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Abstract

The use of algorithms as assistance and replacement for human decision-making
in the workplace is increasingly common, yet people exhibit algorithm aversion.
Through four progressive experiments conducted across various workplace ap-
plication scenarios, this study compared individuals’ attitudes toward decisions
made by human versus algorithmic decision-makers, and examined the under-
lying psychological mechanisms and boundary conditions. The results revealed
that in workplace contexts, individuals demonstrated lower acceptability, prefer-
ence, and utilization willingness toward algorithmic decisions compared to those
made by human decision-makers, thereby exhibiting “algorithm aversion.” The
underlying psychological mechanism of this phenomenon is that people perceive
algorithmic decisions as less transparent than human decisions (Experiments
2~3). Further investigations revealed that when algorithms were endowed with
anthropomorphic features, individuals’ aversion to algorithmic decisions was re-
versed, and their acceptance attitudes were enhanced (Experiment 4). These
findings contribute to a better understanding of people’s reactions to algorith-
mic decision-making and provide implications for promoting intelligent social
governance and guiding the ethical use of algorithms.
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Abstract

Algorithms are increasingly used as aids and replacements for human decision-
making in the workplace, yet people exhibit algorithm aversion. Through four
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sequential experiments, this study compared attitudes toward decisions made
by human versus algorithmic decision-makers across various workplace scenar-
ios, exploring the underlying mechanisms and boundary conditions. Results
revealed that in workplace contexts, people show lower permissibility, liking,
and willingness to utilize algorithmic decisions compared to human decisions,
demonstrating “algorithm aversion.” The intrinsic psychological mechanism is
that algorithmic decisions are perceived as more opaque than human decisions
(Experiments 2-3). Further research found that when algorithms are anthro-
pomorphized, this aversion is reversed and acceptance increases (Experiment
4). These findings enhance understanding of reactions to algorithmic decision-
making and provide insights for promoting intelligent social governance and
ethical algorithm usage.

Keywords: algorithm aversion, transparency, anthropomorphism, workplace
Classification: B849: C91

In August 2022, Meta, Facebook’s parent company, used an algorithm to lay
off 60 contract workers. Many employees reported receiving no explanation be-
yond being told they were “randomly” terminated by an algorithm (Hays, 2022).
Meta is hardly alone in using algorithms for human resource management. As
early as 2015, Amazon developed an Al efficiency monitoring and evaluation sys-
tem for warehouse management to track employee performance in real-time and
incorporate it into performance reviews (Upadhye, 2018). In August 2021, Rus-
sian online payment service company Xsolla similarly used algorithm-assessed
“digital footprints” to fire 150 employees deemed disengaged and unproductive
(McAloon, 2021). Algorithm use in the workplace has become a social hot topic.
In recent years, more enterprises have applied algorithms to workplace environ-
ments, improving organizational efficiency while assuming and liberating HR
managers from tedious tasks (Basu et al., 2023; Brynjolfsson & McAfee, 2014;
Chalfin et al., 2016; Duggan et al., 2020; Garg et al., 2022). According to
a survey by online recruitment platform CareerBuilder, approximately 55% of
HR managers in the United States believe Al systems centered on algorithms
will become a regular part of their work within the next few years (HR Daily
Advisor Staff, 2017). Thus, intelligent decision-making systems represented by
algorithms are gradually transitioning from concept to reality in workplace in-
tegration.

Consistent with the reasons algorithms have rapidly swept through medical diag-
nosis (Hao, 2020), financial investment (Ahmed et al., 2022), judicial sentencing
(Hao, 2019), and autonomous driving (Badue et al., 2021), algorithms’ rapid
workplace adoption stems primarily from inherent limitations in traditional
human decision-making. In conventional models, human decision-makers are
highly susceptible to interference factors such as prior experience (Kahneman &
Tversky, 1972) and emotions (Lerner et al., 2015), leading to decision errors and
adverse consequences. However, with the vigorous development of big data, deep
learning, and neural networks, algorithms have emerged as new decision-making

chinarxiv.org/items/chinaxiv-202312.00247 Machine Translation


https://chinarxiv.org/items/chinaxiv-202312.00247

ChinaRxiv [$X]

agents. Algorithmic decision-making possesses powerful capabilities for process-
ing vast information (Blair & Saffidine, 2019), rapid decision speed (Bonnefon
et al., 2016), objectivity and impartiality (Andrews et al., 2006), and immu-
nity to fatigue and emotional interference (Barnes et al., 2015). Consequently,
algorithms are widely applied in providing recommendations, judgments, and
predictions, forming the concept of algorithmic decision-making (Burton et al.,
2020). This study focuses on attitudes toward algorithm use in the workplace
and further explores potential underlying reasons and boundary conditions.

1.1 Algorithm Aversion in the Workplace

Despite algorithmic decision-making’s numerous advantages and revolutionary
improvements to social efficiency, people have not readily embraced this emerg-
ing technology due to its powerful computing capabilities and accurate predic-
tions. Instead, they hold a pervasive pessimistic attitude (Jussupow et al., 2020;
Liu et al., 2023; Mahmud et al., 2022). Some entrepreneurs, based on practical
business experience, consider automation’s rise humanity’s “greatest existential
threat” (McFarland, 2014). Tesla founder Elon Musk suggests Al is summoning
a “demon” (Lemieux, 2017). Former Google CEO Eric Schmidt expresses con-
cern that Al poses an “existential risk” to humanity (Kharpal, 2023). Philoso-
phers harbor metaphysical concerns about algorithmic decision-making’s rise,
believing machine substitution for human decision-making could lead to outright
catastrophe (Bostrom, 2014). This catastrophe might be existential—once Al
develops self-consciousness, humanity would have created a technological “god”
capable of destroying human history and negating human existence (#;3TF,
2018; 2019). For the general public, despite algorithms typically outperforming
humans in decision-making tasks, people still prefer human decisions over algo-
rithmic recommendations, a tendency termed “algorithm aversion” (Dietvorst
et al., 2015). This aversion represents a cognitive bias toward algorithms, man-
ifesting comprehensively in cognition, emotion, and behavior (iEES, 2022):
negative attitudes cognitively (e.g., Prahl & van Swol, 2017), disgust emotionally
(e.g., Lee, 2018), and rejection behaviorally (e.g., Filiz et al., 2021). Algorithm
aversion also appears in art judgment (Millet et al., 2023), poetry aesthetics (Hit-
suwari et al., 2023), medical decisions (Longoni et al., 2019), war and judicial
decisions (Bigman & Gray, 2018), and daily movie and book recommendations
(Longoni & Cian, 2022; Yeomans et al., 2019).

In the workplace, algorithms are believed capable of eliminating unconscious
human bias (Cheng & Hackett, 2021), potentially making more equitable,
interference-free decisions. Research finds that under normal workloads, algo-
rithmic decisions outperform human manager decisions in over 80% of scenarios
(Yu et al.,, 2017). Yet despite this advantage, people still view algorithmic
management as a “tyranny,” akin to “clock tyranny” that exploits and oppresses
employees (Lehdonvirta, 2018). Increasingly automated jobs deprive people of
control over their work (Holford, 2022), reducing autonomy and responsibility
(Goods et al., 2019; Langer et al., 2021). Moreover, algorithmic management
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reduces well-being by diminishing autonomy and expectations of workplace
rewards (Kinowska & Sienkiewicz, 2022). Regarding promotion, dismissal, and
bonus allocation, people perceive algorithmic decisions as merely quantitative
and decontextualized, unable to consider qualitative and environmental factors
for comprehensive decisions, making them seem unfair compared to human
decisions, even reducing organizational commitment (Newman et al., 2020).
For recruitment, applicants trust human managers more than algorithms for
resume screening and interviews because human selection is perceived as more
controllable and fair (Langer et al., 2019). This phenomenon also appears when
recruiters promise contracts: people more strongly reject algorithmic promises
of growth and harmonious atmosphere compared to human recruiters offering
substantial salaries and bonuses (Tomprou & Lee, 2022). Meanwhile, employees
experience six burdens from automated HR algorithms—emotional, psycholog-
ical, privacy, and social—which are alleviated when human decision-makers
participate and provide oversight (Park et al., 2021).

Therefore, this study proposes Hypothesis H1: Compared to human HR man-
agers (hereinafter referred to as HR), people tend to cognitively reject, emo-
tionally dislike, and behaviorally avoid decisions made by algorithmic HR in
workplace contexts.

1.2 Perceived Transparency

What factors cause different reactions to decisions made by different agents?
Transparency is crucial. Algorithmic transparency means users can understand
what an algorithmic system is doing and why (IEEE, 2017). It emphasizes that
for general users, intelligent systems’ decision processes and mechanisms must
be knowable and explainable, with predictable and accountable consequences—
decision processes must be easily understandable (Nefdt, 2020). Transparency
matters because reactions to decision outcomes depend partly on information
provided and its explainability (Dodge et al., 2019), and people want decisions
they can understand (McNee et al., 2006; Herlocker et al., 2004). However,
algorithmic systems are cognitive “black boxes” (Burrell, 2016; Nicholson Price,
2018)—people perceive them as mysterious, complex systems where only inputs
and outputs are observable, not the processing mechanisms (Pasquale, 2016).
This black box nature may stem from unpredictable operations or lack of rele-
vant knowledge (Kroll et al., 2017).

This opacity hinders algorithm acceptance. Without autonomous explanation
capabilities, algorithms may generate perceptions of unfairness and anxiety
(Acikgoz et al., 2020; Langer et al., 2019). Research finds algorithmic trans-
parency positively predicts satisfaction—people are more satisfied with algo-
rithmic services when they perceive the decision process as transparent (Shin &
Park, 2019; Shin, 2020). Furthermore, understanding system decision principles
increases trust (Lee & Boynton, 2017). This suggests opening the “black box”
may change inherent negative reactions.
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Conversely, people exhibit overconfidence in understanding human decisions
(Chen et al., 2023; Moore & Healy, 2008), overestimating their comprehension of
others’ mental processes. This bias may arise from intuitive perspective-taking
(Nisbett & Wilson, 1977), though people actually rely more on intuition (Dane
et al., 2012) and heuristics (Kahneman, 2003) when understanding others’ deci-
sions. Even in the specialized medical field, laypeople believe they understand
how human doctors diagnose cancer (Cadario et al., 2021).

Thus, people perceive different transparency levels for different decision agents,
and understanding decision processes greatly influences attitudes. Accordingly,
this study proposes Hypothesis H2: Perceived transparency mediates the effect
of workplace decision-making agents (human HR vs. algorithmic HR) on decision
reactions.

1.3 Anthropomorphism

Anthropomorphism is the phenomenon of attributing human properties, charac-
teristics, intentionality, and mental states to non-human entities (Epley et al.,
2007; ¥, 2017). Viewing an entity as possessing mental capacities consti-
tutes a key component of anthropomorphism (Waytz et al., 2010). The compre-
hensibility of thought processes is one such mental capacity; when we believe
an entity’s thinking is understandable and accessible, we essentially endow it
with human-like mentality (Gray et al., 2007; Gray et al., 2012). The process of
granting non-human algorithms human-unique perceived transparency naturally
equals anthropomorphism. Thus, transparency constitutes a crucial difference
between human and algorithmic resources, excluding the latter from entities
with mental capacities. We can predict that anthropomorphizing algorithms
through appearance (De Visser et al., 2016), voice (Adam et al., 2021), move-
ment (Fraune, 2020), or mental capacities (Moussawi & Koufaris, 2019) may
bridge the perceived gap between algorithms and humans, potentially yielding
more positive attitudes. Previous research finds anthropomorphizing machines,
algorithms, and AI reduces aversion. For instance, superficial anthropomor-
phism of autonomous vehicles (giving them human-like appearance or names)
effectively increases trust (Wu et al., 2023). Compared to Al assistants with
mechanical voices and cold responses, those with human-like appearance, an-
thropomorphic names, human-like voices, and warm emotional responses are
perceived as psychologically closer and receive higher satisfaction ratings (Li &
Sung, 2021). Even when robots make poor decisions, anthropomorphic robots
are perceived as having higher experiential capacity, reducing negative evalua-
tions of their mistakes and increasing forgiveness (Yam et al., 2021). Anthropo-
morphism thus prompts people to view algorithms as mindful agents, eliciting
more human-like evaluations and reactions that influence algorithm aversion.
For inherently black-box algorithms, anthropomorphism means granting them
human characteristics, narrowing the perceived gap between algorithmic and
human decision-makers, potentially making attitudes toward algorithmic deci-
sions more similar to those toward human decisions, thereby reducing algorithm
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aversion (¥FFIFIE, 2022). In the workplace, algorithmic decisions are originally
ambiguous, rejected, and unauthorized; if endowed with human traits to cre-
ate more human-like anthropomorphic algorithms, people should react more
positively when accepting their decisions.

Thus, this study proposes Hypothesis H3: Algorithm anthropomorphism moder-
ates the effect of workplace decision-making agents (human HR vs. algorithmic
HR) on decision attitudes. This means people more readily accept anthropo-
morphized algorithmic HR compared to non-anthropomorphized algorithms.

1.4 Overview of Studies

Based on the above, this study conducted four sequential experiments to exam-
ine whether attitudes toward algorithmic HR decisions differ from those toward
human HR decisions in workplace contexts, and to explore psychological mecha-
nisms and boundary conditions. The fundamental hypothesis is that compared
to traditional human HR, people exhibit greater aversion toward algorithmic
HR decisions, specifically showing lower cognitive permissibility, emotional dis-
like, and behavioral unwillingness to reuse algorithms for similar decisions. This
effect is mediated by perceived transparency and moderated by anthropomor-
phism. Four scenario experiments tested these hypotheses across diverse HR
decisions: recruitment and hiring (Experiment 1), year-end bonus allocation
(Experiment 2), resume screening (Experiment 3), and performance appraisal
(Experiment 4), with nationally representative samples and university student
samples.

Specifically: Experiment 1 explored the main hypothesis—that people exhibit
aversive reactions to algorithmic HR decisions in the workplace. Experiment 2
investigated the underlying mechanism, testing perceived transparency’s medi-
ating role in the effect of decision agents on decision attitudes. Experiment 3
manipulated algorithmic decision transparency to further examine whether per-
ceived transparency causes aversion to algorithmic HR decisions. Experiment
4 explored boundary conditions, investigating anthropomorphism’s moderating
effect on decision agents’ influence on decision attitudes.

Experiment 1

Experiment 1 preliminarily examined whether attitudes toward algorithmic HR
decisions are more aversive than toward human HR decisions. Using a scenario
experiment, we randomly assigned participants to human or algorithm condi-
tions, where they read about decisions made by human HR or algorithmic HR
and reported decision permissibility, liking, and utilization willingness, compar-
ing attitudinal differences to verify workplace algorithm aversion.
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2.1.1 Participants

We first used G*Power 3.1 software (Faul et al., 2009) to calculate required
sample size. For independent samples t-tests with @ = 0.05 and medium effect
size (d = 0.5), at least 172 participants were needed for 90% statistical power.
To ensure sufficient data, we distributed 416 questionnaires via Wenjuanxing
platform at a university. After excluding 72 participants who failed attention
checks, 344 questionnaires remained (82.69% recovery rate). Excluding 41 who
failed manipulation checks yielded 303 valid participants (72.84% total recovery
rate), including 125 males (41.3%) and 178 females (58.7%), with mean age M
= 20.80 years, SD = 1.61 years. Participants were randomly assigned to human
(n = 163) or algorithm (n = 140) groups. All participants volunteered with
informed consent and received compensation after completing attention checks.

2.1.2 Design and Procedure

Experiment 1 used a single-factor, two-level between-subjects design with hu-
man and algorithm groups. All participants were randomly assigned to read
scenario materials about human HR or algorithmic HR making decisions.

The material read (with decision agent variations in bold): “In last year’s
autumn recruitment, Jiuri Group’s HR Director Wang Peng was responsible
for/Jiuri used the ‘330F’ recruitment algorithm to evaluate resumes from fresh
graduates. Throughout the recruitment process, Wang Peng’s team/the ‘330F’
algorithm independently completed, fully decided, and took responsibility for
recruitment outcomes. Wang Peng’s team is an industry veteran HR evaluation
team/The ‘330F’ recruitment algorithm is a new recruitment algorithm capable
of carefully reviewing applicants’ resumes and backgrounds, accurately predict-
ing future employees who will meet job requirements and fit corporate culture,
and identifying the most suitable candidates from massive applicant pools. Ac-
cording to reports, 50 fresh graduates participated in interviews, but after Wang
Peng’s team/the ‘330F’ algorithm’s decision, only 5 were hired (meeting Jiuri
Company’s required 10% acceptance rate). The list follows: Wang Shengyi,
Huang Jiaoxu, Chen Zhenjiang, Xie Wenxiang, Xu Hanyun. Wang Peng’s
team/the ‘330F” algorithm immediately uploaded and published the hiring list
on the recruitment website without further explanation (including evaluation
score rankings, detailed criteria, etc.).”

Adapted from Newman et al. (2020), materials differed only in decision agent
identity (human HR team led by Wang Peng vs. recruitment algorithm “330F”),
with no other changes. To ensure careful reading and comprehension, partici-
pants answered attention check questions after reading: human group partici-
pants answered, “Was Jiuri Group’s recruitment decision agent (the entity par-
ticipating in, leading, and executing decisions, the soul and core of the decision
system) the veteran HR Director Wang Peng and his team?” Algorithm group
participants answered, “Was Jiuri Group’s recruitment decision agent the new
recruitment algorithm ‘330F’?” Participants responded “yes” or “no”; those an-
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swering “no” failed the attention check.

After reading materials and completing attention checks, participants responded
to measures of decision permissibility, liking, and utilization willingness. Per-
missibility measurement adapted from Bigman and Gray (2018) included three
items (with algorithm condition items in parentheses): “Was Wang Peng’s (algo-
rithm ’330F’s) decision appropriate?” (1-5 scale, 1 = completely inappropriate,
5 = completely appropriate); “Should Wang Peng (algorithm ‘330F’) be allowed
to make these decisions?” (1-5 scale, 1 = should not be allowed at all, 5 = should
be completely allowed); “Should Wang Peng (algorithm ‘330F’) be prohibited
from making these decisions?” (1-5 scale, reverse-scored, 1 = should not be
prohibited at all, 5 = should be completely prohibited). Items used a 5-point
Likert scale; the third item was reverse-scored. Higher total scores indicated
greater permissibility. Cronbach’s o = 0.76 for permissibility in Experiment 1.

Participants also responded to two items measuring decision liking, adapted
from Jago (2019), using a 7-point Likert scale: “How much do you approve of
Wang Peng’s (algorithm ’330F’s) decision?” (1-7, 1 = completely disapprove, 7
= completely approve); “How much do you like Wang Peng’s (algorithm "330F’s)
decision?” (1-7, 1 = completely dislike, 7 = completely like). Higher scores
indicated greater liking. The correlation between the two items was r = 0.701,
p < 0.001.

Additionally, participants reported utilization willingness: “If you were a com-
pany leader, to what extent would you hire Wang Peng and his team (intelligent
algorithm 330F) to complete the above decision-making task?” Adapted from
Cadario et al. (2021), this used a 7-point Likert scale (1 = completely unlikely,
7 = extremely likely), with higher scores indicating stronger utilization willing-
ness.

Finally, participants reported demographic information (gender and age). Two
random attention check items (e.g., “Please select 1 for this question”) appeared
during questionnaire completion to screen for careless responding.

2.2 Results

Independent samples t-tests showed human group participants’ permissibility
ratings (M = 10.60, SD = 1.84) were significantly higher than algorithm group
ratings (M = 9.25, SD = 2.38), t(301) = 5.56, p < 0.001, Cohen’s d = 0.63.
Human group liking ratings (M = 7.89, SD = 2.10) were also significantly higher
than algorithm group ratings (M = 7.30, SD = 2.10), t(301) = 2.08, p = 0.038,
Cohen’s d = 0.24. For utilization willingness, human group ratings for human
HR (M = 4.04, SD = 1.42) were higher than algorithm group ratings for algo-
rithmic HR (M = 3.74, SD = 1.50), t(301) = 1.75, p = 0.081, Cohen’s d = 0.21,
a non-significant difference but p < 0.1 with a small effect size (Cohen, 1969).
Results appear in Figure 1 [Figure 1: see original paper].

A multivariate analysis of variance (MANOVA) with decision agent (human
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vs. algorithm) as the independent variable and permissibility, liking, and uti-
lization willingness as dependent variables showed a significant main effect of
decision agent, Wilks’ A\ = 0.896, F(3,299) = 11.615, p < 0.001, %p = 0.104.

2.3 Discussion

Experiment 1 preliminarily verified that algorithmic decisions in recruitment
are less permissible, less liked, and less likely to be reused compared to identical
human decisions, supporting workplace algorithm aversion. However, Experi-
ment 1 only covered one aspect of HR management—recruitment—and did not
further explore mechanisms behind algorithm aversion. Therefore, Experiment
2 used year-end bonus allocation to enhance robustness and further explore
perceived transparency’s mediating role.

Experiment 2

Building on Experiment 1, Experiment 2 enriched workplace HR decision con-
texts by examining year-end bonus allocation while further exploring perceived
transparency’s potential mediating role.

3.1.1 Participants

Using Monte Carlo simulations and referencing Experiment 1’s effect size (Co-
hen’s d = 0.63), with 90% statistical power and a narrow corridor of stability
width w = 0.1, the minimum required sample size was 150 (Schénbrodt & Perug-
ini, 2013). We recruited participants via Credamo platform, real-time excluding
those failing attention checks through rolling recruitment, ultimately obtaining
179 valid participants. Mean age was M = 30.85 years, SD = 7.09 years; 115
were female (64.2%) and 64 male (35.8%). Participants were randomly assigned
to human (n = 90) or algorithm (n = 89) groups. All participants read ex-
perimental instructions and provided informed consent; those passing attention
checks received compensation.

3.1.2 Design and Procedure

Like Experiment 1, Experiment 2 used a single-factor, two-level between-
subjects design. Participants first read materials about HR decision-makers
(human or algorithm) allocating year-end bonuses. Adapted from Newman et
al. (2020), materials differed only in decision agent identity and related wording
(differences marked in bold).

Human group read: “Xinyue Company just completed its year-end bonus distri-
bution. To determine each employee’s bonus amount, Xinyue Company relied
on its veteran HR manager Zhang Yun’s team, which considered various factors.
After Zhang Yun’s team conducted a series of deliberations, the specific bonus
distribution model was determined.”
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Algorithm group read: “Xinyue Company just completed its year-end bonus
distribution. To determine each employee’s bonus amount, Xinyue Company
relied on a reliable HR intelligent algorithm ‘RTC,” which considered various
factors. After the intelligent algorithm ‘RT'C’ conducted a series of calculations,
the specific bonus distribution model was determined.”

After reading, participants reported permissibility, liking, and utilization will-
ingness using the same measures as Experiment 1. Permissibility measurement
showed internal consistency reliability Cronbach’s o = 0.80; the two liking items
correlated significantly (r = 0.660, p < 0.001).

Next, we measured perceived transparency of the decision agent’s activity using
one item (adapted from Cadario et al., 2021): “To what extent do you under-
stand how Zhang Yun (algorithm ‘RTC’) made the above decision?” Rated on
a 7-point Likert scale (1 = completely cannot understand, 7 = completely can
understand), with higher scores indicating greater perceived transparency.

Finally, participants answered the same attention check questions as Exper-
iment 1, interspersed among measurement items for screening, and reported
demographic information (gender and age).

3.2 Results

3.2.1 Effects of Decision Agent on Permissibility, Liking, and Utiliza-
tion Willingness Independent samples t-tests revealed significant differences
between human and algorithm groups across all three measures. For permissi-
bility, human group ratings (M = 12.64, SD = 1.89) were significantly higher
than algorithm group ratings (M = 11.76, SD = 2.38), t(177) = 2.74, p = 0.007,
Cohen’s d = 0.41. For liking, human group ratings (M = 11.13, SD = 1.98)
were significantly higher than algorithm group ratings (M = 10.45, SD = 2.39),
t(177) = 2.09, p = 0.038, Cohen’s d = 0.31. For utilization willingness, human
group ratings (M = 5.89, SD = 0.88) were significantly higher than algorithm
group ratings (M = 5.27, SD = 1.36), t(177) = 3.62, p < 0.001, Cohen’s d =
0.54.

A MANOVA with decision agent (human vs. algorithm) as independent vari-
able, gender and age as covariates, and permissibility, liking, and utilization
willingness as dependent variables showed a significant main effect of decision
agent, Wilks” A = 0.925, F(3,175) = 4.730, p = 0.003, 2p = 0.075.

3.2.2 Mediating Effect of Perceived Transparency Independent samples
t-tests showed decision agent significantly affected perceived transparency, with
human group ratings (M = 5.44, SD = 1.15) significantly higher than algorithm
group ratings (M = 5.02, SD = 1.31), t(177) = 2.29, p = 0.023, Cohen’s d =
0.34. To further explore the psychological mechanism, we used Hayes’s (2013)
SPSS PROCESS macro (Model 4). With decision agent as independent variable
(human = 1, algorithm = 2), perceived transparency as mediator, and permis-
sibility, liking, and utilization willingness as separate dependent variables, we
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conducted mediation tests with 5,000 Bootstrap samples and bias-corrected 95%
confidence intervals.

Results showed (see table below) that for permissibility, the indirect effect of
perceived transparency was —0.50, 95% CI [-0.96, —0.08], excluding 0, indicat-
ing significant mediation. After controlling for the mediator, the direct effect
of decision agent on permissibility was —0.38, 95% CI [-0.85, 0.09], including 0,
indicating the direct effect became non-significant, confirming full mediation.
For liking, the indirect effect was —0.56, 95% CI [-1.09, —0.09], excluding O,
with direct effect —0.12, 95% CI [-0.55, 0.32], including 0, confirming full medi-
ation. For utilization willingness, the indirect effect was —0.25, 95% CI [-0.51,
—0.04], excluding 0, with direct effect —0.37, 95% CI [-0.63, —0.10], excluding 0,
indicating partial mediation.

Table 1 Bootstrap analysis and effect values for mediation significance testing
in Experiment 2

95% 95% 95% Direct
Dependent Indirect Indirect Indirect 95% Direct  Effect
Variable  Effect Effect LLCI  Effect ULCI  Effect LLCI ULCI
Permissibilit.50 -0.96 —0.08 —0.85 0.09
Liking —0.56 -1.09 -0.09 —-0.55 0.32
Utilization —0.25 -0.51 -0.04 -0.63 -0.10
Willing-
ness

To further verify mediation robustness, we also conducted traditional stepwise
regression analysis GEEBZ, 2004), with results shown in Figure 2 [Figure 2:
see original paper].

Figure 2 Mediating role of perceived transparency
Note: p < 0.05, p < 0.01, p < 0.001

3.3 Discussion

Consistent with Experiment 1, Experiment 2 replicated workplace algorithm
aversion—people prefer human decisions, finding algorithmic decisions less per-
missible, less likable, and less reusable, even when decision content is identical.
Moreover, we discovered perceived transparency’s mediating role: people avert
algorithmic HR decisions because they perceive them as more opaque and less
understandable. Experiments 1 and 2 robustly demonstrate workplace algo-
rithm aversion and provide initial exploration of perceived transparency’s medi-
ation. To deepen understanding of this mechanism, Experiment 3 manipulates
perceived transparency of algorithmic decisions, hypothesizing that higher per-
ceived transparency will increase permissibility, liking, and willingness to utilize
algorithmic HR. decisions.
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Experiment 3: Manipulating Perceived Transparency

Experiment 3 compared preferences for algorithmic decisions with different
transparency levels, focusing on resume screening—a critical HR function—to
enhance robustness and further discuss perceived transparency’s mediating role.

4.1.1 Participants

Using G*Power 3.1 software (Faul et al., 2009) for independent samples t-tests
with medium effect size d = 0.5, a = 0.05, at least 172 participants were needed
for 90% power. Via Credamo platform, we real-time excluded participants fail-
ing attention checks through rolling recruitment, ultimately obtaining 180 valid
participants. Mean age was 31.17 + 7.41 years; 115 were female (63.9%) and 65
male (36.1%). Participants were randomly assigned to low-transparency (n =
88) or high-transparency (n = 92) groups. All participants read experimental
instructions and provided informed consent; valid participants received compen-
sation.

4.1.2 Design and Procedure

This single-factor, two-level between-subjects design randomly assigned partic-
ipants to high- or low-transparency algorithm groups. Both groups first read
scenario materials about algorithmic resume screening adapted from Newman
et al. (2020).

Low-transparency group read: “In last year’s autumn recruitment, Bingquan
Company used an intelligent recruitment algorithm ‘TRA-N’ to evaluate grad-
uates’ resumes. The intelligent recruitment algorithm ‘TRA-N’ conducts intel-
ligent resume screening based on backpropagation neural networks. Bingquan
Company released a unified electronic resume template created by the intelli-
gent recruitment algorithm through its official website, requiring all applicants
to use this template. The entire resume evaluation process was independently
completed, fully decided, and responsibility-assumed by intelligent algorithm
‘TRA-N. Resume screening evaluation is fundamental and important for inter-
view work.”

High-transparency group read: “In last year’s autumn recruitment, Bingquan
Company used an intelligent recruitment algorithm ‘TRA-N’ to evaluate grad-
uates’ resumes. The intelligent recruitment algorithm ‘TRA-N’ conducts intel-
ligent resume screening based on backpropagation neural networks. Intelligent
algorithm ‘TRA-N’ divides applicants’ comprehensive qualities into five modules:
basic indicators (including education level, foreign language proficiency, awards,
etc.), personality traits (responsibility, confidence, tolerance, etc.), motivation
(achievement motivation, learning motivation, big-picture thinking, etc.), knowl-
edge and skills (disciplinary expertise, research achievements, etc.), and com-
petency (job experience, teamwork, innovation, tool utilization ability, etc.).
Bingquan Company released a unified electronic resume template created by
the intelligent recruitment algorithm through its official website, requiring all
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applicants to use this template. Intelligent recruitment algorithm ‘TRA-N’ has
undergone deep learning through big data BP neural networks, passed internal
testing, and is nearly mature, capable of independently and perfectly complet-
ing electronic resume screening. The entire resume evaluation process was in-
dependently completed, fully decided, and responsibility-assumed by intelligent
algorithm ‘TRA-N. Resume screening evaluation is fundamental and important
for interview work.”

Both groups read about algorithm ‘IRA-N’ facing the same task with equal
capabilities and unknown decision outcomes, but the high-transparency group
received detailed information about the algorithm’s decision criteria (marked
in bold). This manipulation operationalized transparency levels—high trans-
parency provided additional explanation of algorithmic decision processes and
computational capabilities.

Subsequently, participants completed the perceived transparency item from Ex-
periment 2 to verify manipulation success, followed by permissibility, liking, and
utilization willingness measures. In this experiment, permissibility showed inter-
nal consistency reliability Cronbach’s a = 0.896; the two liking items correlated
significantly (r = 0.854, p < 0.001).

Finally, all participants answered the same attention check questions as previous
experiments and reported demographic information (gender and age).

4.2 Results

Independent samples t-tests showed high-transparency group perceived trans-
parency scores (M = 5.68, SD = 1.19) were significantly higher than low-
transparency group scores (M = 4.84, SD = 1.68), t(178) = 3.90, p < 0.001,
Cohen’s d = 0.58, confirming successful manipulation.

Independent samples t-tests revealed high-transparency group permissibility rat-
ings (M = 12.25, SD = 2.53) were significantly higher than low-transparency
group ratings (M = 10.66, SD = 3.42), t(178) = 3.56, p < 0.001, Cohen’s d
= 0.53. High-transparency group liking ratings (M = 10.83, SD = 2.64) were
significantly higher than low-transparency group ratings (M = 9.05, SD = 3.10),
t(178) = 4.16, p < 0.001, Cohen’s d = 0.62. High-transparency group utilization
willingness ratings (M = 5.57, SD = 1.33) were significantly higher than low-
transparency group ratings (M = 4.68, SD = 1.66), t(178) = 3.94, p < 0.001,
Cohen’s d = 0.59. Results appear in Figure 3 [Figure 3: see original paper].

A MANOVA with transparency as independent variable, gender and age as
covariates, and permissibility, liking, and utilization willingness as dependent
variables showed a significant main effect of transparency, Wilks’ A = 0.907,
F(3,176) = 6.035, p = 0.001, 2p = 0.093.
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4.3 Discussion

Experiment 3 directly manipulated perceived transparency of algorithmic de-
cisions, finding that increasing perceived transparency significantly improved
permissibility, liking, and utilization willingness toward algorithmic decisions,
further validating perceived transparency’s mediating role in workplace algo-
rithm aversion. Since people avert algorithms because they perceive them as
black boxes, does anthropomorphizing algorithms—making non-human algo-
rithms more human-like—moderate this aversion? To address this and explore
boundary conditions, Experiment 4 tested anthropomorphism’s potential mod-
erating effect.

Experiment 4: The Moderating Role of Algorithm Anthro-
pomorphism

To examine boundary conditions for workplace algorithm aversion demonstrated
in previous experiments, Experiment 4 investigated anthropomorphism’s moder-
ating effect. Additionally, focusing on performance appraisal enriched the scope
of HR work covered.

5.1.1 Participants

For Experiment 4’s single-factor, three-level between-subjects design, G*Power
3.1 software (Faul et al., 2009) calculated a minimum required sample of 207 par-
ticipants for 90% power at a = 0.05 with medium effect size (f = 0.25). To ensure
robust data, we recruited participants via Credamo and PowerCX platforms,
randomly assigning them to non-anthropomorphic algorithm, anthropomorphic
algorithm, or human groups. Platforms real-time excluded participants failing
attention checks, leaving 549 valid participants (327 female, 59.6%). Mean age
was M = 31.4 years, SD = 7.88 years. The non-anthropomorphic algorithm
group had 181 participants, the anthropomorphic algorithm group had 185,
and the human group had 183. All participants read experimental instructions
and provided informed consent; valid participants received compensation.

5.1.2 Design and Procedure

Experiment 4 used a single-factor, three-level between-subjects design with hu-
man, anthropomorphic algorithm, and non-anthropomorphic algorithm groups.
Participants first read scenario materials about different decision agents con-
ducting performance appraisals.

Human group read: “Hello, I am Huang Fei, HR manager of Chuhe Group. I
am responsible for this employee performance appraisal. I will evaluate each em-
ployee’s performance data and assess employees’ 5-minute self-statement videos.
After evaluating performance data and videos, I will make final decisions on this
year’s employee performance appraisals, independently completing and fully as-
suming responsibility. These results may affect employees’ salaries, bonuses,
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promotion eligibility, and in some cases, termination.”

Anthropomorphic algorithm group read: “Hi there! I’'m Archie, your intelligent
HR assistant. I'm responsible for this employee performance appraisal. T will
evaluate each employee’s performance data and assess employees’ 5-minute self-
statement videos. After evaluating performance data and videos, I will make
final decisions on this year’s employee performance appraisals, independently
completing and fully assuming responsibility. These results may affect employ-
ees’ salaries, bonuses, promotion eligibility, and in some cases, termination.”

Non-anthropomorphic algorithm group read: “‘HRA’ is a new HR intelligent
algorithm. This employee performance appraisal is conducted by algorithm
‘HRA. Algorithm ‘HRA’ will evaluate each employee’s performance data and
assess employees’ 5-minute self-statement videos. After evaluating performance
data and videos, HR intelligent algorithm ‘HRA’ will make final decisions on
this year’s employee performance appraisals, independently completing and fully
assuming responsibility. These results may affect employees’ salaries, bonuses,
promotion eligibility, and in some cases, termination.”

As an anthropomorphism manipulation, the anthropomorphic and non-
anthropomorphic algorithm groups differed in narrative perspective: the
anthropomorphic group used first-person subjective statements, while the
non-anthropomorphic group used third-person objective statements. This
manipulation referenced established paradigms (Hur et al., 2015; May &
Monga, 2014) where giving non-human agents a human name and first-person
description effectively increases anthropomorphism. Otherwise, algorithm
descriptions were identical. To verify manipulation effectiveness, anthropo-
morphic and non-anthropomorphic algorithm group participants rated the
algorithm’s anthropomorphism level before other questions: “To what extent
does HR intelligent assistant ‘Archie’/intelligent algorithm ‘HRA’ remind you
of human characteristics?” (7-point Likert scale, 1 = not at all, 7 = very
much), adapted from Hur et al. (2015).

After reading materials and completing manipulation checks, all three groups
reported permissibility, liking, and utilization willingness toward the decision
agent’s decisions using the same measures as previous experiments.

Finally, participants answered attention check questions as in previous experi-
ments and reported demographic information: gender, age, algorithm familiarity
(“How familiar are you with AI algorithms?” 1 = completely unfamiliar, 7 =
very familiar), and algorithm knowledge (“How much do you know about AI
algorithms?” 1 = know nothing, 7 = know very much), both adapted from Leo
and Huh (2020).

5.2 Results

Independent samples t-tests showed anthropomorphic algorithm anthropo-
morphism ratings (M = 5.46, SD = 1.23) were significantly higher than
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non-anthropomorphic algorithm ratings (M = 4.87, SD = 1.45), t(364) =
—4.32, p < 0.001, Cohen’s d = 0.44, confirming successful anthropomorphism
manipulation.

One-way ANOVA on permissibility revealed a significant main effect of decision
agent, F(2,546) = 3.15, p = 0.044, ?p = 0.11. ANOVA on liking showed a
non-significant main effect, F(2,546) = 2.39, p = 0.093, 2p = 0.09. ANOVA
on utilization willingness also showed a non-significant main effect, F(2,546) =
0.40, p = 0.668.

Planned contrast analyses showed that for permissibility, human group scores
(M = 10.54, SD = 2.81, p = 0.021, Cohen’s d = 0.25) were significantly higher
than non-anthropomorphic algorithm scores (M = 9.81, SD = 3.11), while an-
thropomorphic algorithm scores (M = 10.42, SD = 2.94) were numerically higher
than non-anthropomorphic algorithm scores (M = 9.81, SD = 3.11, p = 0.055,
Cohen’s d = 0.20), a non-significant difference but approaching statistical sig-
nificance with a small effect size (Cohen, 1969). Human and anthropomorphic
algorithm groups did not differ, p = 0.705. For liking, human group scores (M
= 9.13, SD = 3.16) were higher than non-anthropomorphic algorithm scores (M
= 8.68, SD = 3.43) but not statistically significant, p = 0.192, showing no sta-
tistically meaningful algorithm aversion. However, anthropomorphic algorithm
scores (M = 9.40, SD = 2.94, p = 0.032, Cohen’s d = 0.23) were significantly
higher than non-anthropomorphic algorithm scores (M = 8.68, SD = 3.43), in-
dicating anthropomorphism effectively increased liking of algorithmic decisions.
Results appear in Figure 4 [Figure 4: see original paper].

A MANOVA with decision agent (human vs. anthropomorphic algorithm
vs. non-anthropomorphic algorithm) as independent variable, algorithm famil-
iarity and knowledge as covariates, and permissibility, liking, and utilization
willingness as dependent variables showed a significant main effect of decision
agent, Wilks’ A = 0.965, F(6,1084) = 3.251, p = 0.004, ?p = 0.018.

With algorithm familiarity and knowledge as covariates, ANOVA on permis-
sibility showed significant effects of familiarity, F(1,544) = 4.16, p = 0.042,
2p = 0.008, and knowledge, F(1,544) = 5.64, p = 0.018, 2p = 0.010, but a
non-significant group effect that approached significance with small effect size,
F(2,544) = 2.98, p = 0.052, 2p = 0.011. With the same covariates, ANOVA
on liking showed significant effects of familiarity, F(1,544) = 9.45, p = 0.002,
2p = 0.017, and knowledge, F(1,544) = 9.67, p = 0.002, 2p = 0.017, with
group effects also approaching significance, F(2,544) = 2.62, p = 0.074, %p =
0.01. Thus, prior familiarity and knowledge about algorithms strongly influence
attitudes toward algorithmic management, consistent with previous research
(Treland, 2020; Komatsu, 2016). This suggests that greater familiarity and un-
derstanding lead to greater acceptance of algorithmic workplace decisions and
more legitimacy granted to algorithmic decision-making. In other words, im-
proving public algorithm awareness and literacy may help reduce aversion.

In summary, algorithm anthropomorphism shows some moderating effect on
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decision agent influences on permissibility and liking. Specifically, anthropo-
morphizing algorithms significantly increased liking of algorithmic decisions,
expressing less algorithm aversion. However, anthropomorphism did not effec-
tively increase utilization willingness toward algorithmic decision-makers.

General Discussion

This study explored whether attitudes differ toward human versus algorith-
mic decision-makers in workplace applications and examined underlying mech-
anisms and boundary conditions. Through four sequential experiments, we
found that algorithmic decision-makers elicit harsher evaluations than human
decision-makers because algorithmic decisions (vs. human decisions) are per-
ceived as more opaque, with this difference moderated by anthropomorphism.
Specifically, by presenting participants with identical HR decisions made by
humans or algorithms and measuring their attitudes, we found people found
algorithmic decisions less permissible, less likable, and less reusable, showing
rejection across cognitive, emotional, and behavioral dimensions with consid-
erable robustness (Experiments 1-4). By measuring perceived decision trans-
parency (Experiment 2) and manipulating algorithmic decision explainability
(Experiment 3), we further identified perceived transparency as the psycho-
logical mechanism causing different attitudes toward decision agents (human
vs. algorithm)—algorithmic decisions are perceived as more opaque and less
understandable, causing avoidance. By manipulating algorithm anthropomor-
phism levels (Experiment 4), we found decision agent effects on attitudes were
moderated by anthropomorphism—when algorithms were highly anthropomor-
phized, attitudes became more favorable. This suggests anthropomorphic al-
gorithms are an effective pathway to reduce workplace algorithm aversion. In
analyzing control variables, we found individual differences in algorithm famil-
iarity and knowledge positively predicted positive attitudes toward algorithmic
management, suggesting that improving public algorithm literacy may also fa-
cilitate intelligent management adoption.

The study examined diverse workplace application scenarios: recruitment and
hiring (Experiment 1), bonus allocation (Experiment 2), resume screening (Ex-
periment 3), and performance appraisal (Experiment 4), with samples includ-
ing nationally representative participants (Experiments 2—4) and university stu-
dents (Experiment 1). This diversity in scenarios and samples ensures robust
findings.

6.1 Rejected Algorithmic Management

As Industry 4.0 advances, algorithmic systems empowered by information tech-
nology increasingly penetrate all aspects of social life, revolutionizing human-
machine relationships from “user-tool” master-slave paradigms to more equal
“partner” paradigms, and now emerging “subordinate-leader” relationships that
fundamentally transform understanding of human-machine relations (Wesche &
Sonderegger, 2019). The classic Computers as Social Actors (CASA) paradigm
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posits that people treat computers and advanced IT as independent social en-
tities, interacting according to human social rules rather than viewing them
as rigid programmed presentations (Nass et al., 1994). The derived “comput-
ers as leaders” paradigm emphasizes that automated algorithms will become
middle-level managers, responsible for upward and downward communication
between senior management and frontline employees (Wesche & Sonderegger,
2019). In this context, research on attitudes toward algorithmic management
is highly beneficial. This study found relatively stable rejection and aversion
toward algorithm use in workplace decisions, consistent with previous findings
that both general public and managers feel uneasy about autonomous algo-
rithmic decisions (Acikgoz et al., 2020; Diab et al., 2011; Fischer & Peterson,
2018; Haesevoets et al., 2021; Ngrskov et al., 2020). We found that even when
humans and algorithms make identical HR decisions, people still resist algorith-
mic management more. This conclusion provides new evidence for workplace
algorithm aversion and reminds researchers and managers to reconsider relation-
ships between algorithmic leaders and humans, contemplating how to smooth
the psychological transition of algorithmic management for ordinary employees
and how to truly accept algorithmic HR as an independent organizational entity.

Notably, this study constructed a “three-dimension, two-perspective” depen-
dent variable model to measure workplace algorithm aversion, expanding on
previous research’s narrow operationalizations. Past studies typically measured
single response indicators like trust (Hoff & Bashir, 2015) or purchase inten-
tion (Wien & Peluso, 2021). However, this is insufficient, as attitudes can
show cognition-behavior inconsistency—people may recognize algorithmic supe-
riority while rejecting recommendation systems (Yeomans et al., 2019). Inte-
grating understanding of human psychology, we argue algorithm aversion must
be understood across cognitive, emotional, and behavioral (intention) dimen-
sions (referencing the ABC theory of attitudes, Breckler, 1984). Therefore,
we selected permissibility, liking, and utilization willingness to represent these
dimensions. Permissibility reflects cognitive legitimacy judgments about deci-
sion agents’ capability, rights, and qualifications to make decisions. Liking is
a positive emotional response and intuitive judgment about external objects
(Bartneck et al., 2009), reflecting emotional tendencies. Utilization willingness
examines behavioral intentions from a hypothetical manager perspective. Addi-
tionally, our dependent variables captured both “employee-employer” workplace
perspectives (Cummins, 1998; Gigerenzer & Hug, 1992). Permissibility and lik-
ing reflect employee perspectives on algorithms, while utilization willingness
asks participants to imagine themselves as company leaders. This perspective
difference may explain why algorithm aversion in utilization willingness was not
replicated in Experiments 1 and 4, possibly because the predominantly young
student sample lacked experience as company leaders or even interactions with
them, making it difficult to imagine this role’s choice tendencies.

Admittedly, our conclusions demonstrate pervasive workplace algorithm aver-
sion, but this does not mean enterprises should abandon digital transformation.
Originally designed to enhance employee welfare and organizational performance
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(Benlian et al., 2022), algorithmic technology unfortunately became a super
tool that enslaves rather than liberates due to its opaque nature, ultimately
inviting suspicion and rejection (Jussupow et al., 2020). However, this does
not justify abandoning progress. In optimizing algorithmic management, re-
searchers and managers must consider not only how to design more acceptable,
achievement-enhancing algorithmic decision systems (Simth & Shum, 2018) but
also how human-machine and human-human relationships change under algo-
rithmic management. In essence, this research sounds an alarm: facing algorith-
mic technology that drives management innovation, we must correctly examine
its double-edged nature, maximize strengths while minimizing weaknesses, and
unleash its full potential.

6.2 Paths to Intelligent Management

From a practical standpoint, this study explores key factors for accepting al-
gorithmic management to promote automated, intelligent HR decision-making.
Based on four sub-experiments, we propose three viable paths to intelligent
management.

First, enhance algorithmic decision transparency and develop Ex-
plainable Artificial Intelligence. Experiment 2 found that attitudinal dif-
ferences toward human versus algorithmic decision agents stem from perceiving
algorithmic decisions as more opaque and less understandable. Experiment 3
showed that opening the “black box” and improving explainability effectively
ameliorates negative attitudes. In summary, transparency mediates algorithm
aversion, suggesting a feasible approach to enhancing intelligent management
effectiveness. Generally, algorithmic transparency involves two aspects: (1)
the algorithm as decision agent presenting its decision processes and rationales,
making unknowable processes knowable, and (2) showing observers the under-
lying operational rules and logic (Confalonieri et al., 2021; Leichtmann et al.,
2023). Therefore, enhancing transparency requires developing Explainable Ar-
tificial Intelligence (XAI) that enables users to understand why AI algorithms
make decisions, transforming the opaque “black box” into a transparent “glass
box” (Rai, 2019).

Second, design anthropomorphic management algorithms. Experiment
4 found that superficial anthropomorphic manipulation—giving algorithms
names and human-like expression styles—effectively improved aversion at-
titudes. Compared to mechanical-named, third-person algorithms, people
more readily permit and like anthropomorphic algorithms with human names
and first-person communication styles for performance appraisals.  This
aligns with previous research on anthropomorphism’s positive effects (Han,
2021; Natarajan & Gombolay, 2020; Yuan & Dennis, 2019). Based on these
findings, we advocate that algorithm management system designers adopt
anthropomorphic forms to “warm up” cold algorithms and increase acceptance
for decision-making roles.
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Third, improve public algorithm literacy. Experiment 4 found that con-
trol variables measuring algorithm familiarity and knowledge positively influ-
enced dependent variables—more familiar and knowledgeable participants held
more positive attitudes toward algorithmic management. This can be explained
by the mere exposure effect: repeated exposure to information increases liking
(Zajonc, 1968). This suggests that improving public acceptance of algorith-
mic management may be achieved by enhancing familiarity and understanding.
More broadly, this requires improving algorithmic literacy—users’ awareness,
knowledge, imagination, strategies, and skills surrounding algorithms (Swart,
2021). Living in an automated, information-based, intelligent society, people
need enhanced knowledge to cope with ubiquitous algorithms. Managers should
also cultivate employees’ algorithm awareness and algorithm identity (i.e., IT
identity, Craig et al., 2019) to better promote intelligent modern management.

6.3 Limitations and Future Directions

This study has several limitations. First, although dependent variables covered
cognitive, emotional, and behavioral dimensions from both manager-employee
perspectives, each dimension was represented by only one indicator. Many other
important factors remain for future measurement: trust (Logg et al., 2019), fair-
ness perceptions (Schoeffer et al., 2022), creepiness (Mende et al., 2019), moral
blame (Malle et al., 2016), punitive behavior (Lokhorst & van den Hoven, 2011),
etc. Additionally, utilization willingness only represents self-reported behavioral
intentions to reuse the decision agent, lacking objective, accurate measurement
and ecological validity. People may suffer from saying-doing inconsistency, re-
acting differently in real management scenarios than in experimental contexts.
Future research should test these effects in real organizational settings, using
field observations to record authentic reactions to different manager types (hu-
man vs. various algorithmic forms).

Second, this study only demonstrated the effectiveness of the most superficial
anthropomorphism method—giving algorithms human names and anthropomor-
phic language (e.g., first-person perspective). This is because linguistic expres-
sion and name usage are the simplest anthropomorphism methods in practical
applications (e.g., Apple’s Siri and Xiaomi’s Xiao Ai are already widely used)
and most readily generalizable. Deeper anthropomorphism through appearance
and movement has more complex effects on attitudes, potentially causing coun-
terproductive interference like uncanny valley effects (Laakasuo et al., 2021;
Mori, 1970; Mori et al., 2012) or identity threat (Yogeeswaran et al., 2016;
Zlotowski et al., 2017). Future research should more thoroughly examine how
different types and degrees of anthropomorphism affect workplace algorithm
attitudes.

Finally, other mechanisms and boundary conditions may explain workplace al-
gorithm aversion. While we focused on perceived transparency’s mediating role,
human cognition is complex and multidimensional; other factors may also me-
diate. For example, reduced free will (#FT#iZ, 2022), lower mind perception
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(Bigman & Gray, 2018), and uniqueness threat (Ferrari et al., 2016) are potential
causes. Future research should more carefully examine these variables, compare
their influences comprehensively, and more thoroughly understand the complex
mechanisms underlying differential reactions to algorithms versus humans. Simi-
larly, anthropomorphism is not the only boundary condition affecting algorithm
acceptance. Explorations of machine acceptance and efforts to reduce algorithm
aversion can be understood from three aspects: human traits, machine proper-
ties, and human-machine interaction patterns (#¥misR, M3, 2020). Therefore,
algorithm user individual differences, different psychological perceptions caused
by algorithms and their embodiments (e.g., warmth/competence, Fiske et al.,
2002), and human-algorithm collaboration weighting modes may all potentially
influence algorithm management acceptance, awaiting future research.

Conclusion

This study yields three main conclusions: First, across various workplace ap-
plication scenarios, people show lower permissibility, liking, and utilization of
algorithmic versus human decisions, demonstrating stable algorithm aversion.
Second, the underlying psychological mechanism is that algorithmic (vs. hu-
man) decisions are perceived as less understandable and more opaque. Third,
the more anthropomorphic the algorithm, the weaker the algorithm aversion.
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