
fpsyg-13-876933 September 2, 2022 Time: 12:9 # 1

TYPE Original Research
PUBLISHED 07 September 2022
DOI 10.3389/fpsyg.2022.876933

OPEN ACCESS

EDITED BY

Mihaela Laura Bratu,
Lucian Blaga University of Sibiu,
Romania

REVIEWED BY

Muddassar Sarfraz,
Putra Malaysia University, Malaysia
Larisa Ivascu,
Politehnica University of Timişoara,
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The popularization of intelligent machines such as service robot and industrial

robot will make human–machine interaction, an essential work mode. This

requires employees to adapt to the new work content through learning.

However, the research involved human–machine interaction that how

influences the employee’s learning is still rarely. This paper was to reveal the

relationship between human–machine interaction and employee’s learning

from the perspective of job characteristics and competence perception of

employees. We sent questionnaire to 500 employees from 100 artificial

intelligence companies in China and received 319 valid and complete

responses. Then, we adopted a hierarchical regression for the test. Empirical

results show that human–machine interaction has a U-shaped curvilinear

relationship with employee learning, and employee’s vitality mediates the

curvilinear relationship. In addition, job characteristics (skill variety and

job autonomy) moderate the U-shaped curvilinear relationship between

human–machine interaction and employee’s vitality, especially the results

of moderating effects varying with employee’s competence perception.

Exploring the mechanism of the effect of human–machine interaction on

employee’s learning enriches the socially embedded model. Moreover, it

provides managerial implications how to enhance individual adaptability with

the introduction of AI into firms. However, our research focuses more on the

impact of human–machine interaction on employees at the initial stage of

AI development, and the level of machine intelligence in various industries

will reach a high degree of autonomy in the future. The future research can

explore the impact of human–machine interaction on individual’s behavior

at different stages, and the results may vary depending on the technologies

mastered by different individuals. The study has theoretical and practical

significance to human–machine interaction literature by underscoring the

important of individual’s behavior among individuals with different skills.

KEYWORDS

human–machine interaction, employee vitality, employee learning, job
characteristics, competence perception

Frontiers in Psychology 01 frontiersin.org

https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org/journals/psychology#editorial-board
https://www.frontiersin.org/journals/psychology#editorial-board
https://doi.org/10.3389/fpsyg.2022.876933
http://crossmark.crossref.org/dialog/?doi=10.3389/fpsyg.2022.876933&domain=pdf&date_stamp=2022-09-07
https://doi.org/10.3389/fpsyg.2022.876933
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fpsyg.2022.876933/full
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org/


fpsyg-13-876933 September 2, 2022 Time: 12:9 # 2

Sen et al. 10.3389/fpsyg.2022.876933

Introduction

With the advent of digital era, the popularization of
artificial intelligent (AI) such as service robot, freight robot,
and industrial robot has presented a new type of office
landscape (Cameron, 2019; Hentout et al., 2019). Human–
machine interaction is becoming more and more frequent
and necessary. Some scholars contend that collaborative robots
can assist workers and improve their safety and productivity
(Hancock et al., 2011; Visser and Parasuraman, 2011; Rahwan
et al., 2019). Consequently, employees are willing to learn to
use new smart devices and technologies (Mahzoon et al., 2019).
For example, through investigations and interviews from the
firms applied AI, we find that the staff cooperating effectively
with food delivery robots could improve work efficiency by more
than 70%. However, other scholars have pointed out that many
employees are afraid of robots to take away their jobs if they
cannot learn to update their skills effectively (Zlotowski et al.,
2017). Unfortunately, we have insufficient knowledge on how
human–machine interaction influences employee’s learning.
Studying the relationship between human–machine interaction
and employee’s learning not only ensures the employees use the
AI technologies effectively and confidently, but also keeps them
thrive in a quickly changing workplace (Rampersad, 2020).

This work contributes to employee’s learning, mainly from
thriving at work of Spreitzer et al. (2005). Based on the
socially embedded model of thriving at work, learning is
shaped by the context in which individuals are embedded
(Sonnentag and Fritz, 2007; Spreitzer et al., 2010), including
contextual features and available resources (Niessen et al.,
2010). Contextual features, such as job stressors (Paulsson
et al., 2005) and job demands (Bakker and Demerouti, 2007;
Alikaj et al., 2021), have an impact on employee’s learning
(LePine et al., 2005). Additionally, available resources have been
supported for positive meaning at work, and the experience of
positive meaning increases the employees’ feelings of learning
(Prem et al., 2016).

With the introduction of artificial intelligence into firms,
human–machine interaction changes technological and working
context. Thus, employees need to be attuned to new job
demands, establish, and adapt to emotional and relational
resources with intelligent machines to influence their learning
furtherly. There are two different points about the influences.
On the one hand, employees worry about being replaced by
machines, thus pay more psychological costs, and cause the
anxiety and panic from job transfer (Salanova and Schaufeli,
2008), which are not conducive to establishing positive
emotional relationship and in turn inhibit employee’s learning
(Waschull et al., 2020). On the other hand, intelligent machines
could replace employees to complete simple and repetitive
work, thus improve work efficiency, in turn strengthen the
positive emotional relationship between human and machines,
and promote employee’s learning (Deming, 2017). These two

opposite emotions that simultaneously act on employee’s
learning may produce complex results, and this provides
a theoretical basis and non-linear perspective to explore
the relationship between human–machine interaction and
employee’s learning.

Furthermore, whether the employee’s learning can be
enhanced also depends on the working situation (Bakker and
Demerouti, 2007). As a component of external situation, job
characteristics may impact employee’s learning (Ryan and Deci,
2000). Hackman and Oldham (1976) referred job characteristics
model, pointing out that skill variety, job autonomy, and
other job characteristics affected job satisfaction. Oldham and
Cummings (1996) confirmed that employees with diverse work
skills could facilitate the generation of new ideas. Prem et al.
(2016) found that employees who have the autonomy to
decide how to do their work and depose their time could be
benefited to them learn new knowledge. The application of
artificial intelligence in enterprises has brought unprecedented
challenges to employees. However, employees with skill variety
and job autonomy are tended to explore new technologies
positively and more apt to establish a harmonious emotional
relationship with intelligent machines. Therefore, skill variety
and job autonomy may influence the relationship between
human–machine interaction and employee’s learning.

In addition, employees in the same position may response
differently to the external environment changes due to their
individual difference. Based on self-determination theory,
competence is defined as feeling effective in one’s environment
and influences individual psychological and behavioral choices
(Deci and Ryan, 1985, 2000). Employees with high competence
perception can interact with the environment smoothly and
prefer to choose challenging targets to test and expand their
skills (Howard et al., 2017). With the introduction of AI
into firms, high-skill (Taks et al., 2014), unconventional,
and knowledge-intensive works (Haenlein and Kaplan, 2019)
are in great demand (Giselle, 2020). Employees with high
competence perception could quickly adapt to the changes
in work requirements involved human–machine interaction.
Therefore, employees with high level of competence perception
could be not sensitive to the relationship between human–
machine interaction and employee’s learning moderated by
job characteristics (i.e., skill variety and job autonomy).
However, employee with low level of competence perception
may make the moderating effect of job characteristics on
the relationship between human–machine interaction and
employee’s learning more prominent. Thus, the moderation
effect of job characteristics varies according to different
individual competence perceptions.

The main purpose of this study was to enrich the
understanding of how human–machine interaction affects
employee’s learning. Specifically, we study the mechanism
of the relationship between human–machine interaction and
employee’s learning, and how employee’s vitality meditates the
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relationship, and furtherly explore what are the results of job
characteristics moderating the relationship of human–machine
interaction with employee’s vitality. Finally, we introduce
competence perception from employees to investigate the
triple moderating effect of human–machine interaction, job
characteristics, and competence perception on vitality.

This study makes three important contributions. First, we
extend the application of socially embedded model in AI
scenarios and enrich the literature of thriving at work. The
socially embedded model describes how work situations and
relational resources stimulate employees’ learning (Spreitzer
et al., 2005). However, with the development and popularization
of AI, cooperation between human and machine changes the
work situations and relational resources (Blanchard et al.,
2018) and could influence employee’s learning differently. Thus,
we introduce the concept of human–machine interaction and
point out that human–machine interaction affects employees’
emotional resources and has a U-shaped curvilinear relationship
with employee’s learning.

Second, we reveal the internal mechanism of the relationship
between human–machine interaction and employee’s learning.
Factors that affect employee’s learning come from the work
situations, job characteristics, and their abilities (Porath et al.,
2012). This study argues that vitality, that is a sense of
energy or passion for work, also influences employee’s learning.
Meanwhile, the introduction of AI technology into firms
inspires employees’ passion for work. Thus, human–machine
interaction affects employee’s learning by changing their vitality.
Our study enriches the psychological mechanism of influencing
employee learning.

Third, we explore the boundary conditions for the effect
of human–machine interaction on employee’s vitality. From
the perspective of job characteristics, we find that both
skill variety and job autonomy enhance the relationship
between human–machine interaction and employee’s vitality.
The study supports job characteristics model from Hackman
and Oldham (1976), and that job characteristics have an
impact on employee’s psychology. Furtherly, considering that
personal psychology is not only affected by job characteristics,
but also has a close relationship with one’s own conditions,
we introduce competence perception and point out that
competence perception moderates the moderating effect of
job characteristics. This paper explores the triple-interactive
effects of human–machine interaction, job characteristics, and
competence perception on individual’s behavior, expanding
the research on the relationship between human–machine
interaction and employee’s psychological behavior.

The rest of this article is organized as follows. First,
we review theoretical background and propose hypothesis
development. Second, we develop the research method to collect
the data and measure the variables analyzed in this study.
Third, we provide the results of hypotheses testing. Fourth,
we discuss the implications of our research and identify the

limitations and promising areas for future research. Finally, we
conclude the conclusion.

Theoretical background and
hypothesis development

Employee’s learning is not only rooted in individual
independent thoughts, but also in social systems and formulated
in the process of social interactions (Wenger, 1998). Gherardi
et al. (1998) state that learning often occurs in the social
interaction among employees, and the emotional and relational
resources affect the frequency and initiative of interpersonal
interaction (Brown and Duguid, 1991). As a new work style,
human–machine interaction requires constant social interaction
between human and AI. Different human emotions and feelings
are generated during interaction with machines (Mahzoon
et al., 2019), thereby affecting employee’s learning. Based
on the bivariate model of positive and negative emotions,
the study explains the effect of human–machine interaction
on employee’s learning, portraying the process of employees’
emotional changes.

The equilibrium spatial model (ESM), a typical
representative of the bivariate model of emotions, demonstrates
that positive and negative emotions are two independent
variables, and one of the relations between the two emotions
is reflected in co-activation, implying that the changes in one
emotion are accompanied by parallel changes in the other
emotion and can occur simultaneously (Uphill et al., 2019).
Individual psychological change is the process of perceiving
both positive and negative emotions. The superposition of the
two emotions is the total effect of human–machine interaction
on employee’s learning. According to the superposition
principle of non-linear causes proposed by Haans et al.
(2016), the superposition of these opposite effects of two
emotions may lead to a U-shaped relationship between human–
machine interaction and employee’s learning. Based on the
moderating effect analysis (Haans et al., 2016), we divide the
intensity of human–machine interaction into two scenarios,
low (low to medium) and high (medium to high) in the
theoretical deduction.

In the scenario of low to medium, the degree of
human–machine interaction is low at the initial stage of
AI introduction into employees’ work because of employees
lacking the experience with new technologies and devices.
The work involved human–machine interaction leads to a
sudden increase in the requirement for work skills, and the
employees need to transform service-based manual labor to
creative intellectual labor (Manyika et al., 2017). Employees
are needed to constant exploration and friction with machines.
Acemoglu and Restrepo (2018) document that the perception
of AI is reflected in terms of the uncertainty and uncontrolled
ability of future work, such as whether machines will undertake
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more replacement work or even replace individual jobs,
thus putting themselves at the risk of unemployment. This
panic overtakes the positive emotions that smart machines
can trigger high productivity and dominates in the human
brain. When negative emotions dominate, it is difficult for
employees to focus on performing their job duties. They are
tired of exploring new technical knowledge, and not conducive
to developing intimate partnerships with machines, thereby
decreasing employee’s learning.

In the scenario of moderate to high, there is a tipping point
to human–machine interaction after which human–machine
interaction can enhance employee’s learning greatly. In this
situation, through unceasing running-in with machines,
individuals mainly undertake creative work, but repetitive and
systematic work is taken by machines (Deming, 2017). Thus,
employees’ positive emotions outweigh the negative emotions,
thereby improving individual productivity significantly.
Individuals gradually recognize that machines acting as aids
could help them more focus on some creative work, motivating
employees to keep exploring given areas and enhancing
learning ability (Spreitzer and Porath, 2013). As the level of
human–machine interaction gradually increases, employees
also could form close collaborative relationships with machines
and view AI as partners and assistants (Markoff, 2016), in
turn stimulating employee’s learning. Therefore, with the
enhancement of man–machine interaction, the influence of
man–machine interaction on employee’s learning shows a
trend of decrease first and then increase. Accordingly, we
propose Hypothesis 1.

H1: Human–machine interaction is curvilinearly (taking a
U-shape) related to employee’s learning.

Miller and Stiver (1997) suggest that vitality is generated
through constant interaction with others and emphasize that
the associated relationships among individuals could stimulate
individual vitality. Human–machine interaction is a new type
of cooperation relationship between human and machines
(Michael and Sabrina, 2021), having the impact on individual
vitality. In the early stage of AI application, the dominance of
individual negative emotions reduces the vitality of employees.
As the degree of human–machine interaction deepens, machines
can gradually replace repetitive work contents, so that
individuals can extricate themselves from tedious work and
focus on creative work (van Esch et al., 2021). Therefore,
individuals’ positive emotions take over and they will feel
energized (Ryan and Deci, 2000). Meanwhile, when people only
focus on their tasks, they are more likely to perform effectively
(Brown and Ryan, 2003). Thus, when individuals successfully
complete their work, they may feel a sense of accomplishment,
in turn increasing individual vitality.

Vitality is a psychological state, showing a feeling of having
positive energy (Nix et al., 1999) and facilitating individual

learning to some extent, because vitalized individuals have
higher instantaneous attentions and thinking capacities
to facilitate individual learning (Fredrickson, 2003). What
is more, negative emotions could narrow the range of
thinking behaviors, whereas positive emotions could promote
aggressive behaviors and increase readiness for action
(Forgas, 2010). In sum, individual vitality can motivate
individuals to keep improving and learning. Therefore,
human–machine interaction can affect individual learning
by influencing employees’ individual vitality. Thus, we
propose Hypothesis 2.

H2: Individual vitality mediates the relationship between
human–machine interaction and employee’s learning.

All people have the capacity to pursue learning and
development, but whether they can effectively achieve this
pursuit also depends on their job characteristics (Ryan and Deci,
2000). According to Hedström and Swedberg (1998) point, job
characteristics and the resources generated in working could
influence individual learning through situational mechanisms.
We choose two types of job characteristics (i.e., skill variety
and job autonomy) to research the moderating effects of job
characteristics on the relationship between human–machine
interaction and individual vitality. In particular, according to
Kahya (2007), skill variety refers to the extent to which the job
requires the employee to draw from a number of different skills
and abilities as well as upon a range of knowledge (Noefer et al.,
2009), which will reduce boredom and increase job satisfaction
and motivation (Kemboi et al., 2013), thereby influencing
employee’s learning. Scholars have argued that job autonomy,
the ability to decide when, where, and how the job is to be done,
most likely has an effect on employees’ well-being (Thompson
and Prottas, 2006). Employees with high job autonomy
experience less stress and high career satisfaction (Parasuraman
and Alutto, 1984) and finally facilitate their learning.

Under the condition of human–machine interaction level
from low to medium, the negative emotions brought by
man–machine collaboration are dominant, leading to the
gradual decrease in individual vitality. If the work has
diverse characteristics, it is difficult for employees to focus
on work. Moreover, the working mode of human–machine
interaction requires individuals to reduce the stickiness
to the previous variety of work, in turn enhancing the
inadaptability of employees and thus decreasing individual
vitality. Simultaneously, as the introduction of intelligent
machines may lead to individuals unable to arrange their work
like before, therefore the more autonomy employees possess in
their work, the more confused they will be (Batt and Valcour,
2003), furtherly leading to increase negative emotions and
decrease individual vitality. Hence, compared with low job
autonomy, human–machine interaction is more likely to inhibit
individual vitality under high job autonomy.
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Under the condition of human–machine interaction level
from moderate to high interval, the positive emotions generated
by human–machine interaction are enhanced and amplified.
As analyzed in the above, with the continuous strengthening
of human–machine interaction, employees’ emotions could
reverse from the negative emotions of panic at the beginning
of human–machine interaction to the positive emotions
generated by human–machine interaction replacing their
own complicated tasks. Furthermore, the dominated positive
emotions trigger individual vitality. Meanwhile, employee with
diverse skills also will further stimulate their vitality (Morris
and Venkatesh, 2010). According to the job characteristics
model, skill variety is not only an expansion of the horizontal
quantity of work, but also an expansion of the vertical depth
(Noefer et al., 2009). The higher degree of autonomy at work
implies greater responsibility and self-determination (Thomas
and Ganster, 1995). With the deepening of human–machine
interaction, individual work responsibility can further enhance
individual work efficiency, activate positive emotions, and
relieve unemployment anxiety, thereby stimulating individual
vitality. The self-determination enables employees to acquire
and use new knowledge and skills to solve problems (Voydanoff,
2004), thereby enhancing individual vitality. In sum, we propose
Hypotheses 3a and 3b.

H3a: Skill variety enhances the relationship between
human–machine interaction and individual vitality.

H3b: Job autonomy enhances the relationship between
human–machine interaction and individual vitality.

Employees with different traits under the same job
characteristic conditions may react completely different to the

changes in the external environment. Given that individual
vitality partly depends on how competent employees feel about
their jobs (Prem et al., 2017), it is necessary to introduce
competence perception into research. Competence perception
reflects the degree of individuals controlling over their work
(Deci et al., 2017). Individuals with high competence perception
are able to interact with their surroundings autonomously
and prefer challenging jobs (Howard et al., 2017), whereas
individuals with low competence perception have limited
control over their jobs and prefer more conservative jobs
(Dweck, 1999).

The non-linear moderating effect of high-skill variety is
moderated by competence perception. In the low to moderate
level, human–machine interaction is the early stage of the
introduction of artificial intelligence. During this process,
employees with high-skill variety do not know how to carry
out man–machine interaction, thus reducing individual vitality.
If individuals possess high competence perception, once losing
control of the work of human–machine interaction, they will
get frustrated and lead to reduce their vitality. By contrast,
compared with employees with high competence perception,
individuals with low competence perception accept new jobs
passively and are not sensitive to the possible job challenges.
As a result, the inhibition effect of skill variety on human–
machine interaction and individual vitality is weakened. In
the moderate to high level, with deepening of the human–
machine interaction, employees with high-skill variety become
increasingly focus and explore creative work in certain areas,
thereby increasing individual vitality. However, individuals with
low competence perception are more prefer to conservative
work, in turn preventing them from exploring creative work
in depth (Vergauwe et al., 2015). In addition, this inhibits
the positive effect of high-skill variety on the relationship
between human–machine interaction and individual vitality.

FIGURE 1

Conceptual model.
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Therefore, when individuals have low competence perception
and high-skill variety, the effect of human–machine interaction
on vitality is weakened.

Similarly, the moderating effect of high job autonomy
is also moderated by competence perception. In the low
to moderate level, human–machine interaction decreases
employees’ individual vitality. High job autonomy hinders
employees to schedule their own work (Hackman and Oldham,
1976). Employees with low competence perception are less
impact to schedule their own work than those with high
competence perception, thus weakening the negative effect
of job autonomy on the relation between human–machine
interaction and individual vitality. In the moderate to high
level, for individuals with high job autonomy, with the
deepening degree of human–machine interaction, individual
work productivity can be improved and the anxiety of
unemployment can be alleviated to some extent. However, for
individuals with low job competence perception, it is difficult
for them to interact with the machine autonomously, and thus,
they are reluctant to choose challenging jobs to expand their
skills. As a result, unemployment anxiety is not effectively
alleviated, which further inhibits the promoting effect of high
job autonomy on human–machine interaction and individual
vitality. In sum, Hypotheses 4a and 4b are proposed.

H4a: The interactions of competence perception,
skill variety, and human–machine interaction affect
individual vitality.

H4b: The interactions of competence perception, job
autonomy, and human–machine interaction affect
individual vitality.

Finally, we propose a conceptual model, as illustrated in
Figure 1.

Materials and methods

Sampling and data collection

To test our hypotheses, we employ multiple-informant
survey technique and use 319 valid survey data from employees
and their leaders in the firms applying AI. These firms are
located in Beijing Province in China. We selected the firms
in Beijing Province in China for several reasons. First, Beijing
takes the leading position in AI technology and also is the
technological innovation center of China, ranking first in terms
of the number of new-generation AI open innovation platforms,
AI-related talents, and AI patent applications among China.
Second, Beijing gathers lots of mature AI application firms and
vigorously promotes the construction of application scenarios.

Since 2019, two batches of 40 application scenario construction
projects have been released, focusing on the key areas such
as digital finance, digital marketing, smart manufacturing,
smart education, smart healthcare, and so on. Policy incentives
spawned a large number of AI application firms. Third, with
the epidemic of COVID-19, integration of AI and traditional
economy is accelerating, such as unmanned delivery, online
consumption, and smart economy, which greatly help China
to fight against the epidemic. With the highlights of the
competitive advantages of AI technology, many firms in Beijing
have begun to apply AI technology, including unmanned
distribution, remote office, etc. Therefore, firms applying AI
in Beijing Province provide ideal contexts to investigate how
human–machine interaction affects employees’ learning.

There were two independent researchers who first developed
the questionnaire combined with research topics, and we
discussed any divergence between each other until reached
a consensus. We did a preresearch before the formal
questionnaire research. Since the preresearch objects need not
be representative, but be relevant (Babbie, 2010), we conducted
in-depth interviews with 3 firms in different industries that we
tracked for a long time, and these firms all have introduced AI-
related equipment or technology, including a bank, a high-tech
firm, and a communication firm. Additionally, the interview
mainly focused on the changes in work content, psychology,
and behavioral perception of employees after the introduction
of AI into firms. After the interview, we issued questionnaires
to 20 participants as a pilot test. We asked these respondents
not only to answer all the questionnaire items but also to
provide feedback about design and wording. According to the
suggestions from the feedback, we made detailed revision to the
questionnaire and finally formed a formal questionnaire.

Then, we cooperated with a management consulting firm
to help us randomly select 500 AI application firms and
issued questionnaires with the assistance of administrative
agencies. In addition, government administrative agencies
were responsible to collect the questionnaires. We recruited
experienced interviewers and trained them before conducting
the on-site survey. To encourage the participants to keep
neutrality and objectivity, we explained them that this survey is
for academic use only and we reassured the confidentiality of the
data collected. What is more, to protect the participants from
any adverse consequence, we carefully crafted the questionnaire
with no sensitive information involved, such as firm name, code,
location, and contact number. Participants in the survey also
need to meet the following criteria: (1) the firms have introduced
AI-related equipment or technology. (2) Participants’ leaders
are willing to cooperate with the survey. (3) Participants
keep the contents of the survey confidential and do not
inform colleagues.

Furtherly, to ensure the quality of the collected data,
we distributed two versions of questionnaires in different
times. The A version of questionnaire was filled out by
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employees, including human–machine interaction, vitality, and
other variables involved questions. A total of 500 questionnaires
were distributed (459 were returned). Then, 2 months later,
we handed out the B version of questionnaire to the previous
employees and asked them to answer their competence
perception and learning involved items. We also invited
their leaders to answer subordinates’ skill variety and job
autonomy-related items. After deleting invalid and unmatched
questionnaires, we received 319 useable questionnaires, for an
effective response rate of 63.8%.

Measures

We use five-point Likert (1 = “strongly disagree” and
5 = “strongly agree”) scales to operationalize our constructs.

Dependent variable
Employee’s learning

It is measured by four items adapted from Porath et al.
(2012), including “I am becoming more mature, I am improving,
I am learning, and I am growing.” Participants are instructed to
evaluate each statement against their own situation on a five-
point Likert scale (1 = strongly disagree and 5 = strongly agree),
and higher scores representing a greater degree of learning.

Independent variables
Employee’s vitality

Employees are asked to report whether they feel enthusiastic
about their work. It is measured by four items adapted from
Porath et al. (2012), including “I often feel full of vitality, I often
feel energetic, I often feel clear in my thinking, and I often feel
sharp in my thinking.”

Skill variety

It is measured by three items adapted from Sims et al. (1976).
Additionally, these items are answered by participants’ leaders,
namely, “The degree of diversity of subordinate’s work in the
context of AI, Repetition of subordinate’s work in the context
of AI, and subordinate’s chances of doing many different things
in the context of AI.”

Job autonomy

We measure it with scales adapted from Karasek (1979),
combined with the job characteristics of employees in the AI
context, including the following three items: “the extent to
which the subordinate can work freely and autonomously in
the context of artificial intelligence, the extent to which the
subordinate can adjust my work schedule in the context of
artificial intelligence, and the extent to which the subordinate
can adjust my work schedule in the context of artificial
intelligence.”

Competence perception: It is used to assess psychological
feelings of employees about their competency in performing

specific tasks. The items are chosen from the scales developed
by Sheldon et al. (2001), including “I am competent at my job, I
often experience a sense of accomplishment at work,” and so on.

Human–machine interaction: The variable followed a three-
step procedure for scale development. In the first step, we use
literature deductive method and in-depth interview method to
determine the initial questionnaire items. In this study, we first
review the existing research on human–machine interaction
defined as a collaborative relation between employees and
intelligent machines. Considering that the work of intelligent
machines is highly correlated with computer applications, we
refer to the scale of computer application developed by Medcof
(1996). Thus, we use the artificial intelligence equipment
application to replace the computer application in the original
scale to represent the degree of interaction between human
and machines. The measurement to the relationship between
employees and intelligent machines refers to the friendship
subscale from the job characteristics scale developed by Sims
et al. (1976). Based on the literature review, we conduct in-depth
interviews with 20 employees from three AI firms and then
revise the scale items to ensure them applicable to the human–
machine interaction context. In the second step, to verify the
validity of the questionnaire, we implement an exploratory
study and furtherly revise the measurement items of scale. We
verify the 100 valid questionnaires collected first and conduct
an exploratory factor analysis using Statistical Packages for
the Social Sciences (SPSS 22.0). These results indicate that the
reliability and validity of the scale items reach the standards
when the factor loading is greater than 0.5, the KMO test is
greater than 0.7, and the Cronbach’s α is greater than 0.6. In
the third step, validation factor analysis is conducted to validate
the scale. Therefore, the final scale items of human–machine
interaction included “(1) I use AI devices at work for a long
time; (2) I like AI devices at work; (3) I consider AI devices
as my work partners; (4) I often introduce the AI devices used
at work to my family or friends.” Participants are instructed to
evaluate each statement against their own situation on a five-
point Likert scale (1 = strongly disagree and 5 = strongly agree),
with higher scores representing a greater degree of human–
machine cooperation relationship.

In addition, we control for the effects of demographic
characteristic variables such as gender, age, position, job title,
education, and income.

Analysis and results

Tests of reliability and validity

The coefficient Cronbach’s α of the six core variables
all ranged from 0.615 to 0.886, indicating highly internal
consistency. The CR values are greater than 0.7, showing each
construct possessing a good combined reliability. The AVE
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TABLE 1 Variable reliability and convergent validity.

Variable Cronbach’s α CR AVE

Human–machine interaction 0.730 0.839 0.568

Vitality 0.857 0.838 0.564

Learning 0.886 0.797 0.598

skill variety 0.615 0.795 0.568

Job autonomy 0.746 0.851 0.656

Competence perception 0.629 0.795 0.566

value for each construct is greater than 0.5, in support of good
convergent validity (Table 1).

Tests for common method bias

In addition, common method bias (CMB) will arise from
using data from the same side (Podsakoff et al., 2003). To
address the potential problem, we first managed the survey
process using a pretest and reverse-coded items were included
the questionnaires (Malhotra et al., 2006). Furtherly, all of
our questionnaires were filled out by the employees and
their leaders. The measurement of independent variables and
dependent variables was obtained from different sources.
Second, we adopted a Harman’s single factor test by entering
all the principal constructs into a principal component factor
analysis (Table 2). Through the analysis, the largest variance
explained by the first factor is 12.027%, which is less than 30%
(Harman, 1976). Overall, these findings suggest that CMB is not
a concern in our study.

Descriptive statistics and correlations

The descriptive statistics (mean and standard deviation)
of the variables and the correlation coefficients between the
variables are presented in Table 3. The correlations of employee’s

learning with the main research variables, including vitality, skill
variety, and job autonomy, are significant. However, the linear
relation between the learning and human–machine interaction
is not significant, so it is tentatively judged to be non-linear.

Hypothesis testing

Analysis of main regression
To test the effect of human–machine interaction on

employee’s learning, we adopted a hierarchical regression
method and the procedure for non-linear conditioning test
suggested by Aiken and West (1991). We entered the control
variables and independent variables hierarchically (Table 4).
Model 1 provides a regression analysis of the relation between
control variables and individual learning. Based on this analysis,
Model 2 adds human–machine interaction and its quadratic
term to test the non-linear effect of human–machine interaction
on learning. The results reveal that coefficient of human–
machine interaction is significantly negative (β = –0.556,
p < 0.01), and quadratic term of human–machine interaction is
significantly positive (β = 0.104, p < 0.001). Thus, these results
indicate a U-shaped non-linear relationship between human–
machine interaction and employee’s learning. Hypothesis 1
receives support.

Analysis of the mediating effects of vitality
Models 3 and 5 are used to test the mediating effect of

vitality on the relation between human–machine interaction
and learning (Table 5). The results revealed that the effect of
vitality on employee’s learning is significantly positive (β = 0.241,
p < 0.001). The coefficient of human–machine interaction
is significantly negative (β = –0.748, p < 0.01), whereas its
secondary-order coefficient is significantly positive (β = 0.136,
p < 0.01), tentatively indicating the mediating effect of vitality.

Furthermore, we examined the mediating effect of
individual vitality using the bias-corrected percentile bootstrap

TABLE 2 Total variance explained with cumulative percentage of components.

Total variance explained

Ingredients Initial eigenvalue Extraction of the sum of squares of loads Sum of squared rotating loads

Aggregate Percentage
variance

Cumulative
percentage

Aggregate Percentage
variance

Cumulative
percentage

Aggregate Percentage
variance

Cumulative
percentage

1 4.983 23.727 23.727 4.983 23.727 23.727 2.526 12.027 12.027

2 2.270 10.810 34.537 2.270 10.810 34.537 2.307 10.987 23.014

3 1.814 8.640 43.176 1.814 8.640 43.176 2.232 10.626 33.640

4 1.395 6.644 49.821 1.395 6.644 49.821 2.177 10.366 44.006

5 1.176 5.600 55.421 1.176 5.600 55.421 1.760 8.381 52.387

6 1.097 5.222 60.643 1.097 5.222 60.643 1.734 8.256 60.643

The extraction method is a principal component analysis.

Frontiers in Psychology 08 frontiersin.org

https://doi.org/10.3389/fpsyg.2022.876933
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org/


fpsyg-13-876933 September 2, 2022 Time: 12:9 # 9

Sen et al. 10.3389/fpsyg.2022.876933

TABLE 3 Descriptive statistics and correlation analysis.

Variable 1 2 3 4 5 6

(1) Gender 1

(2) Age –0.216** 1

(3) Position 324** 0.037 1

(4) Job title 0.009 –0.145** 0.354** 1

(5) Education 0.056 0.052 0.155** 0.203** 1

(6) Income –0.167** 0.034 0.093 –0.230** –0.380** 1

(7) Human–machine interaction –0.039 –0.163** 0.152** –0.066 –0.032 0.107

(8) Vitality –0.017 –0.150** 0.084 0.009 –0.083 0.180**

(9) Learning 0.044 –0.173** 0.084 –0.086 –0.164** 0.183**

(10) Skill variety –0.144** –0.146** 0.171** 0.082 –0.122* 0.298**

(11) Job autonomy –0.014 0.057 0.162** –0.058 –0.122* 0.290**

(12) Competence perception –0.004 –0.013 0.06 0.015 –0.154** 0.211**

Average 1.451 3.777 3.292 3.674 2.981 4.445

SD 0.498 1.078 1.770 0.668 0.649 0.833

Variable 7 8 9 10 11 12

(7) Human–machine interaction 1

(8) Vitality 0.288 1

(9) Learning 0.330 0.359** 1

(10) Skill variety 0.200** 0.253** 0.246** 1

(11) Job autonomy 0.189** 0.046 0.121 0.256** 1

(12) Competence perception 0.401** 0.442** 0.288** 0.222** 0.168** 1

Average 3.918 4.158 3.815 3.171 3.544 4.111

SD 0.597 0.482 0.376 0.583 0.650 0.483

+p < 0.1, *p < 0.05, **p < 0.01. Two-tailed test.

method (Preacher and Hayes, 2008). The results (Table 6)
indicate the indirect effect of human–machine interaction
through the mediation of vitality is 0.008, with a confidence

TABLE 4 Results of regression analysis.

Variable Learning

Model 1 Model 2 Model 3

Constant 4.053*** 4.507*** 3.1***

Sex 0.067 0.062 0.065

Age –0.061** –0.032+ –0.045*

Position 0.036** 0.02 0.031*

Job title –0.068* –0.046 –0.069*

Education –0.068 + –0.065* –0.064+

Income 0.052 + 0.041 0.028

Human–machine interaction –0.556**

Square ofhuman–machine interaction 0.104***

Vitality 0.241***

R2 0.1 0.203 0.19

Adjusted R 2 0.082 0.183 0.171

F 5.755** 9.878*** 10.392***

+p < 0.1, *p < 0.05, **p < 0.01, ***p < 0.001. Two-tailed test.

interval (CI) of [–0.003, –0.013], which does not contain 0
and therefore is significant, indicating that the mediating
effect of vitality on the relationship between human–machine
interaction and learning is positive and significant. We get
support for Hypothesis 2.

Analysis of the moderating effect of job
characteristics

Models 6 tests the moderating effect of skill variety on the
relation between human–machine interaction and employee’s
vitality. The moderating effect of skill variety on human–
machine interaction and employee’s vitality relationship is
negative and significant (β = –2.577, p < 0.001), as well
as moderating effect of skill variety on quadratic term of
human–machine interaction and employee’s vitality is positively
significant (β = 0.307, p < 0.01). Models 8 tests the moderating
effect of job autonomy, showing the result of moderating effect
of job autonomy on the relationship between human–machine
interaction and employee’s vitality is negative and significant
(β = –1.203, p < 0.001), but the result of moderating effect of
job autonomy on the relationship between quadratic term of
human–machine interaction and employee’s vitality is positively
significant (β = 0.138, p < 0.01). Therefore, the results support
Hypotheses 3a and 4a.
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TABLE 5 Results of the analysis of mediating and moderating effects.

Variable Vitality

Model 4 Model 5 Model 6 Model 7 Model 8 Model 9

Constant 3.95*** 4.645* 7.129*** 4.226*** 5.736*** 5.376***

Sex 0.004 –0.001 –0.002 –0.007 0.008 0.013

Age –0.07** –0.035 –0.028 –0.043+ –0.024 –0.035

Position 0.021 0.002 0.002 0.011 0.005 0.008

Job title 0.002 0.028 0.035 0.012 0.035 0.011

Education –0.017 –0.013 –0.029 0.007 –0.019 0.009

Income 0.099** 0.085* 0.079** 0.054+ 0.099** 0.075**

Human–machine interaction –0.748** –2.034*** –1.122* –1.241*** –1.539***

Square of human–machine interaction 0.136** 0.292*** 0.158** 0.196*** 0.214***

skill variety 0.041 0.097

Human–machine interaction× skill variety –2.577*** 0.918

Square of human–machine interaction× skill variety 0.307** –0.116

Job autonomy –0.065 –0.08

Human–machine interaction× job autonomy –1.203*** 0.316

Square of human–machine interaction× job autonomy 0.138** –0.044

Competence perception 0.325*** 0.351***

skill variety× competence perception 0.103

Human–machine interaction× skill variety× competence perception 1.596**

Square of human–machine interaction× skill variety× competence perception –0.176**

Job autonomy× competence perception –0.002

Human–machine interaction× job autonomy× competence perception 1.147**

Square of human–machine interaction× job autonomy× competence perception –0.134**

R2 0.063 0.155 0.199 0.317 0.21 0.340

Adjusted R2 0.044 0.133 0.17 0.283 0.182 0.308

F 3.467** 7.094*** 6.917*** 9.383*** 7.422*** 10.424***

+p < 0.1, *p < 0.05, **p < 0.01, ***p < 0.001. Two-tailed test.

TABLE 6 Tests for mediating effects of vitality.

Square of human–machine
interaction→ total effect of
learning
(95% confidence interval, CI)

Square of human–machine
interaction→ direct effect of

learning
(95% CI)

Square of human–machine
interaction→ indirect effects

of learning
(95% CI)

0.032***
[0.023,0.041]

0.024***
[0.015,0.033]

0.008***
[0.003,0.013]

***p < 0.001. Two-tailed test. Bootstrap = 5000.

Subsequently, we performed simple estimates of slope of
the curve and limited the mean plus or minus one standard
deviation of the moderating variable skill variety and job
autonomy, respectively (Table 7). The results of the skill variety
moderating effect reveal a U-shaped curvilinear relationship
between human–machine interaction and individual vitality for
both high-skill variety (β = 0.03, p < 0.001) and low-skill variety
(β = 0.041, p < 0.001). The results of moderating effect of
job autonomy reveal a quadratic curve state for the relation
between human–machine interaction and vitality under both
high job autonomy (β = 0.027, p < 0.01) and low job autonomy

(β = 0.044, p < 0.001). Thereby, both Hypothesis 3a and
3b are supported.

Furthermore, we separately examined the mediated effects
of vitality moderated by skill variety and job autonomy. In
particular, the bootstrap method test for the mediating effect of
vitality is moderated by skill variety. The result reveals that the
indirect effect of skill variety through vitality moderating the
non-linear relation between human–machine interaction and
individual learning is significant (with a 95% CI [0.003, 0.012]),
as shown in Table 8. The result of the bootstrap method test
for the mediating effect of vitality moderated by job autonomy
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TABLE 7 Simple estimates of the slope of the moderating effect.

Moderating variables Simple estimate of slope SE T-value P-value 95% confidence interval (CI)

Lower bound Upper bound

skill variety +SD 0.030*** 0.008 3.594 0.000 0.013 0.046

–SD 0.041*** 0.009 4.737 0.000 0.024 0.058

Job autonomy +SD 0.027** 0.008 3.267 0.001 0.011 0.044

+SD 0.044*** 0.008 5.661 0.000 0.028 0.059

**p < 0.01, ***p < 0.001. Two-tailed test.

reveals in Table 9 and shows that the indirect effect of job
autonomy through individual vitality moderating the non-linear
relation between human–machine interaction and individual
learning is significant.

Analysis of the moderating effect of
competence perception

We test the moderating effect of competence perception
moderated job characteristics in the relationship between
human–machine interaction and individual vitality. Model
7 in Table 5 indicates that the product term of human–
machine interaction, skill variety, and competence perception
is significant (β = 1.596, p < 0.01), and the product result of
the quadratic term of human–machine interaction, skill variety,
and competence perception is negatively significant (β = –0.176,
p < 0.01). Model 9 in Table 5 indicates that the product of
human–machine interaction, job autonomy, and competence
perception is significant (β = 1.147, p< 0.01), and the product of
quadratic term of human–machine interaction, job autonomy,
and competence perception is negatively significant (β = –0.134,
p < 0.01).

Accordingly, we classified skill variety and competence
perception into four cases, namely, (1) high-skill variety
and high competence perception, (2) high-skill variety
and low competence perception, (3) low-skill variety and
high competence perception, and (4) low-skill variety and
low competence perception, for simple slope estimation.
Furthermore, we also classified job autonomy and competence
perception into four separate cases (Table 10). The results reveal
that the joint moderating effect of low-skill variety and high
competence perception does not pass the test (β = 0.022, 95% CI
[–0.002, 0.046]), rejecting Hypothesis 4a. The joint moderating
effect of high job autonomy and low competence perception
is significant (β = –0.043, 95% CI [–0.068, –0.017]), thereby
verifying Hypothesis 4b.

Discussion

The main purpose of this study was to enrich the
understanding of how human–machine interaction affects
employee’s learning in the AI context. Based on socially

embedded model, we investigate the relationship between
human–machine interaction and employee’s learning. The
empirical results suggest that the following: First, human–
machine interaction has a U-shaped effect on employee’s
learning. With the deepening of human–machine interaction,
employee’s learning shows a trend of first decreasing and
then increasing. In addition, we reveal the mechanism that
how human–machine interaction affects learning. Second,
employee’s vitality mediates the relationship between human–
machine interaction and employee’s learning. Then, by
identifying job characteristics as the critical contingent factor,
we explore the moderating effect of skill variety and job
autonomy on human–machine interaction with employee’s
vitality. Third, both skill variety and job autonomy enhance
the relationship between human–machine interaction and
vitality. Finally, considering about the individual differences,
we explore how the interaction between competence
perception, job characteristics, and human–machine interaction
affects employee’s vitality. The results reveal that under
the scenario of low competence perception and high job
autonomy, the negative effect of human–machine interaction
on individual vitality diminishes at the beginning of the
introduction of AI. As human–machine interaction deepens,
the positive effect of human–machine interaction on individual
vitality is diminishing.

Theoretical and contributions

This study contributes to the existing employee’s learning
literature mainly reflecting in two aspects. First, based on the
socially embedded model, the work conditions affect employee’s
learning (Spreitzer et al., 2010). With the development and
popularization of AI, human–machine interaction changes the
work situations (Kulic and Croft, 2007; Hwang et al., 2013;
Blanchard et al., 2018), and thus, human–machine interaction
indirectly affects employee’s learning. We introduce human–
machine interaction and appropriately supplement to the
socially embedding model. Second, some scholars show that
human–machine interaction may create a sense of threat,
reducing employees’ work enthusiasm (Riek et al., 2006; Ferrari
et al., 2016; Zlotowski et al., 2017), whereas others refer that
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TABLE 8 Tests for mediating effects of skill variety regulation.

Square of human–machine
interaction× skill variety→
vitality
(95% CI)

Square of human–machine
interaction→ direct effect

of learning
(95% CI)

Square of human–machine
interaction→ indirect effects

of learning
(95% CI)

–0.014
[–0.041,0.014]

0.024***
[0.015,0.033]

0.008***
[0.003,0.012]

***p < 0.001. Two-tailed test. Bootstrap = 5000.

TABLE 9 Tests for mediating effects of job autonomy regulation.

Square of human–machine
interaction× job autonomy→
vitality
(95% CI)

Square of human–machine
interaction→ direct effect of

learning
(95% CI)

Square of human–machine
interaction→ indirect effects

of learning
(95% CI)

–0.013
[–0.028,0.013]

0.024***
[0.015,0.033]

0.008***
[0.003,0.012]

***p < 0.001. Two-tailed test. Bootstrap = 5000.

TABLE 10 Simple estimates of the slope of the moderating effect.

Moderating variables Simple estimate of
slope

SE T-value P-value 95% confidence interval (CI)

Lower bound Upper bound

High-skill variety,
high competence perception

0.015 0.01 1.541 0.124 –0.004 0.034

High-skill variety,
low competence perception

–0.017 0.013 –1.367 0.173 –0.042 0.008

Low-skill variety,
high competence perception

0.022 0.012 1.794 0.074 –0.002 0.046

Low-skill variety,
low competence perception

0.024* 0.01 2.368 0.018 0.004 0.045

High job autonomy,
high competence perception

0.016 0.009 1.758 0.08 –0.002 0.034

High job autonomy,
low competence perception

–0.043** 0.013 –3.266 0.001 –0.068 –0.017

Low job autonomy,
high competence perception

0.021 0.011 1.97 0.05 0.000 0.043

Low job autonomy,
low competence perception

0.025** 0.009 2.927 0.004 0.008 0.042

*p < 0.05, **p < 0.01. Two-tailed test.

human–machine interaction could generate a sense of positive
emotions among employees and improve their work efficiency
(Madhavan and Wiegmann, 2007; Papadopoulos et al., 2016).
Based on the bivariate emotional model, our study found
that human–machine interaction can generate both positive
and negative emotions among employees, with a U-shaped
impact on employee’s learning, and the conclusion enriches the
literature on employee’s learning.

Second, we reveal the internal mechanism of the relationship
between human–machine interaction and employee’s learning.
Factors that affect employee’s learning mainly come from
the work situations, job characteristics, transformational

leadership, and their abilities (Karasekr and Theorellt, 1990;
Fredrickson, 2001). From the perspective of employees’
psychology, few scholars pay attention to the impact of
employees’ emotions on employees’ learning (Seo et al., 2004;
Furnham, 2016). This study argues that employee’s vitality,
as a sense of passion for work, also influences employee’s
learning. Meanwhile, in this paper, we introduce human–
machine interaction and the results show that it affects
employees’ sense of passion. Thus, employee’s vitality mediates
the relationship between human–machine interaction and
employee’s learning. Our study enriches the psychological
mechanism of employees’ learning.
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Third, we explore the boundary conditions for the effect
of human–machine interaction on employee’s vitality. Based
on job characteristics model, we explore the moderating effect
of skill variety and job autonomy on the relationship between
human–machine interaction and employee’s vitality, and the
results support the point that job characteristics have an
impact on employee’s psychology (Hackman and Oldham, 1976;
Grzywacz and Marks, 2000; Bell and Kozlowski, 2008). However,
employee’s vitality is not only affected by job characteristics
(Spreitzer et al., 2010), but also has a relationship with one’s
psychology (Yang et al., 2022), so we introduce competence
perception and study the triple-interactive effects of human–
machine interaction, job characteristics, and competence
perception on employee’s vitality. This study expands
the research on the relationship between human–machine
interaction and employee’s psychological behavior.

Implications for management

This study reveals the U-shaped curve relation between
human–machine interaction and employee’s learning in the AI
context. The implications of the findings are mainly reflected in
the following aspects:

First, the smooth transition of employees at the initial stage
of AI introduction through training is essential. In the early
stage of AI introduction, uncertainty and panic emotions lead to
the dominance of employees’ negative emotions and a decrease
in learning motivation. Firms should notice the emotions and
behaviors of employees in the early stage of AI introduction.
Firms should also improve employees’ knowledge and skills
by organizing training courses, relevant lectures, and other
learning forms to stimulate their learning motivation and work
enthusiasm, while, for those positions that will replaced by AI,
firms should change the employee to a more suitable position or
train the employee to achieve a dynamic match between the new
job and the employee’s knowledge and skills.

Second, firms should increase the work diversity and
job autonomy step-by-step after AI introduction. With the
deepening of human–machine interaction, employees will
gradually be released from the boring and complicated
work. At this time, it is necessary to appropriately increase
the work content of employees in positions with high-skill
requirements, motivate employees to continue to explore
in this field, and then stimulate their learning and work
enthusiasm. Simultaneously, firms should suitably increase the
autonomy of employees’ positions in the process of human–
machine interaction, improve the value of work, in turn to
stimulate employees’ positive emotions and vitality, and achieve
sustainable organizational development.

Third, employees’ competence perception on human–
machine interaction should be motivated greatly. The study
shows that when individuals have high competence perception

and low-skill variety (or low job autonomy), human–machine
interaction has weakened the negative effect on vitality in
the low degree of human–machine interaction. Therefore,
in the early stage of AI introduction, firms should provide
positive psychological and behavioral guidance to improve
high competence perception of jobs related to human–machine
interaction, thereby promoting individual vitality and learning.

Future research outlook

First, to explore the impact of human–machine interaction
on individual’s behavior in different stages of AI development,
nowadays, the world is still in the early stage of AI development,
and the level of machine intelligence in various industries
has not yet reached the degree of autonomy. With the
rapid development of 5G technology, AI will certainly take a
qualitative leap forward. At different stages of AI development,
individuals’ cognition to human–machine interaction may
change individuals’ emotion and behavior to work. Therefore,
exploring the effects of human–machine interaction on
individual’s behavior at different stages of AI development is a
challenging topic for future research.

Second, to study the influence of human–machine
interaction on individual’s behavior in different groups, a recent
study indicated that the effect of human–machine interaction
on individual’s behavior may vary depending on technologies
mastered by different individuals. Negative emotions such
as anxiety and resistance may be obvious for technically
experienced and qualified engineers who are worried that they
may be replaced by AI. Therefore, it is one of the directions
for future research to divide individuals according to different
characteristics and examine the effect of human–machine
interaction by different groups on individual’s behaviors.

Third, to scientifically and reasonably measure human–
machine interaction furtherly, the empirical research on
human–machine interaction remains scarce. The scale items
about human–machine interaction are based on the existing
related studies and refer to the scale of computer application
and friendship at work to develop and finish. Although the
content reliability, composite reliability, and converge validity
of human–machine interaction all reach the standard, there is
still space for improvement to better highlight human–machine
interaction in the context of AI furtherly.

Fourth, to track the relationship between human–machine
interaction and individual’s behavior, in terms of empirical
research, due to the constraints of research conditions and time,
we only obtain 319 valid samples from 100 AI application firms
in this study. But a larger sample size of firms will help to
improve the applicability of the conclusions in this paper. In
addition, the data acquired in this study are cross-sectional
data rather than longitudinally tracked panel data, which may
also affect the in-depth theoretical and practical explorations to
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some extent. In the future, dynamic tracking of these sample
data can be carried out to deeply analyze the evolution process
of the influence of human–machine interaction on individual’s
behavior and explore the internal influence mechanism of both.

Conclusion

Overall, we seek to advance our understanding of how AI
influences employee’s learning in the era of digital economy.
In doing so, we introduce the concept of human–machine
interaction and point out that human–machine interaction has a
U-shaped curvilinear relationship with employee’s learning and
employee’s vitality mediates the curvilinear relationship.

Moreover, we argue that job characteristics (skill variety
and job autonomy) and competence perception of employees
moderate the U-shaped curvilinear relationship between
human–machine interaction and employee’s vitality. As such,
we advance the model of thriving at work from the perspective
of human–machine interaction as well as contribute to a more
holistic understanding of the employee’s learning literature. Our
conceptual model addresses the relationship between human–
machine interaction and employee’s learning, and it opens up
many new fascinating lines of inquiry for the future research.
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