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AI-Based Decision Making: Not the Decision-Maker but the Outcome’s
Favorability Determines the Perception of University Topic Allocations

Christopher Esch, Farid Fares, Elisabeth Kals, and Christina U. Pfeuffer
Department of Psychology, Catholic University of Eichstätt-Ingolstadt

Artificial intelligence (AI) is increasingly used for decision making, but its perception compared to human decision-makers remains
underexplored, especially in educational contexts. In this study, we investigated the influence of the decision-maker (AI vs. human)
on fairness perception, trust, and emotional responses in participants (N= 329) who are allocated university course topics.While the
allocation process was identical, participants were told that either a human lecturer or an AI made the decision based on the same
pieces of information. Furthermore, we manipulated whether the corresponding decision-making process was explicitly com-
municated as fair or whether no comment was made regarding the process’ fairness. Finally, we assessed how favorable students
rated the outcome of the allocation process. Against our hypotheses, Bayesian evidence indicated that neither the decision-maker nor
whether the decision-making process was communicated as fair had an impact on students’ fairness perception, trust, or emotional
responses. Students’ evaluations of the university course topic allocation process were strongly associated with the favorability of
the outcome. Given that an AI can better optimize allocations according to students’ preferences than human decision-makers, these
findings support a broader implementation of AI-based decision making in the context of allocation decisions at university.
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Artificial intelligence (AI) has become a pervasive force in
decision making across various sectors like finance, health care, and
education (Starke et al., 2022). The rapid adoption of AI technol-
ogies, exemplified by the exponential growth of ChatGPT reaching
100 million users in just 2 months (K. Hu, 2023), highlights their
profound relevance. While AI systems promise efficiency and
scalability, users’ concerns about their fairness and trustworthiness
persist, particularly when algorithms are used to support sensitive
decisions (Chouldechova, 2016; Marcinkowski et al., 2020).
These concerns are not unfounded, as AI-based decision support

systems, despite their potential to reduce human biases, can
inadvertently perpetuate or exacerbate inequalities. For example,
flawed training data or suboptimal design has led to cases such as
the COMPAS algorithm disproportionately labeling Black crim-
inal defendants as high-risk reoffenders (Chouldechova, 2016).
Nonetheless, algorithms and AI systems are often not perceived as
fair and trustworthy as would be appropriate based on their
characteristics (e.g., Dietvorst et al., 2015; Saxena et al., 2019).
This appears to be the case because algorithmic decision making

(i.e., based on predetermined rules and statistical models, M. K.
Lee, 2018) and especially AI-based decision making (i.e., most
often based on black box computations, Ali et al., 2023) are most
often perceived as abstract and opaque, adding uncertainty and
complexity to human–algorithm/human–AI interactions. This is
especially the case when AI replaces human decision-makers in
contexts like employment or education (Bankins et al., 2022).
Although work on explainable AI and initiatives to promote AI
literacy seek to address this opacity, their practical adoption re-
mains limited (Doshi-Velez & Kim, 2017; Ng et al., 2021).

This further highlights the importance of understanding how
fairness perceptions in AI-based decision making are shaped to
support users in developing appropriate levels of trust to accept and
adopt fair and trustworthy AI decision support (e.g., Kelly et al.,
2023; Shin, 2021). Here, we assessed the corresponding impact of
the decision-maker (human vs. AI) and the communicated fairness
of an allocation decision in the educational context. Specifically, we
assessed the perception of university course topic allocations by
human lecturers versus a (supposed) AI.
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Fairness Perceptions in AI-Based Decision Making

Fairness perception pertains to how individuals assess the fairness
of decision-making processes and outcomes (Greenberg, 1987;
Grunenberg et al., 2024). In organizational contexts, four key di-
mensions of justice are recognized (Colquitt, 2001): distributive
justice (fairness of the outcomes), procedural justice (fairness of the
processes used to arrive at the outcomes), interpersonal justice
(fairness of the treatment individuals receive), and informational
justice (fairness in communication and explanations). All four di-
mensions of fairness perception also apply to AI-based decisions
(Narayanan et al., 2024). In organizational contexts, these dimen-
sions are often referred to as justice dimensions, reflecting normative
standards and principles. In the following, we exclusively focus on
the subjective perception of these aspects of justice, specifically how
individuals feel about an allocation in the educational context. We
therefore use the term “perceived fairness” in the following to refer
to the subjective perception of justice (Colquitt et al., 2005).
Positive fairness perceptions can foster cooperation, satisfaction,

and acceptance, while negative perceptions can harm well-being and
lead to disruptive behaviors (human decision-makers: e.g., Colquitt
et al., 2013; AI decision-makers: e.g., Bankins et al., 2022; Kelly et
al., 2023). Procedural fairness is a particularly influential sub-
dimension of fairness perception. Perceiving procedures as fair can,
in turn, lead to more positive perceptions of outcomes, even if the
outcomes are unfavorable (Brockner & Wiesenfeld, 1996; Folger et
al., 1979; Grgić-Hlača et al., 2018). This fair process effect highlights
the importance of communicating the fairness of procedures in order
to enhance perceptions of fairness and acceptance of decisions. We
assumed that perceived fairness plays a crucial role in shaping the
perception of human versus AI-based allocation decisions in edu-
cational settings. Building on findings regarding the fair process
effect, we manipulated whether participants received explicit com-
munication about the fairness of the allocation process or not to
further investigate its impact on perceived fairness.

Trust and Emotional Reponses in AI-Based
Decision Making

Trust in decision-makers, whether human or AI, similarly plays
an important role in how individuals react to decision-making
systems (Bianchi et al., 2014; M. K. Lee, 2018), as humans tend to
apply social rules to computers (seeMadhavan&Wiegmann, 2007).
Based on the conceptual model of Mayer et al. (1995), which has
been adapted to the context of AI and automation (see Kohn et al.,
2021, for an overview), trust goes beyond a purely technical
assessment of reliability. Instead, trust can be considered as a
relational assessment based on factors such as ability (competence),
integrity (adherence to principles), and benevolence (intent to do
good; Solberg et al., 2022).
Moreover, fairness perceptions significantly affect emotions

(Krehbiel & Cropanzano, 2000) and trust, as AI systems perceived as
fair and transparent can build trust (Shin, 2021; Wang et al., 2020).
However, perceived unfairness or errors can lead to algorithm
aversion and decreased trust (Dietvorst et al., 2015). Unlike humans,
algorithms are often viewed as incapable of learning from mistakes,
which can further exacerbate distrust (Dietvorst et al., 2015).
Especially in the educational context, this is critical: If students do
not perceive the AI-based system to act in their best interest (see

benevolence), trust may erode, in turn, reducing acceptance and
actual use (e.g., see Ayanwale & Ndlovu, 2024; Low et al., 2025)
regardless of how mathematically optimal the system is. Thus,
students’ perceptions of any implemented AI system are crucial for
the system’s evaluation and actual use. At the same time, students’
evaluation of AI systems used by universities can affect the repu-
tation of these educational institutions (Marcinkowski et al., 2020).

In line with the link between trust and fairness, emotional re-
sponses to AI-based decisions are likewise closely tied to how fair a
process is perceived to be. Lack of transparency and interpersonal
engagement can evoke negative emotions such as frustration, dis-
trust, or dissatisfaction (Holmvall & Bobocel, 2008). The imper-
sonal nature of algorithms may make individuals feel that their
unique circumstances are overlooked, especially in social contexts
(M. K. Lee & Baykal, 2017). Conversely, when AI systems are
perceived as fair, efficient, and transparent, they can foster positive
emotions like satisfaction (M. K. Lee, 2018).

Comparative Effects of AI-Based and Human
Decision Making

Research comparing AI-based and human decision making re-
veals mixed findings, indicating that fairness perceptions are con-
text-dependent (Starke et al., 2022). In some settings, AI decision
making is perceived more positively due to its efficiency and
objectivity, such as in warehouse assignments and university ad-
missions (Bai et al., 2020; Marcinkowski et al., 2020). In the
educational sector, Marcinkowski et al. (2020) found that students
perceived algorithmic selection committees as procedurally and
distributively fairer and less biased than human admission com-
mittees. Additionally, AI systems often score higher on consistency,
a key component of procedural fairness (Kaibel et al., 2019).

This acceptance, however, is not universal in education. Some
studies show that students may react negatively to algorithmic
grading when the results conflict with their performance expecta-
tions. Kizilcec (2016) found that when such discrepancies occur,
detailed transparency about the algorithm does not mitigate student
distrust, a finding also shown in research on imperfect automated
grading systems (Hsu et al., 2021). Furthermore, a recent study
suggests a general reluctance toward AI in university grading,
showing that students tend to rate human professors as fairer than AI
graders (Jones-Jang et al., 2025). In other domains that are presumed
to require human contributions like health care, work-related de-
cisions, and criminal justice, human decision making is often
perceived as fairer (Acikgoz et al., 2020; Harrison et al., 2020; M. K.
Lee &Rich, 2021). In such contexts, human decision-makers tend to
receive higher ratings in interpersonal fairness due to their ability to
convey empathy and understanding (Schlicker et al., 2021).

Task complexity further influences fairness perceptions. Humans
are preferred over AI decision-makers in high-complexity tasks
requiring judgment and nuance, where distributive and interpersonal
fairness are paramount (Nagtegaal, 2021). In contrast, AI is preferred
in low-complexity tasks that prioritize consistency and data-driven
decisions, aligning with procedural fairness. Other conditional factors
like social group representation can affect perceptions. For instance,
individuals may perceive AI decisions as fairer when their social
group lacks representation in human decision making (Miller &
Keiser, 2021).
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Purpose of the Present Study

Prior research has established that fairness, trust, and emotional
responses are critical factors shaping individuals’ acceptance of
decision-making processes (Colquitt et al., 2013; M. K. Lee, 2018).
However, many prior studies showed conflicting and context-
dependent findings (Starke et al., 2022). One area that remains
especially underexplored in the field of AI decision making is how
communicating the fairness of an allocation influences these per-
ceptions (see M. K. Lee et al., 2019). Transparent communication
about the fairness of a decision-making process may significantly
impact how people react to both AI-based and human decisions. For
this study, we examine this within the educational context of
university courses.
Here, wemanipulated the decision-maker (AI-based vs. human) and

the fairness communicated (fairness communicated vs. no informa-
tion) between student groups that were allocated topics of university
courses based on their indicated preferences. We chose this allocation
setting to systematically compare how AI-based allocations are per-
ceived in terms of fairness, trust, and emotional reactions compared to
allocations performed by humans. We focused on the educational
setting of university topic allocations because, despite the relatively
low task complexity, we assume that human nuance is perceived as
important due to both the need to incorporate qualitative information
beyond quantitative topic selection and the naturally social classroom
setting. Based on these considerations, we formulate the following
research question: Do fairness, trust, and emotional responses of
students differ between AI-based versus human decision making, and
does the communicated decisional fairness (information on decisional
fairness vs. no information) affect this?
We posit that the decision-maker (AI-based vs. human), the fairness

communication, and the favorability of outcomes are central determi-
nants that affect fairness perceptions, trust, and emotional responses
such as satisfaction and outrage in the context of university topic
allocation decisions. Regarding the main effects of the decision-maker
and fairness communicated, we hypothesize the following:

Hypothesis 1 (a–d): A human decision-maker is associated with
increased (a) perceived fairness, (b) trust, and (c) satisfaction and
decreased (d) outrage compared to an AI-based decision-maker.

Hypothesis 2 (a–d): Explicitly communicating the fairness of
the decision-making process is associated with increased
perceived fairness, trust, and satisfaction and decreased outrage
compared to a condition in which no information is provided.

As for outcome favorability, we draw on the concept of the outcome
(favorability) bias. This concept posits that positive (individual) results
can override procedural (and/or technical) evaluations (see Lipshitz,
1989). In line with prior findings in the context of AI-based decision
making (Bankins et al., 2022;Wang et al., 2020), we expect that a more
favorable outcome leads to more positive perceptions (fairness, trust,
emotional responses) of the allocation process compared to a less
favorable outcome.

Hypothesis 3 (a–d): A favorable outcome in topic allocation is
associated with increased fairness, trust, and satisfaction and
decreased outrage compared to an unfavorable outcome.

Finally, we expect interactions between outcome favorability and
decision-maker as well as between outcome favorability and
communicated fairness. Specifically, we anticipate that fairness
communication amplifies differences between decision-makers,
whereas high outcome favorability may act to overshadow differ-
ences between conditions.

Hypothesis 4 (Decision-Maker × Communicated Fairness; a–d):
When the topic allocation process is communicated as fair,
the difference in perceptions (fairness, trust, satisfaction,
outrage) between human and AI-based decision making is
increased compared to when no information regarding fairness
is provided.

Hypothesis 5 (Decision-Maker × Outcome Favorability; a–d):
When the outcome is favorable, the difference in perceptions
between human and AI-based decision making is reduced
compared to when the outcome is unfavorable.

Hypothesis 6 (Communicated Fairness × Outcome Favorability; a–
d): When the outcome is favorable, the difference in perceptions
between communicated versus not communicated fairness is
reduced compared to when the outcome is unfavorable.

To foreshadow the results, contrary to our hypotheses derived
based on the literature, we found Bayesian evidence against an
impact of decision-maker and communicated fairness. Only out-
come favorability was the central factor associated with fairness
perception, trust, and emotional responses in students allocated to
university topics.

Method

We examined the influence of the decision-maker (human vs. AI)
and of the communicated fairness of a topic allocation process
(fairness communicated: communicated as fair vs. no information)
on student’s perceived fairness, trust, and emotional responses
(satisfaction, outrage) to topic allocation in their university courses.
To do so, we conducted a 2 (decision-maker) × 2 (fairness com-
municated) between-subjects field experiment within university
courses of the Catholic University of Eichstätt-Ingolstadt (see
Figure 1 for the experiment structure).

Participants

As there was no prior study in the context of university course
topic allocation to base our sample size estimation on, we opted for a
Bayesian sequential testing approach (Schönbrodt et al., 2017). Our
Bayesian stopping criterion was a Bayes factor (BF) of at least 3 in
favor of or against the null hypothesis for the effect of decision-
maker for the main dependent variables (perceived fairness, trust,
satisfaction, outrage). Data collection at the Catholic University of
Eichstätt-Ingolstadt started in the summer term of 2023, and the
Bayesian stopping criterion was reached after four semesters.

A total of 614 bachelor’s and master’s students in university
courses of different subjects (39 courses total; subjects: Psychology,
Journalism, Business Studies, and Education) at the Catholic
University of Eichstätt-Ingolstadt participated in this study. The data
of 285 student participants were excluded from the final analysis due
to participation in a prior university course in which the study was
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conducted (N = 186), not consenting to data collection (N = 7), or
incomplete responses to the online survey (N= 67). Last, one course
(N = 25) was not considered for analysis, as the type of allocation
procedure used in the course significantly deviated from the allo-
cations used in the other courses (timeslot allocation instead of topic
allocation). Thus, our final sample size consisted of 329 German
bachelor’s and master’s students (250/76.0% female, 69/21.0%
male, 5/1.5% nonbinary/third gender; 5/1.5% preferred not to
answer the question; Mage = 22.8 years, SDage = 3.44) who par-
ticipated in a total of 39 different university courses. University
courses were randomly allocated to the four between-subjects
groups: Nine courses were allocated to an AI decision-maker and
fairness was communicated (N = 73 participants), 11 courses to an
AI decision-maker and no fairness communication (N = 88 parti-
cipants), 11 courses to a human decision-maker and fairness was
communicated (N = 93 participants), and finally, eight courses were
allocated to a human decision-maker without communicating
fairness (N = 75 participants; see also Table 1).
Participating lecturers (i.e., confederates) were recruited through

personal contacts, word of mouth, and advertisements in a university
group interested in using AI for teaching. Participants used the topic
allocation tool within the scope of their regular university courses to
indicate their topic priorities. After topics had been allocated ac-
cording to the respective between-subjects condition of the uni-
versity course, they were asked whether they would be willing to

participate in a short survey on the allocation tool (during their
university course). Those willing to participate were asked to
provide informed consent prior to taking part in the experiment.
Participating students were debriefed both in writing at the end of
the survey and orally by the confederate lecturers after completing
the survey.

Design and Procedure

To assess the impact of the decision-maker (human vs. AI) and the
communicated fairness (fairness communicated vs. no information)
on the perception of a topic allocation process at university, we
compared four between-subjects groups conducted in different
university courses. Data collection took place at the beginning of
each semester, that is, during one of the first sessions of the respective
university courses. The experiment was integrated into the regular
university course session inwhich topics (e.g., presentation or project
topics) were allocated. The participating lecturers administered the
field experiments by acting as confederates. The course of the
experiment was such that confederate lecturers first conducted their
course as usual until topics were to be allocated. Then, they men-
tioned that they would use a new online tool to inquire about stu-
dents’ topic preferences. Subsequently, students reached the online
allocation tool via a link and indicated their topic preferences there.
The confederate lecturers communicated the allocation decision in
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Figure 1
Structure and Time Course of the Experiment

Table 1
Means and Standard Deviations per Dependent Variable and Condition

Variable

Experimental groups

AI + fairness communicated:
Ncourses = 9, Nparticipants = 73

Human + fairness communicated:
Ncourses = 11, Nparticipants = 93

AI + no information:
Ncourses = 11, Nparticipants = 88

Human + no information:
Ncourses = 8, Nparticipants = 75

M (SD) M (SD) M (SD) M (SD)

Overall fairness 3.78 (0.99) 3.79 (1.06) 3.66 (2.04) 3.77 (1.01)
Procedural 2.99 (1.43) 3.26 (1.50) 3.08 (1.36) 3.17 (1.51)
Distributive 3.79 (1.38) 3.78 (1.51) 3.66 (1.49) 3.73 (1.52)
Informational 3.99 (1.26) 3.83 (1.12) 3.75 (1.23) 3.80 (1.21)
Interpersonal 4.38 (1.00) 4.28 (1.15) 4.14 (1.12) 4.40 (0.96)

Trust 3.98 (1.15) 4.02 (1.13) 3.72 (1.18) 4.13 (1.08)
Satisfaction 3.59 (1.30) 3.40 (1.50) 3.50 (1.41) 3.56 (1.54)
Outrage 2.10 (1.23) 2.01 (1.18) 2.13 (1.38) 1.77 (1.10)

Note. All scores range between 1 and 5. Values in parentheses denote the corresponding standard deviations. AI = artificial intelligence.
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accordance with the course’s decision-maker and communicated
fairness condition. Then, students were asked whether they would be
willing to participate in a short survey on the allocation tool and were
provided with the link to the online survey. Participating students
were debriefed at the end of the survey as well as by the confederate
lecturers once all students had completed the survey.
For the human decision-maker condition, confederate lecturers

informed students that they themselves would allocate the students to
their topics on the basis of the priority information collected via the
online topic allocation tool. In the AI-based condition, lecturers
informed students that the topic allocation tool would automatically
allocate students to their topics using an AI based on their indicated
priorities, and the lecturer would have no say in the allocation
process. Please note that topics were instantly allocated using the
same algorithm (based on the stable marriage problem) in all con-
ditions, ensuring equal underlying allocation principles throughout
the conditions. Thus, topic allocation did not actually use and rely on
an AI-based system. Moreover, participants only entered their
preferences and did not have any opportunity to actively interact with
the supposed AI system in the AI decision-maker condition. In the
human decision-maker condition, lecturers implemented a short
break (∼2–3 min) after students used the online allocation tool,
presumably to give them time for topic allocation. This was done to
ensure that students believed that the lecturer had allocated the topics
in the human decision-maker condition. To manipulate fairness
communicated, students were either informed that the process used
by the respective decision-maker was fair (fairness communicated
condition) or they were not given any information regarding the
fairness of the process (no information condition). The decision-
maker used within each course and (if applicable) the fairness of the
allocation process were mentioned to the students twice by the
confederate lecturers: once at the beginning of the course and once
just prior to the actual allocation procedure and the students’ use of
the online topic allocation tool. Additionally, students in the fairness
communicated condition were shown a brief statement at the
beginning of the survey, reminding them that the allocation was
conducted in a fair manner.

Measures

Fairness Perception

We used Colquitt’s (2001) Organizational Justice Scale to assess
perceived fairness. We refined the questionnaire by reducing it to 10
items and adapting the wording to fit both AI and human decision-
making contexts. The Organizational Justice Scale consists of four
subscales on procedural, distributive, interpersonal, and informa-
tional justice, which are rated on a scale from to a very small extent
(1) to to a very large extent (5). Following confirmatory factor
analysis and the removal of one problematic item (Item 3—pro-
cedural justice) to improve factorial clarity, the final four-factor
measurement model demonstrated a good (comparative fit index,
Tucker–Lewis index, standardized root-mean-square residual) to
poor (root-mean-square error of approximation) fit to the data,
χ²(21) = 89.44, p < .001, comparative fit index = 0.966, Tucker–
Lewis index = 0.942, root-mean-square error of approximation =
0.100, 90% CI [0.079, 0.121], standardized root-mean-square
residual= 0.061 (see the Appendix for more details). Result patterns
did not differ when including the excluded item. The internal

consistency for the scale was assessed using Cronbach’s α, which
resulted in a coefficient of α = .89.

Trust

We used Körber’s (2018) two-item trust subscale in the Trust in
Automation questionnaire. We adapted the wording to address both
AI and human decision-making contexts. The scale ranged from
strongly disagree (1) to strongly agree (5). The economical two-
item scale has a Pearson correlation coefficient of r = 0.85, indi-
cating a good intercorrelation between the items.

Outcome Favorability

To determine participants’ perception of the favorability of the
topic allocation outcome, we asked participants, “How favorable
was the topic allocation for you personally?” A similar form of this
item was previously used in other studies (e.g., Bianchi et al., 2014;
Brockner et al., 2003). The scale ranged from not at all favorable (1)
to very favorable (5).

Emotions

To assess participants’ affective responses regarding the topic
allocation process, we asked, “To what extent did the topic allo-
cation process make you feel [emotion]?” (see, e.g., Larsson, 2011;
M. K. Lee, 2018; Weiss et al., 1999, for prior use of similar scales).
We inquired about four emotions: satisfaction, outrage, happiness,
and disappointment. The scales ranged from to a very small extent
(1) to to a very large extent (5).

Data and Material Availability

We report how we determined our sample size following a
Bayesian approach, and we report all data exclusions as well as all
manipulations and dependent measures used in this study. This
study’s design, research question, and hypotheses were preregistered
prior to the start of data collection on the Open Science Framework
(Fares et al., 2023; https://osf.io/t7xnr/overview). The data, study
materials, and analysis scripts are publicly available on the Open
Science Framework (Esch, Fares, Pfeuffer, & Kals, 2025; https://
osf.io/qe52u/overview). Data were analyzed using R (Version 4.4.0;
R Core Team, 2024) and the package BayesFactor (Version 0.9.12-
4.7, Morey & Rouder, 2023).

Results

Given diverging findings regarding AI-based versus human
allocation in different contexts (see Starke et al., 2022), we opted for
a Bayesian approach to be able to attain both evidence in favor of as
well as against the null hypothesis (see Table 1 for descriptive
statistics of the dependent variables). Bayesian linear mixed model
analyses were conducted per dependent variable. To calculate BFs
and estimate the strength of evidence in favor of or against the null
and alternative hypotheses, we compared models that did versus did
not include an effect of interest (main effect or interaction). Our
maximum model per dependent variable included fixed effects of
decision-maker and fairness communicated, the continuous pre-
dictor outcome favorability (z-standardized), and all corresponding
interactions of fixed effects and the continuous predictor. We
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preregistered a random effects structure that included both by-
course and by-participant random intercepts. But as a Bayesian
linear mixed model including both random intercepts had to return a
singular fit (overfitting), we only included by-course random in-
tercepts in our final models. Thus, the maximum model per
dependent variable was as follows: dependent variable ∼ decision-
maker × fairness communicated × outcome favorability + (1|
course). BFs10 > 3 (in favor of) or BFs10 < 0.33 (against) the
alternative hypothesis were considered as conclusive (see M. D. Lee &
Wagenmakers, 2014).

Fairness Perception

For the dependent variable overall fairness (Organizational Justice
Questionnaire), we found conclusive evidence against effects of
decision-maker (Hypothesis 1a), BF10= 0.19 (±10.01%), and fairness
communicated (Hypothesis 2a), BF10 = 0.19 (±0.91%). We further
observed conclusive evidence for an effect of outcome favorability
(Hypothesis 3a), BF10 = 4.79e+42 (±1.24%; see Figure 1 for a
depiction of the influences of outcome favorability, decision-maker,
and fairness communicated for all dependent variables). Perceived
fairness increased with higher outcome favorability ratings. We found
conclusive evidence against all interaction effects—Decision-Maker×
Fairness Communicated (Hypothesis 4a), BF10 = 0.25 (±2.49%);
Decision-Maker × Outcome Favorability (Hypothesis 5a), BF10 =
0.09 (±3.48%); Fairness Communicated × Outcome Favorability
(Hypothesis 6a), BF10= 0.08 (±3.16%); and the three-way interaction
(Decision-Maker× Fairness Communicated×Outcome Favorability),
BF10 = 0.0006 (±2.56%). To ascertain our results, we additionally
assessed the four fairness dimensions separately (see Table 2). Our
findings confirmed the same pattern found for overall fairness for all
fairness dimensions (Figure 2).

Trust

For the dependent variable trust, we found conclusive evidence
against effects of decision-maker (Hypothesis 1b), BF10 = 0.27
(±3.43%), and fairness communicated (Hypothesis 2b), BF10= 0.19
(±0.68%). We observed conclusive evidence for an effect of out-
come favorability (Hypothesis 3b), BF10 = 9.42e+18 (±2.28%).
Perceived trust increased with higher outcome favorability ratings.
We found conclusive evidence against the interaction effects—
Decision-Maker × Outcome Favorability (Hypothesis 5b), BF10 =
0.12 (±1.62%); Fairness Communicated × Outcome Favorability
(Hypothesis 6b), BF10 = 0.20 (±2.45%); and the three-way inter-
action (Decision-Maker × Fairness Communicated × Outcome
Favorability), BF10 = 0.006 (±1.97%). The interaction effect
between decision-maker and fairness communicated was incon-
clusive (Hypothesis 4b), BF10 = 0.49 (±2.08%).

Satisfaction

For the dependent variable satisfaction, we found conclusive evi-
dence against effects of decision-maker (Hypothesis 1c), BF10 = 0.18
(±0.50%), and fairness communicated (Hypothesis 2c), BF10 = 0.21
(±0.63%). We observed conclusive evidence for an effect of outcome
favorability (Hypothesis 3c), BF10 = 2.04e+39 (±0.62%). Perceived
satisfaction increased with higher outcome favorability ratings. We
found conclusive evidence against the interaction effects—Decision-

Maker×OutcomeFavorability (Hypothesis 5c), BF10= 0.16 (±1.35%);
Fairness Communicated × Outcome Favorability (Hypothesis 6c),
BF10 = 0.25 (±3.23%); and the three-way interaction (Decision-
Maker × Fairness Communicated × Outcome Favorability), BF10 =
0.003 (±3.88%). The interaction effect between decision-maker and
fairness communicated was inconclusive (Hypothesis 4c), BF10 =
0.34 (±1.72%).

Outrage

For the dependent variable outrage, we found conclusive evidence
against effects of decision-maker (Hypothesis 1d), BF10 = 0.25
(±2.63%), and fairness communicated (Hypothesis 2d), BF10 = 0.23
(±0.70%). We observed conclusive evidence for an effect of outcome
favorability (Hypothesis 3d), BF10 = 6.25e+11 (±0.47%). Perceived
outrage decreased with higher outcome favorability ratings. We found
conclusive evidence against the interaction effects—Decision-Maker ×
Outcome Favorability (Hypothesis 5d), BF10= 0.13 (±4.38%); Fairness
Communicated × Outcome Favorability (Hypothesis 6d), BF10 = 0.13
(±1.24%); and the three-way interaction (Decision-Maker × Fairness
Communicated ×Outcome Favorability), BF10 = 0.002 (±4.91%). The
interaction effect between decision-maker and fairness communicated
was inconclusive (Hypothesis 4d), BF10 = 0.41 (±4.73%).

Discussion

Our aim was to assess the perception of an AI-based versus
human allocation process in an educational setting, specifically,
course topic allocation at university. In a 2 × 2 between-subjects
design, we investigated how the decision-maker (AI vs. human), the
communicated fairness of the allocation process, and the outcome
favorability affected students’ perceived fairness, trust, and emo-
tional responses.

Our results are clear-cut: Contrary to our expectations and the
findings of some prior studies in different contexts (e.g., Bai et al., 2020;
Marcinkowski et al., 2020; but see Plane et al., 2017; Suen et al., 2019),
Bayesian evidence indicated that neither the decision-maker nor the
communicated fairness (each considering individual fixed effects as
well as interactions) had an impact on how fair and trustworthy students
perceived a topic allocation process or on their corresponding emotional
responses. That is, there was evidence against the notion that students
differentially evaluated AI and human decision-makers for university
course topic allocations. However, consistent across all assessed vari-
ables, the factor most strongly associated with students’ evaluations of
the topic allocation process was the favorability of the outcome (see also
Wang et al., 2020). Importantly, outcome favorability should not be
interpreted as a strictly objective measure of outcome quality but rather
as individuals’ postallocation evaluation. This suggests that, at least in
the context of university topic allocations, the subjective experience
of the result (i.e., outcome favorability) overshadows procedural aspects
of the topic allocation process.

These findings contribute to the growing body of research on the
comparative effects of AI-based versus human decision making (see
Starke et al., 2022). While previous studies have shown mixed
results, with some favoring human decision making, particularly in
complex or sensitive domains (e.g., Acikgoz et al., 2020; M. K. Lee &
Rich, 2021), the present study suggests that AI-based decision
making can be equally acceptable in certain contexts, such as course
topic allocation, where the task type may be viewed as less complex
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Table 2
Bayes Factors in Favor of the Alternative Hypothesis per Dependent Variable

Effect Dependent variable BF10 (error rate) Interpretation (++ to −−)

H1: Decision-maker
Overall fairness 0.19 (±10.01%) −−
Procedural 0.19 (±0.77%) −−
Distributional 0.17 (±1.64%) −−
Informational 0.18 (±1.43%) −−
Interpersonal 0.20 (±0.42%) −−

Trust 0.27 (±3.43%) −−
Satisfaction 0.18 (±0.50%) −−
Outrage 0.25 (±2.63%) −−

H2: Fairness communicated
Overall fairness 0.19 (±0.91%) −−
Procedural 0.18 (±2.71%) −−
Distributional 0.18 (±0.46%) −−
Informational 0.19 (±0.75%) −−
Interpersonal 0.20 (±0.82%) −−

Trust 0.19 (±0.68%) −−
Satisfaction 0.21 (±0.63%) −−
Outrage 0.23 (±0.70%) −−

H3: Outcome favorability
Overall fairness 4.79e+42 (±1.24%) ++
Procedural 5.49e+23 (±1.37%) ++
Distributional 7.65e+51 (±0.57%) ++
Informational 1.32e+09 (±1.02%) ++
Interpersonal 2.64e+14 (±1.18%) ++

Trust 9.42e+18 (±2.28%) ++
Satisfaction 2.04e+39 (±0.62%) ++
Outrage 6.25e+11 (±0.47%) ++

H4: Decision-Maker × Fairness Communicated
Overall fairness 0.25 (±2.49%) −−
Procedural 0.24 (±2.91%) −−
Distributional 0.25 (±2.91%) −−
Informational 0.30 (±1.81%) −−
Interpersonal 0.49 (±8.00%) −

Trust 0.49 (±2.08%) −
Satisfaction 0.34 (±1.72%) −
Outrage 0.41 (±4.73%) −

H5: Decision-Maker × Outcome Favorability
Overall fairness 0.09 (±3.48%) −−
Procedural 0.23 (±2.00%) −−
Distributional 0.09 (±1.28%) −−
Informational 0.15 (±2.29%) −−
Interpersonal 0.12 (±1.42%) −−

Trust 0.12 (±1.62%) −−
Satisfaction 0.16 (±1.35%) −−
Outrage 0.13 (±4.38%) −−

H6: Fairness Communicated × Outcome Favorability
Overall fairness 0.08 (±3.16%) −−
Procedural 0.10 (±2.08%) −−
Distributional 0.11 (±28.77%) −−
Informational 0.14 (±1.49%) −−
Interpersonal 0.12 (±1.03%) −−

Trust 0.20 (±2.45%) −−
Satisfaction 0.25 (±3.23%) −−
Outrage 0.13 (±1.24%) −−

Decision-Maker × Fairness Communicated ×
Outcome Favorability

Overall fairness 0.0006 (±2.56%) −−
Procedural 0.003 (±7.66%) −−
Distributional 0.0002 (±3.37%) −−
Informational 0.002 (±12.97%) −−
Interpersonal 0.006 (±11.92%) −−

Trust 0.006 (±1.97%) −−
Satisfaction 0.003 (±3.88%) −−
Outrage 0.002 (±4.91%) −−

Note. Results in bold indicate conclusive results; “++” and “−−” refer to conclusive evidence respectively for or against an effect; “+”
and “−” refer to inconclusive tendencies toward or against an effect. H = hypothesis.
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and more mechanical (i.e., the decision is perceived as being more
strongly based on data and not emotional judgment; see M. K. Lee,
2018). Consequently, future research should systematically inves-
tigate contexts that vary in perceived task type (e.g., more
mechanical vs. human; see M. K. Lee, 2018) and perceived rele-
vance to clarify how these factors shape acceptance, trust, and
fairness perceptions of AI-based versus human decision making.
The present decision-maker manipulation was strictly label-based

and did not involve direct interaction with or observable behavior of

a functioning AI-based system beyond observing one allocation
outcome, which was deliberately equated between conditions.
Therefore, our findings reflect the impact of perceived decision-
maker identity unconfounded by actual AI functionality. This is
advantageous to clearly and unambiguously answer this study’s
research question regarding the role of the decision-maker.
However, it simultaneously limits the generalizability of the present
findings to contexts that involve more complex human–AI inter-
action. Furthermore, it has to be noted that, for practical constraints
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Figure 2
Interactions Between Decision-Maker and Fairness Communicated (Left Column) and
Influence of Outcome Favorability (Right Column)

Note. Panels A, C, E, and G illustrate the effects of decision-maker and fairness communicated per
dependent variable. The horizontal lines in the violin plots denote the respective mean. Panels B, D, F,
and H illustrate the influence of outcome favorability on the respective dependent variable. The gray
bands show the 95% confidence interval. AI = artificial intelligence.
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given by the number of students and the distribution of study
programs at the Catholic University of Eichstätt-Ingolstadt where
this field study took place in the scope of actual university courses,
participants mainly came from social sciences and humanities study
programs. Future studies should address this limitation by further
broadening the scope of academic disciplines covered and increasing
the diversity of participating students. Moreover, please also note
that the present study did not account for individual differences, for
instance, in students’ preferences for human versus AI decision
making, their prior experiences with AI-based decision making (see
algorithm aversion; Dietvorst et al., 2015), or students’ AI literacy
(Araujo et al., 2020). These appear to be highly relevant additional
aspects to consider in future studies. Similarly, future studies could
use vignette settings to manipulate outcome favorability also in the
low range and assess whether the decision-maker might play a role
when outcomes are very unfavorable (a contrasting interaction as
found by Yalcin et al., 2022).

Conclusion and Practical Implications

Our findings clearly illustrate that the subjective evaluation of the
allocation outcome, rather than the decision-maker or fairness
communications regarding the allocation process, affected students’
perception and evaluation of the digitally mediated university topic
allocation processes. Given the increasing use of AI systems in
educational settings (e.g., Marcinkowski et al., 2020), these findings
have important practical implications: Our study suggests that, at
least for tasks comparable to topic allocation, universities may
consider adopting efficient and optimized AI-based decision-
making systems, without having to fear negative student percep-
tions. Here, we demonstrated that even when decision quality was
equated between human and AI decision-makers (same underlying
allocation principles) and therefore could not confound students’
perceptions, there was evidence against differences in students’
perceptions and evaluations of the decision process between human
and AI decision-makers. Indeed, AI systems often excel at priori-
tizing and optimizing resources beyond a human decision-maker’s
capabilities (when aimed at mathematically optimal solutions unlike
in this study). This may further boost satisfaction in realistic settings
due to, on average, more optimal AI-based allocations when im-
plemented transparently. Yet, the actual usage and thus success of
AI decision making heavily relies on its human users’ perceptions,
in particular their acceptance, of the AI-based decision process (e.g.,
Wanner et al., 2022). This makes positive user perceptions of AI
systems essential irrespective of the corresponding AI systems’
mathematical optimality. Nevertheless, the present findings should
not be misinterpreted as a normative endorsement of AI systems in
general or in educational settings. When considering whether to
delegate a task to an AI, the respective AI’s fit for the task and
potential concerns (e.g., data security and data privacy concerns;
see, e.g., criteria for trustworthy AI of the European Union; see
High-Level Expert Group on Artificial Intelligence, 2019) always
need to be taken into consideration. In this regard, as AI becomes
more prevalent in higher education, institutions also need to closely
monitor and evaluate the sociocultural and ethical implications of
this change.
Despite our data showing no effect of communicating procedural

fairness, prior research consistently highlights the importance of
transparent process communication for fostering fairness, trust,

positive emotional responses, and ultimately acceptance and adoption.
Further research will be necessary to determine under which condi-
tions each level of transparency is required and how it should best be
communicated. Hence, we recommend that universities (and all or-
ganizations implementing AI decision making) nevertheless aim to
transparently convey procedural aspects of allocations to maintain
positive student perceptions, which remain vital for the successful
implementation of AI in education and beyond.
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Appendix

Factor Analysis and Further Results

Confirmatory Factor Analysis Results

This confirmatory factor analysis aimed to evaluate the hypothe-
sized four-factor structure of the adapted Organizational Justice Scale
(Colquitt, 2001), covering procedural, distributive, informational, and
interactional fairness. The analysis was conducted using the lavaan
package in R, based on the data from all 329 participants.
Overall, model fit was mixed (see Table A1). The comparative fit

index (0.966) and Tucker–Lewis index (0.942) indicated good to
very good fit, and the standardized root-mean-square residual
(0.061) was well below the recommended cutoff. However, the root-
mean-square error of approximation (0.100) was above common
thresholds, suggesting a marginal-to-poor fit. Taken together, these
indicators suggest the model provides a reasonable approximation
of the data structure, though with some room for improvement.

To improve model clarity, one item from the procedural fairness
subscale (Item 3) was removed due to poor fit. All remaining factor
loadings were statistically significant and of acceptable to high mag-
nitude, indicating that the items represent their intended constructs well
(see Table A2).

In sum, the confirmatory factor analysis supports the use of the
adapted four-factor structure for the assessment of fairness perceptions
across AI and human decision-making contexts. While the root-mean-
square error of approximation points to limitations in fit, the overall
pattern of results is consistent with theoretical expectations.

Further Results for Emotions

The additional analyses of happiness and disappointment re-
vealed patterns consistent with the emotion variables of satisfaction
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and outrage, respectively. More specifically, outcome favorability
emerged as the central factor positively associated with happiness
and disappointment. In contrast, there was evidence against any
main effects of decision-maker and fairness communicated and no
evidence for any two- or three-way interactions.

Happiness

For the dependent variable happiness, we found conclusive
evidence against effects of decision-maker, BF10 = 0.18 (±0.84%),
and fairness communicated, BF10 = 0.25 (±7.09%). We observed
conclusive evidence for an effect of outcome favorability, BF10 =
5.58e+37 (±0.69%). Perceived happiness increased with higher
outcome favorability ratings. We found conclusive evidence against
the interaction effects—Decision-Maker × Outcome Favorability,
BF10 = 0.13 (±2.32%); Decision-Maker × Fairness Communicated,
BF10 = 0.26 (±2.34%); and the three-way interaction (Decision-
Maker × Fairness Communicated ×Outcome Favorability), BF10 =
0.013 (±2.47%). The interaction effect between fairness commu-
nicated and outcome favorability was inconclusive, BF10 =
0.75 (±1.33%).

Disappointment

For the dependent variable disappointment, we found conclusive
evidence against effects of decision-maker, BF10 = 0.18 (±0.59%),
and fairness communicated, BF10 = 0.19 (±0.45%). We observed
conclusive evidence for an effect of outcome favorability, BF10 =
2.42e+27 (±0.83%). Perceived disappointment decreased with
higher outcome favorability ratings. We found conclusive evidence
against the interaction effects—Decision-Maker × Outcome
Favorability, BF10 = 0.09 (±7.12%); Fairness Communicated ×
Outcome Favorability, BF10 = 0.09 (±1.12%); and the three-
way interaction (Decision-Maker × Fairness Communicated ×
Outcome Favorability), BF10 = 0.0008 (±4.49%). The interac-
tion effect between decision-maker and fairness communicated
was inconclusive, BF10 = 0.43 (±3.20%).
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Table A1
Summary of Fit Indices for the Revised Four-Factor Model of
Organizational Justice

Index Value Recommended cutoffa

χ² 89.441
df 21
p (χ²) <0.001 >.05
CFI 0.966 ≥.95 (or ≥.90)
TLI 0.942 ≥.95 (or ≥.90)
RMSEA 0.100 ≤.06 (or ≤.08)
90% CI [RMSEA] [0.079, 0.121] Lower ≤ .05, upper < .08
SRMR 0.061 ≤.08

Note. N = 329. χ² = chi-square goodness-of-fit statistic; CFI =
comparative fit index; TLI = Tucker–Lewis index; RMSEA = root-mean-
square error of approximation; CI = confidence interval; SRMR =
standardized root-mean-square residual.
a Cutoffs are based on common recommendations (e.g., see L. Hu &
Bentler, 1999); the RMSEA indicates marginal-to-poor fit, while CFI and
SRMR suggest good fit.

Table A2
Parameter Estimates for the Revised Four-Factor Model: Factor
Loadings

Latent factor Indicator B SE z p
β

(Std.all)

Procedural
fairness

Item 1 1.000a 0.476

Item 2 1.682 0.220 7.646 <.001 0.751
Distributive
fairness

Item 1 1.000a 0.938

Item 2 1.003 0.037 27.329 <.001 0.946
Informational
fairness

Item 1 1.000a 0.881

Item 2 0.940 0.046 20.260 <.001 0.853
Item 3 0.952 0.044 21.688 <.001 0.891

Interactional
fairness

Item 1 1.000a 0.811

Item 2 1.215 0.078 15.676 <.001 0.889

Note. All estimates are significant at p < .001. B = unstandardized
loading; SE = standard error; z = z-statistic; β (Std.all) = completely
standardized loading.
a Parameter fixed to 1.0 for model identification.
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