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Abstract

Negative performance feedback is crucial for employee learning and performance
improvement, yet it is often difficult for employees to accept. As artificial intelli-
gence (AI) technology becomes increasingly prevalent in organizational contexts,
investigating the effects of Al-delivered negative performance feedback on em-
ployee behavior and attitudes has emerged as an important research topic. This
study employs four progressive experiments to explore the differential effects and
underlying mechanisms of Al versus human managers providing negative perfor-
mance feedback on individuals’ performance improvement motivation. Experi-
ments 1-3 utilize the classic false feedback paradigm, revealing that compared
to human managers, Al-provided negative performance feedback elicits higher
levels of performance improvement motivation in individuals (Experiment 1).
Moreover, in objective tasks, Al (relative to human managers) delivering neg-
ative performance feedback triggers higher levels of performance improvement
motivation, whereas the opposite effect is observed in subjective tasks (Experi-
ment 2). Additionally, individuals’ internal attribution of negative performance
feedback explains the underlying mechanism of these relationships (Experiment
3). Experiment 4 adopts a relatively authentic negative performance feedback
scenario, replicating the findings from the previous three experiments. This re-
search provides insights into why and when organizations should employ Al to
deliver negative performance feedback.
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Abstract

Negative performance feedback is crucial for employee learning and performance
improvement, yet it is often poorly received by employees. As artificial intelli-
gence (AI) technology becomes increasingly applied in organizational contexts,
exploring the impact of Al-delivered negative performance feedback on employee
behavior and attitudes has emerged as an important research topic. This study
employed four sequential experiments to investigate the differential effects and
underlying mechanisms of AI versus human managers delivering negative per-
formance feedback on individuals’ motivation to improve performance. Experi-
ments 1-3 adopted the classic false feedback paradigm and found that, compared
to human managers, Al-delivered negative performance feedback elicited higher
levels of performance improvement motivation (Experiment 1). Moreover, in ob-
jective tasks, Al (relative to human managers) delivering negative performance
feedback generated higher performance improvement motivation, whereas the
opposite pattern emerged in subjective tasks (Experiment 2). Furthermore, in-
dividuals’ internal attribution for negative performance feedback explained the
underlying mechanism of these relationships (Experiment 3). Experiment 4
utilized a relatively realistic negative performance feedback scenario and repli-
cated the findings from the previous three experiments. This research provides
insights into why and when organizations should apply Al to deliver negative
performance feedback.

Keywords: negative performance feedback, artificial intelligence, performance
improvement motivation, internal attribution, task type

Negative performance feedback refers to the criticism and negative evaluation
that organizations provide to employees who fail to meet performance expecta-
tions (Cianci et al., 2010). Typically, managers provide negative performance
feedback with the intention of guiding and motivating employee performance
(Podsakoff & Farh, 1989; Lam et al., 2011). However, negative performance
feedback often triggers negative emotions such as anxiety and sadness, which
subsequently reduce employee performance (Kitz et al., 2023; Audia & Locke,
2003). Additionally, because it involves interpersonal communication, negative

chinarxiv.org/items/chinaxiv-202410.00135 Machine Translation


https://chinarxiv.org/items/chinaxiv-202410.00135

ChinaRxiv [$X]

performance feedback can damage the quality of manager-employee relation-
ships (Ni & Zheng, 2024). Particularly in Chinese culture, where communica-
tion styles tend to be more indirect, managers’ negative performance feedback
can cause employees to feel guilty and embarrassed, thereby undermining work
motivation (Geng et al., 2020). A 2019 Gallup survey also revealed that after
experiencing negative emotions (disappointment, frustration) from managers’
negative performance feedback, only 10.4% of employees would continue to ex-
ert effort or improve their performance levels. Overall, traditional approaches
to delivering negative performance feedback through human managers face sig-
nificant challenges (Kluger & DeNisi, 1996; Xing et al., 2023).

With the development of digital intelligence technologies, using Al to deliver neg-
ative performance feedback presents new opportunities for organizations (Lee,
2018; Luo et al., 2021). For example, an algorithm named Enaible monitors
employee work behaviors through remote surveillance, diagnoses the reasons for
poor performance, and provides suggestions for performance improvement. Ad-
ditionally, AI evaluation software such as Butterfly can meticulously collect em-
ployee behavioral data to help employees improve their performance in a timely
manner (Tong et al., 2021). What potential advantages might AT have over hu-
man managers when delivering negative performance feedback? Research has
found that AI possesses powerful data integration and analytical capabilities
and exhibits fewer subjective intentions (Lee, 2018; Garvey et al., 2023). There-
fore, compared to human managers, Al-delivered negative performance feedback
is more likely to be “task-focused rather than person-focused” (Yalcin et al.,
2022), thereby weakening the attribution bias that employees typically exhibit
in traditional interpersonal interactions (e.g., attributing negative performance
feedback to managerial prejudice) (Xing et al., 2023) and enabling employees to
focus more on their own shortcomings and enhance their motivation to improve
performance.

Although existing literature has preliminarily indicated that Al and human man-
agers may exhibit different characteristics when providing performance feedback
(Garvey et al., 2023; Yalcin et al., 2022) and that employees produce differential
reactions when interacting with Al or humans (Tong et al., 2021), few studies
have examined employees’ attribution processes and subsequent reactions in
the context of human versus Al negative performance feedback. Therefore,
the objectives of this study include: First, based on human-Al comparative re-
search, this study aims to explore the differential effects of human-Al negative
performance feedback (i.e., negative performance feedback delivered by human
managers or AI). Second, current research on algorithm attitudes suggests that
human appreciation or aversion toward AI depends on task type (Castelo et
al., 2019). For instance, in objective tasks, individuals are more willing to ac-
cept Al feedback than human feedback due to its greater accuracy. Therefore,
this study aims to explore the boundary effect of task type (subjective vs. ob-
jective) in human-AlI negative performance feedback. Finally, employees make
internal or external attributions for negative performance feedback, which de-
termines whether they will improve their performance (Ilgen et al., 1979; Tolli
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& Schmidt, 2008). Based on this, the study adopts an attribution theory per-
spective to investigate the mechanisms underlying the differential outcomes of
human versus Al negative performance feedback.

1.1 The Impact of Human-AI Negative Performance Feedback on In-
dividual Performance Improvement Motivation

In traditional interpersonal contexts, the negative effects of negative perfor-
mance feedback on employees have been extensively examined, including re-
duced learning motivation (Xing et al., 2023), diminished self-efficacy (Dimo-
takis et al., 2017), lower goal setting and performance improvement (Podsakoff
& Farh, 1989), and hindered creativity (Kim & Kim, 2020). These negative
effects can be explained through three primary pathways: interpersonal destruc-
tiveness, negative emotions, and self-defense mechanisms. First, employees may
perceive negative performance feedback as managerial hostility, leading to de-
creased willingness to learn and improve (Ni & Zheng, 2024; Cianci et al., 2010).
Second, under the influence of negative emotional states such as frustration and
shame, employees become demoralized and pay less attention to performance
enhancement (Belschak & Den Hartog, 2009; Kim & Kim, 2020). Finally, driven
by self-defense mechanisms, negative performance feedback reduces employees’
internal attribution, resulting in lower performance levels (Xing et al., 2023).

The characteristics of feedback provided by humans and Al differ substantially.
Because human managers rely on subjective experience and intuition, their feed-
back tends to incorporate personal opinions or biases (Qin et al., 2023; Jiang
et al., 2022), subsequently triggering negative emotions and defensive reactions
among employees (Ni & Zheng, 2024). In contrast, as a feedback provider,
AT is less prone to cognitive fatigue and emotional %3#%, and its powerful data
analysis and predictive capabilities render Al feedback more objective and com-
prehensive, while also being less likely to be perceived as malicious or biased
(Qin et al., 2023; Xu et al., 2022). Notably, the characteristic differences be-
tween human and Al feedback become more pronounced in negative contexts.
For instance, when facing negative information delivered by Al, AT’s objectivity
reduces individuals’ perception of intentional harm and increases acceptance of
the information provided (Garvey et al., 2023). Conversely, constrained by sub-
jective biases, humans’ negative decisions tend to incorporate personal opinions
or subjective judgments, thereby reducing acceptance (Tong et al., 2021). Addi-
tionally, in negative events, individuals are more likely to accept decisions from
AT than from humans. For example, when confronted with unfair product pric-
ing, consumers believe that Al’s decisions are generated based on large amounts
of objective data, leading to higher levels of trust, whereas human salespeople’s
decisions may suffer from subjective limitations, triggering stronger intentional
evaluations (Song & He, 2020). Furthermore, when individuals are monitored,
algorithmic monitoring is perceived as having lower subjective judgment and
will compared to human monitoring, making it more acceptable (Raveendhran
& Fast, 2021). Based on the above analysis, we propose:
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Hypothesis 1: Compared to human managers, Al-delivered negative perfor-
mance feedback elicits higher levels of employee motivation to improve perfor-
mance.

1.2 Task Type as a Boundary Condition

In organizations, tasks related to performance can typically be categorized as
subjective or objective (Van Dijk & Kluger, 2011). The former involves open-
ended or interpretive tasks based on personal opinions or intuition (such as
handling interpersonal relationships and communication), whereas the latter
comprises quantifiable, fact-based tasks (such as performance analysis and sales
forecasting) (Castelo et al., 2019). Task type is a critical factor influencing
individuals’ preference for human or AI decision-making. For example, com-
pared to humans, users perceive algorithm-based purchase recommendations
derived from objective sales data as more fair and reasonable, making them
more willing to accept advice from AI (Helberger et al., 2020). Additionally,
subjective tasks rely on interpersonal interaction abilities and require process-
ing through intuition, experience, and tacit knowledge (Castelo et al., 2019),
where humans possess greater advantages than Al in terms of social and subjec-
tive attributes. Therefore, compared to Al individuals trust human managers’
negative performance feedback more in subjective tasks (Newman et al., 2020),
thereby generating higher levels of performance improvement motivation. Con-
versely, objective tasks are characterized by quantifiability (Castelo et al., 2019),
which allows AI’s negative performance feedback to fully leverage its objective
attributes supported by powerful computational capabilities (Logg et al., 2019;
Tong et al., 2021), making employees more receptive to the feedback and en-
hancing their motivation to improve performance. Based on this analysis, we
propose:

Hypothesis 2: Human-Al negative performance feedback and task type in-
teractively influence employees’ performance improvement motivation. Specif-
ically, in objective tasks, Al (relative to human managers) delivering negative
performance feedback elicits higher levels of employee motivation to improve
performance; in subjective tasks, human managers (relative to Al) delivering
negative performance feedback elicits higher levels of employee motivation to
improve performance.

1.3 The Mediating Role of Internal and External Attribution

Attribution theory (Heider, 1958) distinguishes individuals’ attribution styles
through the locus of causality perspective, categorizing them as internal or ex-
ternal attribution. Internal attribution emphasizes that individuals tend to
seek causes within themselves and believe that current outcomes are related to
personal factors (such as ability or personality traits). Conversely, external at-
tribution suggests that individuals’ behaviors or outcomes are associated with
external factors such as the environment or luck.
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When facing negative performance feedback, individuals identify the intentions
of the feedback provider to choose between internal or external attribution (Au-
dia & Locke, 2003). Specifically, when perceiving negative performance feed-
back as stemming from managerial malice (e.g., suppression, harm), individuals
tend to make external attributions. Conversely, when negative performance
feedback conveys managers’ intentions to help employees improve performance,
individuals make more internal attributions (Xing et al., 2023; Ni & Zheng,
2024). Because Al's decisions rely on objective data, Al possesses fewer sub-
jective intentions (Garvey et al., 2023). Therefore, compared to humans, Al’s
decisions in negative contexts exhibit lower intentionality and harmfulness and
are more easily accepted. For example, compared to human discrimination, in-
dividuals perceive algorithmic discrimination as having lower free will and thus
exhibit less desire for moral punishment (Xu et al., 2022). Similarly, when
facing higher-than-expected prices, individuals perceive Al (relative to human)
pricing as having lower subjective intentions and are more willing to accept it
(Garvey et al., 2023).

In summary, compared to human managers, Al’s characteristics of being based
on objective data and existing facts make negative performance feedback more
objective and contain fewer subjective intentions (Tong et al., 2021), thereby
enhancing employees’ internal attribution (Yalcin et al., 2023). Furthermore,
research has found that experiencing negative events such as setbacks can en-
hance individuals’ achievement motivation. Particularly after making internal
attributions for negative performance feedback, employees will refine their be-
havioral performance to achieve higher performance levels and maintain self-
esteem (Weiner, 1985). Conversely, when employees attribute performance
feedback results to external factors beyond their control, they may experience
helplessness and reduced motivation to improve performance (Harvey et al.,
2014). Accordingly, this study proposes that when employees attribute nega-
tive feedback to internal factors (i.e., internal attribution) rather than external
situational factors (i.e., external attribution), their motivation to improve per-
formance increases. Therefore, we propose:

Hypothesis 3: Internal and external attributions mediate the effect of human-
AT negative performance feedback on performance improvement motivation.
Specifically, compared to human managers, employees exhibit higher levels of
internal attribution and lower levels of external attribution for Al-delivered neg-
ative performance feedback, which in turn generates higher levels of performance
improvement motivation.

Finally, due to the quantifiable nature of objective tasks, Al’s stronger data inte-
gration and analytical capabilities compared to human managers make it easier
to gain individuals’ trust, thereby triggering employees’ internal attribution
(and reducing external attribution) and enhancing performance improvement
motivation. Conversely, in subjective tasks, human managers’ interpersonal
communication experience and interaction abilities enable them to better assess
employee performance. Therefore, in subjective tasks, human managers (relative
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to AI) delivering negative performance feedback elicits higher levels of internal
attribution (and lower external attribution), thereby strengthening individuals’
performance improvement motivation (Castelo et al., 2019). In summary, we
propose:

Hypothesis 4: Internal and external attributions mediate the interactive ef-
fect of human-Al negative performance feedback and task type on performance
improvement motivation. Specifically, in objective tasks, compared to human
managers, employees exhibit higher levels of internal attribution and lower levels
of external attribution for Al-delivered negative performance feedback, which
in turn generates higher levels of performance improvement motivation; in sub-
jective tasks, compared to Al, individuals exhibit higher levels of internal at-
tribution and lower levels of external attribution for human manager-delivered
negative performance feedback, which in turn generates higher levels of perfor-
mance improvement motivation.

1.4 Research Overview

This study focuses on the primary question of whether negative performance
feedback delivered by AI or human managers influences employees’ differential
performance improvement motivation. It also examines whether task type serves
as a boundary condition in this process and the mediating role of internal and ex-
ternal attributions. This study tested these hypotheses through four sequential
experiments. Specifically, to achieve better control over the content of negative
performance feedback, Experiments 1-3 employed a false feedback strategy (i.e.,
participants received identical feedback content). Experiment 1 was conducted
on the Credemo platform to test Hypothesis 1, examining whether Al-delivered
negative performance feedback leads to higher employee motivation to improve
performance compared to human managers. Building on Experiment 1’s test
of the main effect, Experiment 2 adopted a sampling strategy that recruited
employees from various industries and positions through a survey platform (i.e.,
posting experimental information and requirements on the platform to recruit
willing employee participants) to test Hypothesis 2 and further explore the mod-
erating effect of task type. Additionally, Experiment 3 used a more realistic
performance feedback format—work emails—to provide feedback information
and further test the mediating effects of internal and external attributions (Hy-
potheses 3 and 4). Finally, to further enhance feedback quality and increase
its relative authenticity, Experiment 4 provided participants with more realistic
negative performance feedback (based on actual individual task performance
with more specific and accurate feedback). To enhance the applicability of the
research findings, this study employed different types of AI agents to deliver
negative performance feedback. Specifically, Experiment 1 used embedded Al,
while Experiments 2-4 used robotic Al.
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Experiment 1: The Effect of Human-AI Negative Perfor-
mance Feedback on Performance Improvement Motivation

2.1.1 Participants

We used G*Power 3.1 (Faul et al., 2007) to calculate the required sample size for
this experiment. For the one-way ANOVA applicable to this experiment, we set
the effect size at f = 0.25 (medium), significance level at a = 0.05, and number
of groups at 2. The a priori analysis indicated that at least 128 participants
were needed to achieve 80% statistical power. The experiment was posted on
the Credamo platform, and 12 samples that failed attention checks, showed
patterned responses, or had excessively short completion times were removed
in real-time. Additional participants were recruited until we obtained 128 valid
responses, including 71 females (55.5%) with a mean age of 33.95 years (SD
= 8.24). Participants were randomly assigned to either the human manager
or Al negative performance feedback group, with 63 participants in the human
manager group and 65 in the Al group. All participants voluntarily joined the
experiment and provided informed consent. Participants who passed attention
checks and completed the experiment received monetary compensation.

2.1.2 Procedure

Experiment 1 used a single-factor, two-level between-subjects design: human-Al
(human manager vs. Al) negative performance feedback. Participants were ran-
domly assigned to one of the two experimental groups. First, considering that
self-efficacy levels might influence individuals’ attitudes after receiving negative
performance feedback (Kluger & Denisi, 1996), and to control for this extrane-
ous variable, participants were asked to complete a 10-item general self-efficacy
scale (Scholz et al., 2002) using a 7-point rating scale ranging from “1 = strongly
disagree” to “7 = strongly agree” (Cronbach’s a = 0.91 for this measure in Ex-
periment 1). Participants read a scenario adapted from Tong et al. (2021), which
described the daily work context of call center sales representatives in a com-
pany and informed participants that they were currently a sales representative
in this company. To evaluate the performance of call center sales representa-
tives, the company established a quality control department that recorded and
analyzed sales representatives’ service calls and provided performance feedback
at a fixed time each week through the company’s internal performance feedback
system.

Previous research has indicated that individuals may reduce their trust in Al
due to the opacity of its rules or principles (Glikson et al., 2020). Therefore, in
the AI group, participants were provided with appropriate information about
AT'’s attributes and were informed (differences between human and Al feedback
are shown in bold): “The quality control department’s Al system Xiao Ai (a
program based on algorithmic systems, developed by evaluation experts who
designed the evaluation criteria, and Al scholars and computer experts to pro-
vide performance feedback) provides professional performance feedback to sales
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representatives through analysis of call recordings and sales data.” In the hu-
man manager group, participants were correspondingly informed: “The quality
control department’s sales manager Xiao Ai (who has undergone systematic per-
formance management training and possesses professional knowledge and work
experience) provides professional performance feedback to sales representatives
through analysis of call recordings and sales data” (see Appendix 2 for image
materials). Subsequently, to test the manipulation of human-AI negative per-
formance feedback, participants completed a manipulation check item (“Who
just provided your performance feedback?”).

Next, participants in different groups received negative performance feedback
from either “Sales Manager Xiao Ai” or “Al System Xiao Ai”: “Your work
performance is below the departmental average, and you are currently among
the lower-performing employees in the department. We hope you will continue
to improve” (Belschak & Den Hartog, 2009). After reading the feedback, par-
ticipants reported their performance improvement motivation using a two-item
scale adapted from Wexley et al. (1973) (used in Experiments 1-4): “To what
extent do you want to achieve higher performance goals in future work after
receiving performance feedback?” and “To what extent do you want to improve
your performance in future work after receiving performance feedback?” (rated
on a 7-point scale from “1 = not at all” to “7 = very much”). Cronbach’s a for
this measure in Experiment 1 was 0.84.

Considering that participants in the Al group might have varying levels of famil-
iarity with AL, which could influence their performance improvement motivation
after receiving Al feedback, we controlled for this potential effect by asking par-
ticipants to report their familiarity with Al using a two-item measure adapted
from Leo and Huh (2020): “How often do you interact with artificial intelli-
gence in your daily work or life?” and “How familiar are you with the working
principles and operating mechanisms of artificial intelligence?” (rated from “1
= not at all familiar” to “7 = very familiar”). Additionally, two attention check
items randomly appeared during material reading or questionnaire completion
(“For this question, please select ‘strongly disagree’” to screen out participants
who were not paying attention). Finally, participants reported demographic
information including gender and age.

2.2.1 Manipulation Check

To test the effectiveness of the human-Al negative performance feedback ma-
nipulation, participants were asked to recall the feedback provider after reading
the experimental materials: “Please recall who just provided your performance
feedback.” All 128 retained participants answered correctly, indicating that the
manipulation of human-AT negative performance feedback in Experiment 1 was
successful.
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2.2.2 Hypothesis Testing

Independent samples t-test results revealed that participants in the Al negative
performance feedback group (M = 5.49, SD = 1.18) reported stronger perfor-
mance improvement motivation than those in the human manager group (M
= 4.94, SD = 1.38), t(126) = 2.38, p = 0.019, Cohen’s d = 0.43. To verify
the robustness of this result, we conducted a one-way ANOVA controlling for
participants’ self-efficacy. The results indicated that the AI group still showed
higher performance improvement motivation than the human manager group,
F(1, 127) = 5.97, p = 0.016, 2 = 0.046. Next, to further rule out potential
effects of participants’ gender (male = 1; female = 2) and age on the results,
we conducted correlation analysis and independent samples t-tests respectively.
The results showed that participants’ age was not correlated with performance
improvement motivation (r = 0.07, p = 0.447), and there was no significant dif-
ference in performance improvement motivation between males (M = 5.18, SD
= 1.34) and females (M = 5.25, SD = 1.29), t(126) = 0.34, p = 0.738. Finally,
to exclude the potential influence of participants’ familiarity with AI on the re-
sults, correlation analysis revealed that AI group participants’ familiarity with
AT was not significantly correlated with performance improvement motivation
(r = 0.09, p = 0.47). Therefore, Hypothesis 1 was supported.

Experiment 2: The Interactive Effect of Human-AI Nega-
tive Performance Feedback and Task Type

Experiment 1 provided initial support for Hypothesis 1 in a call center sales
performance feedback context, demonstrating that Al-delivered negative perfor-
mance feedback leads to higher individual performance improvement motivation
compared to human managers. To verify the robustness of Experiment 1’s find-
ings and further test Hypothesis 2, Experiment 2 recruited active employees
from various enterprises and changed the performance feedback context (new
employee training scenario) to examine the interactive effect of human-AT nega-
tive performance feedback and task type on employee performance improvement
motivation. Additionally, while Experiment 1 used embedded algorithms as the
AT experimental material, Experiments 2-4 adopted robotic Al as the exper-
imental material for the AI group, given that robotic Al may work alongside
employees and enter organizations in the future (Yam et al., 2023) and typically
elicits higher levels of trust and experiential quality in human-AI interactions
(Glikson & Woolley, 2020).

3.1.1 Pretest of Experimental Materials

Before formally conducting Experiment 2, to test the reliability of the self-
developed task type (subjective vs. objective) and human-AI (human manager
vs. AlI) feedback stimulus images, we recruited 60 participants on the Credamo
platform (29 males, 31 females, mean age = 29.07 years, SD = 7.97) to conduct
a pretest of the experimental materials. Participants were randomly assigned
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to either the subjective or objective task condition and completed three task
questions (with at least 100 characters per response). The three questions in
the subjective task involved conflict resolution, emergency response, and in-
terpersonal communication—common issues faced in organizations. The three
questions in the objective task involved personnel ranking, plan calculation, and
sales forecasting (see Appendix 1 for details). Additionally, participants evalu-
ated the task objectivity of both subjective and objective tasks (“To what extent
do you consider the above tasks to be objective tasks?” 1 = not at all, 5 = to
a great extent) and task difficulty (“Please evaluate the difficulty level of the
above tasks” 1 = not at all difficult, 5 = very difficult). Independent samples
t-test results showed that the objective task (M = 4.10, SD = 0.80) was rated
significantly higher in task objectivity than the subjective task (M = 1.53, SD
= 0.82), t(58) = 12.25, p < 0.001, Cohen’s d = 0.80. Moreover, t-test results
indicated no significant difference in difficulty between the two task types, t(58)
= 0.26, p = 0.25. To test whether the two task types approximated real work
scenarios, we used a 5-item scale (Fields et al., 2023) and asked participants to
rate face validity, with a sample item being: “To what extent do you believe the
actual content of this test is clearly relevant to daily work?” (1 = not at all, 5
= completely). The results showed high face validity for both task types, with
a mean of 4.33 for the subjective task and 3.92 for the objective task. There-
fore, the experimental task design was reasonable and aligned with real work
scenarios.

Additionally, referencing experimental materials from Garvey et al. (2023), we
tested whether the images of Al and human manager faces differed in facial
attractiveness and eeriness (see Appendix 2 for image materials). Independent
samples t-test results showed no significant difference in facial attractiveness
between the two images, t(59) = 0.24, p = 0.59. The AI image exhibited only
slight eeriness (M = 1.47, SD = 0.57). Therefore, the selection of stimulus
images for Experiment 2 was reasonable.

3.1.2 Participants

We used G*Power 3.1 software (Faul et al., 2007) to calculate the required
sample size for this experiment. For the two-way ANOVA applicable to this
experiment, we set the effect size at f = 0.25 (medium), significance level at «
= 0.05, and number of groups at 4. The a priori analysis indicated that at least
146 participants were needed to achieve 85% statistical power. Experiment 2
commissioned Wenjuanwang to post experimental information and recruit ac-
tive employee participants, importing experimental materials onto the platform
to conduct online behavioral experiments. Considering potential incomplete
or invalid responses, Experiment 2 recruited 168 active enterprise employees.
After excluding 8 participants who failed attention checks, showed patterned
responses, or had abnormal completion times, we obtained 160 valid responses,
including 61 females (38.1%) with a mean age of 33.29 years (SD = 4.98). Par-
ticipants primarily came from manufacturing, software, finance, education, and
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fast-moving consumer goods industries and worked in management (55 partic-
ipants, 34.4%), production operations (37 participants, 23.1%), R&D (10 par-
ticipants, 6.3%), marketing (25 participants, 15.6%), and product design (33
participants, 20.6%). All participants voluntarily joined the experiment and
provided informed consent. Participants who passed attention checks and com-
pleted the experiment received monetary compensation.

3.1.3 Procedure

Experiment 2 used a two-factor between-subjects design: 2 (human-AT negative
performance feedback: human manager vs. AI) x 2 (task type: subjective vs. ob-
jective). Participants were randomly assigned to one of the four experimental
groups. Before the formal experiment, participants completed the general self-
efficacy scale (Scholz et al., 2002) as a control variable (Cronbach’s o = 0.89
for this measure in Experiment 2). Participants then read a scenario informing
them that they were a new employee at a daily necessities company. After a
monthly departmental work summary, the department arranged a vocational
ability test for five new employees (including the participant) to better develop
personalized training plans and provide a basis for subsequent job placement.
Participants were told that the following question was a representative example
from the test. In the subjective task group, participants completed a question
about resolving interpersonal conflicts in the workplace; in the objective task
group, participants completed a question about forecasting future product sales
(see Appendix 1). To ensure participants engaged seriously with the scenario,
they were required to provide at least 100 characters per response.

After completing the test question, participants were informed that they would
receive feedback on their performance in 2 minutes. In the human manager
group, participants were told (differences between human and Al feedback are
shown in bold): “The company invited Wang Liang, an evaluation specialist
from the human resources department, to assess and provide feedback on your
performance. Evaluation specialist Wang Liang (a trained, knowledgeable, and
experienced evaluation expert) will read your responses, assess their quality,
conduct statistical ranking, and provide evaluative feedback on your test per-
formance,” accompanied by an image of Wang Liang (see Appendix 2). In the
AT group, participants were correspondingly informed: “The company uses the
AT evaluation assistant Xiao Ai, developed by the human resources evaluation
center, to assess and provide feedback on your performance. The Al evaluation
assistant Xiao Ai, based on an algorithmic system (developed by Al scholars and
computer experts based on evaluation criteria designed by assessment experts),
will automatically recognize and analyze your responses, assess their quality,
conduct statistical ranking, and provide evaluative feedback on your test perfor-
mance” (accompanied by an image of Xiao Ai, see Appendix 2). Subsequently,
participants completed manipulation check items (e.g., “Who provided your test
feedback?” 1 = evaluation specialist Wang Liang, 7 = Al evaluation assistant
Xiao Ai; and “Please rate the objectivity of the test question you just completed”
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1 = very subjective, 7 = very objective).

After approximately 2 minutes, participants received negative performance feed-
back from either “evaluation specialist Wang Liang” or “Al evaluation assistant
Xiao Ai”: “In this test, your performance was below 80% of your colleagues,
placing you in the bottom 20%. Your performance needs improvement” (Kim
& Kim, 2020). Finally, participants completed the performance improvement
motivation scale (Cronbach’s o« = 0.84 in Experiment 2) and reported demo-
graphic information including gender, age, industry, and position. Participants
in the AI group also reported their familiarity with AI. Two attention check
items randomly appeared during questionnaire completion (“For this question,
please select ‘strongly disagree’ ”) to screen out participants who were not paying
attention.

3.2.1 Manipulation Check

First, to test the effectiveness of the human-ATl negative performance feedback
manipulation, participants were asked to recall the feedback provider after read-
ing the experimental materials: “Please recall who provided your performance
feedback just now” (1 = evaluation specialist Wang Liang, 7 = Al evaluation
assistant Xiao Ai). The results showed that the AI negative performance feed-
back group (M = 6.24, SD = 1.05) rated significantly higher than the human
manager group (M = 1.95, SD = 1.11), t(158) = 25.11, p < 0.001, Cohen’s
d = 0.86, indicating that the manipulation of human-Al negative performance
feedback in Experiment 2 was successful.

Second, to test the effectiveness of the task type manipulation, participants
were asked to rate the objectivity of the test question: “How objective do you
think the test example you just completed was?” (1 = very subjective, 7 = very
objective). The results showed that the objective task group (M = 5.96, SD
= 0.79) rated significantly higher in task objectivity than the subjective task
group (M = 2.33, SD = 0.87), t(158) = 27.77, p < 0.001, Cohen’s d = 0.83,
indicating that the task type manipulation was successful.

3.2.2 Hypothesis Testing

Independent samples t-test results revealed that participants in the Al negative
performance feedback group (M = 5.67, SD = 0.79) reported stronger perfor-
mance improvement motivation than those in the human manager group (M
= 5.36, SD = 1.13), t(158) = 2.00, p = 0.048, Cohen’s d = 0.46. A one-way
ANOVA controlling for self-efficacy showed that the Al group still demonstrated
higher performance improvement motivation than the human manager group,
F(1, 157) = 4.64, p = 0.033, 2 = 0.029. To rule out potential effects of Al fa-
miliarity on the results, correlation analysis showed that Al group participants’
familiarity with Al was not significantly correlated with performance improve-
ment motivation (r = 0.10, p = 0.40). In summary, Hypothesis 1 was again
supported.
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Finally, we tested whether task type could serve as a boundary condition. Two-
way ANOVA results indicated a significant interactive effect of human-AI neg-
ative performance feedback and task type on individuals’ performance improve-
ment motivation, F(1, 156) = 39.65, p < 0.001, 2 = 0.203. Simple effects
analysis revealed (see Table 1 and Figure 1 [Figure 1: see original paper]) that
in the objective task group, the Al negative performance feedback group (M
= 5.71, SD = 0.66) showed significantly higher performance improvement mo-
tivation than the human manager group (M = 4.60, SD = 1.01), F(1, 156) =
37.75, p < 0.001, 2 = 0.195. In the subjective task group, the human manager
negative feedback group (M = 6.13, SD = 0.59) showed significantly higher per-
formance improvement motivation than the AI group (M = 5.63, SD = 0.90),
F(1, 156) = 7.63, p = 0.006, 2 = 0.047. To test the robustness of these results,
we controlled for participants’ self-efficacy as a covariate and found that the
interactive effect between human-Al negative performance feedback and task
type remained significant, F(1, 155) = 40.58, p < 0.001, 2 = 0.207. Hypothesis
2 was supported.

Table 1 Means (Standard Deviations and Sample Sizes) of Performance Im-
provement Motivation for Human Manager and Al Negative Performance Feed-
back in Subjective and Objective Tasks

Task Human Manager Negative AT Negative Performance
Type Performance Feedback Feedback

Subjective 6.13 (0.59; n = 40) 5.63 (0.90; n = 40)
Objective 4.60 (1.01; n = 40) 5.71 (0.66; n = 40)

Figure 1 [Figure 1: see original paper| Interactive Effect of Human-AI Negative
Performance Feedback and Task Type on Performance Improvement Motivation

Experiment 3: The Mediating Role of Internal and Exter-
nal Attributions

Experiment 3 aimed to use a more realistic email-based performance feedback
format to further test the robustness of the findings from Experiments 1 and 2
and to examine the mediating role of internal and external attributions.

4.1.1 Participants

We used G*Power 3.1 software (Faul et al., 2007) to calculate the required
sample size for this experiment. For the two-way ANOVA applicable to this
experiment, we set the effect size at f = 0.25 (medium), significance level at
a = 0.05, and number of groups at 4. The a priori analysis indicated that at
least 146 participants were needed to achieve 85% statistical power. Similar to
Experiment 2, Experiment 3 commissioned Wenjuanwang to post experimental
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information and recruit active employee participants. Considering potential in-
complete or invalid responses, Experiment 3 recruited 160 active employees. All
participants voluntarily joined the experiment and provided informed consent.
Participants who passed attention checks and completed the experimental tasks
received monetary compensation. After excluding 10 participants who failed
attention tests, did not complete responses, or provided invalid responses, the
final valid sample for Experiment 3 was 150 participants, including 86 females
(57.3%) with a mean age of 29.70 years (SD = 4.97) and average work ex-
perience of 6.17 years (SD = 4.23). Participants came from nine industries
including internet, construction, manufacturing, information and communica-
tion, commodity sales, education, healthcare, finance, and services. In terms
of job positions, participants included 52 management personnel (34.87%), 29
operations personnel (19.40%), 19 technical personnel (12.50%), 26 marketing
personnel (17.43%), and 24 creative design personnel (15.79%).

4.1.2 Procedure

Experiment 3 used a two-factor between-subjects design: 2 (human-AI nega-
tive performance feedback: human manager vs. AI) x 2 (task type: subjective
vs. objective). Participants were randomly assigned to one of the four exper-
imental groups. Participants were informed that they would participate in a
vocational ability competition. Their work email addresses were collected in
advance to send corresponding performance feedback later. The competition
consisted of two stages (competition and performance feedback). In the compe-
tition stage, participants needed to complete competition questions according
to requirements. First, participants completed the self-efficacy scale as a control
variable (Cronbach’s « = 0.91 for this measure in Experiment 3). Next, using
materials from Experiment 2’s pretest, participants completed three subjective
or objective competition questions according to their group assignment (see Ap-
pendix for specific questions). To ensure participants engaged seriously with
the scenario, they were required to provide at least 100 characters per response.
After completing the competition tasks, participants were informed that a vo-
cational assessment center at a university would be responsible for evaluating
and providing feedback on their competition performance.

In the human manager group, participants were told (differences between hu-
man and Al feedback manipulations are shown in bold): “To evaluate your
performance in this vocational ability competition, we invited Wang Liang, the
head of the assessment center at a university, to assess and provide feedback
on your performance. Assessment center head Wang Liang (a trained, knowl-
edgeable, and experienced assessment expert) will read your responses, assess
their quality, conduct statistical ranking, and provide evaluative feedback on
your competition results,” accompanied by an image of Wang Liang (see Ap-
pendix 2). In the AI group, participants were correspondingly informed: “To
evaluate your performance in this vocational ability competition, we will use
the Al assessment assistant Xiao Ai, newly introduced by the assessment center
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at a university. The Al assessment assistant Xiao Ai, based on an algorithmic
system (developed by AT scholars and computer experts based on evaluation cri-
teria designed by assessment experts), will automatically recognize and analyze
your responses, assess their quality, conduct statistical ranking, and provide
evaluative feedback on your competition results” (accompanied by an image of
Xiao Ai, see Appendix 2). Subsequently, participants completed manipulation
check items (“Who provided your competition feedback?” 1 = assessment cen-
ter head Wang Liang, 7 = assessment center Al assistant Xiao Ai; and “Please
rate the objectivity of the competition questions you just completed” 1 = very
subjective, 7 = very objective). Participants were then informed: “Since we
need to wait for and evaluate other participants’ performance and conduct final
ranking, performance feedback will take approximately 20 minutes. The final
competition results and questionnaire link will be sent to your email address.”
To reduce interference from potential attention loss during the waiting period,
all participants were asked to watch a 20-minute introductory video about the
university’s assessment center.

In the performance feedback stage, experimenters sent competition feedback re-
sults to participants’ work email addresses using pre-prepared email accounts
(e.g., assessment center head Wang Liang or Al assessment assistant Xiao Ai).
To strengthen the manipulation of human-Al negative performance feedback,
participants in the human manager group received: “Hello! In this vocational
ability competition, your performance was below 82% of participants, placing
you in the bottom 18%” (Kim & Kim, 2020). In addition to receiving the same
negative performance feedback content as the human manager group, partici-
pants in the AI group also saw a note at the end of the email: “This email
was automatically sent by an Al assistant. Please do not reply.” Participants
were then prompted to complete the second-stage questionnaire attached to the
email, which included recalling and briefly describing the performance feedback
content (to ensure subsequent responses were based on the feedback), reporting
AT familiarity, performance improvement motivation (Cronbach’s o = 0.84 for
this measure in Experiment 3), and internal and external attribution measured
using Russell’s (1982) 6-item scale. Three items measured internal attribution
(sample item: “To what extent do you believe the assessment feedback provided
by the evaluator was based on your personal effort?”; Cronbach’s a@ = 0.78).
External attribution was measured with items such as “To what extent do you
believe the assessment feedback provided by the evaluator was based on envi-
ronmental factors (e.g., difficult questions)?” (Cronbach’s o = 0.74). All items
used a 7-point rating scale from “1 = not at all” to “7 = to a great extent.”

Previous research has found that individuals may perceive differences in the
accuracy (Tong et al., 2021) and fairness (Newman et al., 2020) of perfor-
mance feedback from humans or AI. For example, because Al is essentially
a data-driven program model with higher objectivity and impartiality, Al (rel-
ative to human managers) delivering negative performance feedback may elicit
higher perceptions of accuracy or fairness (Jiang et al., 2022), thereby differen-
tially influencing performance improvement motivation. To rule out these two
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alternative explanatory mechanisms, participants completed scales measuring
feedback accuracy (Brett & Atwater, 2001) and fairness (Chory & Westerman,
2009). Feedback accuracy was measured with two items (“To what extent do
you believe the feedback you received was an accurate assessment of your per-
formance?” and “To what extent do you believe the feedback you received was
correct?” rated on a 7-point scale from “1 = not at all” to “7 = very much”;
Cronbach’s & = 0.89). Fairness perception was measured with six items (sample
items: “I believe the feedback provided by the evaluator was: 1 = unfair; 7 =
fair” and “I believe the feedback provided by the evaluator was: 1 = biased; 7 =
impartial”; Cronbach’s a = 0.97). Finally, participants reported demographic
variables including gender, age, work experience, industry, and position. Two
attention check items randomly appeared during questionnaire completion (“For
this question, please select ‘strongly disagree’”) to screen out participants who
were not paying attention.

4.2.1 Manipulation Check

First, to test the effectiveness of the human-Al negative performance feedback
manipulation, participants were asked to recall the feedback provider after read-
ing the experimental materials: “Please recall who provided your performance
feedback just now” (1 = assessment center head Wang Liang, 7 = assessment
center Al assistant Xiao Ai). The results showed that the AI negative perfor-
mance feedback group (M = 5.26, SD = 1.47) rated significantly higher than
the human manager group (M = 2.49, SD = 0.86), t(148) = 13.10, p < 0.001,
Cohen’s d = 0.71, indicating that the manipulation of human-Al negative per-
formance feedback in Experiment 3 was successful.

To test the effectiveness of the task type manipulation, participants rated the
objectivity of the experimental task: “How objective do you think the competi-
tion questions you just completed were?” The results showed that the objective
task group (M = 5.54, SD = 0.98) rated significantly higher in task objectivity
than the subjective task group (M = 3.41, SD = 1.95), t(148) = 8.23, p < 0.001,
Cohen’s d = 0.63, indicating that the task type manipulation was successful.

4.2.2 Hypothesis Testing

Independent samples t-test results revealed that participants in the Al negative
performance feedback group (M = 5.06, SD = 1.21) reported stronger perfor-
mance improvement motivation than those in the human manager group (M =
4.66, SD = 1.10), t(148) = 2.10, p = 0.037, Cohen’s d = 0.44. Controlling for
self-efficacy, we still found that Al-delivered negative performance feedback led
to higher performance improvement motivation compared to human managers,
F(1, 147) = 4.05, p = 0.046, 2 = 0.027. Hypothesis 1 was supported. Next,
to rule out potential effects of AI familiarity on the results, correlation analy-
sis showed that AI group participants’ familiarity with Al was not significantly
correlated with performance improvement motivation (r = 0.06, p = 0.61).
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To test Hypothesis 2, two-way ANOVA results (see Table 2 and Figure 2) re-
vealed a significant interactive effect of human-Al negative performance feed-
back and task type on individuals’ performance improvement motivation, F(1,
146) = 20.00, p < 0.001, 2 = 0.120. Simple effects analysis showed that in the
objective task group, the AI negative feedback group (M = 5.60, SD = 0.88)
exhibited significantly higher performance improvement motivation than the hu-
man manager group (M = 4.35, SD = 0.92), F(1, 146) = 24.47, p < 0.001, 2
= 0.144. In the subjective task group, the human manager negative feedback
group (M = 4.92, SD = 1.17) showed marginally significantly higher perfor-
mance improvement motivation than the AI group (M = 4.57, SD = 1.26), F(1,
146) = 3.00, p = 0.085 < 0.10, 2 = 0.02. To test the robustness of these results,
we controlled for participants’ self-efficacy as a covariate and found that the
interactive effect between human-Al negative performance feedback and task
type remained significant, F(1, 145) = 22.79, p < 0.001, 2 = 0.136. Hypothesis
2 was again supported.

Table 2 Means (Standard Deviations and Sample Sizes) of Performance Im-
provement Motivation for Human Manager and Al Negative Performance Feed-
back in Subjective and Objective Tasks

Task Human Manager Negative AT Negative Performance
Type Performance Feedback Feedback

Subjective 4.92 (1.17; n = 41) 4.57 (1.26; n = 40)
Objective 4.35 (0.92; n = 33) 5.60 (0.88; n = 36)

Figure 2 [Figure 2: see original paper| Interactive Effect of Human-AI Negative
Performance Feedback and Task Type on Performance Improvement Motivation

To test the mediating effects of internal and external attributions, we used PRO-
CESS macro Model 4 with 2,000 bootstrap samples. The results indicated that
the indirect effect of internal attribution in the relationship between human-Al
negative performance feedback and performance improvement motivation was
significant, with an effect size of 0.17 and a 95% confidence interval of [0.015,
0.350] that did not include zero. Additionally, the indirect effect of external at-
tribution in the relationship between human-Al negative performance feedback
and performance improvement motivation was 0.08, with a 95% confidence in-
terval of [-0.04, 0.21] that included zero, indicating that the indirect effect of
external attribution was not significant. Hypothesis 3 was partially supported.

Furthermore, we tested the indirect effects of internal and external attributions
in the interactive effect of human-Al negative performance feedback and task
type on performance improvement motivation using PROCESS macro Model
8 with 2,000 bootstrap samples. The results showed that in subjective tasks,
the indirect effect of internal attribution in the relationship between human-
AT negative performance feedback and performance improvement motivation
was significant, with a 95% confidence interval of [-0.40, -0.03]. In objective
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tasks, the indirect effect of internal attribution was also significant, with a 95%
confidence interval of [0.20, 0.84]. The difference in the moderated indirect
effects between the two task types was significant, with an effect size of 0.67 and
a 95% confidence interval of [0.277, 1.178], indicating a significant moderated
mediation effect. However, the moderated indirect effect of external attribution
was 0.12, with a 95% confidence interval of [-0.065, 0.375] that included zero.
Therefore, Hypothesis 4 was also partially supported.

To test whether feedback accuracy and fairness could serve as alternative ex-
planatory mechanisms, independent samples t-tests revealed no difference in
accuracy between human manager (M = 3.78, SD = 1.63) and Al-delivered neg-
ative performance feedback (M = 3.80, SD = 1.60), t(148) = 0.07, p = 0.94.
However, Al-delivered negative performance feedback (M = 5.31, SD = 1.35)
was perceived as fairer than human manager feedback (M = 4.84, SD = 1.50),
t(148) = 2.00, p = 0.047, Cohen’s d = 0.32. Additionally, the interactive effects
of human-AI negative performance feedback and task type on feedback accuracy
and fairness were not significant, F(1, 146) = 0.12, p = 0.73 and F(1, 146) =
0.58, p = 0.45, respectively. Finally, the indirect effects of feedback accuracy
(95% CI [-0.082, 0.065]) and fairness (95% CI [-0.06, 0.24]) in the relationship
between human-Al negative performance feedback and performance improve-
ment motivation were both non-significant. In summary, Experiment 3 ruled
out feedback accuracy and fairness as alternative explanatory mechanisms.

Experiment 4: Relatively Real Negative Performance Feed-
back

Experiment 3 used a more organizationally realistic feedback method to test
the robustness of Experiments 1 and 2 and further identified the mediating
role of internal attribution. This provided a good explanatory mechanism for
the differential effects of Al and human managers delivering negative perfor-
mance feedback on employee performance improvement motivation across dif-
ferent task contexts. Moreover, Experiment 3 ruled out alternative explanatory
mechanisms of feedback accuracy and fairness.

Experiment 3 failed to find a mediating effect for external attribution, possi-
bly because individuals, for self-esteem maintenance and self-defense purposes,
tend to exhibit some level of external attribution regardless of whether nega-
tive performance feedback comes from human managers or Al (Hareli & Hess,
2008). For example, in Experiment 3, both the human manager group (M =
3.60, SD = 1.27) and the AI negative performance feedback group (M = 3.92,
SD = 1.33) showed some external attribution, but the difference was not signif-
icant, t(148) = 1.52, p = 0.13. Consistent with Experiment 3’s results, Yalcin
et al. (2022) also found no significant difference in external attribution between
feedback from human or AI customer service in unfavorable decision contexts
(e.g., company rejection).

Furthermore, Experiments 1-3 used the false feedback paradigm commonly em-
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ployed in performance feedback research (Cianci et al., 2010; Kim & Kim, 2020),
which has the advantage of controlling feedback content consistency across par-
ticipants. However, because participants’ actual task performance was not as-
sessed, individuals might perceive the negative performance feedback as less
accurate and realistic. To address this issue and further enhance feedback qual-
ity, Experiment 4 aimed to provide more specific and personalized performance
feedback based on participants’ actual task performance, thereby re-testing the
overall model in a relatively realistic feedback context.

5.1.1 Participants

We used G*Power 3.1 software (Faul et al., 2007) to calculate the required
sample size for this experiment. For the two-way ANOVA applicable to this
experiment, we set the effect size at f = 0.25 (medium), significance level at
a = 0.05, and number of groups at 4. The a priori analysis indicated that at
least 146 participants were needed to achieve 85% statistical power. Similar
to Experiments 2 and 3, Experiment 4 commissioned Wenjuanwang to post ex-
perimental information and recruit active employee participants. Considering
potential incomplete or invalid responses, Experiment 4 recruited 166 active
employees. All participants voluntarily joined the experiment and provided in-
formed consent. Participants who passed attention checks and completed the
experimental tasks received monetary compensation. After excluding 6 par-
ticipants who failed attention tests, did not complete responses, or provided
invalid responses, the final valid sample for Experiment 4 was 160 participants,
including 65 females (40.60%) with a mean age of 29.54 years (SD = 6.07).
Approximately 91.3% of participants had bachelor’s degree or higher education.
Participants primarily came from five industries: manufacturing, software, busi-
ness services, finance, and scientific research and education. In terms of job
positions, participants included 50 R&D personnel (31.30%), 34 management
personnel (21.30%), 31 production and operations personnel (19.40%), and 26
marketing personnel (16.30%).

5.1.2 Procedure

Experiment 4 used a two-factor between-subjects design: 2 (human-AI negative
performance feedback: human manager vs. AI) x 2 (task type: subjective vs. ob-
jective). Participants were randomly assigned to one of the four experimental
groups. Two preparatory steps were taken before the formal experiment. First,
five experimenters were trained to clearly and proficiently master the key points
or evaluation criteria for each question. Second, negative performance feedback
templates were prepared in advance and personalized based on participants’
performance during formal responding to control feedback content and reduce
feedback delivery time.

In the formal experiment stage, participants were informed that they were a
manager at a paint company about to participate in a management capacity
assessment for middle managers, which would provide reference for subsequent
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training and learning. The assessment was divided into two stages (task and
performance feedback). In the assessment task stage, participants needed to
complete the following steps: First, participants completed the self-efficacy scale
as a control variable (Cronbach’s o = 0.96 for this measure in Experiment
4). Second, similar to Experiments 2-3, participants in different task groups
completed two subjective or objective tasks (see Appendix 1), with at least
100 characters required per response. Third, after completing the assessment
tasks, participants were informed that the company would conduct professional
evaluation and feedback on their assessment performance.

In the human manager group, participants were told (differences between hu-
man and Al feedback manipulations are shown in bold): “To evaluate your
performance in this management capacity assessment, we invited Wang Liang,
a management capacity assessment specialist from the company, to assess and
provide feedback on your performance. Assessment specialist Wang Liang (a
trained, knowledgeable, and experienced assessment expert) will read your re-
sponses, assess their quality, conduct statistical ranking, and provide evaluative
feedback on your management capacity assessment results,” accompanied by an
image of Wang Liang (see Appendix 2). In the AI group, participants were cor-
respondingly informed: “To evaluate your performance in this vocational ability
competition, we will use Xiao Ai, the latest Al assessment assistant introduced
by the company’s HR department, to assess and provide feedback on your per-
formance. Al assessment assistant Xiao Ai, based on an algorithmic system
(developed by Al scholars and computer experts based on evaluation criteria
designed by assessment experts), will automatically recognize and analyze your
responses, assess their quality, conduct statistical ranking, and provide evalua-
tive feedback on your management capacity assessment results” (accompanied
by an image of Xiao Ai, see Appendix 2). Subsequently, participants completed
a task type manipulation check item: “To what extent do you think the assess-
ment questions you completed belong to objective tasks?” (1 = very subjective
to 7 = very objective).

In the performance feedback stage, referencing Goodman and Wood (2004),
feedback quality was enhanced by explaining task purposes and providing spe-
cific encouragement or improvement suggestions. First, participants were asked
to log in to SalesSmartly (a professional real-time chat interaction website for
enterprises and personnel) to receive near real-time performance feedback from
experimenters acting as either human managers or Al. Participants could re-
ceive assessment feedback by entering their corresponding ID number. Second,
regarding feedback content, experimenters first provided participants with an
overall evaluation based on the detail, logic, and clarity of their responses, such
as: “Dear Participant XX, thank you for completing the management capac-
ity assessment questions. Overall, your responses were somewhat vague (or
clear).” Next, participants were explained the purpose of the assessment and
the specific abilities being tested. For the subjective task group: “The first
official document in this assessment aims to evaluate your conflict resolution
ability in team building, while the second aims to test your problem-solving
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ability in handling unexpected team events.” For the objective task group:
“The first official document in this assessment aims to evaluate your computa-
tional analysis ability in raw material procurement, while the second aims to
test your logical reasoning ability in sales forecasting.” Subsequently, based on
pre-organized response key points, experimenters scored participants’ responses
to the two questions and provided specific suggestions. For example: “Com-
pared to other participants, you demonstrated weaker conflict resolution ability
[54.15/100] (with specific response deficiencies analyzed and listed). However,
you demonstrated better unexpected event resolution ability [69.75/100] (with
specific response strengths analyzed and listed).” Additionally, to provide clear
negative performance feedback and better control content, all participants uni-
formly received: “Overall, your total score in this assessment was [61.95/100],
which is below 82% of participants and places you in the bottom 18%. Your
performance needs improvement.” To demonstrate differences between human
and Al feedback, assessment specialist Wang Liang thanked participants for
their participation and cooperation in the human manager group, while Xiao
Ai thanked participants for their usage in the AI group. Finally, to prevent ex-
traneous variables, all negative performance feedback followed the same format
and was controlled to approximately 200 characters.

After reading the feedback, participants completed the second-stage question-
naire. To ensure they read the feedback carefully and based their subsequent
responses on it, participants were asked to recall and briefly describe the feed-
back content they received. Participants then completed questionnaire items
including manipulation checks for feedback provider (1 = assessment special-
ist Wang Liang; 7 = assessment assistant Xiao Ai) and feedback content (1
= very negative; 5 = very positive), Al familiarity, performance improvement
motivation (Cronbach’s a = 0.89 for this measure in Experiment 4), internal at-
tribution (Cronbach’s a = 0.79), and external attribution (Cronbach’s av = 0.83;
same items as Experiment 3). Finally, similar to Experiment 3, considering that
feedback fairness (Cronbach’s a@ = 0.95) and accuracy (Cronbach’s o = 0.87)
might serve as alternative mediators, participants completed scales measuring
these two variables. Two attention check items randomly appeared during ques-
tionnaire completion (“For this question, please select ‘strongly disagree’”) to
screen out participants who were not paying attention.

5.2.1 Manipulation Check

First, to test the effectiveness of the negative performance feedback manipu-
lation, participants were asked to recall the feedback content they received:
“How would you rate the feedback you received regarding your assessment per-
formance?” (1 = very negative, 5 = very positive). The results showed that
participants’ mean rating of feedback content was 2.01 (SD = 0.97), indicat-
ing that the negative performance feedback manipulation in Experiment 4 was
successful.

Second, to test the effectiveness of the human-Al negative performance feedback
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manipulation, participants were asked to recall the feedback provider after read-
ing the experimental materials: “Please recall who provided your performance
feedback just now” (1 = assessment center head Wang Liang, 7 = assessment
center Al assistant Xiao Ai). The results showed that the AI negative perfor-
mance feedback group (M = 5.71, SD = 1.72) rated significantly higher than
the human manager group (M = 1.60, SD = 1.33), t(158) = 16.92, p < 0.001,
Cohen’s d = 0.80, indicating that the manipulation of human-Al negative per-
formance feedback in Experiment 4 was successful.

Finally, to test the effectiveness of the task type manipulation, participants
rated the objectivity of the experimental task. The results showed that the
objective task group (M = 5.49, SD = 1.23) rated significantly higher in task
objectivity than the subjective task group (M = 3.41, SD = 1.51), t(158) =
9.53, p < 0.001, Cohen’s d = 0.60, indicating that the task type manipulation
was successful.

5.2.2 Hypothesis Testing

Independent samples t-test results revealed that participants in the Al negative
performance feedback group (M = 6.07, SD = 0.78) reported stronger perfor-
mance improvement motivation than those in the human manager group (M =
5.76, SD = 0.97), t(158) = 2.24, p = 0.027, Cohen’s d = 0.35. Controlling for
self-efficacy, we still found that Al-delivered negative performance feedback led
to higher performance improvement motivation compared to human managers,
F(1, 157) = 4.98, p = 0.027, 2 = 0.031. Hypothesis 1 was supported. Next,
to rule out potential effects of AI familiarity on the results, correlation analy-
sis showed that AI group participants’ familiarity with Al was not significantly
correlated with performance improvement motivation (r = 0.058, p = 0.61).

To test Hypothesis 2, two-way ANOVA results (see Table 3 and Figure 3) re-
vealed a significant interactive effect of human-Al negative performance feed-
back and task type on individuals’ performance improvement motivation, F(1,
156) = 44.76, p < 0.001, 2 = 0.223. Simple effects analysis showed that in
the objective task group, the AI negative feedback group (M = 6.19, SD =
0.72) exhibited significantly higher performance improvement motivation than
the human manager group (M = 5.09, SD = 0.81), F(1, 156) = 43.66, p <
0.001, 2 = 0.219. In the subjective task group, the human manager negative
feedback group (M = 6.43, SD = 0.61) showed significantly higher performance
improvement motivation than the AI group (M = 5.95, SD = 0.82), F(1, 156) =
8.14, p = 0.005, 2 = 0.05. To test the robustness of these results, we controlled
for participants’ self-efficacy as a covariate and found that the interactive ef-
fect between human-Al negative performance feedback and task type remained
significant, F(1, 155) = 44.66, p < 0.001, 2 = 0.224. Hypothesis 2 was again
supported.

Table 3 Means (Standard Deviations and Sample Sizes) of Performance Im-
provement Motivation for Human Manager and Al Negative Performance Feed-
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back in Subjective and Objective Tasks

Task Human Manager Negative AT Negative Performance
Type Performance Feedback Feedback

Subjective 6.43 (0.61; n = 40) 5.95 (0.82; n = 40)
Objective 5.09 (0.81; n = 40) 6.19 (0.72; n = 40)

Figure 3 [Figure 3: see original paper| Interactive Effect of Human-AI Negative
Performance Feedback and Task Type on Performance Improvement Motivation

To test the mediating effects of internal and external attributions, we used PRO-
CESS macro Model 4 with 2,000 bootstrap samples. The results indicated that
the indirect effect of internal attribution in the relationship between human-Al
negative performance feedback and performance improvement motivation was
significant, with an effect size of 0.17 and a 95% confidence interval of [0.017,
0.359] that did not include zero. Additionally, the indirect effect of external at-
tribution in the relationship between human-Al negative performance feedback
and performance improvement motivation was -0.10, with a 95% confidence in-
terval of [-0.086, 0.011] that included zero, indicating that the indirect effect of
external attribution was not significant. Hypothesis 3 was partially supported.

Furthermore, we tested the indirect effects of internal and external attributions
in the interactive effect of human-ATl negative performance feedback and task
type on performance improvement motivation using PROCESS macro Model
8 with 2,000 bootstrap samples. The results showed that in subjective tasks,
the indirect effect of internal attribution in the relationship between human-
AT negative performance feedback and performance improvement motivation
was significant, with a 95% confidence interval of [-0.373, -0.035]. In objective
tasks, the indirect effect of internal attribution was also significant, with a 95%
confidence interval of [0.241, 0.669]. The difference in the moderated indirect
effects between the two task types was significant, with an effect size of 0.63 and
a 95% confidence interval of [0.349, 0.989], indicating a significant moderated
mediation effect. However, the moderated indirect effect of external attribution
was 0.013, with a 95% confidence interval of [-0.017, 0.110] that included zero.
Hypothesis 4 was partially supported.

To test whether feedback accuracy and fairness could serve as alternative ex-
planatory mechanisms, independent samples t-tests revealed no difference in
accuracy between human manager (M = 5.33, SD = 0.91) and Al-delivered neg-
ative performance feedback (M = 5.48, SD = 0.99), t(158) = 0.99, p = 0.32.
However, Al-delivered negative performance feedback (M = 6.14, SD = 1.21)
was perceived as fairer than human manager feedback (M = 5.74, SD = 1.28),
t(158) = 2.01, p = 0.046, Cohen’s d = 0.33. Additionally, the interactive effects
of human-AI negative performance feedback and task type on feedback accuracy
and fairness were not significant, F(1, 156) = 0.45, p = 0.51 and F(1, 156) =
0.20, p = 0.65, respectively. Finally, the indirect effects of feedback accuracy

chinarxiv.org/items/chinaxiv-202410.00135 Machine Translation


https://chinarxiv.org/items/chinaxiv-202410.00135

ChinaRxiv [$X]

(effect size = 0.02; 95% CI [-0.012, 0.105]) and fairness (effect size = 0.03; 95%
CI [-0.075, 0.051]) in the relationship between human-AI negative performance
feedback and performance improvement motivation were both non-significant.
In summary, similar to Experiment 3, Experiment 4 ruled out feedback accuracy
and fairness as alternative explanatory mechanisms.

6 General Discussion

Grounded in attribution theory, this study employed four sequential experi-
ments to uncover the differential effects and mechanisms of human-ATI negative
performance feedback on performance improvement motivation. Specifically,
the study found that compared to human managers, Al-delivered negative per-
formance feedback led to higher levels of employee motivation to improve per-
formance. Second, human-Al negative performance feedback and task type
interactively influenced individuals’ performance improvement motivation. In
subjective tasks, individuals exhibited stronger motivation to improve perfor-
mance in response to negative feedback from human managers compared to Al,
whereas the opposite pattern emerged in objective tasks. Additionally, based
on attribution theory, this study further revealed that internal attribution me-
diated the interactive effect of human-AI negative performance feedback and
task type on performance improvement motivation. The study also employed
different types of AI agents (embedded AI in Experiment 1 and robotic Al
in Experiments 2-4), varied performance feedback contexts (call center sales
representatives in Experiment 1, new employee training in Experiment 2, em-
ployee vocational ability competitions in Experiment 3, and middle managers’
management capacity assessments in Experiment 4), different performance feed-
back strategies (fake feedback in Experiments 1-3 and relatively real feedback
in Experiment 4), and diverse feedback delivery channels (online experimen-
tal platform display in Experiments 1-2, real email delivery in Experiment 3,
and real-time conversational interaction website in Experiment 4). Overall, the
results across the four experiments demonstrated strong consistency and robust-
ness.

6.1 Theoretical Contributions

First, this study expands the perspective of existing negative performance feed-
back research. Specifically, whereas traditional negative feedback research focus-
ing on interpersonal interactions has primarily examined feedback from human
managers (Kitz et al., 2023), this study uncovers the potential positive effects of
AT replacing human managers in delivering negative performance feedback. Pre-
vious research has explored various approaches to enhancing the effectiveness
of negative performance feedback implementation, such as feedback character-
istics (frequency, immediacy, or quality of performance feedback) (Kuvaas et
al., 2017; Ni & Zheng, 2024) and employee individual factors (positive attri-
bution of negative performance feedback, employee core self-evaluation, etc.)
(Ma et al., 2021; Xing et al., 2023). By integrating the context of the digital
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intelligence era and adopting the novel perspective of human-Al negative per-
formance feedback, this study finds that AI (compared to human managers)
delivering negative performance feedback enhances employees’ subsequent mo-
tivation to improve performance, thereby providing empirical evidence for the
differential effects of human versus Al negative performance feedback.

Second, this study enriches existing human-Al feedback research. Current de-
bates exist regarding the application of digital intelligence technology in perfor-
mance feedback (Dong et al., 2022). On one hand, from an algorithm apprecia-
tion perspective, researchers have found that AI can enhance the accuracy and
reliability of performance feedback, thereby improving employee performance
(Tong et al., 2021). On the other hand, from an algorithm aversion perspec-
tive, research has found that AI lacks sincerity and uniqueness and threatens
human job opportunities, so when organizations disclose that performance feed-
back (especially positive feedback with encouraging or praising nature) origi-
nates from AI (Yalcin et al., 2022), it reduces individuals’ positive performance
(Tong et al., 2021; Luo et al., 2019). This study focuses on negative perfor-
mance feedback and finds that Al (relative to human managers) as a feedback
provider enhances individuals’ performance improvement motivation. Addition-
ally, existing research has examined boundary conditions for differential effects
of human-AI feedback. For example, Tong et al. (2021) found that for employ-
ees with longer tenure, stronger emotional bonds with the organization lead to
greater support for organizational changes involving Al-delivered performance
feedback, thus mitigating the negative effects of Al-delivered feedback. Fur-
thermore, Luo et al. (2019) found that customers’ familiarity with AT reduces
stereotypes about Al (e.g., lacking knowledge and empathy), thereby mitigating
the decline in product sales caused by Al-delivered feedback. This study focuses
on task type as an external factor of employees’ work and finds the interactive
effect of human-AT negative performance feedback and task type on employee
performance improvement motivation, thereby expanding research on boundary
conditions of human-AT feedback.

Moreover, this study contributes to agile performance management research in
the digital intelligence era. Specifically, traditional performance management
models with annual or quarterly cycles suffer from excessive length, which is
not conducive to employees obtaining timely information and improving perfor-
mance. Scholars have therefore proposed the transformation trend of agile per-
formance management (Pulakos et al., 2019; Schleicher et al., 2018), aiming to
enhance the timeliness of performance management and provide employees with
accurate, high-quality performance evaluation and feedback. Digital intelligence
is the most important factor in enhancing agile performance management, as
AT can tirelessly integrate and analyze data to evaluate employee performance
objectively and impartially and provide more accurate performance feedback
(Qin et al., 2023; Tong et al., 2021). In addition to human-Al performance
feedback research, studies have also examined Al coaching. For example, Luo
et al. (2021) found that AT coaching relative to human coaching showed an in-
verted U-shaped distribution of guidance effectiveness across different sales per-
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sonnel because lower-performing salespeople faced information overload from Al
feedback, while higher-performing salespeople exhibited stronger aversion to Al.
This study is consistent with the above literature in exploring the impact and
mechanisms of digital intelligence technology on specific aspects of performance
management.

Finally, this study deepens the application of attribution theory in organiza-
tional contexts. Attribution theory is widely used to explain how individu-
als understand the causes of their own or others’ behaviors in interpersonal
interactions (Tolli & Schmidt, 2008). According to classical attribution the-
ory (Heider, 1958), people typically make external attributions for unfavorable
outcomes and internal attributions for favorable outcomes for self-defense and
self-enhancement purposes. However, these conclusions are moderated by some
factors. For example, Xing et al. (2023) found that employees with higher
core self-evaluation are more likely to view negative performance feedback as
an opportunity to improve performance, thereby increasing internal attribution
and learning performance. This study deeply explores the differential effects of
human-AT feedback and finds that AT (relative to human managers) delivering
negative performance feedback may enhance individuals’ internal attribution.
This is explained by combining different feedback characteristics of humans and
AT (e.g., Al has fewer subjective or harmful intentions compared to humans)
(Jiang et al., 2022). The findings suggest that when reducing the negative im-
pact of negative stimuli (e.g., using Al instead of human managers for negative
performance feedback), individuals may strengthen internal attribution. This
provides new insights for attribution theory in explaining individuals’ attribu-
tion tendencies or behavioral responses to unfavorable outcomes.

6.2 Management Implications

This study also offers several management implications. First, traditional hu-
man manager-dominated negative performance feedback may damage leader-
subordinate relationships, trigger negative employee emotions, and reduce per-
formance levels (Ni & Zheng, 2024). This study’s findings indicate that AI
(relative to human managers) enhances individuals’ internal attribution and
performance improvement motivation. The results suggest that organizations
can apply digital intelligence technology to empower performance management
processes and leverage Al’s objective and impartial performance feedback ad-
vantages. This can not only reduce the pressure on human managers to deliver
negative performance feedback but also make negative performance feedback
from AI more acceptable to employees, thereby enhancing feedback implemen-
tation effectiveness.

Second, although digital intelligence technology offers advantages such as ef-
ficiency, objectivity, and standardization, it reduces interpersonal interaction
and empathy in the performance feedback process (Dong et al., 2022; Yalcin
et al., 2022). Therefore, it is necessary to distinguish between different appli-
cation scenarios for human and AI feedback. According to this study’s results,
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organizations should pay attention to task characteristics in human-Al negative
performance feedback. For instance, AI’s objective and impartial characteristics
provide advantages for negative performance feedback in objective tasks (such
as performance analysis and sales forecasting). However, compared to human
managers, Al lacks social and interaction attributes, resulting in poorer effec-
tiveness for negative performance feedback in subjective work tasks (such as
interpersonal communication and conflict management). Accordingly, organi-
zations should identify task types in advance to fully leverage the respective
feedback advantages of human managers and Al

Third, this study provides management insights for organizations to help em-
ployees engage in positive psychological construction after receiving human-
AT negative performance feedback. Since employees’ internal attribution for
human-AI negative performance feedback affects their performance improve-
ment motivation—higher internal attribution for negative performance feedback
leads to higher motivation to improve performance—organizations need to pay
attention to employees’ attribution styles after receiving human-AI negative
performance feedback and strengthen performance communication to help em-
ployees timely identify their shortcomings or improve performance feedback
processes, thereby enhancing employee performance.

6.3 Limitations and Future Directions

This study has several limitations. First, future AI may enter the workplace in
human-like forms (e.g., virtual employees) to work alongside human employees
and provide performance feedback (Yam et al., 2023). Future research could
manipulate participants’ perception of performance feedback sources (from hu-
man vs. Al vs. human-AT hybrid) in more realistic human-AT feedback scenarios
(e.g., feedback from virtual colleagues) to deepen human-Al comparisons. Sec-
ond, previous research has indicated that feedback characteristics are important
factors influencing performance feedback effectiveness. This study primarily fo-
cused on objective feedback presented through performance ranking. Due to
differences between humans and Al in communication and emotional attributes,
future research could further explore differential effects of human-AI feedback in
evaluative feedback (e.g., open-ended, qualitative, or problem-specific feedback)
(Johnson, 2013).

Additionally, future research could examine cultural factors in human-AlI perfor-
mance feedback. For example, under the influence of traditional Chinese culture
of moderation and humility, managers often adopt a “sandwich” feedback ap-
proach that mixes encouraging and praising positive feedback with negative
feedback to avoid conflict. Since Al is often disliked for lacking “human touch”
(Dietvorst et al., 2015; Luo et al., 2019), future research could explore the im-
pact of Al adopting a “sandwich” performance feedback strategy on employee
performance. Moreover, compared to Western societies, Eastern societies under
harmony culture have more indirect interpersonal communication styles (Geng
et al., 2020), which may cause individuals in Eastern societies to respond more
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negatively to negative performance feedback, thereby affecting the differential
effectiveness of human-AI negative performance feedback. Future research could
use Western samples to explore the effects of human-Al negative performance
feedback under different cultural backgrounds.

Furthermore, this study focused on the causal locus perspective (internal vs. ex-
ternal attribution) in attribution theory. In fact, attribution theory has rich
connotations. For example, according to attribution stability, individuals’ at-
tributions can be categorized as ability attribution (attributing event outcomes
to one’s ability) vs. effort attribution (attributing to one’s effort or input). Ac-
cording to attribution controllability, individuals may attribute event outcomes
to controllable factors (ability, effort, etc.) or uncontrollable factors (luck, task
difficulty, etc.) (Weiner, 1985; Russell, 1982). Considering that AI can con-
duct profiling analysis of individuals based on big data and deeply analyze hu-
man characteristics in personality, preferences, and abilities (Fan et al., 2023),
future research could adopt more perspectives from attribution theory or com-
bine perspectives (e.g., can Al-delivered negative performance feedback enhance
employees’ internal attribution for ability and affect performance improvement
motivation?) to further enrich attribution theory’s explanation of differential
effects of human-AI performance feedback.

Finally, this study focused on the proximal outcome of employees’ performance
improvement motivation after receiving human-Al negative performance feed-
back. Future research could explore the impact of human-Al negative perfor-
mance feedback on employees’ actual behavioral performance (e.g., performance
levels, learning behaviors), thereby expanding research on the consequences of
human-Al negative performance feedback.
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Appendix 1 (Self-Developed Subjective and Objective
Tasks)

Note: Experiment 2 used Subjective Task 1 and Objective Task 3; Experiment 38
used all tasks; Experiment 4 used Subjective Tasks 1 and 2, and Objective Tasks
2 and 3.
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Subjective Tasks

[Subjective Task 1] Assume today is [date], and you are [position] at [com-
pany]. You have received three official emails that require your attention.

[Subjective Task 1] You have received an official email from your colleague
[name] in the [department], which mentions difficulties encountered by [name]
in leading a team to complete a project. Please handle the following official
correspondence.

Official Document Type: Email

To: [Name]

From: [Name]

Date: [Date]

Subject: Regarding Project Team Building Issues

Recently, the company assigned me to lead a team responsible for a new project.
Our project team successfully completed preliminary work based on past expe-
rience and received confirmation and recognition from the client. However,
due to tight timelines and heavy workloads, we requested and obtained two
new team members from the company. After project implementation began,
frequent disputes occurred between original team members and new members,
with each side blaming the other for mistakes. Original team members believed
new members were inefficient and delayed project progress, while new members
believed original team members were difficult to work with and communicate
with effectively. I initially considered this a normal team EE#& process and did
not intervene extensively. However, after two months of project implementa-
tion, I realized that continuing this way would definitely cause problems. What
suggestions do you have? Please advise.

[Department] [Name]
[Date]

Question: Please provide effective suggestions to your colleague [name| in the
[department] based on your work experience (suggestions should be specific,
feasible, and logically clear, with at least 100 characters).

[Subjective Task 2] You have received an official email from your colleague
[name] in the [department], which mentions difficulties encountered by [name]
in leading a team to complete a project. Please handle the following official
correspondence.

Official Document Type: Email

To: [Name]

From: [Name]

Date: [Date]

Subject: Regarding Handling Unexpected Situations

Currently, I am primarily responsible for a project that has reached its later
stages. However, due to a sudden recurrence of the pandemic, Xiao Li, a col-
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league who was responsible for an offline work task, has been quarantined out-
side. Due to cost control, our project team cannot hire new staff this year, and
this offline work was previously only mainly handled by Xiao Li, with others not
understanding it and having relatively saturated workloads. Due to limitations,
this work cannot be conducted online. What suggestions do you have? Please
advise.

[Department] [Name]
[Date]

Question: Please provide effective suggestions to your colleague [name| in the
[department] based on your work experience (suggestions should be specific,
feasible, and logically clear, with at least 100 characters).

[Subjective Task 3] You are a workplace mentor for [name|, who sent you an
official email mentioning difficulties encountered in recent work. Please handle
the following official correspondence.

Official Document Type: Email

To: [Name]

From: [Name]

Date: [Date]

Subject: Request for Help with Work Communication

Today, the general manager assigned me to complete an important work task
together with [name]. When I asked the leader when the work needed to be
delivered, the leader replied “as soon as possible.” Originally, I planned to work
overtime today to complete the task, but [name] believed that since the leader
didn’t specify a delivery time, we could complete it slowly next week. I tried
to persuade him for a long time, but he still felt there was no need to work
overtime. How should I persuade him to work overtime with me to complete
this important task? Can you give me some suggestions? Please advise.

Question: Please provide effective suggestions to your workplace mentee [name]
based on your work experience (suggestions should be specific, feasible, and
logically clear, with at least 100 characters).

Objective Tasks

[Objective Task 1] Assume today is [date], and you are [position] in [depart-
ment| at [company]. You have received three official emails that require your
attention.

[Objective Task 1] You have received an official email from your colleague
[name] in the [department], which mentions issues regarding work arrangements.
Please handle the following official correspondence.

Official Document Type: Email
To: [Name]
From: [Name]
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Date: [Date]
Subject: Regarding Work Arrangement Issues

Tomorrow, we have invited four candidates (A, B, C, D) to simultaneously
participate in a three-stage interview at our company’s project department. The
company requires that each candidate must first be interviewed by a recruitment
specialist, then by a project supervisor, and finally by a project manager. No
queue-jumping is allowed (i.e., the order of the four candidates must be the same
at each stage). Due to different professional backgrounds and work experiences,
each candidate’s interview time varies at each stage, as shown in the table below
(unit: minutes):

Recruitment Specialist ~ Project Supervisor Project Manager
Candidate Interview Interview Interview

oQw»>

Since our company is far from the hotel where candidates are staying, we need to
arrange a shuttle bus to take all four candidates to leave the company together.
Interviews begin at 8:00 AM tomorrow. How should you arrange their interview
order so they can leave the company together as early as possible? What is the
earliest time? Please provide specific arrangements.

Question: Please use logical reasoning and computational ability to reply to
[name] in the [department] about interview order arrangements. Sort candidates
A B, C, D and calculate the earliest time they can leave the company. (Please
provide specific logical analysis and reasoning, with at least 100 characters).

[Objective Task 2] You have received an official email from your colleague
[name] in the [department], which mentions issues regarding investment and
purchase of project production equipment. Please handle the following official
correspondence.

Official Document Type: Email

To: [Name]

From: [Name]

Date: [Date]

Subject: Regarding Production Equipment Investment and Purchase

Our project team recently plans to invest in and purchase a project production
equipment and conduct comprehensive evaluations of different equipment types
based on six decision indicators: maximum operating speed (C1), maximum
output (C2), maximum load (C3), cost (C4), reliability (C5), and sensitivity
(C6). Four equipment models are available for selection, with specific indicator

chinarxiv.org/items/chinaxiv-202410.00135 Machine Translation


https://chinarxiv.org/items/chinaxiv-202410.00135

ChinaRxiv [$X]

values shown in the table. The weight of each attribute is 20%, 10%, 10%, 10%,
20%, and 30% respectively. Please advise us on how to make the purchase.

Equipment Maximum Operating Speed  Reliability Sensitivity
Model (units/day) Score Score

A

B

C

D

Question: Please use logical reasoning and computational ability to reply to
[name] in the [department] about equipment investment and purchase. Rank
equipment A, B, C, D from best to worst. (Please provide specific logical analysis
and reasoning, with at least 100 characters).

[Objective Task 3] You are a workplace mentor for [name], who sent you an
official email mentioning difficulties encountered in recent project preliminary
research. Please handle the following official correspondence.

Official Document Type: Email

To: [Name]

From: [Name]

Date: [Date]

Subject: Request for Help with Project Research

Recently, I have been conducting preliminary research for a project I am re-
sponsible for and need to understand the sales situation of a product involved
in the project to decide whether to include it in our project plan. The table
below shows the product’s sales statistics for the past 10 months. According to
company sales standards: (1) Sales < 60,000 units: unsalable; (2) 60,000 < sales
< 100,000 units: average; (3) Sales > 100,000 units: best-selling. According to
company requirements, if the product is best-selling next month (month 11), it
can be included in our project plan. Please advise whether we should include
this product in our project plan.

Product Sales Statistics Table
Sales (10,000 units): 40

Question: Please use logical reasoning and computational ability to reply to
your mentee [name| about the project research request. Analyze the product’s
sales status for month 11 (unsalable, average, best-selling) and predict the sales
volume for month 11. (Please provide specific logical analysis and reasoning,
with at least 100 characters).

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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