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ABSTRACT 
Recent research claims that information cues and system attributes 
of algorithmic decision-making processes afect decision subjects’ 
fairness perceptions. However, little is still known about how these 
factors interact. This paper presents a user study (� = 267) in-
vestigating the individual and combined efects of explanations, 
human oversight, and contestability on informational and proce-
dural fairness perceptions for high- and low-stakes decisions in 
a loan approval scenario. We fnd that explanations and contesta-
bility contribute to informational and procedural fairness percep-
tions, respectively, but we fnd no evidence for an efect of human 
oversight. Our results further show that both informational and 
procedural fairness perceptions contribute positively to overall fair-
ness perceptions but we do not fnd an interaction efect between 
them. A qualitative analysis exposes tensions between informa-
tion overload and understanding, human involvement and timely 
decision-making, and accounting for personal circumstances while 
maintaining procedural consistency. Our results have important 
design implications for algorithmic decision-making processes that 
meet decision subjects’ standards of justice. 

CCS CONCEPTS 
• Human-centered computing → Empirical studies in HCI; 
Collaborative and social computing; • Computing method-
ologies → Machine learning. 
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explanations, human oversight, contestability, fairness perceptions, 
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1 INTRODUCTION 
Motivated by concerns about bias and discrimination in algorithmic 
decision-making [73], recent work has developed fairness-aware 
algorithmic systems [6, 33, 108] that ensure outcome distribution 
equity [32, 42]. However, even when a decision-making process is 
fair by some objective standard, decision subjects might not perceive 
it as fair [59] if aspects such as the inscrutability and unaccount-
ability often surrounding algorithmic systems [17] go against their 
standards of justice [58, 72, 96].1 Perceptions of unfairness could, 
in turn, jeopardize end users’ trust in normatively fair algorithmic 
decision-making processes and, therefore, be an obstacle for their 
broader acceptance [31, 58, 72, 96, 103]. That is why a growing 
body of human-computer interaction (HCI) literature now focuses 
on determining which factors – e.g., information cues [63] such 
as explanations [17, 30, 71, 83] and system attributes [63] such as 
human oversight2 [29, 65, 66, 70, 103] or contestability [68, 93] – 
efectively contribute to decision subjects’ fairness perceptions. 

Despite making important contributions, previous HCI research 
investigating fairness perceptions in algorithmic decision-making 
has faced two important limitations. First, earlier work has largely 
studied information cues and system attributes in isolation (e.g., 
[68, 93]). Such an approach fails to consider the entangled nature of 

1According to Cropanzano [27], justice is a multi-dimensional construct that studies 
fairness perceptions across each of its dimensions. For instance, procedural justice
refers to a justice dimension that aims to capture fairness perceptions regarding the 
process of a decision (i.e., procedural fairness perceptions). Colquitt and Rodell [25] refer 
to faceted fairness as measurements of appropriateness that evoke diferent justice 
dimensions. 

CHI ’23, April 23–28, 2023, Hamburg, Germany 2Throughout this paper, human oversight refers to a confguration where human 
© 2023 Copyright held by the owner/author(s). intelligence is applied to identify and correct potential mistakes made by an algorithmic 
ACM ISBN 978-1-4503-9421-5/23/04. system [5]. We also call this confguration a hybrid human-artifcial intelligence (AI) 
https://doi.org/10.1145/3544548.3581161 decision-making process. 
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these cues and attributes and does not align with the scenarios con-
templated by regulatory eforts such as the European Union’s Gen-
eral Data Protection Regulation (GDPR) [101]. For example, decision 
subjects can only meaningfully exercise their right to contest an al-
gorithmic decision when they have solid arguments, which require 
explanations of the decision-making process [79, 101]. Contestation 
mechanisms and explanations thus co-shape the procedural jus-
tice principle of correctability [62] and may, therefore, co-mediate 
decision subjects’ perceptions of procedural fairness [40, 62]. Not 
considering these entanglements could lead to blind spots regarding 
how diferent factors that are theoretically claimed to afect fairness 
perceptions (e.g., [93]) actually contribute to these perceptions. 

Second, prior work has mainly used one-dimensional approaches 
for measuring fairness perceptions [9, 30, 58, 68, 71, 74, 80, 103, 110]. 
Although measuring such overall fairness perceptions is useful for 
capturing a global perception of appropriateness [25], prior work 
on legal and organizational psychology has often advocated for 
capturing fairness perceptions across up to four diferent dimen-
sions (i.e., faceted fairness perceptions) [21, 24]. These dimensions 
include perceptions towards the equitable allocation of outcomes 
(i.e., distributive fairness perceptions) [1, 28], the nature of the pro-
cess that leads to those decisions (i.e., procedural fairness percep-
tions) [62, 64, 89] as well as the information (i.e., informational fair-
ness perceptions) [15, 40, 85] and the treatment (i.e., interpersonal 
fairness perceptions) [15] received by decision subjects. Capturing 
how dimension-specifc fairness perceptions manifest may help 
identify problematic aspects of algorithmic confgurations. Addi-
tionally, learning how these dimension-specifc fairness perceptions 
combine could then inform the prediction of global perceptions of 
appropriateness [25]. We argue that prioritizing the measurement 
of overall fairness might impede the development of a nuanced 
understanding of how diferent factors contribute to diferent facets 
of users’ fairness perceptions [24]. 

This paper takes a frst step towards a nuanced understanding 
of how diferent information cues (i.e., explanations) and system 
attributes (i.e., human oversight and contestability) co-mediate 
multi-dimensional (i.e., informational and procedural) perceptions 
of fairness. Given the task-dependent nature of fairness percep-
tions [9, 17, 58, 70, 86, 96], we account for the stakes of the task as 
an additional contextual factor. Three research questions guide our 
work: 

• RQ1: Do explanations, human oversight, and contestability 
afect perceived informational and procedural fairness in 
algorithmic decision-making processes? 

• RQ2: Do the stakes (high/low) involved in the decision have 
an efect on perceived informational and procedural fairness? 

• RQ3: Do users’ perceived informational and procedural fair-
ness predict overall perceived fairness? 

To address these research questions, we frst conducted a prelim-
inary study to surface the interplay between explanations, human 
oversight and contestability (Section 4.1). We then used these fnd-
ings to design an online, preregistered3 user study where partici-
pants were shown a fctional loan approval process (Section 4.2). 
The descriptions shown to participants included information about 
the decision-making process with or without explanations, with or 
3The preregistration is openly available at https://osf.io/4uf3m. 

without human oversight and with or without the right to contest 
the decision (RQ1). Each participant was randomly assigned to 
a low-stakes4 (holiday) or to a high-stakes (home) loan approval 
scenario (RQ2). For each scenario, we measured perceptions of 
informational, procedural and overall fairness (RQ3). 

Our results show that explanations and contestability afect end 
users’ informational5 and procedural fairness perceptions, respec-
tively (RQ1; see Section 5.2). We do not fnd evidence that end 
users’ perceptions of informational and procedural fairness are in-
fuenced by human oversight (RQ1) or the stakes of the task (RQ2). 
Our results further show that perceptions of informational and 
procedural fairness both relate positively to perceptions of overall 
fairness, but we do not fnd an interaction efect between them 
(RQ3). As part of our exploratory analyses, we unpack informa-
tional and procedural fairness perceptions into the sub-elements 
that compose each dimension (Section 5.3). We fnd that end users 
may rate perceptions of procedural voice and outcome infuence 
negatively, even when contestability (in the form of appeal pro-
cesses) is incorporated. We also fnd that including human oversight 
may deteriorate perceptions of process consistency and lack of bias. 
Through a qualitative analysis, we identify three areas of tension: 
(1) amount of information vs. generating understanding for all, (2) 
human involvement vs. timely decision-making, and (3) standard-
ized fact-based process vs. accounting for personal circumstances 
(see Section 5.4). These insights set the grounds for motivating 
the exploration of transparency beyond outcome explanations, for 
crafting alternative human-AI confgurations, and for designing 
contestation mechanisms that efectively give voice to decision 
subjects. 

Supplementary materials linked to this paper include task design, 
preregistration, data, and code for statistical analysis and are openly 
available at https://osf.io/zrfty/. 

2 RELATED WORK 
This section describes previous research on how explanations, hu-
man oversight, and contestability contribute to fairness perceptions 
in algorithmic decision-making and discusses the task-dependent 
nature of this work. We focus on these specifc information cues 
and system attributes as they are directly addressed by Article 22(3) 
of the GDPR [101]. We then cover research on human decision-
making, where fairness perceptions have been captured across 
multiple dimensions. 

2.1 Factors Afecting Perceptions of Fairness in 
Algorithmic Decision-Making 

Explanations. Explanations (i.e., representations of a system’s 
ability to account for their own operation in ways that help users 
understand how these tasks are being accomplished [17]) are con-
sidered key elements for enhancing users’ fairness perceptions in 
algorithmic decision-making processes. Previous work has demon-
strated the positive efect of diferent explanation styles on decision 
subjects’ feelings of justice [17, 30] and their confdence in the 
fairness of algorithmic systems [72]. Schoefer et al. [83] found that 
4Loan approval decisions are generally seen as high-stakes [26] but we still expect 
diferences in users’ perceived stakes depending on the loan purpose.
5This result replicates and confrms a fnding from earlier work [83]. 

https://osf.io/4uf3m
https://osf.io/zrfty/
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the amount of information in explanations was positively related 
to informational fairness perceptions. 

Human Oversight. The term human oversight has been used to 
refer to the confguration where human intelligence is applied to 
identify potential mistakes in algorithmic decision-making pro-
cesses [5]. Since algorithmic systems can perform increasingly 
complex tasks [106], recent research has pointed to opportunities 
for crafting more reliable and timely decision-making processes 
with human-artifcial intelligence (AI) collaborations [12, 109]. De-
spite this growing interest, most recent work on fairness percep-
tions has focused on comparing algorithmic systems with their 
human counterparts [9, 20, 29, 36, 55, 58, 65, 74] rather than com-
paring fully automated with hybrid confgurations. In one study 
that did compare algorithmic decision-making to hybrid and human 
decision-making, Nagtegaal [70] found that hybrid confgurations 
can increase public employees’ (subjects of managerial decisions) 
perceptions of procedural fairness. Wang et al. [103] also evaluated 
the efect of hybrid decision-making processes on decision subjects’ 
perceptions of fairness but did not fnd any evidence that hybrid 
decision-making processes are perceived to be fairer than fully 
automated ones. 

Contestability. Contesting a decision has been defned as the act 
of opposing an action; either because the action is perceived as 
mistaken or simply wrong [4, 99]. Contestability has, thus, been 
conceptualized as recourse [48, 91, 98], appeal [99], and as a design 
principle (i.e., contestability by design) [3, 5, 79]. Contestability 
is said to “surface values” [92] and to be a “form of procedural 
justice, a way of giving voice to decision subjects, which increases 
perceptions of fairness” [3]. To the best of our knowledge, however, 
the efect of contestability in algorithmic decision-making has not 
yet been widely studied. In one of the few studies that empirically 
tested the efect of appeals on decision subjects’ perceptions of 
fairness, Vaccaro et al. [93] found that none of their appeal designs 
improved these perceptions. 

Task stakes. Perceptions towards algorithmic decision-making 
can vary across scenarios [17, 96], based on task characteristics [58], 
and the stakes of the task (i.e., the impact that a negative outcome 
would have on the future of an individual [49]) [9, 70, 86]. For 
instance, Binns et al. [17] found that scenario efects obscure ex-
planation efects under repeated exposure of one explanation style. 
Lee [58] saw diferences in fairness perceptions towards human and 
algorithmic decision-makers based on task characteristics. Araujo 
et al. [9] argued that users may perceive algorithmic systems as 
fairer than human experts only for high-impact decisions in the 
justice and health domains. 

2.2 Capturing Perceptions of Fairness in 
Decision-Making Processes 

Users’ perceptions of fairness can be complicated and nuanced [103]. 
To measure these perceptions in a granular way, disciplines in social 
sciences such as legal and organizational psychology have empiri-
cally validated models that capture perceptions of fairness across 
diferent dimensions [25, 27]. These dimensions include percep-
tions of fairness towards decision outcomes (i.e., distributive fairness 
perceptions) [1, 28], the processes that led to those outcomes (i.e., 

procedural fairness perceptions) [62, 64, 89], the treatment received 
by decision subjects (i.e., interpersonal fairness perceptions) [15], 
and the information given to decision subjects (i.e., informational 
fairness perceptions) [15, 40, 85]. Each of these dimensions evokes 
diferent justice principles and is built upon criteria that have been 
found to be relevant for that dimension [95]. For instance, proce-
dural fairness perceptions are measured considering perceptions of 
procedural voice, outcome control, consistency of procedures across 
participants, suppression of bias, accuracy of factors, correctability of 
outcomes, and ethicality of the process [62, 89]. 

2.3 Research Gap and Motivation 
Although earlier work has shed some light on how to go from a 
normative to a behavioral understanding of fairness, evidence on 
how factors that are theoretically related to certain principles of 
justice co-mediate decision subjects’ perceptions of fairness in algo-
rithmic decision-making is still lacking. One reason for this is that 
the efects of factors believed to enhance perceptions of fairness 
have been obscured by phenomena such as the outcome favorabil-
ity bias (i.e., divergence in users’ perceived fairness based on the 
favorability of the outcome they receive personally) [74, 103]. For 
example, although including human oversight has been claimed to 
bring together the best of the manual and the automatic worlds, 
there is still little insight into how human oversight contributes to 
end users’ perceptions of fairness. Similarly, although contestability 
has been claimed to be a key aspect to enhance perceptions of fair-
ness, to the best of our knowledge, there is currently no empirical 
evidence on whether or how contestability contributes to these 
perceptions. One could argue that Lyons et al. [67] looked into 
diferent modalities of appeal processes and evaluated perceptions 
of fairness in each case. However, evaluating perceptions of fair-
ness towards diferent types of appeals is diferent from evaluating 
perceptions of fairness towards an algorithmic decision-making 
process that ofers the right to appeal. Another key limitation of 
previous research is that it did not consider the entangled nature 
of explanations, human oversight, and contestability. Although de-
cision subjects’ right to explanation is not explicitly guaranteed by 
the GDPR [84], Article 22(3) does explicitly guarantee their right to 
contest a negative decision [101], for which decision subjects need 
meaningful (i.e., functional [84]) explanations [79]. The GDPR also 
states that contestations might vary based on the human interven-
tion in the original decision [101]. Therefore, the way in which a 
decision can be meaningfully contested depends on the received 
explanations [79] as well as the interpretation of the implemented 
safeguards (i.e., right to human intervention, right to express views, 
and right to contest the decision) [101]. 

From a methodological perspective, a majority of previous stud-
ies has used mono-dimensional (i.e., overall fairness perceptions [25]) 
approaches for capturing the efects of explanations, human over-
sight, and contestability on fairness perceptions [9, 30, 58, 68, 71, 74, 
80, 103, 110]. This has resulted in a lack of nuance in the understand-
ing of how fairness perceptions are co-mediated by each of these 
factors. We echo the need to include lessons from the replication 
crisis within psychology [18] and advocate for a multi-dimensional 
approach to measuring perceptions of fairness (i.e., faceted fairness 
perceptions [25]). Although these dimensions were suggested for 



CHI ’23, April 23–28, 2023, Hamburg, Germany Yurrita et al. 

human decision-making, we argue that they represent a good start-
ing point toward developing standardized methods for specifcally 
evaluating algorithmic decision-making processes. The benefts of 
using a more nuanced approach for measuring the efect of expla-
nations on perceptions of fairness have already become evident. 
Schoefer et al. [83] found that outcome explanations would in-
crease end users’ perceptions of informational fairness, but it would 
make them question structural aspects of the procedure, just as it 
was claimed by Greenberg [40] for human decision-making. 

In this paper, we address the above gaps by systematically eval-
uating algorithmic decision-making processes with varying levels 
of explanations, human oversight, and contestability, and unpack 
and disentangle their efects on perceptions of fairness through a 
multi-dimensional approach. Since the factors (i.e., explanations, 
human oversight, contestability) that we manipulate in our experi-
mental setting have been related to perceptions of informational 
and procedural fairness in human decision-making [62, 85], we 
capture perceptions of fairness across those two dimensions. We 
also test the predictive validity [24] for these multi-dimensional 
fairness perceptions on overall fairness perceptions. This enables us 
to compare the multi-dimensional approach with previously used 
mono-dimensional approaches. 

3 HYPOTHESES 
Drawing from literature in legal and organizational psychology 
for human decision-making [8, 13, 15, 16, 38, 40, 90] and studies 
on perceptions of fairness in algorithmic systems [9, 41, 58, 72, 
80, 83, 93, 96, 103], we formulated eleven hypotheses (Figure 1). 
Each hypothesis is related to one of the research questions outlined 
in Section 1 and is followed by a rationale. We preregistered all 
hypotheses before data collection. 

3.1 Hypotheses related to RQ1: Explanations, 
Human Oversight, and Contestability 

• Hypothesis 1a (H1a). End users perceive algorithmic decision-
making processes as more informationally fair when they are 
accompanied with explanations. 
Rationale. We extend Schoefer et al. [83]’s study to evaluate the 
efect of explanations on informational fairness in both high-
stakes and low-stakes decisions. We expect to replicate their 
fndings in our own experimental setting. 

• Hypothesis 1b (H1b). End users perceive algorithmic decision-
making processes as more procedurally fair when these processes 
are supplemented by human oversight rather than fully auto-
mated. 
Rationale. Previous studies have found that users consider hu-
man decisions to be fairer than fully automated, algorithmic 
decisions; especially for practices that are highly complex and 
are perceived to require human skills [58, 70]. Although recent 
research has found contradictory evidence on whether users per-
ceive hybrid decision-making as fairer than entirely algorithmic 
decision-making [70, 103], we do expect that human oversight 
will lead to increased procedural fairness perceptions among users 
in sensitive contexts (e.g., loan approval processes). 

• Hypothesis 1c (H1c). End users’ procedural fairness perceptions 
difer based on the contestation procedure of an algorithmic 
decision-making process. 
Rationale. We hypothesize that, as with human decision-making 
[89], contestation procedures in algorithmic decision-making 
processes afect perceived procedural fairness. 

• Hypothesis 1d (H1d). The efect of contestability on end users’ 
procedural fairness perceptions is moderated by the presence of 
explanations. 
Rationale. Schoefer et al. [83] found that, although including 
more information in explanations led to an increased perception 
of informational fairness, the presence of explanations allowed 
end users to question the way in which diferent factors were 
being used for decision-making. We thus hypothesize that, aside 
from a general efect of contestability on users’ procedural fair-
ness perception (see H1c), the presence of explanations and con-
testability on the algorithmic decision interact in afecting users’ 
perceived procedural fairness. 

• Hypothesis 1e (H1e). The efect of contestability on end users’ 
procedural fairness perceptions is moderated by the presence of 
human oversight. 
Rationale. Various studies have demonstrated end users’ con-
cern for fully automated, highly complex decision-making pro-
cesses [58, 70]. That is why we expect that confgurations where 
end users can contest an algorithmic decision lead to varying 
degrees of procedural fairness perceptions in users depending 
on whether the original decision was made by a fully automated 
or hybrid system. 

3.2 Hypothesis related to RQ2: Task stakes 
• Hypothesis 2a (H2a). The efect of explanations on end users’ 
informational fairness perceptions is moderated by the stakes of 
the task. 
Rationale. Binns et al. [17] found that the nature of the presented 
scenario moderates the efect of explanation types on fairness 
perceptions. In line with these fndings, we hypothesize that, 
based on the nature of the task at stake (i.e., involving high or 
low stakes), end users will be satisfed diferently with the amount 
of information they received. 

• Hypothesis 2b (H2b). The efect of human oversight on end 
users’ procedural fairness perceptions is moderated by the stakes 
of the task. 
Rationale. Lee [58] demonstrated that fairness perceptions re-
garding the decision maker (i.e., a fully automated system or a 
human) were moderated by task characteristics. Nagtegaal [70] 
also found that the efect of involving humans on perceptions 
of procedural justice varied based on the complexity of the task. 
Despite the context being diferent (both these studies focused on 
managerial decisions) and our study considering fully automated 
vs hybrid decision making, we hypothesize that the stakes of the 
task (i.e., involving high or low stakes) will similarly moderate 
the efect of human oversight on procedural fairness perceptions 
in our study. 

• Hypothesis 2c (H2c). The efect of contestability on end users’ 
procedural fairness perceptions is moderated by the stakes of the 
task. 
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Figure 1: Overview of the hypotheses. Yellow refers to information cues, green to system attributes, and grey to contextual 
factors. 

Rationale. Previous work has suggested that perceptions of fair-
ness regarding the decision-maker generally depend on the na-
ture of the task [58]. We thus hypothesize that the stakes of the 
task (i.e., involving high or low stakes) also moderate the efect of 
contestability (e.g., when users are given the right to contest the 
decision-maker [68]) on users’ procedural fairness perceptions. 

3.3 Hypothesis related to RQ3: Overall vs. 
Faceted fairness 

• Hypothesis 3a (H3a). End users’ informational fairness percep-
tions are positively associated with their overall fairness percep-
tions. 
Rationale. This hypothesis is in line with fndings in human 
decision-making, where informational fairness was claimed to 
infuence perceptions of overall fairness [24, 39]. 

• Hypothesis 3b (H3b). End users’ procedural fairness perceptions 
are positively associated with their overall fairness perceptions. 
Rationale. Studies dealing with procedural fairness in human 
decision-making processes [39, 89] demonstrated that partici-
pants with a strong infuence over the decision-making process 
were more likely to perceive a negative outcome as fair [47]. 
We hypothesize that for algorithmic decision-making processes, 
there will also be a positive relation between perceptions of pro-
cedural fairness and overall fairness. 

• Hypothesis 3c (H3c). End users’ perceived informational and 
procedural fairness interact in predicting overall fairness. 
Rationale. Research in human decision-making has demonstrated 
that explanations provide the “information needed to evaluate 
structural aspects of decision-making” [40]. In line with these 
fndings, we hypothesize that perceptions of overall fairness are 
not just dependent on both informational and procedural fairness, 
but that these two factors interact in predicting overall fairness 
perceptions. 

4 STUDY DESIGN 
Because explanations, human oversight, and contestability are en-
tangled by nature [101], we frst conducted a preliminary study 
to craft an experimental setting that would surface the interplay 
between these factors (Section 4.1). In this exploratory study, we 

captured preferences towards diferent explanation styles and in-
vestigated what aspects participants would like to contest. We then 
combined these insights with previous literature to design our main 
user study in the context of a loan approval process (Section 4.2). 

4.1 Preliminary Study 
This preliminary study (� = 58) aimed at crafting (1) understand-
able and (2) actionable6 explanations that (3) support contesta-
bility [101]. We also sought to understand what aspects of the 
decision-making process participants may contest. Although prior 
work has already studied the understandability of diferent types 
of explanations [17, 30] and identifed actionable factors for loan 
approval processes [83], the interplay between explanations and 
contestability still represents an underexplored area,7 hence the 
need to perform this preliminary study. The design of our prelim-
inary study and the instruments we used to capture participants’ 
preferences can be found in our repository. 

4.1.1 Method of the Preliminary Study. As part of our prelimi-
nary study, we provided each participant with fve types of ex-
planations (randomized) for a fctional home loan denial scenario: 
(1) factor importance-based explanations (i.e., feature importance 
hierarchy using “>” for expressing “more important than” [83]), 
(2) input infuence-based 8 explanations (i.e., list of input variables 
along with a quantitative measure of the efect and directionality 
—positive or negative— that each of these variable had on the fnal 
decision [17, 30]), (3) case-based explanations (i.e., instance from 
the model’s training data that is most similar to the decision being 

6We defne “actionable” factors as the set of variables upon which interventions are 
possible. We include those variables that may change as a consequence of a change to its 
causal ancestors (that other authors have named as “mutable but non-actionable” [51])
7Although the interplay between explanations and recourse is increasingly being 
studied (e.g., [50, 87]), for this preliminary study, we do not limit contestability to 
recourse and inquire whether participants would question other aspects of the decision-
making process.
8As opposed to some previous work [17, 30], where the quantitative measurement of 
the input infuence was indicated through a varying number of “+” (positive infuence) 
or “-” (negative infuence) signs, we expressed this diference in infuence through 
numerical values. We clarifed that the number in brackets indicated the magnitude of 
the positive or negative efect that the variable had on the fnal decision —negative 
meaning a contribution towards the rejection decision—. 
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explained [17, 30]), (4) counterfactual explanations (i.e., represen-
tation of the alterations that input variables would need for the 
undesired model output to change [17, 30, 101]), and a combination 
of (5) input infuence-based and counterfactual explanations [83]. 
They were then asked to select the two most understandable and 
actionable explanations and two explanations thanks to which 
the decision subject would best know what information to use to 
contest the decision. We also asked them to choose their overall 
preferred explanation type. At the end of the study, we included 
two open-ended questions. The frst question aimed to disclose the 
rationales behind users’ preferences for diferent types of expla-
nations. The second question collected answers on what aspects 
of the decision-making process participants would be willing to 
contest. For analyzing the responses to the open-ended questions, 
we performed a refexive thematic analysis [19]. Our aim was to 
use the fndings from this preliminary study to inform the design 
of our main user study (Section 4.2). 

4.1.2 Insights from the Preliminary Study. The combination of 
counterfactuals and input infuence-based explanations scored high-
est for all criteria (see Table 1). To better understand these results, 
we discuss our fndings from the qualitative analysis below. We refer 
to quotes as Q.i, where i is the index of a specifc quote. Appendix A 
shows all selected quotes. 

Preferences towards diferent types of explanations. In line with 
fndings from Dodge et al. [30], we found that case-based expla-
nations were considered less fair (Q.1, Q.2). Participants generally 
preferred explanations that contain more information, which is in 
line with fndings from Schoefer et al. [83] (Q.3). Moreover, partici-
pants generally preferred the combination of input infuence-based 
and counterfactual explanations because these included descrip-
tions of the “how” and a justifcation of the “why” of decisions, as 
suggested by Sarra [79]. Input infuence-based explanations were 
regarded as faithful descriptions of how each feature contributes 
to the algorithm’s decision-making process (11/58)9 (Q.4). Despite 
using numerical values to indicate diferent degrees of input in-
fuence on the fnal decision, readability was not fagged as an 
issue for input infuence-based explanations by our participants. 
Counterfactuals were regarded as concise and explicit when direct-
ing the attention to features that were relevant to that particular 
decision (17/58) (Q.5, Q.6). 

What to contest. Participants pointed to two main aspects they 
would like to contest: frst, the basis (i.e., the factors) of the decision 
and their weights (28/58) (Q.7, Q.8) and second, the usage of an 
AI (10/58). Algorithmic systems were viewed as lacking subjective 
judgment capabilities for considering individual circumstances (in 
line with previous studies [20, 58, 70]) (Q.9). Generalization was 
also considered to be an inappropriate basis for decision-making 
(Q.10). 

9We indicate the prevalence of each statement using proportions (a/b), where a indi-
cates the number of participants whose response to the open-ended questions was 
related to the statement in question, and b indicates either the number of partici-
pants within a condition that we are specifcally referring to or the total number of 
participants in the study (58 for the preliminary study and 267 for the main study). 

4.2 Main User Study 
In our main user study, we sought to characterize the main and 
interaction efects of explanations, human oversight, and contesta-
bility on perceptions of informational and procedural fairness. We 
also explored the infuence of contextual factors (i.e., the stakes 
of the task) in this context and captured the relationship between 
informational and procedural fairness perceptions and perceptions 
of overall fairness. We had preregistered our hypotheses, research 
design, and data analysis plan for the main study before data col-
lection. 

4.2.1 Independent Variables. In an efort to minimize the efect 
of outcome favorability bias [103], we followed prior research [9, 
83, 86] and showed participants in our user study a fctional loan 
approval scenario involving the fctional character Kim as loan 
requester. The scenario difered depending on four independent 
variables. Figure 2 gives an overview of the independent variables 
and Table 5 in Appendix B shows how each independent variable 
was displayed in practice. 
• Explanations (categorical, between-subjects). We assigned each 
participant to one of two confgurations: 

(1) No explanation: participants saw what information the fc-
tional loan requester had been asked to provide but not how 
this information was used. 

(2) With explanation: participants learned the weight each piece 
of information had in the fnal decision (input infuence-based 
explanation) and the hypothetical scenarios where the loan 
requester would have been able to have the loan approved 
(counterfactuals). The factors requested by the bank and the 
given explanations are inspired by prior work [83] and en-
hanced based on the insights we got from the preliminary 
study (Section 4.1). We discarded gender and marital status as 
decision basis because these factors are explicitly protected 
by law [14]. Note that the no explanation confguration in our 
study is equivalent to the disclosure of factors condition de-
fned by Schoefer et al. [83], and not to the baseline without 
further explanations. The rationale behind this design choice 
is twofold: frst, we argue that the disclosure of these factors 
is necessary for participants to be able to judge the fairness 
of the decision basis. Second, Schoefer et al. [83] found no 
diference in informational fairness perceptions between the 
two aforementioned confgurations. These explanations were 
textual to limit presentation complexity [22, 83, 96]. 

• Human oversight (categorical, between-subjects). We randomly 
assigned each participant to one of two confgurations: 

(1) No human oversight: participants were told that the algorith-
mic decision-making process was fully automated. 

(2) With human oversight: participants were told that the loan 
approval process combined the usage of an algorithmic sys-
tem with human expertise. We designed this condition based 
on one of the human-in-the-loop confgurations discussed by 
Almada [5]. As opposed to some previous work where a hu-
man would supervise each decision made by the algorithmic 
system [103] — the authors did not fnd any evidence of this 
confguration afecting fairness perceptions—, in our study 
human intervention would serve as a quality control against 
machine failures [5]. We, therefore, used the confdence of the 
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Understandable Actionable Supports contestability Overall 
Importance-based explanation 23.64% 17.70% 18.35% 12.08% 
Input infuence-based explanation 17.27% 20.35% 21.10% 15.52% 
Case-based explanation 16.36% 8.85% 14.68% 13.79% 
Counterfactual explanation 13.64% 15.93% 16.51% 15.52% 
Combination counterfactual & input infuence-based 29.09% 37.17% 29.36% 43.10% 

Table 1: Results from our preliminary exploratory study. We evaluated how (1) understandable and (2) actionable diferent types 
of explanations were, and to what extent they (3) supported contestability. Column (4) shows participants’ overall preferred 
option. 

Figure 2: Overview of the independent variables. Yellow refers to information cues, green to system attributes, and grey to 
contextual factors. White colored boxes indicate the conditions we controlled for each factor. 

prediction as an indicator of a potential mistake made by the 
algorithmic system. The approval process would involve two 
steps: a frst step where the algorithmic system receives an 
online loan request and evaluates the case; and a second step 
where a human expert [74] (bank employee) oversees the deci-
sion if the algorithmic decision-making system’s confdence is 
low. 

• Contestability (categorical, between-subjects) We designed con-
testation mechanisms in the form of appeal processes, following 
fndings from our preliminary study (Section 4.1) and previous lit-
erature [68, 101]. Users in our preliminary study mainly wanted 
to contest (1) the algorithmic decision-maker or (2) the basis of 
the decision. These strategies resonated with the new information 
condition and new decision condition (with a human reviewer) de-
fned by Lyons et al. [68]. We randomly assigned each participant 
to one of three confgurations: 

(1) No contestability: participants were told that, due to time con-
straints, there would be no option for the fctional loan re-
quester to contest the decision in case of a rejection. 

(2) Option to contest the initial decision and provide additional 
information: participants were told that, in case of a rejection, 
the fctional loan requester had the option to make objections 
about the initial decision and provide any information to sup-
port the application. The same system (if a human oversaw 
the initial decision, the same human would oversee the review 
process) would reevaluate the loan application. 

(3) Contest decision-maker: participants were told that, in case of 
a rejection, the fctional loan requester had the opportunity to 
ask a human (diferent from the one who oversaw the process 
if there was already a human involved in the initial decision) 
to review the process. This human reviewer would make a 
completely new decision with the information that Kim had 
already provided for the initial decision. 

• Task stakes (categorical, between-subjects). Each participant was 
randomly assigned to one of two confgurations: 

(1) High-stakes decision: the purpose of the loan application is to 
buy a house. 

(2) Low-stakes decision: the purpose of the loan application is to 
go on a holiday trip. 

4.2.2 Dependent Variables. The instruments we used to measure 
the dependent variables can be found in our repository. 
• Perceptions of informational fairness (continuous). Measured by 
the average score on four of the items used by Schoefer et al. 
[83], based on Bies and Moag [15] and Greenberg [40]. 

• Perceptions of procedural fairness (continuous). Measured by the 
average score on the seven items defned by Colquitt [24],10 based 
on Thibaut and Walker [89] and Leventhal [62]. 

• Perceptions of overall fairness (continuous). Measured by a single 
item rated on a seven-point Likert scale [56, 58]. 

4.2.3 Descriptive and Exploratory Measurements. The instruments 
we used to measure the descriptive and exploratory variables can 
be found in our repository. 
• Age group (categorical). Participants selected their age group 
from multiple choices. 

• Level of education (categorical). Participants selected their highest 
completed level of education from multiple choices. 

• AI literacy (continuous). AI literacy has been proven to signif-
icantly afect perceptions of informational fairness [83]. We, 
therefore, captured the average score of the four items defned 
by Schoefer et al. [83]. 

10After pilot testing the wording and layout of the presented scenarios, we rephrased 
some of the items to make them more understandable for participants. 
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• Afnity to technology (continuous). Langer et al. [56] showed that 
afnity to technology was consistently correlated with end users’ 
perceptions of algorithmic capabilities. We, therefore, captured 
the average score of the four items defned by Franke et al. [35] 
as a possible control variable. 

• Personal experience (continuous). Kramer et al. [55] showed that 
preferences towards humans vs. algorithmic systems depend on 
people’s previous experience with the described situation. We, 
therefore, captured the average score of the two items defned 
by Kramer et al. [55]. 

• Task stakes perception (continuous). Since the stakes involved in 
a decision are subjective and personal [49], we captured partic-
ipants’ task stakes perceptions as a manipulation check. This 
was measured through an adapted version of the item defned by 
Lyons et al. [68]. 

4.2.4 Procedure. The study consisted of four main steps. 
Step 1. Participants stated their age group and level of educa-

tion. Their degrees of AI literacy, afnity to technology, personal 
experience and task stakes perception were also measured. 

Step 2. Participants were presented with a fctional loan approval 
scenario involving a person named Kim. Previous research has 
shown that under repeated interactions with algorithmic decision-
making systems, decision subjects’ fairness perceptions are afected 
by the favorability of the system towards the group that the decision 
subjects belong to [37]. In order to minimize these efects, we limited 
our study to a one-shot interaction with the system and we did not 
disclose the demographics of Kim, such as their gender and age. 
Kim had applied for a loan online and was waiting for the bank 
to assess their eligibility. Depending on the stakes of the task that 
participants had been assigned to, the purpose of this loan would 
be either to buy a house (high stakes) or to go on a holiday trip (low 
stakes). Participants would be informed about the information Kim 
had provided to the bank to evaluate the loan request. As part of 
the scenario, every participant would then be informed that Kim’s 
loan request had been rejected and they would get to know the 
process through which the loan request had been evaluated. Based 
on which of the (2 × 2 × 3 × 2) = 24 between-subject scenarios a 
participant had randomly been placed in, participants would receive 
explanations about the outcome of the decision, learn whether there 
was a human expert overseeing the process and get information 
about whether and how Kim could contest the decision (see Table 
2). Participants would then respond to an attention check, where 
they would be asked about the purpose of the loan request. 

Step 3. Participants evaluated their perceptions of informational, 
procedural, and overall fairness. Additionally, this step included a 
second attention check that asked participants to select a specifc 
option from a Likert scale. 

Step 4. Participants were asked two optional open-ended ques-
tions to describe what kind of information they would have liked 
to receive (if any) and what element would have made the decision-
making process fairer (if any). 

4.2.5 Data Collection. We planned to collect data from at least 
261 participants. We computed the required sample size using the 
software G*Power [34] for an ANOVA with main efects and in-
teractions; specifying the default efect size of 0.25, a signifcance 

threshold of � = 0.05 
= 0.0045 (i.e., due to testing multiple hy-11

potheses; see Section 4.2.6), a desired power of 0.8, 24 groups, and 
the respective degrees of freedom for the diferent hypotheses we 
aimed to test. 

We recruited 279 participants from Prolifc (https://prolifc.co). 
Each participant was at least 18 years old, had high profciency 
in English, and could participate in our study only once. Partici-
pants were rewarded based on a $12 hourly rate and the median 
completion time was 7 minutes and 41 seconds. Participants were 
excluded from data analysis if they did not pass at least one of 
the attention checks in the experiment. This led to a total number 
of 267 participants. The study itself was conducted on Qualtrics 
(https://www.qualtrics.com), where participants authenticated with 
a registration token received on Prolifc. Our study was approved 
by a research ethics committee at our institution. 

4.2.6 Statistical Analyses. Before conducting any statistical anal-
yses, we mapped all (seven-point) Likert scale answers onto an 
ordinal scale ranging from −3 (i.e., strongly disagree) to 3 (i.e., 
strongly agree) and computed averages for answers on related 
items (e.g., to obtain participants’ informational and procedural 
fairness perceptions). 

We analyzed the hypotheses we specifed in Section 3 in three 
separate statistical analyses. First, to test H1a and H2a, we con-
ducted a multi-way ANOVA with explanations, human oversight, 
contestability, and task stakes as between-subjects factors and per-
ceptions of informational fairness as dependent variable.11 Second, 
to test H1b-e and H2b-c, we conducted another multi-way ANOVA 
with the same between-subjects factors but with perceptions of pro-
cedural fairness as the dependent variable. Third, to test H3a-c, we 
conducted a multiple linear regression analysis with perceptions 
of informational fairness and perceptions of procedural fairness as 
independent and perceptions of overall fairness as dependent vari-
ables. Because we were testing 11 hypotheses as part of this study, 
we applied a Bonferroni correction to our signifcance threshold, 
reducing it to 0.05 

= 0.0045. This means that p-values resulting 11
from the analyses described above are only regarded as signifcant 
if they are below this reduced threshold. Next to the � statistic and 
�-value, we also report the partial eta squared (�p

2) efect size for 
each hypothesis test that was part of an ANOVA. 

In addition to the analyses described above, we conducted posthoc 
tests (i.e., to analyze pairwise diferences), Bayesian hypothesis 
tests12 (i.e., to quantify evidence in favor of null hypotheses), and 
exploratory analyses (i.e., to note any unforeseen trends in the 
data) to better understand our results. We also performed a quali-
tative, refexive thematic analysis [19]. The frst author coded the 
responses to the open-ended questions inductively using Atlas.ti 
(https://atlasti.com). These codings were grouped into themes and 
iteratively refned. 

11Although we did not specifcally hypothesize about the efects of human oversight 
and contestability on informational fairness perception, we included these variables 
here for exploratory analyses.
12Depending on the outcome of the relevant classical hypothesis test, we report Bayes 
Factors in favor of the alternative hypothesis (BF10) or the null hypothesis (BF01). We 
interpret the Bayes Factors according to the guide by Lee and Wagenmakers [57] who 
adapted it from Jefreys [46]. 

https://prolific.co
https://www.qualtrics.com
https://atlasti.com
https://Atlas.ti
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A bank has implemented a new loan application system where potential customers apply for a loan online and then the company assesses the 
eligibility of the customer for the loan. 

<Confguration [No human oversight] or [With human oversight]> 

Kim, a potential customer, is looking for funding opportunities to <task> and has thus decided to apply for a <task> loan through the bank’s 
online platform. As part of the <task> loan application process, the bank has requested the following information: 

• Applicant annual income 
• Co-applicant (if any) annual income 
• Credit score 
• Date of birth 
• Employment status 
• Education 
• Loan amount requested 
• Loan amount term (months) 
• Loan purpose 
• Number of dependents 

A few hours after sending the requested information, Kim has received an email with the fnal decision: the loan has been rejected. 

<Confguration [No explanation] or [With explanations]> 

<Confguration [No contestability] or [Contest initial decision] or [Contest decision-maker]> 

      Table 2: Overview of the scenario.

5 RESULTS 
In this section, we analyze the results of the main user study (see 
Section 4.2). Table 3 shows a summary of our results. 

5.1 Descriptive Statistics 
Of the 267 participants in our user study, 19.5% were between 18 
and 25 years old, 35% between 26 and 35 years old, 28.5% between 
36 and 50 years old, and 17% were between 50-80. 60% of the par-
ticipants had at least a Bachelor’s degree. 87% of our participants 
claimed to have heard or had experience with humans making loan 
decisions, whereas 72% of them had heard of or had experience 
with an algorithmic system making the decision. 

5.2 Hypothesis Tests 
Our frst confrmatory analysis was a multi-way ANOVA with the 
presence of explanations, human oversight, contestability, and task 
stakes as between-subjects factors and perceptions of informational 
fairness as the dependent variable. We found a main efect of the 
presence of explanations (H1a; � (1, 260) = 74.21, � < 0.001, 2  �p = 
0.22; BF10 > 1000) on end users’ informational fairness perceptions. 
However, we did not fnd any evidence indicating that the efect of 
explanations on informational fairness is moderated by task stakes 
( 2H2a; � (1, 260) = 0.01, � = 0.92, �p < 0.01). A Bayesian analysis 
revealed moderate evidence in favor of the null hypothesis that 
there is no such interaction efect (BF01 = 7.44). 

The second multi-way ANOVA analysis we conducted had the 
presence of explanations, human oversight, contestability, and task 
stakes as between-subjects factors and perceptions of procedural 
fairness as the dependent variable. We did not fnd any evidence of 
human oversight impacting procedural fairness perceptions (H1b;

2
� (1, 254) = 0.004, � = 0.95, � p < 0.01) and a Bayesian analysis 
returned moderate evidence in favor of the null hypothesis that hu-
man oversight has no efect here (BF01 = 7.43). However, there was 
a strong efect of contestability (H1c; � (2, 254) = 20.60, � < 0.001, 
2 

�p = 0.14; BF10 > 1000). We further found no evidence in favor of 
the efect of contestability on end users’ perceptions of procedural 

fairness being moderated by the presence of explanations (H1d;
2

� (2, 254) = 0.16, � = 0.85; �p < 0.01, BF01 = 12.95) or by the pres-
ence 2 of human oversight (H1e; � (2, 254) = 0.005, � = 1.00; �p < 0.01, 
BF01 = 13.35). We also did not fnd any evidence of an interaction 
between task stakes and human oversight (H2b; � (1, 254) = 0.06, 
� = 0.80, 2  �p < 0.01; BF01 = 7.32) or task stakes and contestability 

( 2H2c; � (2, 254) = 0.52, � = 0.60, � p < 0.01; BF01 = 7.20) when 
predicting perceptions of procedural fairness. 

We performed a multiple linear regression analysis to test the as-
sociation of informational and procedural fairness perceptions with
overall 2 fairness perceptions (� = 0.46, � (3, 263) = 76.02, � < 0.001). 
Our results show that perceptions of informational fairness (H3a; 
� = 0.27, � < 0.001) and perceptions of procedural fairness (H3b; 
� = 0.87, � < 0.001) both predicted overall fairness perceptions, 
with procedural fairness perceptions being the stronger predictor. 
However, we did not fnd evidence that perceptions of informa-
tional and procedural fairness interact (H3c; � = −0.09, � = 0.07) 
when predicting overall fairness perceptions. 

In sum, we found evidence in favor of four of our hypotheses: 
H1a, H1c, H3a, and H3b, indicating efects of explanations on in-
formational fairness perceptions and contestability on procedural 
fairness perceptions, respectively (Figure 3). We also show that 
informational and procedural fairness perceptions are positively 
related to overall fairness perceptions. 

5.3 Exploratory Analyses 
In addition to the hypothesis tests (see Section 5.2), we performed 
several exploratory analyses to better understand our results and 
identify any unforeseen but interesting trends in our data. Note 
that these are not confrmatory results as we did not preregister 
any of the analyses presented in this subsection. 

Decision tasks are subjective and personal [49], so we conducted 
a manipulation check regarding the stakes of the task. We per-
formed a t-test between the pre-defned task stakes (low for a hol-
iday loan, high for a home loan) and participants’ perceived task 
stakes. Our results indicate that the holiday loan (� = 0.38, �� = 
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Informational Fairness Procedural Fairness Overall Fairness 

Explanations 
Explanations × Task Stakes 
Explanations × AI literacy 
AI literacy 
Human Oversight 
Human Oversight × Task Stakes 
Contestability 
Contestability × Explanations 
Contestability × Human Oversight 
Contestability × Task Stakes 
Task Stakes 

Mean 
*** 

⋄ 
⋄ 

Th 
⋄ 

⋄ 

R 
⋄ 

⋄ 

T 
⋄ 

U 
⋄ 

⋄ 

Mean 
⋄ 

*** 

V 

⋄ 

⋄ 

Inf 
⋄ 

⋄ 

Cnst 
⋄ 

⋄ 

LB AF 

⋄ 

⋄ 
⋄ 

Crr 

⋄ 

Eth 
⋄ 

Informational Fairness Perceptions *** 
Procedural Fairness Perceptions *** 

Table 3: Summary of our results. *** refer to confrmatory results (� < 0.001), whereas ⋄ refer to exploratory results (� < 0.05). 
Empty cells indicate an absence of signifcant efect between variables. Mean = averaged value of the sub-items that constitute 
faceted fairness perceptions, Th = Thorough, R = Reliable, T = Tailored, U = Understandable, V = procedural Voice, Inf = Outcome 
Infuence, Cnst = process Consistency, LB = Lack of Bias, AF = Adequacy of Factors, Crr = Correctability, Eth = Ethicality. 

Figure 3: Efects of (a) explanations on perceptions of informational fairness and, (b) human oversight, and (c) contestability on 
perceptions of procedural fairness (HO = human oversight, C = contestability, ID = initial decision, DM = decision-maker). 

1.31) was, indeed, regarded as a lower-stakes scenario compared to 
the home loan (� = 1.70, �� = 1.07; � (258.61) = 9.09, � < 0.001). 

Because contestability is composed of three diferent groups, we 
performed pairwise comparisons to analyze the specifc diferences 
with respect to procedural fairness perceptions. We observed no 
signifcant diference between the efect that the two suggested 
contestation mechanisms have on procedural fairness perceptions 
(Tukey-adjusted � = 0.45), but both of them difered from the option 
with no contestability (Tukey-adjusted � < 0.001 in both cases). 

We also looked at the efects of explanations, human oversight, 
and contestability on the sub-elements of informational and proce-
dural fairness perceptions. Each of these sub-elements is assessed by 
one individual item in the fairness perception questionnaires. For in-
formational fairness perceptions, we evaluated whether participants 
thought that Kim received (1) thorough, (2) reasonable, (3) tailored, 
and (4) understandable information. For procedural fairness percep-
tions we evaluated perceptions of (1) procedural voice, (2) infuence 
over the outcome, (3) consistency of the process, (4) lack of bias, 
(5) accuracy of factors, (6) correctability, and (7) ethicality. We thus 
performed multi-way ANOVAs with explanations, human over-
sight, contestability, and task stakes as between-subjects factors, 
and the sub-elements that compose informational and procedural 
fairness perceptions as the dependent variables. 

5.3.1 Efects of Explanations. As expected, providing explanations 
had a positive efect on end users’ perceptions of informational 
fairness. Participants considered that, whenever explanations were 
added, the bank was giving thorough (� (1, 249) = 104.00, � < 0.001,
2 2

�p = 0.29) and reasonable (� (1, 249) = 40.31, � < 0.001, �p = 0.14) in-
formation that would make Kim understand (� (1, 249) = 19.84, � < 
0.001, �p

2 
= 0.07) the way in which the decision was made. Par-

ticipants also considered that these explanations were tailored 
2to Kim’s needs (� (1, 249) = 45.55, � < 0.001, � = 0.15). The ef-

fect on procedural fairness was partial: our exploratory analysis 
suggests that explanations afected perceptions of process con-

p 

2sistency (� (1, 254) = 16.80, � < 0.001, �p = 0.06), potentially be-
cause explaining to end users how each factor contributes to a 
fnal decision may make them discover that the process is stan-
dardized and uses the same criteria for every client. Explanations 
also seemed to interact with contestability in perceptions of pro-

2cedural consistency (� (2, 254) = 3.83, � < 0.05, �p = 0.03). More-
over, we checked the interaction of AI literacy and explanations 
on informational fairness perceptions by performing a multi-way 
ANOVA with explanations, human oversight, contestability, task 
stakes, and AI literacy as between-subject factors and perceived 
informational fairness as the dependent variable. We found that AI 
literacy may have an efect on perceptions of informational fairness 

https://��(258.61


2 

Disentangling Fairness Perceptions in Algorithmic Decision-Making CHI ’23, April 23–28, 2023, Hamburg, Germany 

2(� (1, 249) = 4.14, � < 0.05, � = 0.02) and that explanations and 
2

p 

AI literacy may interact (� (1, 249) = 4.19, � < 0.05, �p = 0.02) in 
creating perceptions of informational fairness (see Figure 5). These 
results suggest that participants with low AI literacy rated informa-
tional fairness perceptions negatively when no explanations were 
given, but their perceptions of informational fairness substantially 
increased when decisions were explained. The presence of expla-
nations had a milder efect on informational fairness perceptions 
among participants with higher AI literacy. 

5.3.2 Efects of Human Oversight. Our exploratory analyses sug-
gest that human oversight had no efect on any of the items that 
contribute to procedural fairness perceptions individually. As a mat-
ter of fact, our results show that the inclusion of human oversight 
in the initial decision has a slight negative impact on perceptions 
towards process consistency and lack of bias (Figure 4). Human 
oversight and contestability further seemed to interact in afecting

2procedural voice perceptions (� (2, 254) = 4.08, � < 0.05, � = 0.03)p
2and outcome infuence (� (2, 254) = 3.65, � < 0.05, � = 0.03). This p

result may suggest that confgurations where decision subjects can 
contest the decision basis of the process lead to varying degrees of 
procedural voice and outcome infuence perceptions depending on 
whether the initial decision was overseen by a human or not. 

5.3.3 Efects of Contestability. In our exploratory analysis, we 
found that contestability mainly contributed to the “correctabil-
ity” sub-element of procedural fairness perceptions (� (2, 254) = 
108.29, � < 0.001, �p

2 
= 0.46). This is somewhat unsurprising con-

sidering that correctability directly refers to the requirement of 
having an appeal process in place [62]. Interestingly, however, al-
though contestability seemed to improve perceptions of procedural

2voice (� (2, 254) = 13.76, � < 0.001, �p = 0.1), the mean values of 
perceived procedural voice are still below zero (on a [−3, 3] scale) 
for all three confgurations: the confguration where there is no 
contestability (� = −1.84, �� = 0.16), the confguration where 
participants can contest the initial decision (� = −0.81, �� = 0.17) 
and the confguration where participants can contest the decision-
maker (� = −0.65, �� = 0.19) (Figure 4). The mean values for 
perceptions of outcome infuence are also below zero for all three 
confgurations: no contestability (� = −1.69, �� = 0.16), contest 
initial decision (� = −1.21, �� = 0.16) and contest decision-maker 
(� = −1.30, �� = 0.16). This suggests that none of the contestation 
mechanisms put in place may sufciently contribute to users’ sense 
of having a voice in the process and infuence over the outcome 
(i.e., the frst two sub-elements that constitute procedural fairness 
perceptions). Our exploratory results also do not point to any dif-
ferences between contestation types for any of the sub-elements 
that compose procedural fairness perceptions; except for ethicality 
(� = −0.81, � < 0.05). This might indicate that, based on ethical 
and moral standards, participants do require human intervention 
in the review process. Note that there is no interaction between 
contestation types and human oversight for ethicality, which could 
suggest that having a human-in-the-loop confguration in the orig-
inal decision is no substitute for human intervention in the review 
process when upholding ethical standards. 

5.3.4 Efects of Task Stakes. Our exploratory analyses surprisingly 
suggest that task stakes contribute to one item of procedural fair-
ness perceptions: adequacy of factors (e.g., credit score, loan amount 
requested, total annual income) (� (1, 254) = 86.79, � < 0.001, � = p
0.25; see Figure 5). This suggests that users perceived the decision 
factors used in our scenario as less adequate for the low-stakes de-
cision (holiday) than for the high-stakes decision (buying a house). 

5.4 Qualitative Analysis 
We performed our qualitative analysis using a refexive thematic 
analysis [19]. We inductively generated individual codes from the 
responses our participants gave to the open-ended questions and 
we then clustered them into code groups. We identifed three main 
tension areas: one related to perceptions of informational fairness 
and two related to perceptions of procedural fairness. This section 
explains each of those areas of tension in detail. For a comparison 
and discussion between quantitative and qualitative results, see 
Sections 6.1, 6.2, and 6.3. We again refer to quotes as Q.i, where i is 
the index of a specifc quote. Appendix A shows all selected quotes. 

5.4.1 Tension #1: Amount of Information vs. Generating Understand-
ing for All. Our qualitative results indicate that getting detailed 
information about the decision was a general concern among par-
ticipants. Participants who were placed in a confguration without 
explanation of the decision outcome directly highlighted the need 
for the bank to give detailed explanations (115/133) about the 
way in which diferent factors are used for making the decision and 
the reasons for the outcome (Q.11). They also considered that the 
bank should provide decision subjects with an alternative course 
of action (34/133; Q.12). 

Participants who were placed in scenarios where the bank would 
ofer explanations of the decision outcome positively evaluated the 
level of detail of this information (70/134). They generally also 
appreciated the fact that the counterfactual scenarios gave action-
able information (21/134). Some of them requested further infor-
mation about the process and the algorithmic system itself 
(51/134; Q.13). However, some participants pointed out that in-
creasing the amount of information could generate difculties in 
understanding (23/134) the explanations and could restrict such 
understanding to people with literacy in AI (Q.14). 

5.4.2 Tension #2: Human Involvement vs. Timely Decision-Making. 
Another major theme in our qualitative analysis was that of human 
involvement. Our qualitative analysis suggests that, regardless of 
the presence or absence of human oversight, participants were still 
asking for a higher degree of human involvement (75/267) in 
the process (e.g., by including a human that deals with borderline 
cases, or by allowing decision subjects to personally interact with 
a bank employee). In cases where human oversight was included 
in the original decision, our participants thought that this would 
ensure reliability. However, some (13/267) of them indicated that a 
human should always make the fnal decision, for every instance 
(Q.15, Q.16). 

On the other hand, as some of our participants highlighted, not 
having humans involved could make the process speedy (47/267) 
and would allow Kim to explore alternative options (Q.17). Although 
we did not explicitly compare the diference in time of having a 
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Figure 4: Efects of human oversight on perceptions of (a) process consistency and (b) lack of bias; efects of contestability on 
perceptions of (c) procedural voice and (d) outcome infuence (HO = human oversight, C = contestation, ID = initial decision, 
DM = decision-maker). 

Figure 5: (a) Efect of task stakes on perceptions of factor adequacy (LS = Low stakes, HS = High stakes). (b) Interaction between 
explanations and self-reported AI literacy on perceptions of informational fairness. Red refers to the confgurations where 
explanations were given and Green refers to the confgurations with no explanations. 

human or an algorithmic system (with or without human oversight) 
making the decision, the presented scenario did mention that the 
reason for introducing algorithmic decision-making processes was 
due to time constraints. Many participants referred to the temporal 
dimension as one that makes the process fair (Q.18, Q.19). 

5.4.3 Tension #3: Standardized Fact-based Process vs. Accounting for 
Personal Circumstances. The fact that an algorithmic system was 
fully or mainly driving the process also encouraged refections on 
the advantages and disadvantages of having a standardized process 
that treats everyone equally (44/267; Q.20). Some of our partici-
pants considered that introducing algorithmic systems in decision-
making processes helps to get rid of human biases (39/267). They 
considered that thanks to such systems, the process would not 
be subject to human subjectiveness and prejudice (Q.21). Intro-
ducing an algorithmic system was also viewed as contributing to 
the consistency of the decision-making process. Participants gen-
erally appreciated that the same information was considered for 
everyone (Q.22). The basis of the decision-making process was also 
regarded as sound because it was based on facts (40/267; Q.23). 
Some (27/267) indicated that the bank should consider additional 
factors when making a decision, but, in general terms, the presented 
factors were considered fair and relevant (Q.24). 

Despite the general sentiment of facts being a sound basis for 
decision-making, some of our participants highlighted the need 
to sometimes consider individual circumstances (17/267; Q.25, 

Q.26). Humans were viewed as being more fexible and prone to 
give in to cases that are close to the decision boundary (Q.27). 
Some participants pointed out that a human should be respon-
sible for double-checking boundary cases (Q.28). In those cases, 
participants requested the implementation of negotiation mecha-
nisms (Q.29) that would allow decision subjects to discuss with 
humans (47/267; Q.30) who could treat the situation with compas-
sion (Q.31). 

6 DISCUSSION 
In this section, we relate quantitative results with qualitative ones 
and refect on our key fndings. Each subsection summarizes the 
results related to one of the tested factors and its entanglements 
(i.e., explanations in Section 6.1, human oversight in Section 6.2, 
and contestability in Section 6.3). We also list the practical impli-
cations of our fndings, highlight future challenges, and refect on 
the benefts and shortcomings of adopting a multi-dimensional 
approach for capturing perceptions of fairness (Section 6.4). We 
fnally acknowledge the limitations of our study (Section 6.5). 

6.1 Leveraging Transparency Beyond Outcome 
Explanations 

Our quantitative results show that explanations improve informa-
tional fairness perceptions (see Section 5.2). Exploratory fndings 
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further suggest that AI literacy may moderate the efect of expla-
nations on informational fairness perceptions, i.e., indicating that 
the efect of explanations on informational fairness perceptions is 
stronger for participants with low AI literacy (see Section 5.3.1 and 
Figure 5). However, contrary to our expectations, and to suggestions 
from earlier work [83], we did not fnd evidence that explanations 
moderate the efect of contestability on procedural fairness, i.e., 
help participants question structural aspects of the decision-making 
process such as the factors requested by the bank and how these are 
used. The insights we obtained from our qualitative analysis sug-
gest that participants were generally happy with the factual basis 
of the decision in question (see Section 5.4). It should be noted that, 
as opposed to earlier work [83] and our own preliminary study, we 
had decided to discard gender as one of the decision-making factors 
in our main study because it is explicitly protected by law [14]. 
This might have infuenced how people perceived the decision 
basis. Moreover, some participants were asking for system-level 
explanations that would enable them to explore and evaluate biases 
encoded in the algorithmic system. The lack of this information 
might have prevented them from questioning additional aspects of 
the decision-making. 

Implications. Although our study replicated the fnding from ear-
lier work that explanations support informational fairness percep-
tions [83] (which in turn contribute to overall fairness perceptions), 
restricting explanations to technical solutions that are currently 
available through XAI may limit the grounds for contestations [67]. 
Our results (e.g., Q.13) suggest that providing decision subjects with 
information that goes beyond outcome explanations could support 
contestations that are not only limited to post-decision mecha-
nisms but that apply to the system lifecycle as a whole [2]. These 
system-level explanations could include information about data, 
algorithmic features, or the way in which algorithmic systems are 
integrated in broader workfows [30]. For instance, previous studies 
have shown that data-centric explanations [7] have the potential 
to assist users in assessing fairness. Future work should look into 
explanations and transparency that go beyond outcomes and test 
how these insights afect perceptions of informational fairness and 
whether they set grounds for contestations that go beyond appeal 
processes. We foresee that this would not only have implications 
for perceptions of informational fairness but also for perceptions 
of procedural fairness. 

Challenges. Previous research has demonstrated that increasing 
levels of transparency can lead to information overload [22], so 
expanding explanations could restrict understanding to individuals 
with literacy in AI. Moreover, earlier work has pointed to a risk 
that malicious actors might use explanations to defraud algorith-
mic systems [105] or to manipulate decision subjects by conveying 
untruthful levels of “fairness” [68]. Future work should look into 
methods for designing strategies that leverage adequate levels of 
transparency [105] and that convey appropriate fairness perceptions 
(i.e., condition that is satisfed if fairness perceptions towards a 
system are high when the system is indeed fair) [82]. Such strate-
gies should be adapted to decision subjects’ insight needs [88] and 
designed in a way that they would understand [11, 52]. For example, 
these could include videos [93], stories [93], or comics [102, 104]. 
Our qualitative analysis further revealed some participants’ feel-
ing that the process could not be biased because it is impossible 

for algorithmic systems to be biased (Q.20), suggesting that future 
explanations should also account for decision subjects’ imaginar-
ies [69] and expectations [54] around algorithmic systems. 

6.2 Designing Appropriate Human-AI 
Confgurations 

Our quantitative results do not contain any evidence that human 
oversight would afect end users’ procedural fairness perceptions; 
in fact, a Bayesian analysis even revealed moderate evidence that 
human oversight has no efect here (see Section 5). These results 
resonate with earlier work on the topic [103], where a case-by-case 
human intervention did not contribute to perceptions of fairness. 
Nevertheless, our qualitative results suggest that, regardless of 
human oversight in the original decision, participants were still 
asking for a higher degree of human intervention (e.g., Q.15; see 
Section 5.4). The reason for this might be that end users might 
think about the decision-maker in binary terms, as either “a human” 
or “not a human” [56]. Since, even in the scenario with human 
oversight, the frst prediction was made by the algorithmic system, 
our participants might still have thought about it as a non-human 
decision-maker. This would explain why human oversight did not 
afect perceptions of procedural fairness and why, even in the case 
where the decision was overseen by a human, participants were 
asking for more human intervention in the process. 

Implications. More research is needed to fnd adequate forms of 
human-AI collaborations in algorithmic decision-making processes. 
Future studies should go beyond confgurations where humans con-
frm the quality of the decision made by an algorithmic system [5] 
and craft alternative human-AI teams. For instance, algorithmic 
systems could access large quantities of data and perform prelimi-
nary analyses to produce easily digestible summaries for human 
experts to make fnal decisions [76]. Such a confguration would 
respond to our participants’ desire to always have a human making 
the last decision. A follow-up study to ours could test perceptions 
towards human decision-making processes that are advised by algo-
rithmic systems [12, 109] rather than algorithmic decision-making 
processes that are overseen by humans. One could argue that many 
studies have already studied diferent human-AI teaming confgura-
tions. However, these studies have mainly focused on exploring the 
interaction of data domain experts (i.e., bank employees in our case) 
with algorithmic systems and distilling the efect on trust [75, 81] 
or trust-related constructs [100] such as reliance [77, 109]. Future 
studies should also capture end users’ fairness perceptions for each 
of those confgurations. 

Challenges. Including humans in algorithmic decision-making 
processes costs time [20, 29, 68] and our qualitative results sug-
gest that participants value timely decision-making processes. For 
appeal processes, Lyons et al. [68] found that, when subject to a 
trade-of situation, participants prioritised the type of review and 
the review time rather than the reviewer. We emphasize the need 
to perform more studies where participants are shown the time 
cost of diferent confgurations so as to capture their perceptions of 
procedural fairness in a space of trade-ofs. Furthermore, our partic-
ipants regarded confgurations with no human intervention as less 
biased and more consistent. We echo Almada [5] and suggest that 
comparative measures of performance of human-controlled and 
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fully automated procedures should be included. This would allow 
end users to freely shape their preferences and fairness perceptions 
in an informed way. 

6.3 Giving Voice to Decision Subjects 
As we hypothesized, our quantitative results show that including 
contestability (in the form of appeal processes) enhances people’s 
perceptions of procedural fairness. Our qualitative results back up 
the value that participants put on the ability to contest the decision. 
Despite the positive efect of contestability on perceptions of proce-
dural fairness, perceptions of procedural voice and infuence over 
the outcome were still negative. In a within-subjects user study, 
Lyons et al. [68] found that participants perceived the new informa-
tion appeal condition (equivalent to our “option to contest the initial 
decision and provide additional information” appeal condition) as 
fairer than the rest of the suggested appeal processes. Contrary 
to these fndings, we do not fnd any diferences between the sug-
gested appeal processes. This might be due to the between-subject 
nature of our study. Lyons et al. [68] also found that the reason for 
the preference towards this condition was that decision subjects 
perceived they had a “voice” in the decision-making process. Our 
results contradict these fndings, and indicate that, even when any 
of the suggested appeal processes are in place, our participants did 
not have the feeling that the decision subject had a voice in the 
process or infuence over the outcome. This discrepancy might be 
due to the nature of the performed analysis. Lyons et al. [68] arrived 
at this conclusion through a thematic analysis of qualitative data, 
whereas our results rely on quantitatively evaluating responses to 
statements that directly address perceptions of procedural voice 
and infuence over the outcome. 

Implications. Our fndings highlight that, although contestabil-
ity enhances users’ perceptions of procedural fairness (which in 
turn contribute to overall fairness perceptions), more research in 
contestable AI is needed. The feld of contestable AI is still grow-
ing [3] and many of the guidelines on how to design for contesta-
bility are conceptual in nature [3, 44, 67]. Further research is neces-
sary to translate those conceptualizations into actual design guide-
lines [2, 60] and validate designs of contestable algorithmic systems. 
Our results also suggest the need to research into the design of con-
testation mechanisms that efectively provide voice and outcome 
infuence to decision subjects. Sarra [79] argue that a “dialectical 
exchange” is necessary between decision subjects and human con-
trollers to efectively support contestability. This resonates with 
our qualitative fndings: many of our participants were asking for 
options to personally discuss or negotiate the outcomes with hu-
mans. Our participants considered that discussing the decision with 
humans would potentially lead to a change in outcome for cases 
that were close to the decision boundary (e.g., Q.27, Q.28; in line 
with earlier work [36, 68]) and that humans would treat decision 
subjects with dignity and compassion (e.g., Q.31; also in line with 
previous research [17, 68, 94]). These fndings further suggest that 
contestations might be better designed as dialogues [44, 53], rather 
than mere appeal processes. When it comes to outcome infuence, 
future research should focus on ways of increasing the ability of 
subjects to exercise agency and true infuence over the process [9]. 
This entails allowing decision subjects to determine the input data 

that they want to provide along with the ability to infuence the 
logics of the decision-making process [60]. A promising research 
line in this feld is that of interactive contestations [45]. 

Challenges. A major challenge when trying to give efective out-
come infuence to decision subjects is the distribution of levels of 
control across individuals. Since the process will eventually infu-
ence multiple people rather than one individual, the way in which 
this control is distributed remains a key challenge [71]. We consider 
that participatory design strategies [43], such as the workshops 
conducted by Vaccaro et al. [94], can help deal with the trade-ofs 
identifed in our qualitative analysis. These workshops facilitate 
conversations among diferent stakeholders (e.g., the development 
team and decision subjects) and could, therefore, help identify the 
compromises in designing contestation mechanisms that attend 
to individual circumstances while contributing to perceptions of 
process consistency. 

6.4 Multi-dimensional Measurement of Fairness 
Perceptions 

In this paper, we advocated for a multi-dimensional approach for 
capturing perceptions of fairness, inspired by literature in human 
decision-making. Our quantitative analyses confrm that informa-
tional and procedural facets of fairness predict overall fairness per-
ceptions. Moreover, this multi-dimensional approach has enabled us 
to perform exploratory analyses that have generated a nuanced un-
derstanding of how people perceive each algorithmic confguration. 
Our fndings, therefore, suggest that future studies and practical ap-
plications could beneft from adopting a multi-dimensional rather 
than a one-dimensional approach. 

Despite our promising fndings, using a tool that was designed for 
human decision-making to evaluate algorithmic decision-making 
may not encompass the unique challenges that the inclusion of 
algorithmic systems bring to existing processes (as it is the case 
for other felds such as human-agent collaboration [23]). Our aim 
behind using this tool designed for human decision-making in an al-
gorithmic context was to distil insights from it and to identify future 
research directions. There is evidence that suggests that decision 
subjects care about justice-related aspects in algorithmic decision-
making, as they care in human decision-making [17]. However, we 
acknowledge that there are novel considerations that the usage of 
these systems results in [17] and that future work should consider. 
For instance, the approach suggested by Colquitt [24] does not 
explicitly include the temporal dimension of the decision-making 
process as an attribute that contributes to perceptions of proce-
dural fairness. Through our qualitative analysis, we found that this 
aspect was paramount for our participants. We note that most of 
the criteria we evaluated were defned several decades ago. Due to 
societal changes and a change in perceptions of time brought in by 
algorithmic systems, further research would be needed to consider 
and efectively evaluate speed of decision-making as a procedural 
justice principle [95]. We, therefore, encourage further research 
into defning standardized methodological approaches that appro-
priately capture perceptions of fairness across dimensions while 
being specifcally adapted to algorithmic decision-making. 
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6.5 Limitations 
In this section, we summarize limitations of our study that could 
represent threats to its validity. 

Refections on our experimental setting. The design of our study 
might have had an impact on the obtained results. First, the between-
subjects nature of the study might have prevented participants from 
comparing diferent algorithmic confgurations. The efects of task 
stakes and human oversight might have been diluted because of 
this. Second, the scenario used for conducting our controlled user 
study presented a case that participants considered to be close to 
the decision boundary (see Q.27). This made the request to have a 
human involved in the decision-making process, for example, to 
be especially relevant for some participants (see Q.28). Fairness 
perceptions and the desires expressed by participants might have 
been diferent if we had included scenarios with diferent character-
istics. Third, the design of our experiment described a loan denial 
scenario for an individual called Kim. As opposed to some other 
authors (e.g., [68, 103]) we decided to tell this story in the third 
person [9, 83, 86] with no reference to the individuals’ personal 
characteristics. The reason behind this design choice was to min-
imize, as far as possible, the outcome favourability bias [103]. In 
the same line, we limited the interaction between participants and 
the algorithmic system to a one-shot interaction. Previous research 
has shown that, under repeated interactions, system favorability 
towards the group that the decision subject belongs to has an efect 
on fairness perceptions [37]. Our results indicate that, generally 
speaking, participants were happy to endorse negative outcomes if 
explanations and contestation mechanisms were in place. However, 
outcome favourability bias might have resulted in diferent reac-
tions had we referred to a case where the participants themselves 
had been denied a loan or had we disclosed the demographics of 
diferent individuals and asked participants to repeatedly interact 
with the algorithmic system. Fourth, although we varied the level 
of stakes involved in the task and found that perceptions of infor-
mational and procedural fairness are robust across stakes, our study 
is still limited to a loan decision-making scenario. Results may vary 
depending on the context. Fifth, terminology has been claimed to 
afect end users’ fairness perceptions [56]. Langer et al. [56] suggest 
that the usage of multi-item measurement tools softens the impact 
of terminology, an advice we followed when measuring percep-
tions of informational and procedural fairness. However, results 
may have been diferent had we used terms such as algorithmic 
system, statistical model, or computing system instead of artifcial 
intelligence. 

Generalizability across cultures. For our study we recruited par-
ticipants from the Global North whose frst language was Eng-
lish. Previous work has shown that cultural and geographical dif-
ferences play a key role in perceptions towards algorithmic sys-
tems [10, 49, 97]. Thus, we acknowledge that our study is subject 
to representativeness limitations [61]. 

Need to incorporate empirical ethics as part of broader design 
frameworks for algorithmic systems. Empirical studies represent a 
necessary strategy for testing the practical implications of theoreti-
cal claims. However, moving towards algorithmic decision-making 
processes that enhance decision subjects’ feelings of justice requires 

that empirical studies are part of broader eforts to create method-
ological tools that consider diferent stakeholders’ (including deci-
sion subjects) viewpoints in the design and evaluation processes of 
algorithmic systems [78, 107]. 

7 CONCLUSION 
This paper presented a preregistered user study investigating how 
varying levels of explanations, human oversight, and contestability 
for high- and low-stakes algorithmic loan approval scenarios afect 
users’ informational, procedural, and overall fairness perceptions. 
We found that explanations and contestability afect perceptions of 
informational and procedural fairness, respectively. We did not fnd 
evidence of the efect of human oversight and task stakes on these 
measurements. We also found that perceptions of informational 
and procedural fairness, independently, are positively related to per-
ceptions of overall fairness, but their interaction is not signifcant. 
Through exploratory and qualitative analyses, we gave further in-
sights into these relationships. Our exploratory analyses indicated 
that the suggested contestation mechanisms did not efectively 
contribute to perceptions of procedural voice and outcome con-
trol. Our exploratory analyses also pointed out that the suggested 
human oversight confguration slightly deteriorated perceptions 
of procedural consistency and lack of bias. Through a qualitative 
analysis, we found three main areas of tension that highlight the 
need to assess algorithmic decision-making processes in a space of 
trade-ofs. Our work, therefore, gives insights into how to design 
algorithmic decision-making processes that foster feelings of justice 
and addresses some of the HCI challenges that these systems have 
brought in. 
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A SELECTED QUOTES 
Selected quotes from the preliminary study (S1; see Section 4.1) and the main study (S2; see Section 4.2). Each quote comes with a reference 
to the study where the response was collected and to the the participant (Pj) who gave it. 

Q.id Quote Participant 

Q.1 “It is unfair for her to be denied based on someone else’s previous inability to pay back the loan” S1-P42 

Q.2 “Just because some had a similar case as hers, does not prove that she would not be able to pay back S1-P36 
the loan.” 

Q.3 “The best explanation gives the largest volume of information including how the decision was made S1-P50 

Q.4 
and what amount she could potentially lend” 
“It explains the importance of each factor so she is able to see clearly what factors are most infuential” S1-P32 

Q.5 “It boils it down to very easy to digest reasons as to why Kim was rejected the loan request” S1-P29 

Q.6 “It provides 3 diferent ways in which Kim could improve her chances of being accepted.” S1-P33 

Q.7 “She should contest how little impact her employment has on the decisions since this is a big factor” S1-P22 

Q.8 “Gender should be contested as is a discriminatory factor. Although all the variables in question are S1-P56 
methods for the banks to discriminate against someone, gender is not within a person’s control and 
therefore a bad measure of their character and choices.” 

Q.9 “Artifcial intelligence does not take your lifestyle and circumstances into account.” S1-P46 

Q.10 “It is assessing her by comparing her situation with another with similar salary & credit score & not S1-P53 

Q.11 
taking her full circs [circumstances] into consideration.” 
“I think there should be a breakdown of what the artifcial intelligence looks for and what the decision S2-P5 
is based on.” 

Q.12 “They should ofer a detailed reason and list of suggested changes she could make to help her in her S2-P218 
eforts” 

Q.13 “It does not tell us enough about how the AI uses the information. The AI is programmed initially by a S2-P8 
human. How can I be sure that no bias is involved in this programming of the algorithm? This would 

Q.14 
be appropriate information to have.” 
“If Kim is not familiar with AI then she may not understand the process and view it negatively” S2-P135 

Q.15 “[...] each application should be reviewed by a human, not just the ones which have low confdence” S2-P179 

Q.16 “Maybe for it to be processed primarily by the AI but secondly by a human before the answer is S2-P226 
fnalised. This could still be a quick process as the person wouldn’t have to spend much time on it but 

Q.17 
it would mean the decision also had a human input.” 
“It is fairer than other options as [it] is quicker than a human decision - [it] allows customers to explore S2-P153 

Q.18 
other options” 
“It is fair because with the help of its AI the application process is much faster and efcient” S2-P146 

Q.19 “I do think it is fair, it is a quick and easy procedure” S2-P182 

Q.20 “It’s fair because it can’t be biased because it’s AI” S2-P110 

Q.21 “[...] it may be fair as an algorithm does not take into account factors such as someone’s manner or S2-P8 

Q.22 
dress which may lead to an unconscious bias for or against an applicant when assessed by a human.” 
“It is very fair because all applicants are assessed using the same list of criteria.” S2-P85 

Q.23 “It takes in essential information needed to evaluate weather a loan is risky from the bank’s point of S2-P98 
view as a business deal, it doesn’t take feelings or emotions, just facts, and applies them to the bank’s 

Q.24 
set criteria with which they are happy to give a loan out to.” 
“I think they have asked the correct information to see if an individual could be able to aford to pay S2-P34 
back the loan.” 

Q.25 “I think it is fair that it is based on the same factors for everyone but there are circumstances under S2-P51 

Q.26 
which more personal information individual to their case should be taken into consideration.” 
“The AI system will only deal with data/numbers and won’t take into consideration Kim’s personal S2-P96 
circumstances which could explain why she was rejected in the frst place. For example, many lost 
their jobs due to no fault of their own during the pandemic and fell behind on bills etc. and many have 
ended up in debt. If this was the case with Kim it wouldn’t really be fair based on the circumstances.” 
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Q.27 “Everyone is treated the same, but it seems that if a human saw she was only 5% of having the loan, S2-P9 

Q.28 
they would have just let it slide.” 
“There should be some human to evaluate those cases that are in the obscure region of the cutting-of S2-P209 

Q.29 
point.” 
“If the person trying to get the loan is rejected within a small margin and appeals I believe they should S2-P185 

Q.30 
be able to re-negotiate.” 
“They took the human element away, which allows for communication and some compromise.” S2-P245 

Q.31 “[...] there will always be instances where an AI will get the decision wrong when a person land in a S2-P218 
grey area/their circumstances fall into an area where a little compassion is needed.” 

Table 4: Summary of some of our participants’ responses to the open ended questions. S1 = preliminary study, S2 = main study, 
Pj = index of the participant. 
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B SUMMARY OF THE EXPERIMENTAL DESIGN 

Parameters Conditions Descriptions 
Explanation No explanation The artifcial intelligence system uses some of this information for making the loan decision. 

With explanations In the email received by Kim, an explanation of how the decision-making system has 
reached the conclusion is included. The email includes the importance that each piece of 
information provided by Kim had in the fnal decision. Factors are listed from the most 
important to the least important factor based on the bank’s criteria. The magnitude of the 
contribution of each piece of information (negative (−) means that it contributed to the 
rejection decision) is added between brackets: 
Credit Score (−0.15) > Loan amount requested (−0.12)> Total annual income (−0.09)> 
Loan purpose (+0.02)> Employment status (+0.02)> Loan amount term (months) (−0.03)> 
Date of birth (+0.03)> Co-applicant (if any) income (+0.01)> Number of dependents 
(−0.07)> Education (+0.02) 
The email also includes information about scenarios where the individual would have been 
granted the loan. Kim would have been granted a loan if one of the following scenarios 
had been true: 

• The loan amount requested had been 5% lower 
• The total annual income of the individual had been 10% higher 
• The credit score of the individual had been "Very Good" 

Human oversight No human oversight Given the latest technological advances and in an efort to make loan decisions in a timely 
manner, the loan application process is now fully automated. An artifcial intelligence sys-
tem receives the online requests and evaluates each case. An email is sent to the applicants 
with the fnal verdict. 

With human oversight Given the latest technological advances and in an efort to make loan decisions in a timely 
manner, the loan application process is now hybrid: it combines artifcial intelligence with 
human expertise. This involves a two-step approval process. In the frst step, an artifcial 
intelligence system receives the online requests and evaluates each case. If the artifcial 
intelligence system reaches a decision (approve or reject) with a high confdence, an email 
is sent to the applicant with the fnal verdict. If the artifcial intelligence system has a low 
confdence over the decision, there is a second step where a human oversees the decision 
and makes the fnal verdict and an email is sent to the applicant. 

Contestability   No contestability Since the reason for introducing an artifcial intelligence system is to handle home loan 
applications in a timely manner, Kim has no option to request a review of the decision. 

Contest initial decision Kim has decided to appeal the decision and has asked for a review of the process. As part of 
the review procedure, Kim has the opportunity to make objections about the initial decision 
and provide any information to support the application. The same artifcial intelligence 
system will then reevaluate the home loan application. 

Contest decision maker Kim has decided to appeal the decision and has asked for a review of the process. As part 
of the review procedure, Kim has the opportunity to ask for a human to review the process. 
This human reviewer will make a completely new decision with the information that Kim 
already provided for the initial decision. 

Task stakes High stakes Buy a house / home loan 
Low stakes Go on holiday / holiday loan 

Table 5: Summary of the experimental design. 
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