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Abstract
The rapid development of Artificial Intelligence (AI) technology has triggered
tremendous transformations in organizations, with AI assuming supervisory
roles that can directly influence employee behavior. Six progressive scenario
experiments (N = 1642) sought to investigate differential reactions to ethical be-
havior recommendations proposed by AI versus human supervisors, along with
the underlying psychological mechanisms and boundary conditions. Results re-
vealed that, compared to human supervisors, individuals exhibited lower compli-
ance with ethical behavior recommendations from AI supervisors (Experiments
1a-5). This was attributable to lower evaluation apprehension in interactions
with AI supervisors (Experiments 2-3). Moreover, compliance with AI supervi-
sors’ ethical recommendations increased when individuals had stronger anthro-
pomorphism tendencies or when the AI supervisor was more anthropomorphized
(Experiments 4-5). The findings contribute to a better understanding of reac-
tions to AI supervisors in organizational contexts, illuminate limitations of AI
supervisors in ethical guidance domains, and provide practical references and
improvement strategies for deploying AI leadership in organizational manage-
ment.
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Abstract

The rapid development of Artificial Intelligence (AI) technology has triggered
profound transformations in organizations, with AI assuming supervisory roles
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that directly influence employee behavior. Through six sequential scenario ex-
periments (N = 1642), this research investigates differences in how people re-
spond to moral behavior advice proposed by AI versus human supervisors, ex-
ploring the underlying psychological mechanisms and boundary conditions. Re-
sults demonstrate that individuals exhibit significantly lower compliance with
moral behavior advice from AI supervisors compared to human supervisors (Ex-
periments 1a–5). This effect is mediated by lower evaluation apprehension in
interactions with AI supervisors (Experiments 2–3). Furthermore, compliance
with AI supervisors’ moral advice increases when individuals have stronger an-
thropomorphic tendencies or when the AI supervisor is more anthropomorphized
(Experiments 4–5). These findings enhance understanding of employee reactions
to AI supervisors in organizational settings, reveal limitations of AI supervisors
in moral guidance domains, and provide practical recommendations for deploy-
ing AI leadership in organizational management.

Keywords: AI supervisor, advice compliance, moral behavior advice, evalua-
tion apprehension, anthropomorphism

1. Introduction
1.1 Rejection of Moral Behavior Advice from AI Supervisors

AI’s ascension to management positions is no longer uncommon. Leveraging
advantages such as vast information processing capacity, objectivity, resistance
to interference, and enhanced efficiency, AI applications have introduced un-
precedented changes and challenges to management. AI can automate numer-
ous managerial functions including monitoring, goal-setting, and performance
management, occupying middle-management positions to make autonomous de-
cisions and provide guidance to subordinates. This transformation has funda-
mentally altered the power structure between humans and machines, with AI
evolving from a tool to a supervisor.

While this innovation yields certain benefits—such as improved decision accu-
racy, enhanced task performance, increased sense of work meaning, and elevated
employee loyalty—empirical evidence suggests people resist such changes. Indi-
viduals demonstrate aversion to AI exercising managerial authority, perceiving
lower organizational commitment and status under AI management, even char-
acterizing it as “tyranny.” Consequently, when AI managers serve in advisory
roles, subordinates may maintain this negative attitude, showing reduced will-
ingness to comply.

Previous research reveals widespread algorithm aversion, where people reject
and dislike decisions made by algorithms across domains including medical de-
cisions, daily recommendations, and aesthetic creation. In morally relevant
contexts, algorithm aversion is particularly pronounced: people are less willing
to use AI for decisions with higher moral relevance, preferring human decision-
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makers, and they attribute lower moral standing to identical actions performed
by AI versus humans. Moreover, individuals reject AI involvement in promoting
or designing public welfare and charitable projects. This demonstrates a clear
aversion to AI’s encroachment into moral domains.

For organizations, morality represents a crucial characteristic and evaluation cri-
terion, with employee moral behavior serving as a significant driver of organiza-
tional development. Moral behaviors—such as organizational citizenship behav-
ior and volunteerism—enhance employees’ sense of work meaning and vitality at
the individual level while fostering harmonious colleague relationships. At the
organizational level, they increase productivity, improve customer satisfaction,
and construct fair and just organizational cultures. As large language model
technology advances, AI’s scope has expanded to include prescriptive tasks like
goal-setting and planning. While most research has focused on AI’s role in fa-
cilitating unethical behavior, this study examines psychological reactions when
AI becomes a proponent of moral behavior, directly comparing compliance with
moral advice from human versus AI supervisors.

Based on the above, we propose Hypothesis H1: Compared to moral behav-
ior advice from human supervisors, people demonstrate lower compliance with
moral behavior advice from AI supervisors.

1.2 The Mediating Role of Evaluation Apprehension

What determines our compliance with advice from different supervisors? Previ-
ous research suggests people reject discriminatory instructions from AI managers
because they perceive AI as lacking mental capacities—a root cause of many
human-AI response differences. According to mind perception theory, the men-
tal capacities people attribute to different entities determine their moral status,
and people generally believe AI lacks complete mental faculties. However, this
perspective only reveals stable, inherent attribute differences between humans
and AI, failing to explain response differences from the perspective of interactive
experience. In organizational contexts, individuals’ perceptions and experiences
of objective situations influence attitudes and behaviors more than objective re-
ality itself. Therefore, this research examines the psychological experience of
interaction to explain why people reject moral advice from AI supervisors.

In social interactions, impression management needs lead individuals to fol-
low social norms more closely when under others’ observation. Consequently,
in any social situation, individuals sense potential judgment from others and
worry about being evaluated. This experience is conceptualized as “evalua-
tion apprehension”—concern about receiving negative evaluations or failing to
receive positive ones from others. In organizational contexts, evaluation appre-
hension is common, arising from interactions between supervisors and employees
and subsequently influencing behavioral performance.

When AI becomes a direct supervisor, does human-AI interaction elicit this
psychological perception? And does it differ from that caused by human super-

chinarxiv.org/items/chinaxiv-202409.00082 Machine Translation

https://chinarxiv.org/items/chinaxiv-202409.00082


visors? Previous research indicates that in human-computer interaction, people
treat AI as social actors capable of evoking automated social presence, which
can trigger evaluation apprehension. However, studies using behavior tracking
and virtual/augmented reality technologies for management find they gener-
ate lower evaluation apprehension than human managers. Additionally, people
perceive AI chatbots as lacking judgment capabilities and causing no negative
social consequences, resulting in lower perceived social judgment and reputa-
tional damage during actual interactions. We therefore predict that while AI
can trigger evaluation apprehension, the level is substantially lower than that
elicited by humans.

How does varying evaluation apprehension affect advice compliance? Evaluation
apprehension exerts external pressure on individuals to engage in impression-
enhancing behaviors. For example, employees perform organizational citizen-
ship behaviors when they believe their actions will receive positive attention
from managers. Simultaneously, evaluation apprehension reduces internal moti-
vation, causing withdrawal and loss of confidence, thereby increasing dependence
on advice. Overall, evaluation apprehension both motivates behavior that gar-
ners positive social evaluation and increases reliance on others’ advice, positively
influencing compliance with supervisors’ moral behavior advice.

Thus, we propose Hypothesis H2: Evaluation apprehension mediates the effect
of supervisor type (human vs. AI) on moral behavior advice compliance.

1.3 The Moderating Role of Anthropomorphism

Evaluation apprehension typically emerges in social situations caused by others’
presence, potentially affecting physiology, emotion, behavior, and performance.
Since social situations usually involve people, discussing whether AI supervi-
sors elicit evaluation apprehension inevitably involves the issue of AI anthropo-
morphism. Anthropomorphism refers to attributing human characteristics to
non-human entities, manifesting both as an object attribute and as a subjective
cognitive tendency.

Previous research shows that anthropomorphizing technological entities effec-
tively reduces aversion toward them. From an object attribute perspective,
anthropomorphic AI design reduces psychological distance and enhances social
presence. From a subject tendency perspective, individuals high in anthropo-
morphic tendencies anticipate more pleasant interactions with AI, show higher
acceptance, and engage more according to social norms. Overall, whether as an
individual tendency or object attribute, anthropomorphism reduces response dif-
ferences between AI and humans, making reactions to AI more similar to those
toward humans. Following this logic, high anthropomorphism should reduce
the human-AI distinction and thus diminish compliance differences.

Research on advice adoption provides corroborating evidence. In Judge-Advisor
Systems, similarity between advisor and decision-maker positively influences
advice compliance. When high similarity exists—whether from group identity
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matching, consistent behavioral choices, or coincidental similarities—decision-
makers are more likely to follow advice. Since AI is typically viewed as an
outgroup, similarity with humans is minimal. However, through anthropomor-
phism, AI is endowed with more human attributes and characteristics, increasing
similarity with humans and thereby enhancing compliance with anthropomor-
phized AI supervisors’ advice.

Accordingly, we propose Hypothesis H3: Anthropomorphism moderates the ef-
fect of supervisor type (human vs. AI) on moral behavior advice compliance.
Specifically, for individuals low in anthropomorphic tendency, compliance is
higher for human versus AI supervisors, while this difference becomes non-
significant for those high in anthropomorphic tendency. Regarding AI super-
visor characteristics, compliance increases as AI anthropomorphism increases.

1.4 Research Overview

This research employs six sequential experiments to investigate employee re-
actions to moral behavior advice from AI supervisors, exploring psychological
mechanisms and boundary conditions. The experiments involve three quantifi-
able moral behaviors: donation amounts, volunteer hours, and walking steps.
Specific scenarios include environmental volunteer services (Experiment 1a),
charitable walking activities (Experiment 1b), donations for colleagues in diffi-
culty (Experiments 2 and 4), disaster relief donations (Experiment 3), and child
welfare participation (Experiment 5).

Experiments 1a and 1b test the main hypothesis that compliance with AI su-
pervisors’ moral advice is lower than with human supervisors. Experiment 2
examines the mediating role of evaluation apprehension. Experiment 3 manip-
ulates evaluation apprehension to further test whether it causes differences in
compliance between human and AI supervisors. Experiment 4 explores individ-
ual differences in anthropomorphic tendency as a boundary condition. Finally,
Experiment 5 directly manipulates AI supervisor anthropomorphism to validate
the moderating effect.

2. Pilot Experiment: Testing for Non-Exploitation in Ex-
perimental Scenarios
To ensure that the three moral behavior scenarios (walking for charity, dona-
tion campaigns, volunteer services) used in subsequent experiments would not
be perceived as exploitative moral coercion, we conducted a pilot experiment
examining perceptions of exploitation and autonomy.

2.1.1 Participants

Following previous research, we recruited 50 participants (Mage = 32.63 ± 9.19,
57.1% female) for this pilot experiment. All participants provided informed
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consent after reading experimental instructions and received compensation upon
completion. Participants who passed attention checks were included in the final
sample.

2.1.2 Procedure

Participants sequentially read three scenario descriptions involving organiza-
tional moral behaviors: a walking activity for disability support, a donation
campaign for colleagues in difficulty, and a volunteer service for disadvantaged
groups. After each scenario, participants rated perceived exploitation and au-
tonomy using 7-point Likert scales. Exploitation perception was measured with
three items (e.g., “To what extent do you consider the company’s walking charity
activity coercive?”; Cronbach’s 𝛼 = 0.76, 0.90, 0.93 across scenarios). Autonomy
perception was measured with three items (e.g., “To what extent did you feel
you had autonomy to express your own ideas during the activity?”; Cronbach’s
𝛼 = 0.82, 0.91, 0.90).

2.2 Results

One-sample t-tests on exploitation perception revealed that ratings for all three
scenarios were significantly below the scale midpoint: walking scenario (M =
1.79, SD = 0.78, t(49) = –19.95, p < 0.001, Cohen’s d = –2.82), donation
scenario (M = 2.19, SD = 0.98, t(49) = –10.95, p < 0.001, Cohen’s d = –1.55),
and volunteer scenario (M = 2.26, SD = 1.37, t(49) = –8.93, p < 0.001, Cohen’s
d = –1.26). Participants perceived these scenarios as non-exploitative.

One-sample t-tests on autonomy perception showed ratings significantly above
the midpoint for all scenarios: walking (M = 5.29, SD = 0.98, t(49) = 9.36, p
< 0.001, Cohen’s d = 1.32), donation (M = 5.12, SD = 1.39, t(49) = 5.68, p <
0.001, Cohen’s d = 0.80), and volunteer (M = 5.13, SD = 1.40, t(49) = 5.73,
p < 0.001, Cohen’s d = 0.81). Participants felt they maintained autonomous
choice.

2.3 Discussion

This pilot experiment confirmed that employees perceive organizational moral
behavior activities as non-exploitative and non-coercive, while maintaining a
sense of autonomous choice. This eliminates potential confounds of perceived
exploitation and autonomy restriction in subsequent experiments.

Experiment 1a: Initial Test of Compliance Differences
Experiment 1a examined whether compliance with moral behavior advice differs
between human and AI supervisors. Using an online scenario experiment, we
randomly assigned participants to human or AI conditions and measured their
planned volunteer hours before and after receiving supervisory advice.
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3.1.1 Participants

Using G*Power 3.1, we calculated that 172 participants were needed for 90%
power to detect a medium effect (d = 0.5) with 𝛼 = 0.05. We recruited 180
valid participants via Credamo (68 male, 112 female; Mage = 30.05, SD = 8.33)
after real-time exclusion of failed attention checks.

3.1.2 Design and Procedure

This single-factor between-subjects experiment randomly assigned participants
to human or AI supervisor conditions. All participants imagined being a junior
employee at a company organizing weekend environmental volunteer activities in
surrounding communities (non-profit, no performance requirements). They first
indicated how many of 832 possible annual weekend hours they would volunteer.

Participants then received information about company management and super-
visory advice. The human condition described traditional professional man-
agement; the AI condition described AI algorithm management. To ensure
understanding of the hierarchical relationship, we detailed that the supervisor
(Manager Wang or Algorithm CSD300) conducted daily performance evalua-
tions, with all behaviors serving as evaluation criteria. An organizational chart
[Figure 1: see original paper] visually reinforced the subordinate-supervisor re-
lationship.

Both groups received identical advice emails: “To promote green development
and cultivate employee compassion, we recommend you volunteer 416 hours an-
nually for environmental activities.” After reading the email, participants indi-
cated their final volunteer hour commitment (0-832). An attention check asked
participants to identify their supervisor type. Finally, participants reported AI
familiarity, AI knowledge, gender, and age.

3.2 Results

Advice compliance was calculated as: (Final Decision – Initial Decision) / (Su-
pervisor’s Recommendation – Initial Decision). Four participants whose initial
plans matched the recommendation were excluded, leaving 89 in the human
group and 87 in the AI group.

Independent samples t-test showed significantly higher compliance in the human
group (M = 0.67, SD = 0.53) than the AI group (M = 0.34, SD = 1.46), t(174)
= 2.00, p = 0.047, Cohen’s d = 0.30. ANCOVA controlling for gender, age, AI
familiarity, and AI knowledge showed a marginally significant difference, F(1,
170) = 3.39, p = 0.067, �2p = 0.020.

3.3 Discussion

Experiment 1a initially validated that people preferentially comply with hu-
man versus AI supervisors’ moral advice, while controlling for AI familiarity
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and knowledge. However, it involved only conventional volunteer activities and
didn’t control for perceived advice rationality or negative emotions. Experi-
ment 1b addresses these limitations using an unconventional moral behavior
scenario—donating through exercise steps—while further controlling for ratio-
nality and emotional effects.

Experiment 1b: Replication in an Unconventional Moral
Behavior Scenario
Experiment 1b aimed to replicate Experiment 1a’s findings in an unconventional
moral behavior context (walking steps donation) while controlling for perceived
advice rationality and negative emotional responses.

4.1.1 Participants

Following Experiment 1a’s standards, we recruited 172 university students
(Mage = 20.39, SD = 1.62; 56.4% female) via Credamo who completed all
measures and passed attention checks.

4.1.2 Design and Procedure

This single-factor between-subjects experiment randomly assigned participants
to human or AI conditions. Participants imagined being an employee at a
company launching a “One Step, One Love” campaign for National Disability
Day. The company pledged to donate 1 yuan per 1,000 steps walked during a
7-day period. Participants initially indicated their planned total steps.

After reading about company management (human expert vs. AI algorithm) and
viewing organizational charts, participants received advice: “Every step counts.
I recommend walking 14,000 steps daily (98,000 total). Of course, you remain
free to choose.” This emphasis on freedom helped exclude exploitation concerns.
After reading the email, participants indicated their final step commitment and
completed an attention check.

We then measured perceived advice rationality (“To what extent is Manager
Zhao’s/EPbot’s advice reasonable?”) and negative emotions using the PANAS
negative affect scale (10 items; 𝛼 = 0.896). Finally, participants reported AI
familiarity, AI knowledge, gender, and age.

4.2 Results

Independent samples t-test revealed significantly higher compliance for human
supervisors (M = 0.64, SD = 0.45) than AI supervisors (M = 0.45, SD = 0.58),
t(170) = 2.39, p = 0.018, Cohen’s d = 0.36.

ANCOVA controlling for perceived rationality, negative emotions, AI familiarity,
AI knowledge, gender, and age maintained a significant main effect, F(1, 155)
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= 3.90, p = 0.050, �2p = 0.025. The effect persisted even after controlling for
individual differences in rationality perception and emotional experience.

4.3 Discussion

Experiment 1b replicated Experiment 1a’s findings and extended them to un-
conventional moral behavior advice while controlling for rationality and neg-
ative emotions. However, both sub-studies revealed the phenomenon without
exploring underlying mechanisms. Experiment 2 addresses this by examining
evaluation apprehension mediation in a charitable donation context.

Experiment 2: Testing the Mediating Role of Evaluation
Apprehension
Experiment 2 expanded moral behavior scenario diversity (charitable donation)
to enhance robustness while exploring the mediating mechanism of evaluation
apprehension and alternative mediators like mind perception.

5.1.1 Participants

Monte Carlo simulations indicated 250 participants were needed for stable corre-
lations. We recruited 250 valid participants (Mage = 30.74 ± 7.64; 64% female)
via Credamo after real-time exclusion of failed attention checks.

5.1.2 Design and Procedure

This single-factor between-subjects experiment randomly assigned participants
to human or AI conditions. Participants imagined being a sales team leader
who received a 10,000 yuan bonus while a team member faced sudden family
hardship. They initially indicated their donation amount (0-10,000 yuan).

After management information (human expert vs. AI algorithm) and organi-
zational charts, participants received advice: “Given Zhang’s sudden family
difficulty, we recommend donating 5,600 yuan to help.” After indicating their
final donation, participants completed an attention check.

We measured evaluation apprehension using Spencer et al.’s (1999) 4-item scale
(e.g., “If I perform poorly, Manager Liu/Algorithm CompNet will look down on
me”; 𝛼 = 0.90). We also measured mind perception using Bigman and Gray’s
(2018) 6-item scale assessing agency (communication, thinking, planning; 𝛼 =
0.76) and experience (feeling pain, pleasure, fear; 𝛼 = 0.94). The overall scale
showed 𝛼 = 0.87. Finally, participants reported AI familiarity, AI knowledge,
gender, and age.
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5.2.1 Effect of Supervisor Type on Compliance

Independent samples t-test showed significantly higher compliance for human
supervisors (M = 1.02, SD = 1.10) than AI supervisors (M = 0.67, SD = 0.89),
t(248) = 2.75, p = 0.006, Cohen’s d = 0.35. ANCOVA controlling for gender,
age, AI familiarity, and AI knowledge maintained significance, F(1, 244) = 6.73,
p = 0.010, �2p = 0.027.

5.2.2 Mediation Analysis for Evaluation Apprehension

Zero-order correlation revealed a significant positive relationship between evalu-
ation apprehension and compliance (r = 0.165, p = 0.009). Independent samples
t-test showed human supervisors elicited higher evaluation apprehension (M =
4.25, SD = 1.49) than AI supervisors (M = 3.83, SD = 1.56), t(248) = 2.21, p
= 0.028, Cohen’s d = 0.28.

Using Hayes’s (2013) PROCESS Model 4 with 5,000 bootstrap samples, evalu-
ation apprehension showed a significant indirect effect (effect = –0.04, 95% CI
[–0.124, –0.003]). The direct effect remained significant (effect = –0.31, 95% CI
[–0.559, –0.059]), indicating partial mediation [Figure 2: see original paper].

5.2.3 Mediation Analysis for Mind Perception

Zero-order correlations showed significant positive relationships between overall
mind perception (r = 0.163, p = 0.010), agency (r = 0.131, p = 0.038), and
experience (r = 0.153, p = 0.015) with compliance. Human supervisors were
perceived as having greater overall mind (M = 5.87 vs. 4.24, t(248) = 13.76, p
< 0.001, d = 1.74), agency (M = 5.98 vs. 5.41, t(248) = 5.10, p < 0.001, d =
0.65), and experience (M = 5.75 vs. 3.06, t(248) = 16.88, p < 0.001, d = 2.44).

PROCESS Model 4 revealed that overall mind perception did not mediate the
effect (95% CI [–0.332, 0.021]). However, agency showed a significant indirect
effect (effect = –0.06, 95% CI [–0.156, –0.007]), with a remaining direct effect (ef-
fect = –0.29, 95% CI [–0.548, –0.029]), indicating partial mediation. Experience
did not mediate (95% CI [–0.302, 0.112]). Among specific agency dimensions,
only communication ability showed significant mediation (effect = –0.05, 95%
CI [–0.143, –0.009]).

5.3 Discussion

Experiment 2 replicated the compliance difference across a new scenario and
confirmed evaluation apprehension as a mediator. Human supervisors elicited
greater evaluation apprehension, which increased compliance. While agency
(particularly communication ability) also mediated, this overlaps with the inter-
personal dimension of evaluation apprehension, providing convergent validation.
Experiment 3 directly manipulates evaluation apprehension to establish causal-
ity.
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Experiment 3: Manipulating Evaluation Apprehension
Experiment 3 used a disaster relief donation scenario to further test whether
evaluation apprehension causally produces compliance differences between hu-
man and AI supervisors.

6.1.1 Participants

G*Power 3.1 indicated 265 participants were needed for a 2$×$2 ANOVA with
small effect size (f = 0.20), 𝛼 = 0.05, and 90% power. We recruited 272 valid
participants (Mage = 30.74 ± 7.64) via Credamo after excluding failed attention
checks.

6.1.2 Design and Procedure

This 2 (supervisor: human vs. AI) × 2 (evaluation apprehension: high vs. low)
between-subjects experiment randomly assigned participants to four conditions.
Participants imagined being a technical employee who received a 10,000 yuan
bonus during a company disaster relief campaign for a 6.2-magnitude earth-
quake. They initially indicated their donation amount (0-10,000 yuan).

Management information differed from previous experiments by including eval-
uation apprehension manipulation. High evaluation apprehension participants
read: “Manager Chen (or Algorithm LR500) will evaluate all your words and ac-
tions, including this donation, creating a personal evaluation report.” Low eval-
uation apprehension participants read: “Manager Chen (or Algorithm LR500)
will evaluate only your performance, excluding this donation.” All participants
then received advice: “When disaster strikes, help comes from all sides. We rec-
ommend donating 5,600 yuan.” After indicating final donations and completing
an attention check, participants completed the evaluation apprehension scale (𝛼
= 0.93) as a manipulation check and reported demographics.

6.2.1 Manipulation Check

Independent samples t-test confirmed the manipulation: high evaluation appre-
hension participants reported greater concern (M = 4.63, SD = 1.42) than low
evaluation apprehension participants (M = 2.89, SD = 1.32), t(270) = –10.46,
p < 0.001, Cohen’s d = 1.27.

6.2.2 Interaction Effect

ANOVA revealed a significant main effect of evaluation apprehension, F(1, 268)
= 24.12, p < 0.001, �2p = 0.08, with higher compliance under high (M = 0.61,
SD = 0.52) versus low (M = 0.26, SD = 0.65) evaluation apprehension. The
supervisor main effect was non-significant (p = 0.384), but the interaction was
significant, F(1, 268) = 4.59, p = 0.033, �2p = 0.02 [Figure 3: see original paper].
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Simple effects analysis showed that under high evaluation apprehension, AI
supervisor compliance (M = 0.50, SD = 0.47) was significantly lower than human
supervisor compliance (M = 0.72, SD = 0.55), F(1, 268) = 4.54, p = 0.034.
Under low evaluation apprehension, no significant difference emerged, F(1, 268)
= 0.81, p = 0.370.

6.3 Discussion

By manipulating evaluation apprehension, Experiment 3 confirmed it as a key
mechanism. Only when evaluation apprehension was high did people preferen-
tially comply with human versus AI supervisors’ moral advice. When evalua-
tion apprehension was low, supervisor type effects disappeared. This establishes
evaluation apprehension as a causal mechanism. Experiment 4 now explores the
boundary condition of anthropomorphic tendency.

Experiment 4: Moderating Effect of Individual Anthropo-
morphic Tendency
Experiment 4 examined whether individual differences in anthropomorphic ten-
dency moderate the supervisor effect, predicting that supervisor type would
influence compliance only among those low in anthropomorphism. The scenario
involved charitable donations for a colleague’s ill child.

7.1.1 Participants

Monte Carlo simulations indicated 250 participants were needed. We recruited
269 valid participants (180 female; Mage = 30.21, SD = 7.59) via Credamo,
with 134 in the human condition and 135 in the AI condition.

7.1.2 Design and Procedure

This single-factor between-subjects experiment randomly assigned participants
to human or AI supervisor conditions. Participants imagined being an employee
who received a 10,000 yuan bonus while a colleague’s 5-year-old child needed
surgery for congenital heart disease. They initially indicated their donation
amount (0-10,000 yuan).

After management information (human expert vs. AI algorithm) and organi-
zational charts, participants received advice: “Given the child’s urgent need
and the family’s financial difficulty, we recommend donating 5,600 yuan.” Af-
ter indicating final donations and completing an attention check, participants
completed the evaluation apprehension scale (𝛼 = 0.93) and the Individual
Differences in Anthropomorphism Questionnaire (IDAQ; 15 items, 𝛼 = 0.92).
Finally, they reported demographics.
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7.2.1 Effect of Supervisor Type on Compliance

Independent samples t-test showed significantly higher compliance for human
supervisors (M = 0.72, SD = 0.72) than AI supervisors (M = 0.47, SD = 0.63),
t(267) = 2.99, p = 0.003, Cohen’s d = 0.37.

7.2.2 Mediation of Evaluation Apprehension

PROCESS Model 4 revealed a significant indirect effect of evaluation appre-
hension (effect = –0.05, 95% CI [–0.089, –0.026]). The direct effect became
non-significant (effect = –0.07, 95% CI [–0.151, 0.010]), indicating full media-
tion.

7.2.3 Moderating Effect of Anthropomorphic Tendency

Independent samples t-test confirmed no significant difference in anthropomor-
phic tendency between human (M = 4.80, SD = 1.72) and AI (M = 4.91, SD =
1.85) conditions, t(267) = 0.51, p = 0.612, ensuring group homogeneity.

PROCESS Model 1 showed that when anthropomorphic tendency was low,
supervisor type significantly predicted compliance (effect = –0.30, 95% CI [–
0.529, –0.072]). When anthropomorphic tendency was high, this effect became
non-significant (effect = –0.19, 95% CI [–0.424, 0.035]) [Figure 4: see original
paper].

Simple slopes analysis confirmed that low anthropomorphic tendency partici-
pants showed significantly lower compliance with AI versus human supervisors
(b = –0.30, SE = 0.12, t = –2.59, p = 0.010), while high anthropomorphic ten-
dency participants showed no significant difference (b = –0.19, SE = 0.12, t =
–1.67, p = 0.096).

7.3 Discussion

Experiment 4 established anthropomorphic tendency as a boundary condition.
Among those low in anthropomorphism, AI supervisor compliance was signif-
icantly lower than human supervisor compliance; this difference disappeared
among those high in anthropomorphism. The experiment also replicated eval-
uation apprehension mediation. Experiment 5 directly manipulates AI anthro-
pomorphism to further validate this moderation.

Experiment 5: Moderating Effect of AI Anthropomorphism
Experiment 5 directly manipulated AI anthropomorphism through textual de-
scription, comparing compliance with human supervisors, anthropomorphized
AI supervisors, and non-anthropomorphized AI supervisors in a child welfare
volunteer scenario.
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8.1.1 Participants

Based on previous effect sizes (d = 0.30-0.37), G*Power indicated 321 partici-
pants were needed for a one-way three-level design with f = 0.20, 𝛼 = 0.05, and
90% power. We recruited 330 valid participants (198 female; Mage = 29.94, SD
= 7.96) via Credamo, with 110 participants per condition.

8.1.2 Design and Procedure

This single-factor between-subjects experiment randomly assigned participants
to human, anthropomorphized AI, or non-anthropomorphized AI conditions.
The procedure mirrored Experiment 1a, with participants imagining volunteer
work at a children’s welfare home and initially indicating planned volunteer
hours (0-832).

Management information was identical across conditions except for supervisor
identity. Anthropomorphized AI participants read about “Archie,” introduced
with first-person language: “Hi! I’m Archie. I’m your department manager. I
have strong analytical abilities…” Non-anthropomorphized AI participants read
about “CyBer,” described in third-person: “Algorithm CyBer is the department
manager. It has strong analytical abilities…” A manipulation check asked: “To
what extent does Archie/CyBer remind you of human characteristics?” (1 =
not at all to 7 = very much).

All participants then received identical advice: “To improve child welfare, we rec-
ommend volunteering 416 hours annually.” After indicating final commitments
and completing an attention check, participants reported demographics.

8.2.1 Manipulation Check

Six participants whose initial plans matched the recommendation were excluded,
leaving 109 in the human group, 107 in the anthropomorphized AI group, and
108 in the non-anthropomorphized AI group. Independent samples t-test con-
firmed that anthropomorphized AI (M = 4.90, SD = 1.17) was perceived as more
human-like than non-anthropomorphized AI (M = 4.27, SD = 1.39), t(213) =
3.59, p < 0.001, Cohen’s d = 0.49.

8.2.2 Effect of AI Anthropomorphism

One-way ANOVA revealed a significant main effect, F(2, 321) = 8.52, p < 0.001,
�2p = 0.05. Planned contrasts showed non-anthropomorphized AI compliance
(M = 0.42, SD = 0.46) was significantly lower than both anthropomorphized
AI (M = 0.62, SD = 0.65) and human supervisor compliance (M = 0.72, SD =
0.50), ps < 0.05 [Figure 5: see original paper].
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8.3 Discussion

Experiment 5 confirmed that AI anthropomorphism moderates compliance. En-
hancing AI anthropomorphism significantly increased adherence to moral behav-
ior advice.

9. General Discussion
This research examined differences in compliance with moral behavior advice
from human versus AI supervisors, investigating underlying mechanisms and
boundary conditions. Through six experiments and three pilot studies (N =
1642, including 179 pilot participants), we found lower compliance with AI su-
pervisors (Experiments 1a-5), with evaluation apprehension as the mediating
mechanism (Experiments 2-5) and anthropomorphism as a moderator (Experi-
ments 4-5). Diverse scenarios and samples ensured robustness.

9.1 Theoretical Contributions

First, this research reveals limitations of AI supervisors in moral guidance roles.
While AI can enhance belongingness and task performance, our findings show
AI supervisors are less effective at promoting moral behaviors essential for orga-
nizational culture. This extends AI leadership research by demonstrating that
AI’s “double-edged sword” includes deficiencies in moral advocacy. Unlike previ-
ous work focusing on AI’s role in unethical behavior, we examine positive moral
advice, revealing asymmetric reactions across moral valences. Our interaction-
based explanation via evaluation apprehension complements attribute-based ex-
planations like mind perception.

Second, we extend advice adoption research by incorporating AI supervisors.
While consistent with prior findings of algorithm aversion, our results show
unusually high compliance with human supervisors (exceeding 50%), likely be-
cause supervisors hold legitimate authority. This highlights the importance of
hierarchical relationships in advice compliance.

Finally, we extend algorithm aversion research in moral domains. People reject
AI involvement in moral decisions regardless of valence, viewing AI as lacking
moral standing equivalent to humans. This impedes the development of ethical
AI.

9.2 Practical Implications

For value alignment—ensuring AI reflects human values—our findings indicate
AI currently falls short as a moral exemplar. Organizations should carefully
limit AI supervisor authority in moral domains to avoid undermining ethical
culture. However, anthropomorphism offers a practical solution. Our results
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show that simple anthropomorphic design (human-like names, first-person com-
munication) significantly enhances compliance. This aligns with meta-analytic
evidence that robot anthropomorphism improves interaction attitudes. Compa-
nies like Xiaomi (“Xiaoai”) and Amazon (Alexa) demonstrate this approach’s
feasibility. Organizations should match AI anthropomorphism levels with em-
ployees’ anthropomorphic tendencies when deploying AI management.

9.3 Limitations and Future Directions

First, our dependent variable measured only quantifiable behavioral intentions
(advice weight), not qualitative choices between different moral options (e.g., sa-
cred vs. secular values). Future research should examine more complex scenarios
involving taboo trade-offs.

Second, other mechanisms may explain low AI compliance, such as perceived
intentionality, motivation, or inferred benevolence. Future work should examine
these variables to deepen understanding.

Third, anthropomorphism effects may be more complex. We examined only
surface-level anthropomorphism, not deep anthropomorphism that might trig-
ger uncanny valley effects. Longitudinal studies should examine whether anthro-
pomorphism advantages persist over time. Additionally, other approaches like
hybrid intelligence models or AI quotient (AIQ) may influence AI management
effectiveness.

Finally, ecological validity could be improved. Our scenario experiments mea-
sured behavioral intentions, which may not translate to actual behavior due to
the intention-behavior gap and social desirability biases. Future research should
employ field experiments, laboratory studies, or experience sampling methods
to observe actual compliance behavior in real interactions.

10. Conclusion
This research concludes: (1) People comply less with moral behavior advice
from AI versus human supervisors; (2) This occurs because AI supervisors elicit
lower evaluation apprehension; (3) Compliance increases when individuals have
stronger anthropomorphic tendencies or when AI supervisors are more anthro-
pomorphized.
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