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Previous studies comparing algorithmic and human decision-making have produced inconsistent findings, largely focusing on
individuals’ responses to decision-makers. This study examines perceived fairness in workplace resource allocation by introducing
comparison targets into a 2x2x2 between-subjects design manipulating supervisor type, coworker type, and allocation outcome. Results
show that when comparison targets are made salient, individuals evaluate fairness based on whether decisions appear influenced by
interpersonal favoritism, leading Al supervisors to be perceived as more impartial. Additionally, when collaborating with AI coworkers,
participants tended to rationalize unequal allocations in terms of efficiency or performance, resulting in higher perceived fairness.
These findings highlight the importance of “who” individuals compare themselves with, showing that perceived fairness in human-AIl

mixed teams is shaped by both decision-makers and comparison targets within a broader multi-agent context.
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1 Introduction

Algorithmic decision-making (ADM) is increasingly embedded in organizational contexts, such as recruitment, judicial
sentencing, and donation allocation [6, 16],0ften with the promise of improving efficiency and reducing human bias.
However, the growing adoption of ADM has also raised persistent concerns about fairness, particularly in decisions
that directly affect individuals’ outcomes.

Prior research comparing perceived fairness between human and Al decision-makers has yielded highly inconsistent
findings. While some studies suggest that Al decisions are perceived as fairer than those made by humans, others report
the opposite or no meaningful differences. These mixed results indicate that perceptions of algorithmic fairness are
strongly context-dependent, making it difficult to draw generalized conclusions [25].

In workplace settings, resource allocation represents a common and highly consequential decision-making scenario.
From an organizational perspective, understanding how individuals perceive fairness is critical, as perceived unfairness
has been shown to trigger a range of negative outcomes, including increased turnover intentions, heightened hostility

toward coworkers, and workplace aggression [8, 14]. As organizations increasingly consider delegating such decisions
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to Al systems, a key question emerges: whether algorithmic decision-making can enhance perceived fairness in these
high-stakes contexts.

Moreover, prior research has primarily examined how decision-maker type and decision outcomes shape fairness
perceptions, while largely overlooking a core principle of fairness theory: individuals often evaluate fairness through
social comparison with others. In workplace contexts, coworkers serve as particularly salient referents for such
comparisons. As Al systems are increasingly integrated into collaborative teams and function as coworkers, they may
fundamentally reshape how individuals evaluate fairness.

To better understand algorithmic fairness in human-AI teams and promote effective collaboration, we conducted a
2x2x2 online experiment examining how supervisor type, coworker type, and allocation outcomes shape perceived

fairness.

2 Related Work
2.1 Human versus Algorithmic Decision-Making Fairness

An emerging body of research has examined perceived fairness in algorithmic versus human decision-making. Some
studies suggest that Al decision-makers are perceived as more fair than humans [3, 19]. These findings can be explained
by the Machine Heuristic Model [26], which posits that individuals rely on mental shortcuts when interacting with
machines, perceiving them as rule-governed, precise, accurate, objective, neutral, and infallible[27].

In contrast, other studies have found that human decision-makers are perceived as fairer than Al systems [4, 11, 30, 31].
Drawing on Mind Perception Theory [12, 13, 29], these studies argue that people generally attribute lower levels of
agency and emotional experience to computational systems than to humans. As a result, Al decision-makers may be
perceived as oversimplifying situational contexts and failing to account for complex interpersonal dynamics.

Additionally, some research indicates no significant differences in perceived fairness between human and algorithmic
decisions [2]. These findings align with the Computers Are Social Actors (CASA) paradigm [21], which suggests
that individuals tend to unconsciously apply social rules to computers or automated systems, leading to comparable
psychological responses toward decisions made by humans and those made by AL

Taken together, the inconsistency among previous findings appears to be closely related to differences in decision-
making contexts, such as task characteristics[15] and task complexity[20], highlighting the complexity of fairness

evaluations and the need for more diverse and nuanced research on ADM.

2.2 Fairness in Workplace Resource Allocation within HAI Teams

Organizations typically establish a bonus pool and allow managers or supervisors to distribute bonuses among employees
to motivate higher levels of performance [18]. Individuals subject to these decisions tend to be highly sensitive to
the distribution of resources, forming psychological reactions and fairness evaluations [5, 9, 17]. Prior research in
organizational and HAI suggests that fairness judgments are largely outcome-driven and self-relevant. Individuals tend
to perceive allocation decisions as fairer when the outcomes are favorable to themselves [7, 22, 24, 32]. Accordingly, we
anticipate observing a similar effect in this study.

Hypothesis 1: Under an unfavorable allocation outcome (vs. favorable), perceived fairness will be lower.
Beyond outcome favorability, Fairness Heuristic Theory suggests that when information is incomplete or ambiguous,

individuals rely on salient cues, such as the characteristics of the decision-maker, to form fairness judgments [28].
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In workplace resource allocation, where decision rules and processes are often opaque, the type of supervisor may
therefore play a critical role in shaping perceived fairness.

RQ1: How does supervisor type (Al vs. human) affect perceived fairness?

Equity theory, rooted in social comparison theory, suggests that individuals form judgments of fairness by comparing
the ratio of their inputs to outcomes with those of others [1, 10]. In organizational settings, coworkers are among the
most salient comparison targets. As Al coworkers are perceived differently from human coworkers in terms of agency
and social presence [13], coworker type may play a critical role in shaping how allocation outcomes are interpreted and
evaluated.

RQ2: How does coworker type (AI vs. human) affect perceived fairness?

3 Method

We conducted a 2x2x2 between-subjects experiment manipulating supervisor type(Al vs. human), coworker type (Al vs.

human) and resource allocation outcome (favorable vs. unfavorable), comprising eight conditions.

3.1 Participants

We recruited adult participants through an online platform. After excluding those who failed the manipulation check or
did not meet the age requirement, the final valid sample consisted of 128 participants. This study was conducted in
accordance with institutional IRB rules. In terms of gender identity, 67.2% of the participants identified as female, 31.3%
as male, and 1.5% as other. The mean age of the participants was 27.12 years (SD = 7.25). Regarding educational level,
67.2% held a bachelor’s degree, 29.7% had a graduate degree or above, and 3.2% had a high school or vocational school

education. Familiarity with AI was measured using a five-point Likert scale, with a mean score of 4.10 (SD = 0.71).

Table 1. Participant Distribution Across the Eight Conditions

Coworker Type

Allocation Outcome Supervisor Type AI ~ Human

Al 16 21
Unfavorable

Human 16 15

Al 20 14
Favorable

Human 16 10

3.2 Procedure

The experiment lasted approximately 10-12 minutes. Participants first read the study instructions and provided informed
consent. They were then paired with a coworker (AI vs. human) and completed two collaborative tasks together.
Following task completion, a bonus allocation outcome (favorable vs. unfavorable) was assigned by a supervisor (Al vs.
human). Finally, participants completed a questionnaire assessing their subjective perceptions and were subsequently

debriefed about the study.
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3.3 Materials

3.3.1 Manipulation of Independent Variables. Supervisor type (Al vs. human) and coworker type (AI vs. human)
were manipulated through textual descriptions and visual icons. In addition, the resource allocation outcome was
manipulated by informing participants that an additional bonus of NTD 100 would be distributed by the supervisor.
In the favorable condition, participants received NTD 70 and their coworker received NTD 30; in the unfavorable

condition, the allocation was reversed.

3.3.2 Collaboration task. To simulate a realistic workplace collaboration scenario, participants were asked to imagine
working at a travel agency, where they partnered with a coworker to plan a customer’s trip. This scenario was selected
because it does not require specialized expertise and represents a familiar experience for most individuals. The study
comprised two rounds of collaboration. In each round, one team member was responsible for booking the flight, while
the other booked the hotel. Participants were informed that both roles were equally important and that responsibilities
would be switched in the second round to ensure a balanced perception of contribution. During each task, a brief
pause was introduced to simulate the coworker’s thought process and decision-making. The coworker then asked for
the participant’s opinion, to which the participant was expected to respond. This design aimed to foster a sense of

interaction and shared decision-making between the participant and the coworker.

3.4 Measures

Since workplace fairness research primarily focuses on distributive and procedural fairness, and given the manipulation
constraints in HAI experiments, we adopted these two dimensions from the organizational justice framework to measure
perceived fairness [7], which are applicable in HAI contexts [23]. All items were measured on a 5-point scale (1=to a
small extent, 5=to a large extent). In addition, demographic information and open-ended questions were included to

provide more comprehensive insights.

4 Preliminary results

This study employed a three-way Analysis of Variance(ANOVA) to examine differences in perceived fairness across the

eight experimental conditions(2x2x2), with distributive fairness and procedural fairness analyzed separately.

4.1 Distributive Fairness

To test H1, allocation outcome had a strong effect on distributive fairness, with participants in the favorable condition
perceiving significantly higher fairness than those in the unfavorable condition, F(1, 120)=160.12, p<.001, rylz,=0.573.
Addressing RQ1, supervisor type also influenced distributive fairness, such that Al supervisors were perceived as fairer
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Fig. 2. Distributive Fairness in a Three-way ANOVA. Distributive fairness scores across supervisor type, coworker type, and allocation
outcome. Favorable allocations were associated with higher perceived fairness than unfavorable allocations. Al supervisors and Al
coworkers tended to be perceived as fairer than their human counterparts. Error bars represent 95% confidence intervals.

than human supervisors, F(1, 120)=7.29, p= .008, 17[2,: 0.057. Regarding RQ2, coworker type had a significant effect, with
higher distributive fairness reported when collaborating with AI coworkers compared to human coworkers, F(1,120)=
6.51, p =.012, 3= 0.051.

4.2 Procedural Fairness

Allocation outcome had a significant effect on procedural fairness, with participants in the favorable condition perceiving
higher procedural fairness than those in the unfavorable condition, F(1, 120)=32.74, p< .001, 7712,= 0.21. Supervisor type did
not significantly influence procedural fairness(p=.127). In contrast, coworker type had a significant effect, with procedural
fairness perceived as higher when collaborating with AI coworkers than with human coworkers, F(1,120)=5.286, p=.023,
7= 0.042.

5 Discussion

This study examined how supervisor type, coworker type, and allocation outcomes shape perceived fairness in HAI
mixed teams. Consistent with prior research, fairness judgments were primarily driven by whether the allocation
outcome was favorable to oneself, reinforcing the self-relevant nature of fairness perceptions in organizational contexts.

Beyond allocation outcomes, both supervisor type and coworker type further influenced perceived distributive
fairness. When resources are limited and comparison targets are present, individuals may become especially sensitive
to potential favoritism. Human supervisors are often perceived as susceptible to subjective judgment and interpersonal
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influence, whereas Al systems are viewed as more neutral and rule-based under the machine heuristic, leading to higher
perceived fairness.

Regarding coworker type, participants collaborating with AI coworkers reported higher perceived fairness than
those working with human coworkers. This effect may be explained by reduced interpersonal and moral concerns in
social comparison. Compared with human coworkers, Al coworkers may not be perceived as equally legitimate or
emotionally sensitive recipients of monetary rewards. As a result, when participants received more than an Al coworker,
the outcome may have felt more justified and less morally problematic. At the same time, when participants received
less, they were more likely to rationalize the unequal allocation in terms of the AT’s higher efficiency or superior
performance. As reflected in responses to open-ended questions, participants frequently attributed unequal outcomes
to the AT’s capabilities, which in turn increased perceived fairness.

These findings indicate that in workplace resource allocation contexts, considering who individuals are allocated
resources alongside plays a critical role in shaping fairness perceptions, as well as in how the fairness of decision-makers
is evaluated. Al agents, whether acting as decision-makers or as collaborative coworkers, demonstrate the potential to
enhance perceived fairness. This study advances research on algorithmic fairness by emphasizing the importance of
multi-agent comparison processes and provides practical insights for organizations considering the adoption of Al in

human-AI collaboration.

6 Limitations and Future Work

Several limitations should be acknowledged, pointing to directions for future research. As an exploratory study, the
findings should be interpreted with caution. Future work could employ larger samples to increase statistical power
and improve the generalizability of the results. Additionally, the current design focused on short-term and relatively
minimal interaction between team members. Future research may examine longer-term collaboration, richer forms
of coworker interaction, or repeated allocation scenarios to better understand how fairness perceptions develop and
stabilize over time in HAI teams. Future studies could explore additional contextual factors, such as varying levels of
decision transparency or task complexity, to further clarify the boundary conditions under which Al agents enhance or

undermine perceived fairness in organizational settings.

7 Conclusion

Through an online experiment, this study shows that comparison targets in multi-agent decision contexts shape fairness
evaluations. Al supervisors may reduce perceived favoritism and enhance fairness perceptions, while Al coworkers
may prompt individuals to rationalize allocation outcomes, thereby increasing perceived fairness.

By extending prior binary comparisons between humans and Al to a multi-agent perspective, this work offers a
more comprehensive and ecologically valid account of workplace decision-making, with implications for how Al is

positioned within collaborative organizational settings.
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