(A) Different Ranking Sizes and Same Metric – ARP100
vs. ARP20: In Condition A, the ARP metric is applied
to both a short list of 20 candidates and a long list of
100 candidates. This condition A examines how list size
affects fairness perception using the same metric ARP.

(B) Different Ranking Sizes and Same Metric – NDKL100
vs. NDKL20: In Condition B, the NDKL metric is ap-
plied to both a short list of 20 candidates and a long list
of 100 candidates. Condition B explores the influence of
list size on fairness perception using a different metric
(namely, NDLK) than Condition A.

(C) Same Ranking Size and Different Metrics – ARP100
vs. NDKL100: Condition C compares the perceived fair-
ness of ARP and NDKL for a short list of 20 candidates,
isolating the effect of the metric type on fairness judg-
ments.

(D) Same Ranking Size and Different Metrics - ARP100
vs. NDKL100: In Condition D, ARP and NDKL are com-
pared using a 100 candidate list to see how the choice of
metric affects fairness perception on larger lists.

3.2 Study Procedure
The study was structured as follows.

Tutorial Video. Before beginning the study, all partici-
pants watched a required one-minute tutorial video that in-
troduced the concept of fairness in ranked decisions. This
video used a concrete real-world example—such as women
and men receiving unequal outcomes in scholarship alloca-
tion—to illustrate group fairness. By framing the ranking
task in familiar domains like hiring or education, the tutorial
ensured that participants had a shared understanding of fair-
ness in social decision-making before proceeding with the
trials (see Figure 2, Part A). The training video is available
in supplemental material.

Practice Session. In this practice, participants completed
12 practice trials of varying difficulty (see Figure 2, Part B)
to become familiar with the task format. Each study condi-
tion included a matched training session, which used exam-
ples aligned with the fairness metric and ranking size used
in that condition. For example, participants in the ARP-20
condition saw ARP-based rankings with 20 candidates. Tri-
als were divided into three difficulty levels: easy (e.g., scores
near 0 and 1), fair distance ≈ 1), medium (e.g., scores of
0.2 and 0.9), and hard (e.g., scores of 0.02 and 0.04). Each
session included 6 easy, 3 medium, and 3 hard trials. After



Figure 2: Participants first completed (A) a tutorial video to introduce the concept of fairness in ranked decisions and provide
domain context, followed by (B) practice tasks with feedback, (C) main study, and (D) a post-study survey. Supplementary
materials, including Short Video Overview, Tutorial Video, Experiment Code, and Data Analysis Code, are available at https:
//osf.io/drs67/.

Figure 3: We study four higher-level comparison conditions
(A–D) across the combination of ranking sizes (20 candi-
dates vs. 100 candidates) and metrics (ARP vs. NDKL).

each trial in this practice, participants received feedback on
whether their answer was correct or incorrect. This feedback
was not included in the main study.

Main Study. To manage participant workload and main-
tain focus, we divided each main study of 194 trials assigned
to a participant into seven blocks, with each block compris-
ing a group of trials. Blocks 1 through 6 each contained 30
trials, and block 7 contained the remaining 14 trials, for a to-
tal of (6×30)+14 = 180+14 = 194 trials per participant.

Each block included one randomly placed attention check.
These checks resembled—but did not exactly match—the
Easy Trials from the practice session. A short break screen
was shown after each block to reduce fatigue.

Post-Study Data Collection. At the end of the experi-
ment, participants provided demographic information (gen-
der, age, political views, education level, race) and re-
sponded to open-ended questions (Figure 2D) to share op-
tional comments, feedback, and describe the strategies they
used to compare rankings and make decisions. This post-
study assessment allowed us to gather both demographic
data and qualitative insights into participants’ thought pro-
cesses and fairness judgments.

3.3 Recruitment and Participants
We determined the number of participants for each condition
through pilot studies and power analyses. We adopt methods
from prior studies that fit models using pilot data (e.g. (Yang
et al. 2023)), and use posterior draws from a Bayesian model
to simulate larger numbers of participants. Bayesian power



simulations, conducted by refitting the model for each con-
dition, indicated that 60 participants achieved reliable per-
formance, with an Effective Sample Size (ESS) of 458 and
an Rhat value of approximately 1.002.

We conducted the study using the Prolific platform (Pro-
lific n.d.) for participant recruitment, employing the reVISit
software framework to deploy web-based studies (Ding et al.
2023). The participant pool filters were set to individuals
at least 18 years old, in the U.S., with reported high En-
glish proficiency, and a minimum approval rating of 100.
An IRB-approved informed consent was given. Participant
completion and payment was determined through automatic
recording of Prolific IDs via URL parameters. Participants
were compensated at a rate of $12 per hour, following
an estimated median completion time of the study being
22.80±6.25 minutes.

The total number of participants across all conditions
was 255. From these, 31 participants either failed atten-
tion checks, or completed the study too rushed to be trust-
worthy (in under 5 minutes), leaving 224 participants for
the analysis. Reported gender distribution includes 74 men,
145 women, and 5 non-binary. Most participants identified
as White (165) and Black or African American (44), with
smaller groups identifying as Asian (9), American Indian or
Alaska Native (2), and Native Hawaiian or Other Pacific Is-
lander (1); three chose not to disclose their race. Reported
age includes 20 participants 18-24, 69 aged 25-34, 46 aged
35-44, 56 aged 45-54, 21 aged 55-64, and 12 over 64. Polit-
ical views vary, with 45 conservatives, 64 liberals, 51 mod-
erates, 28 somewhat conservative, 35 somewhat liberal, and
1 who preferred not to respond.

3.4 Modeling
Dependent Variable: Correctness. This binary depen-
dent variable indicates whether a participant correctly an-
swered a question, with 1 for correct and 0 for incorrect re-
sponses. It serves as the primary measure to assess partici-
pants under various fairness levels. Given the binary nature
of 2AFC correctness, we adopt logistic regression models,
as they estimate the probability of a participant responding
correctly and are suitable for comparisons both within met-
rics Fair Distance and across metrics.

Independent Variable: Fair Distance. As the primary
predictor, Fair Distance (Figure 1) measures the actual dis-
tance between two stimuli in terms of the fairness metrics
(Figure 2B). This estimates how Fair Distance impacts the
probability of correct responses, and allows adjustments to
be made for interactions with other model variables.

Model Fitting Using Analysis with BRMS. Our
Bayesian logistic regression model, specified using the
brm() function in R, predicts the probability of selecting the
fairer ranking based on Fair Distance (Figure 1), the numer-
ical difference in fairness scores between two pair rankings.
The model accounts for variability across participants and
Base Fairness Levels (Figure 1) by incorporating random
slopes for participant and Base Fairness Level, allowing
the effect of Fair Distance on the outcome (Correctness) to
vary across participants and fairness levels.

4 Results and Analysis
To answer the two key research questions, we analyze the
variation in JND values for conditions A, B, C, and D in
Figures 4, 5, 6, and 7, respectively, comparing people’s per-
ceived fairness of different ranking metrics across fairness
levels from complete fairness 0.0 to total unfairness 1.0.

4.1 RQ1: How Does the Number of Ranked
Candidates Influence People’s Perceptions of
Fairness?

Condition (A): Different Ranking Sizes and Same Metric –
ARP100 vs. ARP20.

All levels: In condition (A)(Figure 4),we compared ARP
for two list sizes: 100 candidates versus 20 candidates. At
the base fairness level of 0.0 (completely fair), ARP100 has a
lower JND threshold, indicating a more stable perception of
fairness compared to ARP20. Overall, ARP20 tends to show
larger JNDs and variance than ARP100.

At fairness level 0.1, ARP100 has a small JND threshold
of 0.07, continuing to outperform ARP20. At fairness level
0.2, ARP20 shows similar performance to ARP100.

At mid-range fairness levels, ARP100 maintains smaller
JND thresholds, ranging between 0.12 and 0.15. As fairness
levels approach 1.0 (complete unfairness), ARP100 achieves
its lowest JND values of 0.15 at 0.8, 0.07 at 0.9, and 0.05
at 1.0, demonstrating more stable fairness perceptions under
higher unfairness.

Example 1: At fairness level 0.0 (completely fair),
ARP100 achieved a JND threshold of 0.10, with 98% of par-
ticipants correctly identifying the fairness ranking between
0.26 and 0.0. Conversely, ARP20 reported a higher JND of
0.39, with 89% accurately recognizing the ranking pair be-
tween 0.06 and 0.0. These results highlight how ranking size
affects fairness perception. (Figure 4, Example Trial 1).

Condition (B): Different Ranking Sizes and Same Metric
–NDKL100 vs. NDKL20

All levels: (Figure 5), we compared NDKL for two list
sizes: 100 candidates versus 20 candidates. At the base
fairness level of 0.0, considered completely fair, NDKL20

achieves a JND of 0.10, indicating robust performance and
a stable perception of fairness. Similarly, at the fairness
level of 1.0, seen as completely unfair, both NDKL100 and
NDKL20 maintain a JND of 0.10, demonstrating consis-
tent perception regardless of list size. NDKL100 consistently
shows lower JND thresholds, ranging from 0.10 to 0.21
across all levels, reflecting its strong stability in fairness per-
ception. The smallest JND of 0.08 at fairness level 0.9 high-
lights NDKL100’s exceptional stability at higher levels of
perceived unfairness.

At fairness 0.1, NDKL100 reaches the highest JND value
of 0.21, indicating a decrease in stability. NDKL20 shows a
JND of 0.24 at the same level, suggesting less stability. At
fairness levels 0.3, 0.4, and 0.6, NDKL100 maintains a JND
range of 0.12 to 0.16, underscoring stability, while NDKL20

shows higher variability with JNDs up to 0.56 at level 0.4.
Example 2: At fairness level 0.4, NDKL100 achieved a

JND of 0.15, with 74% of participants correctly identifying
the ranking pair 0.4 and 0.36. In contrast, NDKL20 reported



Figure 4: Condition (A): Comparison of ARP100 and
ARP20. Longer lists with ARP tend to yield more precise
fairness judgments, with few exceptions.

a higher JND of 0.56, with 57% correctly recognizing the
ranking pair 0.4 and 0.48. These results highlight how list
size impacts fairness perception. (Figure 5, Example trial 2).

Key takeaways. Larger lists improve fairness perception.
In Conditions A and B, both ARP100 and NDKL100 show
stronger and more stable perception than their 20-item ver-
sions. ARP100 also yields more noticeable fairness differ-
ences, supporting the use of longer rankings.

4.2 RQ2: How Do Ranking Fairness Metrics
Align With People’s Subjective Perceptions of
Fairness?

Condition (C): Same Ranking Size and Different Metrics –
ARP20 vs. NDKL20

All levels: In condition (C) (Figure 6), we compared
ARP20 and NDKL20 for a short list of 20 candidates. At the
baseline fairness level of 0.0 (fair), NDKL20 achieves a low
JND threshold of 0.10, indicating a stable perception of fair-
ness under ideal conditions. However, as fairness levels in-
crease from 0.1 to 0.3, ARP20 shows lower JND thresholds,
suggesting greater sensitivity to slight unfairness.

One interesting divergence appears at fairness level 0.4,
where NDKL20 experiences a marked increase in JND
threshold 0.56, whereas ARP20 remains notably lower,
demonstrating its stronger performance in detecting mod-
erate deviations from fairness. At mid-range fairness levels
(0.5–0.6), NDKL20 recovers some stability (JND thresholds
of 0.17 and 0.20, respectively), yet ARP20 continues to show
superior sensitivity overall.

At fairness level 0.7, ARP20 again outperforms NDKL20,
maintaining a lower JND threshold of 0.21 compared to
NDKL20’s 0.28. Moving toward the higher end of unfairness
(0.8–1.0), ARP20 sustains its advantage with JND thresholds

Figure 5: Condition (B): NDKL100 vs. NDKL20. Smaller
lists showed greater disagreement and higher JNDs, while
larger lists improved consistency.

of 0.11 at 0.8 and 0.9, and an even lower threshold of 0.08
at 1.0, indicating that people perceive fairness more reliably
when using ARP20 in highly unfair contexts.

Example 3: At a fairness level of 0.4 (medium fairness),
NDKL20 had a JND threshold of 0.56, with 21% of partic-
ipants identifying the 0.8 vs. 0.4 ranking pair. In contrast,
ARP20 achieved a lower threshold of 0.19, with 96% recog-
nizing the 0.4 vs. 0.14 pair, showing how each metric shapes
fairness perception. (See Figure 6, Example 3.)

Condition (D): Same Ranking Size and Different Metrics
– ARP100 vs. NDKL100

All levels: In condition (D) (Figure 7), we compared
ARP100 and NDKL100. At the baseline fairness level (0.0),
ARP100 demonstrates a JND threshold of 0.10, suggesting
effective fairness detection under ideal conditions. As un-
fairness increases, ARP100 continues to perform robustly
with consistently lower JND thresholds, particularly notice-
able at fairness levels of 0.1, 0.2, 0.3, and 0.4 with thres-
holds of 0.07, 0.11, 0.13, and 0.12, respectively, indicating
its heightened sensitivity to subtle fairness deviations.

Conversely, NDKL100 presents more variable JND
thresholds across the fairness range, performing compara-
bly in mid-range and slightly unfair scenarios. It registers
JND thresholds of 0.11 at fairness levels 0.5, 0.7, and 0.8,
and a slightly higher threshold of 0.15 at fairness level 0.6,
suggesting challenges in consistently gauging fairness.

The performance gap is most pronounced at fairness level
0.4, where ARP100 achieves a lower JND threshold of 0.12
compared to NDKL100’s 0.15, confirming ARP100 as more
reliable in detecting moderate unfairness. At fairness ex-
tremes, both metrics converge, with ARP100 performing best
at complete unfairness (1.0) with a JND threshold of 0.05,
highlighting its effectiveness in clear unfair scenarios.



Figure 6: Condition (C): Comparison of ARP20 and
NDKL20. Smaller lists yield higher JNDs and variance.
ARP20 shows lower values overall, indicating more reliable
perceived differences.

Example 4: At fairness level 0.1 (mostly fair), ARP100

achieved a JND threshold of 0.07, with 100% of participants
correctly identifying the fairness ranking between 0.8 and
0.1. Conversely, NDKL100 reported a higher JND threshold
of 0.21, with 89% recognizing the ranking pair between 0.1
and 0.4. These results illustrate how metric choice influences
fairness perception. See Figure 7, Example 4.

Key takeaway. In both Conditions (C) and (D), ARP
aligns more closely with participants’ fairness perceptions
than NDKL, showing consistently lower JNDs across fair-
ness levels. This suggests ARP is more effective and reliable
for supporting perceived fairness in both short and long lists.

Observations at Extreme Fairness Levels: As shown in
Table 1, not surprisingly, the smallest JND values often ap-
pear at the extreme fairness levels 0.0 (completely fair) and
1.0 (completely unfair), along with their adjacent points 0.1
and 0.9. Among these extremes, ARP100 typically achieves
the lowest JNDs (e.g., 0.05 at fairness 1.0), indicating strong
alignment with participants’ perceptions of fairness in both
fair and unfair scenarios. Not surprisingly, participants align
more closely with fairness metrics at fairness extremes.

Level ARP100 ARP20 NDKL100 NDKL20

0.0 0.10 0.39 0.12 0.10
0.1 0.07 0.23 0.21 0.24
0.9 0.07 0.11 0.08 0.22
1.0 0.05 0.08 0.10 0.10

Table 1: JND for fairness metrics at extreme fairness levels.

Figure 7: Condition (D): Comparison of ARP100 and
NDKL100. Larger lists yield lower JNDs and variance.

4.3 Qualitative Analysis
Participants also provided open-response explanations, shar-
ing their thoughts and reasoning during each condition. We
employed a systematic open-coding methodology to iden-
tify main and subthemes in this qualitative data. Analyis fol-
lowed a reflexive thematic approach, where three members
of the research team independently coded the responses and
then collaboratively refined the themes (Byrne 2022; Mor-
gan 2022). This iterative process helped capture the nuanced
perspectives and recurring patterns in the data. To assess
inter-rater reliability, we used Cohen’s kappa statistic, with
agreement scores ranging from 0.8 to 1. This high level of
consensus among coders strengthens the reliability of our
insights. Overall, we analyzed 224 feedback entries, which
reflected participants’ strategies for selecting fair rankings.

Cognitive Strategies: This theme includes the subthemes
“Intuitive Judgments” and “Analytical Methods”. Partici-
pants relied on decision-making processes or a mix of both
quantitative and qualitative reasoning to determine fairness.

Under the subtheme “Intuitive Judgments”, participant
NDKLP40 drew on their experience stating, “It reminded
me of doing annual ‘stack ranking’ of my employees at Mi-
crosoft... I would always focus on ‘tops and tails’ because
... So here, I focused on top/bottom and looked for overt
clustering there that would imply bias or a ‘bad manager’
did the ranking.” This shows how their judgment, informed
by past experience, focussed on extremes in rankings. Simi-
larly, participant NDKLP42 stated, “I tried my best to deter-
mine which side looked most balanced. I went with my first
instinct ... I will say some looked the same or equal, but the
colors were just moved around.”. These examples illustrate
how participants often relied on gut feelings to assess fair-
ness, aligning with the cognitive strategy of intuitive judg-
ment when evaluating apparent imbalances in rankings.



In contrast, the subtheme “Analytical Methods” high-
lights more methodical approaches. Participant NDKLP63
explained, “To determine which bar had a 50/50 split, I
started by closely examining the data for each bar, focusing
on the number of items or outcomes in each category... I cal-
culated the ratios for each bar by dividing the smaller count
by the larger count, aiming for a result close to 0.5.” This
participant’s decision-making process was based on calcu-
lating the balance between two categories to ensure fairness,
providing a clear quantitative strategy. ARP P27 took a more
qualitative stance, remarking, “To me, the bars represented
socio-economic opportunity with higher levels more valu-
able than each subsequent level. I considered that top lev-
els had more value (e.g., greater value of access to business
or home loans).”. These examples highlight a structured ap-
proach with contextual reasoning to perceive fairness.

Visual Perceptions: This theme includes the subthemes
“Color Distribution” and “Balanced Patterns”. Participants
focused on visual cues such as the evenness of the color dis-
tribution and the overall balance of rankings.

Under the subtheme “Color Distribution”, ARPP2 shared,
“I attempted to determine which selection had the widest
distribution of the colors that were spread over more
area” showing a preference for visually diverse rankings.
NDKLP10 similarly noted, “I tried to pick the side that had
the most even distribution of colors” while ARP41 added,
“I mostly looked at how spread out the colors were, and
whether there were long sections of one color at a time.”.
These examples highlight fairness being perceived through
the even spread of colors across rankings.

For “Balanced Pattern”, participant ARPP18 stated,
“Which pattern was most balanced and evenly distributed.”
Likewise, NDKLP19 shared, “I just went off of looks, if one
side was heavily favored towards the top I tried to pick the
one that brought the other side in as close to the top as pos-
sible.” Meanwhile, NDKLP5 took a more imaginative ap-
proach, saying, “I tried to imagine that if I were to place
a fulcrum between the 10th and 11th row and that each col-
ored square were given a weight of 1 unit, then I should as-
sume the correct selection is the distribution that is more
evenly balanced on a theoretical scale.”. These instances
demonstrate how fairness was perceived through balance
and symmetry in rankings, with participants focusing on
even weight distribution and avoiding imbalances.

5 Discussion
Fairness and Ranking Data Characteristics. Our findings
show that the number of ranked candidates influences peo-
ple’s perception of fairness. Larger lists (e.g., 100 candi-
dates) lead to more consistent JND values and a more re-
liable understanding of fairness. The abundance of data in
longer rankings may create a more visually discernible dif-
ference between fairness levels, especially when each can-
didate is color-coded by group. This effect may arise from
candidates of the same group appearing in denser clusters,
making patterns of disparity more noticeable.

Towards Building More Transparent Decision-
Support Systems. Our results have potential implications
for designers, policymakers, and researchers developing

decision-making tools in that while visual displays are
powerful, their effectiveness can vary depending on context
and user needs. As such, designers of fairness-aware
decision-support systems should consider when to comple-
ment visuals with numeric indicators (e.g., fairness scores)
or explanatory guidance. These insights are especially
relevant in domains like hiring, education, or credit deci-
sions, where fairness must not only be achieved but also
clearly conveyed. By identifying perceptual thresholds and
boundaries, our work may help inform the design of more
transparent AI-assisted systems.

6 Limitations and Future Work
This study’s participant pool was limited to U.S.-based re-
spondents and was demographically imbalanced—most par-
ticipants identified as White and female—which may have
influenced fairness perceptions. While this provided some
cultural consistency, it constrains generalizability. Future
work should recruit more diverse and internationally repre-
sentative samples to better capture how fairness perceptions
vary across demographic and cultural contexts.

We used abstract visual stimuli with color-coded group
indicators to isolate perceptual thresholds in 2AFC tasks.
While this design enabled focus on general perceptual dif-
ferences, it may not generalize to real-world settings with
explicit group identities. The ranked lists were vertical and
visually encoded; though effective, this reflects only one for-
mat. Future work should explore alternative layouts, orien-
tations, and encodings.

We focused on two fairness metrics—ARP and NDKL.
Our findings suggest limitations in distinguishing be-
tween fairness levels when differences are subtle (e.g., in
NDKL20). Future work should evaluate additional metrics
and extend beyond binary group settings to include three or
more protected groups. Subgroup analyses by race, gender,
or socioeconomic status may further clarify how different
communities interpret fairness.

Finally, while our findings highlight which fairness dif-
ferences are perceptible, their practical implications re-
main exploratory. Future research should examine how these
thresholds can inform fairness-aware system design in ap-
plied contexts.

7 Conclusion
This study examined how popular group fairness metrics
align with laypeople’s fairness perceptions through a crowd-
sourced experiment with 224 participants. Using 2AFC to
estimate just noticeable differences in fairness levels from
visually-displayed ranked decisions, we found that longer
lists improved participants’ ability to discern fairness dif-
ferences, and that ARP generally aligned more closely
with fairness perceptions. Results suggest that cognitive and
visual cues—such as intuitive judgments and visual pat-
terns—shape fairness perception. These findings offer in-
sights into when a decision maker is likely to ‘notice’
fairness—or its absence—in a visual ranking, highlighting
when intuitive cues are sufficient and when formal fairness
metrics may be needed for fairness to be perceptible.



Ethical Statement
Considerations Statement
In this study, we represented sensitive groups and member-
ship using abstract constructs (e.g., colors such as Yellow
and Purple) to avoid associating groups with specific demo-
graphic or identity markers. This design choice aimed to re-
duce participants’ reliance on stereotypes or biases, allowing
them to focus solely on evaluating fairness in rankings.

We intentionally excluded other individual characteristics
beyond group membership in the actual data collection por-
tion of the study to minimize confounding factors. However,
during the practice session, participants were presented with
generalized contexts (e.g., scholarship funding, interview in-
vitations) to provide context and relevance of this work,
while avoiding bias tied to a particular application domain.

All participants received a detailed consent form outlin-
ing study objectives, their rights, and the voluntary nature
of participation, with the option to withdraw at any time.
A “Prefer not to respond” option was included in demo-
graphic data collection to respect participant privacy. Per-
sonally identifiable information was collected solely for pay-
ment purposes and kept separate from study data. Prolific
IDs were anonymized, and demographic data were aggre-
gated and removed prior to analysis. All researchers com-
pleted CITI Program training in human subjects research
and data security.

Researcher Positionality Statement
We approach this research as scholars trained in human-
computer interaction, computational fairness, and as com-
puter scientists, drawing on perspectives shaped by aca-
demic and Western understandings of fairness, equity, and
procedural justice. Our choice to abstract group identities
reflects a commitment to reducing stereotype activation in
experimental settings, yet we recognize this decision is itself
situated within specific research and cultural paradigms.

We acknowledge that our framing of fairness—as some-
thing evaluable through participant perceptions of ranked
outcomes—reflects our positionality and is not neutral. We
welcome critical engagement with our design choices and
interpretations.

Adverse Impact Statement
While this study uses abstract representations to reduce bias,
we acknowledge that abstraction may risk oversimplifying
fairness by detaching it from structural inequities tied to
race, gender, or other identities. This could inadvertently
suggest that fairness can be fully captured by mathematical
metrics, independent of social and historical contexts.

Additionally, the absence of explicit demographic identi-
fiers may limit the study’s relevance to individuals with lived
experiences of discrimination.

Finally, while our displays did not explicitly encode fair-
ness cues, this should not be interpreted as opposing trans-
parency in AI systems. We affirm the importance of disclos-
ing fairness metrics and methodologies to promote account-
ability and trust.
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