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Abstract

This study investigates consumer perceptions of procedural and distributive fair-
ness/unfairness in service interactions involving Al versus human providers. It also
examines how these perceptions are influenced by technology-related discomfort and the
perceived responsibility of the service organization. A scenario-based online experiment
was conducted using participants recruited through the Prolific research platform. Partici-
pants were asked to review a small business loan application process at a fictional digital
bank where the application is processed either by an Al algorithm or a human loan officer.
The study found that consumers experienced a higher level of satisfaction when they
encountered procedural unfairness from humans compared to Al The negative effect of
procedural unfairness on satisfaction was amplified as algorithm discomfort and perceived
company responsibility increased. The findings suggest that Al unfairness requires special
attention to address differences in consumer reaction.

Keywords: Al satisfaction; procedural fairness; unfairness; algorithm discomfort

1. Introduction

Artificial intelligence (Al) technologies—such as chatbots, virtual assistants, and ma-
chine learning systems—are transforming customer service by enabling both self-directed
interactions and support for frontline employees. These technologies enhance service per-
sonalization through real-time data analysis, allowing businesses to interpret and respond
dynamically to customer behavior [1,2]. Consumers increasingly value Al’s capabilities,
including its capacity for monitoring, self-correction, and delivering contextually relevant
information, all of which help reduce cognitive effort in daily tasks. However, the full poten-
tial of Al to deliver customer value depends on addressing concerns related to information
privacy and ethics. While Al tools are now embedded in everyday experiences—appearing
as chatbots, automated transaction processors, and decision-making systems—some con-
sumers find these encounters disconcerting due to the growing collaboration between
humans and machines [1,3,4]. Of particular concern is algorithmic decision-making (ADM)
or the use of Al technologies to make or inform decisions previously made by humans.
ADM can assist consumers with complex purchasing journeys but may also expose them
to biased outcomes [5-7]. For example, when a consumer applies for a bank loan and they
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are told that processing decisions are made by Al, it raises questions in their mind about
the thoroughness, objectivity and fairness of AL

Research has revealed conflicting findings regarding how consumers view fairness in
Al versus humans. Several factors suggest that consumers may have more confidence in
certain types of decisions made by humans compared with Al Recent studies have argued
the opposite, noting that people regard Al as fairer than humans and have found support
under certain conditions, e.g., [8]. People have greater confidence that Al will make better
decisions in situations that lend themselves to algorithmic decision-making like scheduling
service delivery. Al eliminates the fear that humans may introduce prejudices and create
unfairness in service delivery. For example, ref. [9] manipulated unfairness in a hotel
check-in interaction and found that subjects perceived higher levels of unfairness with
humans compared to Al The study examined unfairness involving customers overhearing
preferential treatment to another customer. Since consumers think Al algorithms are absent
of such initiated bias, they will trust Al more than humans for such utilitarian tasks.

However, consumer perception of fairness remains unclear for service delivery sit-
uations involving complex decision-making. For example, deciding to grant a loan or a
mortgage to a customer may involve multiple levels of analysis and assessment of the
personal disposition of the customer. Consumers are generally less familiar with Al ser-
vice agents compared to their human counterparts [10]. While social expectations and
norms for frontline employees are well established, the protocols for Al interactions are
less know to consumers [11]. This may foster skepticism toward complex Al-mediated
transactions. Research has found that consumers experience paradoxical emotions in re-
sponse to technology, simultaneously feeling empowered and constrained, undermining
customer satisfaction [12,13]. Further compounding this issue is the perception that Al is
less adaptive than humans. While humans are seen as capable of learning and correcting
their mistakes, Al is often viewed as more rigid and limited in responsiveness [14]. Con-
sumer evaluations of Al are subject to bias, with service experiences receiving lower ratings
when consumers are told they are interacting with a chatbot rather than a human agent [15].
Collectively, these factors suggest that consumer responses to unfairness from human and
Al in complex service delivery situations are not well understood. The purpose of this
study is to clarify our understanding of consumer response to unfair decision-making by
Al versus humans.

This study examines consumer perceptions of two dimensions of fairness, namely,
procedural and distributive. Procedural fairness refers to the perceived justice of the
process, including whether customers are treated with respect, receive timely information,
and are engaged in decisions that affect them [16,17]. In the AI context, this includes
transparency, non-discrimination, and accountability [18,19]. Distributive fairness, on the
other hand, concerns the perceived fairness of the outcome, specifically the value customers
receive relative to what they give, such as price paid or effort exerted [20,21]. The present
study also examines the moderators of the effects of fairness on customer satisfaction.
Drawing from the theoretical perspective that consumer response to unfairness should
be influenced by attitudinal and situational factors, the role of algorithm discomfort and
perceived firm responsibility for the Al actions are examined as moderating consumer
response to fairness experiences.

The present study makes significant contributions to emerging research and theory on
Al fairness and the need to eliminate communication blind spots around Al transactions
(see Table 1 for a summary of influential research). First, the study contributes to the
extant literature by highlighting that perceived Al fairness is not monolithic. Prior research
on Al fairness has often failed to make a distinction between different types of fairness.
Moreover, when these studies examine different types of fairness such as procedural
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and distributive fairness, they often do not manipulate distributive fairness but instead
measure it as fairness of the overall outcome. This study manipulates both distributive and
procedural unfairness to illustrate clear differences in the consumer response to different
types of fairness. Whereas previous studies have argued that consumers prefer Al to
humans, this study articulates an alternate perspective that consumers find unfairness
from humans more tolerable than unfairness from Al. This arises from higher-quality
communication opportunities in transactions between humans versus transactions between
humans and AL

Table 1. Influential Studies on Fairness and AI Algorithms.

Author(s)  Research Question Research Methodology Context Key Finding(s)
Employee perception Intra- Algorithms perceived to be less
[22] of human versus Online experiment oreanizational trustworthy and fair for tasks
algorithm decisions & considered better suited to humans
How (un)favorable outcomes . . Intra- People rate algorithms as fairer
[23] . . Online experiment .. _— .
affect perceived fairness organizational when they predict in their favor
How decision agents Perceptions of interpersonal justice
explanations affect Experiment are stronger for human agents.
.. .. , b Healthcare .
[24] decision-recipients using healthcare deliver Human agents offer more voice, and
perceptions of justice professional subjects y automated agents are more
(human vs. automation) consistent in decision-making
People’s self-perception of fairness
How much people extend influences their interactions with Al
” . ., Computer- . . .
human-human interaction” Game theory ; Reputational systems used in online
[25] . . mediated - .
rules (such as fairness) to experiment . communities and virtual
cpe 1 . communication . .
artificial intelligence environments can significantly
influence social behavior and fairness
How do individuals Systematic . . . .
. . . . . Perceived fairness varies highly
[7] perceive the fairness of literature review of Multi-context -
. . .. .. . within and across context
algorithmic decisions 58 empirical studies
. R i 1
Can service robots use . obgts may appro*lmate procedura
. . N Service recovery or distributive justice, but
interactional justice as . . . . . L . e
[26] . Literature review and social interactional justice remains difficult
frontline employees do . . .. .
. . » robotics literature  to replicate due to limited perceived
during service recovery?
empathy and moral agency
How power distance belief
differs in relation to fairness Robotic services are perceived to be
[9] (procedural and distributive) Qualitative Multi-context fairer than human services. The
perceptions towards and experiment and hospital effect is stronger for people with low
humans and Al robots in power distance belief
service delivery
Consumers are less satisfied with
Are procedural and .
S . procedural unfairness (but not
distributive fairness . el e .
. . . Application for distributive unfairness) from Al
This study  of human vs. Al Online experiment )
a bank loan versus humans. Perceived company

perceived differently for

complicated decisions. responsibility and algorithm

discomfort moderate this effect

2. Fairness in Algorithmic Decisions

Perceived fairness in decision-making—particularly regarding service delivery timing
and customer billing—has long been recognized as a fundamental component of effec-
tive relationship management [27-32]. It is argued that recent technological advances
will increase rather than decrease consumer concerns about fairness. Recent years have
witnessed the integration of Al technologies—including machine learning, natural lan-
guage processing, and computer vision—into customer-facing business operations. These
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systems are widely adopted to streamline workflows, improve service quality, and person-
alize customer journeys. Empirical research affirms Al’s effectiveness in service contexts,
with some studies showing that chatbots can match or even surpass proficient human
workers—especially when users are unaware that they are interacting with AI [15]. How-
ever, consumer responses are not universally positive as empathy levels may decrease
when customers are told they are interacting with an Al agent. Al systems add value by
anticipating customer dissatisfaction and implementing service recovery measures [33].
Consumers are vulnerable to a variety of adverse circumstances and actors that seek to
take advantage of them in the marketplace. Adverse circumstances like illnesses, depres-
sion, and temporary financial constraints expose consumers to vulnerable circumstances
where they have little control or options to determine outcomes [34,35]. Al can increase
ethical risks due to its unprecedented ability to acquire customer data at negligible cost, ob-
serve customers and predict behavior, making corporate indiscretions exponentially more
damaging to consumers [36-38]. Al’s ability to muster people-related technologies and
techniques such as ubiquitous surveillance, social engineering, and the real-time analysis
of behavioral and mobile platform-based data suggests an exponential increase in dark-
side persuasive attempts, dissemination of misinformation, behavioral modification and
security compromise [4,36,38—42]. Consumers recognize the added risk of Al as research
reveals a preference for the regulatory oversight of Al technology by government over
corporate self-regulation [43]. These factors place consumer fairness perceptions at the
center of Al transactions.

Research points out differences in consumer evaluation of trust and fairness in humans
versus Al. Consumers often react more negatively to mistakes made by Al and robots than
by humans, with a sharper decline in trust following errors [14,44]. This effect may be
attributed to consumers’ limited familiarity with algorithms, combined with their per-
ception of algorithms as opaque “black box” systems [10,45]. Improving the perceived
fairness of Al systems can involve enhancing specific features such as accuracy, trans-
parency, and interpretability. For instance, ref. [46] found that even if algorithmic features
increase outcome disparities, they may still be perceived as fair depending on how they are
framed. Interpretability—especially the ability of Al to communicate the rationale behind
its decisions—is key to enhancing procedural fairness [47]. Research shows that people
rate accurate Al decisions as fairer and perceive decisions on simpler tasks as more just
than those involving complex judgment [48]. This underscores the importance of timing in
fairness assessments—users may need a more holistic view of the decision-making process
before making accurate fairness judgments. In addition to system-level attributes, user
characteristics significantly shape fairness perceptions. Individual self-concept plays a role
as people aim to maintain a consistent self-perception of fairness, whether interacting with
humans or Al [25]. These interpersonal norms carry over into Al interactions, suggesting
that consumer fairness judgments may be compared across digital and human touchpoints.
Finally, contextual appropriateness also influences fairness perceptions. Consumers deem
Al decisions less fair in contexts they view as requiring human judgment—such as hiring
or performance evaluation—highlighting a perceived mismatch between task type and
Al suitability [22].

Consumers also consider Al to be fairer for calculative decisions. People regard Al as
more objective than humans and are apparently less scrutinizing of Al decision-making
on objective tasks. For example, consumers perceive demographic price discrimination
as more fair when prices are determined by algorithms than by humans. The researchers
in [8,9] examined calculative service delivery procedures and outcomes for robots versus
humans in restaurant, hotel and medical service delivery and found instances of higher
procedural and distributive fairness associated with robots than humans. However, studies
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show that in situations involving more complex decision-making, humans are preferred for
their ability to provide empathy and nuanced judgment [45]. For example, ref. [49] found
that for service recovery tasks requiring feelings or empathic skills, consumers perceived
Al as less customer-oriented than humans. On analytical tasks, however, humans were
perceived as performing on par with AL

Fairness in Al application is an essential component of corporate digital respon-
sibility (CDR), along with the ethical and protective use of technology and customer
data [37,38,50]. CDR is, in essence, a roadmap to sustainable competitive advantage for
service businesses [38]. These businesses rely on data-driven insights from sustained cus-
tomer interactions to deliver personalized and customized experiences [41,51]. It has been
suggested that Al should be applied as an intervention to enhance consumer agency and
autonomy in vulnerable transactions [34]. While there is consensus on the need for ethical
Al implementing enforceable and scalable global guidelines remains a pressing challenge.
Against this background, fairness that entails impartiality, honesty, rule compliance, and
service quality needs to be fully understood within the context of Al transactions.

3. Hypotheses

Distributive fairness, defined as the perceived fairness of the outcome relative to
customer expectations, is unlikely to vary significantly between Al and human service
channels. Both are generally capable of delivering value that meets expectations. In contrast,
procedural fairness—the fairness of the process by which outcomes are delivered—may
be evaluated differently for Al and human interactions, due to differences in perceived
empathy, adaptability, and communication arising from limitations in Al’s ability to deliver
empathy and interactional justice (for a discussion, see [26]).

It is anticipated that consumers will respond less negatively to procedural unfairness
experiences from humans compared to AL This is because human interactions provide
greater opportunities for dialogue and resolution than interactions with chatbots [24]. The-
oretical support also comes from the notion of parametric reductionism [52], which refers
to the tendency for Al algorithms to objectify consumers by placing them into reductionist
categories that misrepresent or underrepresent the full complexity of their opinions. For
example, a customer may expect to have a conversation with a service provider to commu-
nicate idiosyncratic perspectives relevant to a transaction decision. Should the transaction
conclude without such an opportunity, the customer is likely to conclude that the Al made
the decision with incomplete information. This is less likely to occur in interactions between
people. Additionally, studies on perceptions of bots and computational systems suggest
that Al is perceived as having limited emotional capacity, including reduced ability to
feel, sense, or exercise self-control [50,53,54]. Finally, consumers respond less favorably
to robot-led service recovery, particularly when emotional or relational repair is required,
suggesting that competence-based rather than empathy-based recovery is more effective
for Al agents [44]. Given these differences between perceptions of service delivered by
humans and Al, consumers are likely to perceive less similarity and feel less empathy
toward Al. This should amplify negative reactions to unfair treatment by Al compared to
humans. It is anticipated that these differences will result in different levels of perceived
fairness/unfairness and levels of customer satisfaction in response to fairness and unfair-
ness experiences. In contrast, for heretofore mentioned reasons, similar responses are not
anticipated for distributive fair/unfair experiences.

H1: Consumers will perceive higher procedural fairness (lower unfairness) in interactions with
humans compared to Al. No difference is expected for distributive unfairness.
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H2: Procedural unfairness (fairness) will lead to lower (higher) customer satisfaction in interactions
with Al compared to humans. No difference is expected for distributive unfairness.

Moderators of Procedural and Distributive Unfairness

Figure 1 presents the conceptual model, which includes the proposed moderating
relationships to be tested. The selection of moderators is based on the premise that the
effects of Al-related unfairness are influenced by both consumer attitudes toward Al and
their beliefs about the extent to which Al behavior reflects company policy. Accordingly,
two moderators were examined: algorithm discomfort and perceived company responsi-
bility. Consumers are often reticent to engage technology due to biases in their attitudes
toward technology (e.g., [45]). The notion that firms have a responsibility to assure the
integrity of transactions and protect customers, which is embodied by corporate digital
responsibility (CDR), is well established [37,52]. According to [38], service firms weigh
the benefits and costs of good CDR to determine their degree of conformance to its prin-
ciples. Consistent with this reasoning, we argue that companies make decisions about
their responsibility for Al conduct and that consumers make attributions about how Al
performance reflects company policy.

Algorithm
Discomfort (Al)

Al Versus Human:

* Procedural Customer
- Falm_ess - Satisfaction
- Unfairness

* Distributive

- Fairness
- Unfairness Perceived
Company
Responsibility (Al)

Figure 1. Human vs. Al Fairness and Moderators of Al Effect on Satisfaction.

It is expected that consumer responses to procedural and distributive fairness from
Al will vary depending on these moderators. Algorithm discomfort refers to a form of
algorithm aversion characterized by negative emotional reactions when interacting with
Al systems. It manifests as biased evaluations of algorithms, typically in comparison to
human agents [55]. This discomfort may reduce technology self-efficacy by increasing
users’ doubts about their ability to effectively engage with Al Prior research has shown
that algorithm discomfort leads to a decline in trust in Al systems [45], which, in turn,
heightens consumer uncertainty during digital transactions. To accurately evaluate fairness
in Al-driven service interactions, users must have confidence in their ability to navigate the
technology and a clear understanding of how Al decision-making works. In the absence of
such self-efficacy, users may experience increased frustration, particularly when faced with
perceived unfairness.

The literature on technology anxiety further supports this moderating role. Technology
anxiety refers to a multi-dimensional emotional state that includes nervousness, fear, and
uncertainty related to technology use [56]. Studies have shown that individuals with high
technology anxiety demonstrate lower trust in technology, reduced privacy assurance, and
more negative overall attitudes toward digital systems [56-58]. Based on this framework,
it is hypothesized that algorithm discomfort will exacerbate the negative impact of both
procedural and distributive unfairness in Al interactions.
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H3a-b: As algorithm discomfort increases, the negative effects of (a) procedural unfairness and
(b) distributive unfairness on customer satisfaction will increase.

As consumers are still in the early stages of engaging with Al-based services, they are
actively forming experience-driven expectations. When interacting with Al touchpoints,
consumers may attribute service procedures either to the inherent limitations of the technol-
ogy or to deliberate company policies. In situations involving procedural unfairness, this
ambiguity can complicate how consumers assign blame. For instance, a delay in processing
may be perceived as stemming from the Al’s inability to address a unique request—or,
alternatively, as a strategic decision by the company to process certain transactions more
slowly. Prior research shows that consumers attribute service failures by robots more to the
firm and underlying system than to the agent itself, perceiving such failures as more stable
and less easily corrected than human errors [59]. This finding suggests that unfair Al-driven
experiences are likely to be attributed to company policy rather than to human service
providers. As the perception of company or corporate responsibility increases, consumers
are more likely to view instances of Al unfairness as systematic and controllable. According
to attribution theory [60,61], the perceived controllability of a service failure intensifies its
negative impact on customer satisfaction. If consumers interpret unfair treatment as the
result of intentional company decisions, their dissatisfaction is likely to increase accordingly.
Based on this reasoning, the following hypothesis is proposed:

H4a-b: As perceived company responsibility for Al performance increases, the negative effects of
(a) procedural unfairness and (b) distributive unfairness on customer satisfaction will increase.

4. Methods

A scenario-based experiment was conducted in which participants were asked to
review the loan application experience of a small business customer applying for a
$10,000 loan from a fictional digital bank and provide their opinion. The experiment
employed a between-subjects design of 4 fairness conditions (procedural fairness, proce-
dural unfairness, distributive fairness, distributive unfairness) X 2 provider conditions
(human vs. Al). Rather than measure fairness and unfairness on a continuum, these were
separately manipulated to understand differences in consumer reactions across human and
Al service interactions. Participants were randomly assigned to one of these conditions.

All participants read the following:

For the purposes of this study, we ask that you set aside your thoughts and opinions about
how bank loan decisions are made. Instead, we ask that you focus on a scenario where you
are considering the experience of a local small business entrepreneur who has applied to
a digital bank for a $10,000 loan to finance the expansion of his/her business. The loan
application is made via a digital portal involving the completion of an online application
form and uploading requested documents. Applicants are informed of further requests
and the loan approval decisions via email. Customers submit loan applications using a
digital portal.

Following this, participants were randomly assigned to an Al or a human condition
that identified their service provider as human or Al All participants were informed that
standard loan processing time was 24 hours, followed by an additional 8 hours for fund
disbursement. The fairness manipulations are available in Appendix B. The experimental
conditions were structured as follows. Procedural fairness: loans were processed within
24 h and deposited within 8 h. Procedural unfairness loans were processed and approved
within 24 h, but funds were not deposited until five days later. The distributive fairness
condition offered subjects a 3.5% interest rate. The distributive unfairness condition of-
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fered subjects a 6.0% interest rate. All participants received monetary compensation of
$13.54 per hour with a median time of 5.19 min to complete their response.

Data were collected from 306 adult participants in the United States via the Prolific
research platform. The target sample size wasT determined by the recommendation of at
least 30 participants per experimental condition in between-subjects designs. The final sam-
ple consisted of 306 participants, resulting in more than 30 participants in each of the eight
experimental cells. In addition, a post hoc sensitivity analysis conducted using G*Power 3.1
indicated that the sample provided excellent statistical power (greater than 0.95) to detect
medium-sized effects at o« = 0.05.

All participants were 18 years or older, with an average age of 40 years. Subjects
were 44.4% female, and 68.3% reported an annual household income of between $40,000
and $150,000. Procedural fairness and distributive fairness were measured using the same
four-item scales. In addition, algorithm discomfort (7-point Likert scale, & = 0.892), per-
ceived company responsibility (7-point Likert scale, & = 0.702), and customer satisfaction
(9-point Likert scale, o = 0.773) were measured using scales detailed in Appendix A.

5. Results

Manipulation checks confirmed the effectiveness of the experimental conditions (see
Appendix A for measures of fairness). A single procedural fairness scale was used to
measure procedural fairness for both the procedural fairness and procedural unfairness
conditions, and similarly for the distributive fairness/unfairness conditions. To verify the
procedural fairness manipulation, an independent-samples ¢-test was conducted. Results
indicated that participants in the procedural fairness condition rated their experience
as significantly fairer than those in the procedural unfairness condition (M_procedural
fair = 5.38, SD = 1.05 vs. M_procedural unfair = 4.65, SD = 1.27; #(148) = 3.76, p < 0.001,
two-tailed Cohen’s d = 0.62, power > 0.95), confirming the success of the manipulation.
A similar pattern was found for distributive fairness. An independent-samples t-test
revealed that participants in the distributive fairness condition rated their experience
as significantly fairer than those in the distributive unfairness condition (M_distributive
fair = 5.49, SD = 0.98 vs. M_distributive unfair = 4.33, SD = 1.60; #(125.70) = 5.42, p < 0.001,
two-tailed Cohen’s d = 0.87, power > 0.95), confirming the success of the manipulation.

The results comparing fairness perceptions across Al and human service providers,
are presented in Tables 2 and 3. They indicate that perceived procedural fairness does not
differ between human and Al service providers under the procedural fairness condition
(MHuman = 5.3542 vs. Ma1 = 5.3971, p = 0.866). However, under the procedural unfairness
condition, there is a significant difference at the p < 0.10 level, with perceived procedural
fairness being higher for humans than for Al, providing partial support for Hypothesis 1
(MHuman = 4.8618 vs. My = 4.4643, p = 0.08). In addition, no significant differences in
perceived distributive fairness were observed between human and Al service providers,
both under the distributive fairness condition (Mpyman = 5.47 vs. My = 5.51, p = 0.866)
and the distributive unfairness condition (Mpyman = 4.49 vs. May = 4.41, p = 0.349;
see Table 3).

Hypothesis 2 was supported in the procedural unfairness condition, with subjects
reporting significantly lower levels of customer satisfaction in interactions with Al com-
pared to humans (see Table 4; Mpjyman = 5.9737 vs. M1 = 4.9841, p = 0.037). No difference
was found in customer satisfaction between human and Al conditions under distributive
unfairness (see Table 5). In summary, when experiencing procedural unfairness, consumers
report lower satisfaction with Al than with human service providers.

https://doi.org/10.3390/informatics13070116


https://doi.org/10.3390/informatics13070116

Informatics 2026, 13, 116 9 of 20

Table 2. Perceived Procedural Fairness under Procedural Fairness/Unfairness Conditions (Al
vs. Human).

Perceived Procedural

Fairness Condition N Fairness Std. Deviation Stlc\l/iir;or
(1—Low to 7—High)

Procedural fairness condition
Human 36 5.35 1.147 0.191
Al 34 5.40 0.958 0.164

Difference (p = 0.866)

Procedural unfairness condition
Human 38 4.86 1.474 0.239
Al 42 4.46 1.032 0.159

Difference Significant (p = 0.08)

Table 3. Perceived Distributive Fairness under Distributive Fairness/Unfairness Conditions (Al
vs. Human).

Perceived Distributive

Fairness Condition N Fairness Std. Deviation St;\i/.IeEarI:or
(1—Low to 7—High)

Distributive fair Condition
Human 40 5.47 1.000 0.158
Al 39 5.51 0.979 0.157

Difference (p = 0.866)

Distributive unfair Condition
Human 42 4.49 1.530 0.236
Al 35 414 1.683 0.284

Difference (p = 0.349)

Table 4. Customer Satisfaction under Procedural Fairness/Unfairness Conditions (Al vs. Human).

Fairness Condition N I;ilie]i:::;i ti?iif}algtgi}?)n Std. Deviation St;/.leEal;:or
Procedural fair condition
Human 36 6.66 1.840 0.307
Al 34 6.95 1.696 0.291

Difference (p = 0.491)

Procedural unfair condition
Human 38 5.97 1.944 0.315
Al 42 4.98 2.195 0.339
Difference Significant (p = 0.037)

A moderated regression analysis using Hayes” PROCESS macro (Model 1) for SPSS
Version 4.1 was used to test Hypotheses 3 and 4. The independent variables—procedural
unfairness and distributive unfairness—were measured using the previously described
fairness scale, which was reverse-coded so that higher values indicated greater unfairness.
The results are presented in Tables 6-9.
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Table 5. Customer Satisfaction under Distributive Fairness/Unfairness Conditions (Al vs. Human).

Fairness Condition N I:irie]f‘zs\:ltiagti_sfligtgi}(:;l Std. Deviation St&iﬁor
Distributive fair condition
Human 40 6.84 1.619 0.256
Al 39 6.38 2.096 0.336

Difference (p = 0.272)

Distributive unfair condition
Human 42 5.32 2.334 0.360
Al 35 4.86 1.992 0.337
Difference (p = 0.360)

Hypothesis 3a was supported, while Hypothesis 3b was not. A significant moderating
effect of algorithm discomfort was found in the relationship between procedural unfairness
and customer satisfaction. Specifically, as algorithm discomfort increased, the negative
impact of procedural unfairness on customer satisfaction also increased (3 = —0.3254,
p = 0.042; see Table 6). This interaction is illustrated in Figure 2. The effect of procedural un-
fairness was not significant at low levels of algorithm discomfort (3 = —0.2262, p = 0.2238)
but became significant at medium and high levels (3 = —0.8421, p < 0.001). In contrast, no
significant moderating effect of algorithm discomfort was found for distributive unfairness
(see Table 7). This suggests that consumer discomfort with Al does not intensify dissatisfac-
tion stemming from financial outcomes. Instead, algorithm discomfort appears to primarily
influence evaluations of process-related fairness.

Table 6. Algorithm Discomfort Moderating the Effect of Procedural Unfairness on Cus-
tomer Satisfaction.

Coefficient SE t-Value p-Value LLCI d
Dependent Variable: Customer Satisfaction
Constant —0.4656 0.1361 —3.4210 0.0015 —0.7412 —0.1901
Procedural unfairness —0.5569 0.1424 —3.9104 0.0004 —0.8452 —0.2686
Algorithm discomfort —0.3231 0.1586 —2.0367 0.0487 —0.6442 —0.0019
Procedural unfairness
x Algorithm discomfort —0.3254 0.1546 —2.1051 0.0420 * —0.6384 —0.0125

Table 7. Algorithm Discomfort Moderating the Effect of Distributive Unfairness on Cus-
tomer Satisfaction.

Coefficient SE t-Value p-Value LLCI ULCI
Constant 0.0198 0.0599 0.3310 0.7411 —0.0985 0.1382
Distributive unfairness —0.6662 0.0667 —9.9928 <0.0001 —0.7979 —0.5344
Algorithm discomfort ~0.1839 0.0620 —2.9666 0.0035 —0.3064 ~0.0614
Distributive unfairness 0.0805 0.0544 1.4788 0.1413 —0.0271 0.1881

x Algorithm discomfort

Hypotheses 4a and 4b were supported. Specifically, higher levels of perceived com-
pany responsibility increased the negative effect of both procedural unfairness on customer
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satisfaction (3 = —0.3399, p < 0.01; see Table 8) and distributive unfairness on customer sat-
isfaction (3 = —0.1525, p < 0.01; see Table 9). These effects are illustrated in Figures 3 and 4.
The negative effect of procedural unfairness became non-significant at low levels of per-
ceived company responsibility (3 = —0.1499, p = 0.3941), but was significant at both medium
and high levels (3 = —0.8296, p < 0.001), indicating that consumers are more sensitive to
process-based unfairness when they believe the company is responsible. Additionally, per-
ceived company responsibility demonstrated a robust moderating effect on the relationship
between distributive unfairness and satisfaction. This effect was statistically significant at
low, medium, and high levels of perceived responsibility (all p-values < 0.001; see Figure 4).
A Johnson-Neyman analysis indicated that the interaction was significant across more than
96% of the perceived responsibility distribution, highlighting the widespread influence
of perceived company responsibility on fairness evaluations. These findings suggest that
when consumers attribute unfair Al outcomes to company policy or intent, the negative
consequences for satisfaction and trust are significantly amplified.

0.005

-0.504

satisfaction

-1.00

-1.507

Level of algorithm discomfort

===low discomfort (-15D), effect=-0.2262, p=02238
— = medium discomfort (Mean), effect=-05342, p=0.001
— high discomfort (+15D), effect=-0.8421, p=0.001

Moderator Values Defining Johnson-Neyman

Significance Region (s): Algorithm Discomfort

Value % below % above

-0.7317 28.5714 71.4286

-1.00

perceived procedural unfairness

Figure 2. The Main Effect of Procedural Unfairness on Customer Satisfaction at Levels of Algo-
rithm Discomfort.

Table 8. Perceived Company Responsibility Moderating the Effect of Perceived Procedural Unfairness
on Customer Satisfaction.

Coefficient SE t-Value p-Value LLCI ULCI
Constant —0.4822 0.1309 —3.6829 —0.7472 —0.2171
Procedural unfairness —0.4898 0.1326 —3.6946 0.0007 —0.7581 —0.2214
Perceived company 0.0537 0.1333 0.4029 0.6893 —0.2161 0.3235
responsibility
Procedural unfairness
x Perceived company —0.3399 0.1111 —3.0586 0.0041 * —0.5648 —0.1149

responsibility
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Table 9. Results: Perceived Company Responsibility Moderating the Effect of Perceived Distributive
Unfairness on Customer Satisfaction.

Coefficient SE t-Value p-Value LLCI ULCI
Constant —0.0196 0.0599 —0.3271 0.7440 —0.1379 0.0987
Distributive unfairness —0.6139 0.0619 —9.9223 <0.0001 —0.7362 —0.4917
Perceived compan
N pany 0.0479 0.0607 0.7892 0.4312 —0.0720 0.1677
responsibility
Distributive unfairness
x Perceived company —0.1525 0.0557 —2.7397 0.0069 * —0.2624 —0.0425
responsibility
050 Level of perceived responsibility
=== Low perceived responsibilty (-150), effect=-0.1499 p-value=0.3941
— = Medium perceived responsibilty (Mean), effect=-04898, p<0.001
— High perceived responsibiity (+15D), effect=-08206, p-value<0.001
000+ Moderator Values Defining Johnson-Neyman
Significance Region (s): Perceived Responsibility
c Value % Below % Above
o
.§
‘5 -0 -0.5641 30.9524 69.0476
j:
-1.00
-1.504
400 050 000 0s0 100
perceived procedural unfairness
Figure 3. The Main Effect of Procedural Unfairness on Customer Satisfaction at Levels of Perceived
Company Responsibility.
1 004 Level of perceived responsibility
===« low perceived responsibilty (-15D), effect=-04615, p-value=<0,001
— ~medium perceived responsibility (Mean), effect=-06139, p-value<0.001
— high perceived responsibiity (+15D), effect=-07664, p-value<0.001
0s0 Moderator Values Defining Johnson-Neyman
Significance Region (s): Perceived Responsibility
_E Value % Below % Above
u§ 0.00
2 21330 38462 961536
-050
-1.00+

T T T
-1.00 -050 0.00 050 1.00

perceived distributive unfairness

Figure 4. The Main Effect of Distributive Unfairness on Customer Satisfaction at levels of Perceived

Company Responsibility.
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6. Discussion

This study contributes to emerging theory on consumer perceptions of fairness in Al
versus human service interactions. Participants perceived higher procedural unfairness
and lower satisfaction when interacting with Al compared to human agents. This difference
was not found for distributive fairness evaluations. Whereas prior research found that, for
scheduling decisions, consumers regard Al as more fair than humans [9], this study found
that for more complex decisions such as a loan approval, consumers are more satisfied
with unfairness from humans than from Al People value the flexibility, empathy and
responsiveness of humans when service delivery involves complex decision-making.

This study introduces key moderators that shape the implications of unfairness. Algo-
rithm discomfort—defined as negative emotional reactions to Al—was found to signifi-
cantly increase the negative impact of procedural unfairness on customer satisfaction. This
aligns with prior findings suggesting that discomfort with algorithmic systems erodes trust
and increases evaluation ambiguity [45]. This moderating effect was not found for distribu-
tive unfairness, indicating that distributive unfairness involves an objective assessment
of value received that is not influenced by consumers attitudes to Al or service delivery
technology. Additionally, perceived company responsibility intensified the negative effects
of both procedural and distributive unfairness. When consumers interpret service failures
as intentional outcomes of company policy rather than technological limitations, their
dissatisfaction is amplified. These findings are consistent with attribution theory [61],
which emphasizes the role of controllability and intentionality in shaping reactions to
service failure.

The study also positions procedural fairness as a key domain for meaningful collabo-
ration between humans and Al. While Al excels in analytical and mechanical tasks [33],
humans bring intuition, empathy, and emotional intelligence—qualities that help ensure
the process feels fair to the consumer. These findings suggest that perceived procedural
unfairness in Al interactions could be mitigated through human intervention, particularly
during early or emotionally sensitive stages of service delivery. Lastly, the study rein-
forces the idea that consumer evaluations of Al are not based on holistic impressions but
are shaped by specific features of the interaction. This supports prior work suggesting
that people judge Al systems not in general terms, but through distinct cues related to
transparency, adaptability, and emotional resonance [46]. Overall, this research advances a
more detailed understanding of how consumers experience and evaluate fairness in hybrid
human-Al service systems and highlights the cognitive and emotional mechanisms that
shape these perceptions.

7. Future Research and Conclusions

The findings of this study open several avenues for future research. The study find-
ings suggest the possibility that procedurally fair scenarios may hold low motivational
relevance for consumers, whereas procedural unfairness creates cognitive dissonance and
may trigger stronger emotional or behavioral responses. Understanding how consumers
resolve this dissonance—particularly when Al is involved—warrants further investigation.
One important direction for future research involves examining how consumers respond to
Al versus human-led service recovery efforts following perceived unfairness. The current
study also highlights the moderating role of perceived company responsibility, suggesting
that broader organizational factors can significantly influence consumer perceptions of Al
This invites further exploration into how elements such as brand image, reputation, and
corporate positioning may shape consumer trust and fairness judgments in Al-mediated
interactions, which is an area largely overlooked in existing Al research. Additionally,
scholars have pointed out that current Al systems often lack the intuition and empathy
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that characterize effective human-service interactions. Although emerging technologies
enable Al to detect emotional cues through voice and facial expression, the present study
was limited to text-based interactions, which may not fully capture the nuances of emo-
tional response to procedural unfairness. This limitation offers fertile ground for future
research. Studies could investigate the extent to which emotionally responsive Al, capable
of interpreting vocal intonation, facial expressions, or affective language, can improve
service recovery outcomes. Research in this area could help identify the conditions un-
der which AI can approximate human-like emotional intelligence and repair perceived
unfairness effectively.
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Appendix A. Measurement Items

1. The timeliness of processing of the loan application was
fair to the applicant.

2. The bank kept the customer appropriately informed

Procedural fairness throughout the process.

(x=0.877)
[23,32] 3. The bank considered all the information provided by
the applicant.
4. The applicant was treated the same as others in terms of
processing of the loan.
1. The approved loan offer treats the applicant equally as
other customers.
Distributive fairness 2. The interest and charges offered to the applicant are equal
(« = 0.881) to what others receive.
[23,32] 3. The terms of the approved loan to the applicant are
financially reasonable.
4. The interest rate offered to the applicant is reasonable.
1. Algorithms that can perform this kind of task better than
Algorithm discomfort humans make me uncomfortable.
(x=0.883) 2. Algorithms that can perform this kind of task go against
[40] what I believe computers should be used for.

3. Algorithms that can perform this kind of task are unsettling
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To what extent do you think the bank is responsible for this

. o situation experienced by the applicant?
P d C R bil
ercetved Company Responsibiiity 1. Not responsible at all (1) ... Extremely responsible (7)

=0.730
(o ) 2. Not caused by the bank’s policy (1) ... Directly caused by
the bank’s policy (7)
Overall, how do you feel about the service received by the
Satisfaction loan applicant?
(x=0.768) 1. Displeased (1) ... Pleased (9)
[62] 2. Discontented (1) ... Contented (9)
3. Dissatisfied (1) . .. Satisfied (9)
Appendix B.
Manipulations

Procedural Fairness Condition

Application for Bank Loan (All participants across all conditions).

For the purposes of this study, we ask that you set aside your thoughts and opinions about
how bank loan decisions are made. Instead, we ask that you focus on a scenario where you
are considering the experience of a local small business entrepreneur who has applied to a
digital bank for a $10,000 loan to finance the expansion of his/her business.

The loan application is made via a digital portal involving the completion of an online
application form and uploading requested documents. Applicants are informed of further
requests and the loan approval decisions via email. Customers submit loan applications
using a digital portal.

Human Conditions:

The applications are reviewed and approved by a Loans Officer who is an employee of
the bank.

Having review the application, the Loans Officer may request further information before
making a decision or inform the applicant of his/her decision via email. All communica-
tions from the bank to the applicant is initiated by the loans officer.

Al Conditions:

The applications are reviewed and approved by an Al (artificial intelligence) algorithm
decision-making system. An Al algorithm is a computer program that can perform tasks
done by humans without human intervention. The Al algorithm reviews applications and
makes decisions independently of human input. Having review the application, the Al
may request further information before making a decision or inform the applicant of its
decision via email. All communications from the bank to the applicant are initiated by the
Al Algorithm.

The Bank'’s Service Policy (All participants across all conditions)

Applicants are informed of a yes/no decision within 24 h of applying. The Bank’s policy is
to make the first substantive response to the applicant within ten (10) to twelve (12) hours
of receiving the application. The bank aims to achieve an interest rate of 3.5% for all loan
applicants. Once the loan is approved, the applicant is sent direct message (DM) informing
him/her of the decision. Once the applicant accepts the offer of the loan, the deposit of the
loan to the customer’s account is triggered automatically. At the end of each transaction,
the bank shares the average loan processing time with the customer.

Actual Experience of the Applicant: Direct Message responses from the bank

The small business entrepreneur submitted a completed application for a loan of $10,000
on the Bank’s Web Site. After the initial confirmation of the application, twelve (12) hours
later the applicant received the following direct message.
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“Dear applicant,

Thank you for your application. We are confirming that your application is being processed.
We are requesting additional information, which we have listed in your account. Please log
into your account and respond to the following.

1. Upload the title for your 2015 Honda Accord listed as an asset in your application.
[Upload document slot]

2. Our due diligence revealed that you are owing $5000 in back taxes for 2020. Please
confirm that the amount is owing. [Yes/No]

If you have already paid this bill, please provide the date of payment. [mm/dd/yy]
Failure to provide this information could result in a denial of your application or a higher
interest rate being charged on your loan. ”

The applicant responded one (1) hour later by uploading the title and confirming that the
tax bill had already been paid. Seven (7) hours later the applicant received the following
direct message:

“Dear applicant,

Thank you for providing the requested information, which has been considered in
making your loan decision. We are happy to advise you that your loan application
has been approved at our standard interest rate (average for all applicants). Your
loan amount will be deposited to your account as soon as you accept our offer.
Thank you for using our bank for your financial needs.”

Your loan processing time was 20 h.
Average 5-day loan processing time is 20 h.

Procedural Unfairness Condition

Actual Experience of the Applicant: Email responses from the bank

The small business entrepreneur submitted a completed application for a loan of $10,000.

After submitting the application, twenty (20) hours later the entrepreneur received the first
direct message with the following.

“Dear applicant,

Thank you for your application. We are confirming that your application is being processed.
We are requesting additional information, which we have listed in your account. Please log
into your account and respond to the following.

1.  Upload the title for your 2015 Honda Accord listed as an asset in your application.
[Upload document slot]
2. Our due diligence revealed that you are owing $5000 in back taxes for 2020.

Please confirm that the amount is owing. [Yes/No]
If you have already paid this bill, please provide the date of payment. [mm/dd/yy]

Failure to provide this information could result in a denial of your application or a higher
interest rate being charged on your loan. ”

The applicant responded within one (1) hour by uploading the title and confirming that the
tax bill had already been paid. Three (3) hours later the applicant received the following
direct message:

“Dear applicant,

We regret to inform you that the additional information we requested was not
submitted on time and was not considered in making your loan decision. Despite
this, we have approved you loan application at our general interest rate. Your
loan amount will be deposited to your account as soon as you accept our offer.
Thank you for using our bank for your financial needs.”
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Your loan processing time was 24 h.
Average 5-day loan processing time is 15 h.

Despite hearing that the loan was approved, the applicant felt disappointed with the banks
handling of the application.

Distributive Fairness Condition

Actual Experience of the Applicant: Direct Message responses from the bank

The small business entrepreneur (applicant) submitted a completed application for a loan
of $10,000. The applicant listed the last tax bill of $8000 from the Internal Revenue Service
(IRS) as paid in the application. However, the applicant had mailed the check to the Internal
Revenue Service only two days before and had not yet see it deposited against the bill. The
applicant was worried that without verification of the tax payment by the bank, the loan
application would be approved at a higher interest rate of 6 to 8% listed on the Bank’s web
site for high-risk customers. The applicant was also worried that the application would be
adversely affected by late payments on a previously held bank loan.

After the initial application confirmation, the first direct message was received from the
bank twelve (12) hours after submitting the application:

“Dear applicant,

After reviewing your loan application, we are happy to inform you that your
application for a loan of $10,000 has been approved. The interest rate on your
loan is 3.5%. The average interest rate for applicants with a similar risk profile is
3.5%. We are waving your $100.00 loan application processing fee as we do for
all clients having a similar risk profile.

Your loan will be deposited to your account as soon as you accept our offer. Thank you for
using our bank for your financial needs.”

Our customer service tracker indicates the following 5-day averages for all customers:
Average interest rate on loans: 3.5%

Customers receiving loan application fee wavers: 50%

Distributive Unfairness Condition

Actual Experience of the Applicant: Direct message responses from the bank

The small business entrepreneur (applicant) submitted a completed application for a loan
of $10,000 on the Bank’s Web Site. The applicant listed the last tax bill of $8000 from the
Internal Revenue Service (IRS) as paid in the application. The payment was made 24 h
before by bank transfer. The bank can verify that the payment has been made using its big
data IT system.

After the initial application confirmation, the first direct message response was received
twelve (12) hours after submitting the completed application:

“Dear applicant,

After reviewing your loan application, we are happy to inform you that your
application for a loan of $10,000 has been approved. The interest rate on your
loan is 8.0%. The average interest rate for applicants with a similar risk profile is
3.5%. You will be charged a $100.00 loan processing fee.

Your loan will be deposited to your account as soon as you accept our offer. Thank
you for using our bank for your financial needs.”

Our customer service tracker indicates the following 10-day averages for all customers:
Average interest rate on loans: 3.5%

Customers receiving loan application fee wavers: 80%

Although the applicant felt fortunate to have gotten the loan, he/she felt disappointed
about the high interest rate and having to pay the application fee.
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