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AI technology has prompted the upgrading and transfor-
mation of industrial structures. This shift has redefined 
the knowledge and skills students need to lead fulfilling 
lives and work efficiently [2]. While AI technology brings 
numerous new employment opportunities, it also poses 
significant challenges to traditional employment models 
[3].

As an emerging and rapidly evolving technology, arti-
ficial intelligence (AI) has garnered significant attention 
due to its complexity and advancement. Most studies 
consistently suggest that AI is expected to reduce certain 
types of jobs while simultaneously creating or transform-
ing others, thereby reshaping the labour market in the 
future [4, 5]. The widespread application of AI technol-
ogy poses a risk of replacing certain traditional occupa-
tions [6].

Introduction
In recent years, the employment difficulty for college 
graduates has become increasingly prominent. Accord-
ing to statistics from the Chinese Ministry of Education 
(2023), the number of college graduates is expected to 
reach 11.79 million in 2024, intensifying competition in 
the job market [1]. Meanwhile, the rapid advancement 
of artificial intelligence (AI) technology has profoundly 
impacted the employment market. The development of 
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Abstract
As artificial intelligence (AI) technology quickly grows, college students have new worries and fears. Using Marx’s 
theory of labour alienation, this study explores the complex relationship between college students’ job-seeking 
anxiety (JSA) and career self-efficacy (CSE) in the context of the AI era. A structural equation modeling (SEM) study 
of data from 455 Chinese students indicates that CSE adversely affects JSA. Moreover, AI attitudes (AIA) and AI 
literacy (AIL) play significant mediating roles in the relationship between career self-efficacy (CSE) and job-specific 
anxiety (JSA). Specifically, these factors help explain how CSE influences JSA by fostering positive perceptions of AI 
and improving students’ understanding of AI technologies. The findings underscore the importance of cultivating 
positive attitudes toward AI, enhancing AI literacy, and strengthening career self-efficacy to reduce job-seeking 
anxiety and better prepare students for the challenges of an AI-driven job market. These observations provide 
significant implications for educators and policymakers in developing interventions to enhance students’ career 
preparedness and protect their mental health during technological changes.
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Marx’s theory of labour alienation describes how work-
ers can feel disconnected from their work in four key 
ways: alienation from what they produce (workers lack 
control over the goods or services they create), alien-
ation from the work process (work becomes repetitive 
or meaningless), alienation from their human potential 
(work stifles creativity and growth), and alienation from 
others (work undermines relationships with colleagues 
or society) [7]. In the age of artificial intelligence (AI), 
these forms of alienation are becoming more severe. AI 
technologies, for instance, increasingly separate workers 
from the outcomes of their labour—such as when algo-
rithms dictate work outputs—while automating tasks in 
ways that strip work of its purpose [8]. Human collabo-
ration is also weakened as digital tools replace interper-
sonal interactions, and workers may feel further detached 
from their potential as AI overshadows creative or skill-
based roles [9]. These shifts amplify students’ uncertainty 
and anxiety when entering the job market, particularly as 
technical challenges—like adapting to rapidly evolving AI 
tools—disrupt traditional learning and skill development 
[10]. Moreover, the pervasive use of digital platforms 
and AI fosters a sense of powerlessness, with individu-
als struggling to retain autonomy in a technology-driven 
labour market, ultimately deepening feelings of oppres-
sion and loss of initiative [11, 12]. Given these character-
istics of the current era, university students face intense 
job market competition and must continuously enhance 
their skills to adapt to technological changes.

Career self-efficacy (CSE), as an essential psychological 
resource, is considered crucial in helping university stu-
dents cope with job-seeking anxiety (JSA) and enhancing 
their career adaptability. CSE is an individual’s confidence 
in their ability to perform career-related tasks—such 
as planning, decision-making, and achieving goals—
grounded in their self-awareness and career objectives 
[13, 14]. A robust body of research underscores the 
inverse relationship between Career Self-Efficacy (CSE) 
and Job-Seeking Anxiety (JSA). Numerous studies have 
established a negative correlation between these two 
constructions, indicating that higher levels of CSE are 
associated with lower levels of JSA. Research by Sawitri 
and Creed [15] highlights that individuals with higher 
job search self-efficacy are more likely to engage in pro-
active job search behaviours, reducing anxiety associated 
with job seeking. This aligns with Razak’s assertion that 
increased self-efficacy can decrease anxiety levels, partic-
ularly when individuals feel supported in their job search 
efforts [16]. The interplay between self-efficacy and 
anxiety is further supported by Lent et al., who propose 
that self-efficacy is a foundational element in proactive 
career behaviours, which can mitigate anxiety during job 
searches [17]. However, these findings are predominantly 
rooted in traditional employment frameworks, where 

labour markets are relatively stable and human-centric. 
The advent of AI has disrupted these dynamics, introduc-
ing novel stressors—such as algorithmic hiring bias [18, 
19], rapid skill obsolescence [20], and automation-driven 
job displacement [21]—that amplify JSA in ways unac-
counted for by prior research.

Research also shows that although most students have 
limited knowledge and experience with AI, they generally 
hold positive and supportive attitudes toward its appli-
cation in their fields of study [22]. The most common 
concern is the potential rise in unemployment rates asso-
ciated with using AI [23]. This discomfort with labour 
alienation and the desire to adapt to it makes exploring 
CSE’s impact on JSA in the AI era even more critical. 
Understanding and alleviating university students’ career 
selection anxiety in the AI age is essential, requiring close 
attention and support from policymakers and educators 
to help students better adapt to the rapidly changing job 
market.

However, no empirical research has directly examined 
how CSE mitigates JSA within AI-disrupted contexts, 
nor whether AI Attitudes (AIA) and AI Literacy (AIL) 
mediate this relationship. This gap is particularly criti-
cal because traditional CSE frameworks may not fully 
account for the psychological challenges posed by AI’s 
unpredictability, leaving students underprepared for the 
evolving labour market. Consequently, the present study 
investigates the chain mediation role of AIA and AIL in 
the relationship between CSE and JSA, offering theoreti-
cal insights and practical strategies to enhance university 
students’ career adaptability in the AI era.

Literature review
Labor alienation theory and job-seeking anxiety
Marx’s labour alienation theory elucidates how AI-
driven job markets exacerbate job-seeking anxiety (JSA) 
through four interconnected dimensions: [1] product 
alienation, where AI automation strips individuals of 
control over outcomes (e.g., algorithmic hiring), weak-
ening career self-efficacy (CSE) unless countered by AI 
literacy (AIL) to reframe AI as a tool; [2] process alien-
ation, as rigid, AI-mediated workflows (e.g., automated 
assessments) erode autonomy, heightening anxiety unless 
adaptive AI attitudes (AIA) foster proactive engagement; 
[3] human essence alienation, where AI’s displacement of 
creative tasks devalues uniquely human skills, necessitat-
ing strong CSE to reclaim purpose through AI-integrated 
competencies; and [4] interpersonal alienation, as AI-
driven systems isolate job seekers, intensifying JSA unless 
AI literacy/attitudes enable new collaborative norms [9]. 
In contemporary society, especially with the deep inte-
gration of digital technology and capital, the phenomena 
of labour alienation have become increasingly severe, 
profoundly impacting the JSA of university students.
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The extensive application of digital technology has 
accelerated information dissemination, leading to the 
rapid spread of anxiety on social media and information-
sharing platforms [24]. Issues related to employment, 
marriage, and housing swiftly circulate among the youth, 
creating and exacerbating JSA. The propagation of online 
sentiments further fuels JSA [25, 26].

The rapid development of generative AI has further 
exacerbated JSA among college students by transform-
ing interaction, cognition, and labour dynamics in ways 
that intensify uncertainty. For instance, real-world social 
exchanges are increasingly supplanted by AI-mediated 
communication, which can abstract interpersonal con-
tact into digital signals and contribute to feelings of iden-
tity loss, immersion, or transgression in virtual spaces 
[27, 28]. This shift raises concerns about how best to 
present oneself to potential employers when AI-powered 
screening tools and online platforms replace face-to-face 
interactions. Additionally, cognitive demands evolve as 
generative AI automates or augments tasks that once 
required human insight, prompting students to ques-
tion whether their skill sets remain relevant in rapidly 
changing industries [29, 30]. In terms of labour, gen-
erative AI reconfigures workflows and job roles—some 
positions may become obsolete while new, AI-centric 
roles emerge—feeling anxiety over employment stability. 
Notably, the integration of explainable AI (XAI) has been 
shown to mitigate some of these negative experiences 
by providing greater transparency into AI’s decision-
making processes, thereby reducing users’ uncertainty 
and restoring trust [31]. Real-world social interactions 
are replaced by digital exchanges, resulting in the elec-
tronification and flattening of social interactions. With 
the widespread application of virtual reality technol-
ogy, individuals in the real world are gradually alienated 
into “objects,” “data,” and “nodes” in the virtual world. 
Data discrimination and algorithmic recommendations 
introduce new threats to social interactions, exacerbat-
ing social inequality. The invisible discipline imposed by 
powerful computational capabilities restricts individual 
freedom, increasing uncertainty and anxiety among col-
lege students in the job market [26, 32].

From the perspective of Marx’s theory of labour alien-
ation, the development of artificial intelligence exacer-
bates the estrangement between labour products and 
labourers, between the labour process and labourers, and 
between interpersonal relationships [9]. College students 
facing highly automated and technology-driven work 
environments often feel replaced by machines, losing 
control over their work. This experience not only under-
mines their CSE but also intensifies their JSA.

Specifically, the development of AI leads to the alien-
ation of labour products from labourers, causing col-
lege students to feel a lack of control over the outcomes 

of their work, thereby increasing uncertainty about 
their future careers [33]. Additionally, the alienation of 
the labour process results in a loss of self-identity and 
autonomy in the workplace, heightening anxiety during 
career decision-making. The alienation of interpersonal 
relationships makes college students feel isolated and 
unsupported in a highly competitive job market, further 
aggravating their JSA. AI systems’ ethical compliance 
and decision-making behaviours are crucial in building 
human trust. For example, research has shown that in 
scenarios where robots adhere to moral principles, their 
obedience and protective behaviours are more conducive 
to enhancing human-robot trust [34].

Therefore, labour alienation exacerbates college stu-
dents’ JSA in the era of AI. This is not only due to the 
threat of unemployment brought about by technological 
advancements but also because of the profound impact 
of technology on the labour process and labour relations. 
Understanding this context is crucial for mitigating the 
JSA among college students.

Career self-efficacy and job-seeking anxiety
Self-efficacy refers to individuals’ belief in their capabili-
ties to organize and execute actions required for desired 
outcomes [35, 36]. Career Self-Efficacy (CSE) builds upon 
the broader concept of self-efficacy from Social Cognitive 
Theory, focusing specifically on individuals’ confidence in 
handling career-related tasks [37]. The idea of CSE was 
developed within the Social Cognitive Career Theory 
(SCCT) framework by Lent, Brown [38].

Individuals with high career self-efficacy typically 
exhibit greater achievement motivation and actual 
accomplishments during their career exploration process 
[39]. In studies on the CSE of university students, schol-
ars have found that students with low self-efficacy levels 
tend to avoid careers they believe they are not compe-
tent in, while those with high self-efficacy levels are more 
likely to actively seek out and obtain various career infor-
mation, thereby expanding their range of career choices 
[40]. Individuals with high occupational self-efficacy 
would have more confidence in their careers, have more 
active job-seeking behaviours, have stronger career deci-
sion-making abilities, and have a higher level of career 
maturity [41, 42]. Research has also shown that CSE indi-
rectly influences emotional experiences by modulating 
negative emotional expectations and coping strategies, 
thereby reducing JSA [43–45].

Research shows that increased career self-efficacy is 
linked to reduced job-seeking anxiety. For example, Deer, 
Gohn [46] highlight that bolstering self-efficacy during 
career preparation among college students can boost job 
search intentions and diminish anxiety levels. In a simi-
lar vein, Razak [47] found that individuals with higher 
self-efficacy report lower levels of employment-related 
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anxiety, especially when they perceive ample career 
opportunities. From the perspective of labour alienation 
theory, workers feel deprived and estranged during the 
alienated labour process [7]. This phenomenon poten-
tially links with CSE, leading individuals to lose self-
identification and control in their work, weakening their 
CSE. When confronted with highly automated and tech-
nologically driven work environments, workers often feel 
replaced by machines, losing control over their work [48, 
49]. This experience further exacerbates JSA.

Career self-efficacy, artificial intelligence attitudes, and 
job-seeking anxiety
High levels of professional self-efficacy (SCE) are linked 
to proactive and confident career management, which 
can influence the adoption of emerging technologies. 
Individuals with strong self-efficacy tend to view tech-
nological innovations, such as artificial intelligence (AI), 
as opportunities rather than challenges. This viewpoint 
is supported by Ramasamy and Nithyanandan, who 
assert that positive psychological factors, including self-
efficacy, significantly impact student career development 
behaviours [50]. Additionally, research by Van Ryn and 
Vinokur indicates that higher career self-efficacy corre-
lates with increased job search activities and favourable 
employment outcomes [51], reinforcing the idea that 
self-efficacy drives proactive career management strate-
gies [52]. Moreover, individuals with high SCE will likely 
perceive AI as a beneficial tool that enhances their job 
search strategies and career development opportunities 
[53, 54]. Bi, Mou [52] further explains that self-efficacy in 
career decision-making shapes individuals’ perceptions 
and attitudes toward career-related challenges, including 
technology integration.

JSA, which is characterized by feelings of apprehension 
and uncertainty during the job search process, can be 
alleviated by positive attitudes toward AI. When individ-
uals view AI as a supportive resource rather than a com-
plicated factor, they are likely to experience lower anxiety 
levels. Research shows that a favourable attitude toward 
technology can boost confidence in using digital tools to 
address work-related challenges, thus reducing anxiety 
[55]. For instance, Sun [56] illustrates that self-efficacy is 
a mediating factor in career aspirations, suggesting that 
confidence in one’s abilities can mitigate anxiety during 
the job search.

The proposed mediational model suggests that atti-
tudes toward artificial intelligence (AIA) act as the 
mechanism through which SCE affects JSA. Specifically, 
individuals with high SCE are more inclined to develop 
positive attitudes toward AI, which fosters a constructive 
perspective on technology-driven recruitment processes. 
This is supported by Kong’s findings, which highlight the 
beneficial effects of AI perception on career resilience 

and initiative, indicating that a favourable view of AI 
empowers individuals to navigate the complexities of the 
job market [57]. Therefore, confidence in one’s career 
abilities promotes a positive perception of AI and allevi-
ates anxiety during the job search process.

Career self-efficacy, artificial intelligence literacy, and job-
seeking anxiety
AI literacy encompasses the skills and knowledge neces-
sary to understand, evaluate, and effectively utilize arti-
ficial intelligence (AI) technologies. This competency 
includes familiarity with fundamental AI concepts, the 
ability to assess AI applications critically, and the capacity 
to apply these technologies to solve real-world problems. 
Research indicates that individuals with high career self-
efficacy (SCE) are more likely to invest in developing new 
technical skills, including AI literacy. For instance, con-
fident job seekers tend to be more motivated to enrol in 
AI-related courses, attend workshops, or engage in self-
directed learning to enhance competitiveness [58]. This 
proactive approach to education, driven by high SCE, 
is crucial for acquiring the technical skills required in 
today’s job market. Job-seeking anxiety (JSA) often arises 
from uncertainties about the skills needed for success in 
a technology-driven environment [59]. However, indi-
viduals with strong AIL are better equipped to navigate 
these challenges confidently. Empirical evidence suggests 
that improved technical literacy can alleviate anxiety by 
bridging the gap between one’s existing skill set and mar-
ket demands [60]. As job seekers become more proficient 
in AI, they better understand how to adapt and utilize 
AI tools, which helps reduce feelings of uncertainty and 
stress.

The proposed mediation model posits that AIL is a 
critical intermediary through which SCE influences JSA. 
In this framework, individuals with high SCE are more 
inclined to pursue and cultivate AIL, which subsequently 
helps mitigate JSA by equipping them with the techno-
logical skills essential for success in a digital economy. 
While direct empirical tests of this mediation model 
are still emerging, related research has indirectly sup-
ported it by demonstrating that technical literacy can 
buffer against job-related stress and anxiety. These find-
ings highlight the potential role of AIL as a vital media-
tor in enhancing job seekers’ preparedness and reducing 
their concerns about entering a technologically advanced 
workforce.

The chain mediating role of artificial intelligence attitudes 
and artificial intelligence literacy
AI is regarded as a computer system capable of perform-
ing tasks that require human intelligence. These systems 
can autonomously perceive their environment, analyze 
abstract models, and make decisions based on reasoning 
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(OECD). The rapid development of AI technology has 
profoundly impacted the labour market. Research indi-
cates that AI affects the labour market in two primary 
ways: the substitution effects and the compensation 
effects [61]. In terms of the substitution effect, while 
automation and computation have increased labour pro-
ductivity, they have also reduced the demand for labour, 
thereby increasing the risk of job displacement. Robots 
can replace low-skilled and high-skilled jobs under cer-
tain conditions, reducing labour demand and lowering 
wages.

On the other hand, the compensation effects of AI 
also significantly impact the labour market. Yang, Nie 
[62] explored the capitalization effect within Schum-
peter’s endogenous growth framework, suggesting that 
AI increases the returns from establishing production 
units, raising profits, creating new jobs, and attracting 
additional labour. Restrepo [63] presented an employ-
ment creation model indicating that while automation 
eliminates specific jobs, it generates new jobs that offer 
comparative advantages. These dual effects of substitu-
tion and compensation significantly shape university 
students’ AIA. AIA refers to individuals’ perceptions and 
emotional responses to AI technologies and their appli-
cations [64].

AI literacy (AIL) refers to university students’ under-
standing and ability to apply artificial intelligence tech-
nologies. In this context, we differentiate between two 
interconnected concepts: [1] AI literacy (AIL), which 
encompasses students’ technical skills and practical com-
petencies with AI, and [2] interest in and acceptance of 
AI-related careers, which reflects their willingness to 
explore professional paths in the AI sector [65]. Foster-
ing students’ interest in AI careers can indirectly enhance 
AIL by encouraging deeper engagement with AI learning 

and its applications. Higher levels of AIL enable students 
to adapt more effectively to technological advancements 
and alleviate job-seeking anxiety (JSA) [66]. Students 
with higher AIL exhibit lower anxiety levels during career 
selection because they can better understand and utilize 
AI technologies, facing employment challenges posed by 
AI with more composure and confidence. Studies have 
found a significant positive correlation between students’ 
AIA and their levels of AIL [67, 68].

According to the theory of labour alienation, techno-
logical advancements can lead to the alienation of the 
labour process, potentially affecting workers’ attitudes 
and acceptance of technology [69]. When students’ CSE 
is influenced by labour alienation, it can impact their 
JSA. Furthermore, students may develop conflicting atti-
tudes toward AI when they perceive that AI technologies 
dominate and control their labour process. Once indi-
viduals lose control over technology, their interest in and 
enhancement of AIL can diminish.

Several studies have examined the relationship between 
university students’ CSE and JSA [11, 70–72]. However, 
limited research has investigated this relationship within 
the context of AI. This study explores the impact of CSE, 
AIAI, and AIL on JSA among university students from 
the perspective of labour alienation theory. It further 
examines the mediating role of AIA and AIL in the rela-
tionship between CSE and JSA, ultimately revealing how 
CSE influences students’ JSA in an AI-driven context.

To better understand the relationships between CSE, 
AIA, AIL, and JSA, this paper proposes a chain media-
tion model in Fig.  1. This model explores how CSE 
influences JSA among university students through the 
mediating roles of AIA and AIL.

First, as a source of self-evaluation and confidence, CSE 
can directly influence an individual’s confidence in career 

Fig. 1  The hypothetical model among variables
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choices and anxiety levels. Therefore, we hypothesize the 
following:

Hypothesis 1  CSE negatively affects JSA.
Marx’s labour alienation theory shows a negative rela-
tionship between Career Self-Efficacy (CSE) and Job-
Seeking Anxiety (JSA). Less attention has been paid to 
the mechanisms through which CSE influences JSA—
particularly in contexts involving artificial intelligence 
(AI). Mediation analysis is ideal for uncovering the path-
ways by which an independent variable (CSE) exerts its 
effect on a dependent variable (JSA) through one or more 
mediating variables [73].In traditional employment set-
tings, various psychological and contextual factors have 
been shown to mediate the link between self-efficacy and 
anxiety-related outcomes [74, 75]. However, AI Attitudes 
(AIA) and AI Literacy (AIL) remain primarily unexplored 
as potential mediators despite their growing relevance 
in technologically advanced job markets. By examining 
how AIA and AIL operate as chain mediators, we can 
gain deeper insight into whether and how positive atti-
tudes and greater familiarity with AI transmit the pro-
tective effect of high CSE onto lower JSA. This approach 
extends our understanding of the CSE–JSA relationship 
and underscores the unique role of AI-related factors in 
shaping career development outcomes. Following Baron 
and Kenny’s (1986) conceptual and statistical guidelines, 
we test whether AIA and AIL explain the indirect effect 
of CSE on JSA. Our mediation framework thus addresses 
an identified gap in the literature by linking individual 
self-belief (CSE) with emerging technological competen-
cies (AIL) and attitudes (AIA), ultimately affecting how 
university students cope with job-market uncertainties in 
the AI era. Therefore, we hypothesize:

Hypothesis 2  AIA mediates the relationship between 
CSE and JSA.
AIL, as a second mediating variable, directly impacts 
an individual’s anxiety levels during the career selection 
process [76]. Individuals with higher AIL are better able 
to adapt to technological changes. When facing employ-
ment challenges brought about by AI technology, they 
exhibit more calmness and confidence, thereby reducing 
JSA [77]. Therefore, we hypothesize:

Hypothesis 3  AIL mediates the relationship between 
CSE and JSA.
When individuals hold positive AIA, they are more likely 
to learn and master AI technology, thereby enhancing 
their AIL [22]. According to the technology acceptance 
theory, a positive attitude reduces their concern about AI 
replacing human jobs and increases their confidence and 
interest in AI-related careers. Therefore, we hypothesize:

Hypothesis 4  AIA and AIL play a chain-mediating role 
in the relationship between CSE and JSA.

Through this chain mediation model, we can systemati-
cally explore the complex relationships among CSE, AIA, 
AIL, and JSA. This helps reveal how CSE affects univer-
sity students’ JSA and provides valuable guidance for 
enhancing students’ career adaptability in the AI era. It 
offers theoretical support and practical advice for uni-
versity students’ psychological counselling and career 
planning.

Methods
In this study, data were primarily collected via question-
naires and analyzed using SPSS and AMOS. Our objec-
tive was to test a model—derived from an extension of 
Marx’s labour alienation theory—that examines how 
Career Self-Efficacy (CSE) affects Job-Seeking Anxiety 
(JSA) through the mediating effects of AI Attitudes (AIA) 
and AI Literacy (AIL). Given the confirmatory nature 
of our research, we employed covariance-based struc-
tural equation modelling (CB-SEM) via AMOS, which is 
well suited for theory testing and rigorous evaluation of 
model fit and construct validity [78, 79]. With a sample of 
455 participants and 15 sub-variables, our data not only 
meets the sample size requirements of CB-SEM (typi-
cally 10–20 observations per free parameter are recom-
mended) but also satisfies the multivariate normality 
assumption, which provides a crucial basis for reliable 
parameter estimation and model fit assessment—. In 
contrast, partial least squares SEM is more appropriate 
for exploratory or prediction-focused studies. This inte-
grated analytical approach ensures a robust framework 
that underpins our study’s theoretical and empirical 
contributions.

Participants and procedure
This study received ethical approval from the Academic 
Committee of Shaanxi Railway Engineering Vocational 
and Technical College (approval number EPSRI2024-
0501-0011), covering all aspects of participant recruit-
ment, data collection, and data analysis at study sites in 
Shaanxi and Gansu provinces in China. All procedures 
adhered to human research guidelines, including the 
Declaration of Helsinki.

Data was collected from students at four universities 
in Shaanxi and Gansu provinces via an online survey 
administered through Wenjuanxing, with teachers assist-
ing in questionnaire distribution. We employed conve-
nience sampling, a non-probability sampling method 
where participants voluntarily responded to the study 
[80].

We acknowledge that convenience sampling intro-
duces potential biases, such as self-selection bias, which 
may affect generalizability. However, given practical 
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constraints related to accessibility and resource limita-
tions, this approach was the most feasible.

A total of 597 questionnaires were initially collected. 
After excluding responses with unusually short comple-
tion times or inconsistent patterns, 455 valid question-
naires were retained, yielding an effective response rate 
of 76.4%.

The sample size was determined based on structural 
equation modelling (SEM) analysis guidelines. Byrne and 
Kline recommend a minimum of 10–20 observations per 
free parameter, with 300–450 samples considered suffi-
cient for complex models [78, 79].

The final sample included students from higher voca-
tional colleges (47.5%), undergraduate programs (22.9%), 
and master’s or doctoral programs (29.7%), with an 
urban-rural distribution of 42% urban and 58% rural. At 
a 95% confidence level, the margin of error is approxi-
mately ± 4.6%, supporting the statistical robustness of the 
results.

The demographic data of the respondents is summa-
rized in Table 1. Among the 455 respondents, 249 were 
male (54.7%) and 206 were female (45.3%). The respon-
dents represented diverse educational backgrounds: 
47.5% were from higher vocational colleges, 22.9% from 
universities, and 29.7% were master’s or doctoral stu-
dents. Their academic disciplines included anthropol-
ogy, natural sciences, arts, and medicine. Additionally, 
42% of the respondents came from urban families, while 
58% were from rural families. This balanced distribution 

ensured that the findings reflected the diversity of stu-
dents across urban and rural settings.

The urban-rural distribution is particularly relevant, 
as exposure to artificial intelligence (AI) and technology 
significantly differs between these settings. By capturing 
this diversity, the study improves the representativeness 
and accuracy of its findings, providing a robust basis for 
understanding the relationships explored in this research.

Before analysis, we performed comprehensive data 
cleaning to ensure data quality. We excluded question-
naires with unusually short completion times or incon-
sistent responses. Next, using AMOS, we computed 
Mahalanobis distances (p < 0.001) to identify and remove 
multivariate outliers and assessed multivariate normal-
ity by calculating Mardia’s skewness and kurtosis via an 
online calculator (​h​t​t​p​​s​:​/​​/​w​e​b​​p​o​​w​e​r​​.​p​s​​y​c​h​s​​t​a​​t​.​o​​r​g​/​​m​o​d​e​​l​
s​​/​k​u​r​t​o​s​i​s​/), ensuring our dataset was suitable for further 
analysis.

The purpose of conducting multicollinearity diagnos-
tics is to ensure that the independent variables in our 
models are sufficiently distinct. This is important because 
high multicollinearity can compromise parameter esti-
mates’ stability and overall interpretability of structural 
equation models [81].

As shown in Table  2, Variance Inflation Factor (VIF) 
values across Models 1 through 4 for the key variables—
Career Self-Efficacy (CSE), Attitude toward AI (AIA), AI 
Literacy (AIL), and Job Selection Anxiety (JSA)—are con-
sistently low, ranging from 1.077 to 1.147. Correspond-
ing Tolerance (TOL) values range between 0.872 and 
0.928. These results are well within acceptable thresholds 
for assessing multicollinearity. According to [82], a VIF 
value greater than 3.3 in the PLS-SEM context may indi-
cate full collinearity issues. Moreover, a TOL value below 
0.10 typically indicates multicollinearity concerns [81]. 
Since all VIF values in our study are substantially below 
3.3, and all TOL values are above 0.87, we conclude that 
multicollinearity is not a concern, thereby supporting 
the reliability of our regression estimates and subsequent 
path modelling.

Measures
We employed four distinct research tools to gather com-
prehensive data and insights for our study, which are:

Table 1  Sample composition
Projects Categories Cases Percentage
Gender Male 249 54.7

Female 206 45.3
Educational 
Stages

Higher vocational College 
student

216 47.5

Undergraduate student 104 22.9
Postgraduate student 135 29.7

Grade Freshman 104 22.9
Sophomore 72 15.8
Junior 91 20
Senior 51 11.2
Master 75 16.5
PhD 62 13.6

Major Humanities 90 19.8
Natural Science 62 13.6
Engineering 98 21.5
Business Administration 55 12.1
Arts 71 15.6
Medical Sciences 45 9.9
Other 34 7.5

Family 
Location

City 191 42
Country 264 58

Data cleaning

Table 2  VIF/TOL values
Variable VIF/TOL 

(Model 1)
VIF/TOL 
(Model 2)

VIF/TOL 
(Model 3)

VIF/TOL 
(Model 4)

CSE 1.092/0.916 1.077/0.928 1.090/0.918 -
AIA 1.105/0.905 1.132/0.884 - 1.147/0.872
AIL 1.118/0.895 - 1.119/0.894 1.120/0.893
JSA - 1.129/0.886 1.104/0.906 1.147/0.872

https://webpower.psychstat.org/models/kurtosis/
https://webpower.psychstat.org/models/kurtosis/
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CSE scale
The Chinese version of the CSE scale is derived from the 
original scale developed by Taylor and Betz (1983), which 
consists of five dimensions and 50 items. In 2001, a short 
form was created, retaining the original five dimensions 
but reducing the number of items to 25. The short ver-
sion, translated and validated by scholars in China, has 
demonstrated good reliability [83]. The dimensions are 
Self-Appraisal (SA), Gathering Occupational Informa-
tion (IC), Goal Selection (TS), Making Plans (MP), and 
Problem Solving (PS). The questionnaire uses a five-point 
Likert scale, with subjects rating each item from “1. not at 
all confident” to “5. completely confident.”

AIA scale
The AIA Scale, developed by Schepman and Rodway [84], 
was designed to measure a range of attitudes towards 
artificial intelligence. The validated scale includes two 
main dimensions—positive attitudes (PA) and negative 
attitudes (NA)- and encompasses 20 items. Each item is 
rated on a five-point Likert scale, from “1. Strongly Dis-
agree” to “5. Strongly Agree.” The statements are designed 
to reflect general attitudes towards AI, not limited to spe-
cific applications, settings, or narrow time frames. Exam-
ples include “AI has many beneficial applications” and “I 
believe AI systems will make many mistakes.”

AIL scale
The AIL Scale, developed by Hwang, Zhu [85], includes 
19 items across four dimensions: Critical comprehension 
ability (CCA), ability to recognize the social impact of 
AI (RA), ability to utilize AI technology (UA), and ethi-
cal behaviour ability (EBA). All items are rated on a five-
point Likert scale, measuring the self-perceived level of 
AI literacy. The scale ranges from “1. Strongly Disagree” 
to “5. Strongly Agree,” with items such as “I can critically 
analyze content recommended by AI” and “I can adhere 
to ethical standards when using AI technology.”

JSA scale
The JSA scale used in this study is the Chinese version 
revised and validated by Yuzhu; and Dewen [86]. The 
scale includes 26 items across four dimensions: competi-
tive stress (CS), employment support (ES), lack of confi-
dence (LC), and prospects concerns (PC). Respondents 
rate items on a five-point Likert scale, ranging from “1. 
Strongly Disagree” to “5. Strongly Agree.” Sample items 
include concerns such as “Worrying about not finding a 
job due to insufficient employment information provided 

by the school” and “Worrying that my career aspirations 
may not be realized.”

Our analysis proceeded in three main stages: evalua-
tion of the first-order measurement model, aggregation 
into second-order constructs, and assessment of the 
structural (path) model.

Data analysis
Common method bias
Given the self-reported nature of the data, we first exam-
ined potential common method bias (CMB). We first 
tested the issue of Common Method Bias by following 
the suggestions of Kock and Lynn [87] and Collier [88] by 
testing the full collinearity. In this method, all the vari-
ables will be regressed against a standard variable, and if 
the VIF ≤ 3.3, then there is no bias from the single source 
data. The analysis yielded a VIF of less than 3.3; thus, 
single-source bias is not a serious issue with our data 
(Table 3).

To assess the overall fit of the measurement models, 
we adopted a set of widely recommended fit indices fol-
lowing the guidelines of Hair, Risher [82]. These included 
the chi-square to degrees of freedom ratio (χ²/df, accept-
able range: 1–5), the Goodness-of-Fit Index (GFI, accept-
able if > 0.80; good if > 0.90), the Root Mean Square Error 
of Approximation (RMSEA < 0.08), and the Root Mean 
Square Residual (RMR < 0.05). In addition, we considered 
incremental fit indices such as the Comparative Fit Index 
(CFI), the Incremental Fit Index (IFI), and the Tucker-
Lewis Index (TLI), all of which are considered acceptable 
when exceeding the threshold of 0.90.

As summarized in Table  4, the results show that the 
first-order and second-order measurement models 
demonstrate an acceptable overall model fit. Specifi-
cally, while the GFI for the first-order model (0.806) is 
slightly below the ideal 0.90 threshold, it remains within 
the acceptable range for complex models. Furthermore, 
all other indices—including RMSEA, RMR, CFI, IFI, and 
TLI—satisfy or exceed the recommended cut-off values, 
thereby supporting the adequacy of the model structure.

Overall, the measurement model demonstrates robust 
reliability, convergent validity, discriminant validity, 
and excellent model fit, providing a solid foundation for 

Table 3  Full collinearity testing
CSE AIA AIL JSA
1.185 1.187 1.138 1.215
Measurement Model

Table 4  Measurement model fit indices
χ2/df GFI RMSEA RMR CFI IFI TLI

First Order Constructs Model 1.337 0.806 0.027 0.037 0.952 0.952 0.949
Second-order Constructs Model 2.686 0.938 0.061 0.035 0.940 0.940 0.924
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aggregation into second-order constructs and further 
structural analysis.

We assessed the loadings, average variance extracted 
(AVE), and composite reliability (CR) for the measure-
ment model. The load value should be ≥ 0.5, the AVE 
should be ≥ 0.5, and the CR should be ≥ 0.7. As shown in 
Table  5, the AVEs are higher than 0.5, and the CRs are 
higher than 0.7. The factor loadings range from 0.659 to 
0.847, with most values exceeding 0.70. Although a few 
loadings (e.g., 0.659 and 0.661) fall slightly below the 
ideal threshold of 0.70, this is generally acceptable in 
empirical research [78]. We also assessed the validity and 
reliability of the second-order constructions, as shown in 
Table 6. The second-order measurements were also valid 
and reliable.

Then, in step 2, we assessed the discriminant validity 
using the HTMT criterion suggested by Henseler, Ringle 
[89] and updated by Franke and Sarstedt [90]. The HTMT 
values should be ≤ 0.85, the stricter criterion, and the 
mode lenient criterion is it should be ≤ 0.90. As shown 
in Table 7, the values of HTMT were all lower than the 
stricter criterion of ≤ 0.85. As such, we can conclude that 
the respondents understood that the nine constructions 
are distinct. Together, these validity tests have shown that 
the measurement items are valid and reliable.

In summary, the comprehensive CFA results and the 
reliability, convergent validity, and discriminant validity 
tests prove that the measurement model is reliable and 
valid. These findings support our adoption of a two-stage 
structural equation modelling (SEM) approach and offer 
a robust foundation for the subsequent analysis.

Results
Descriptive analysis and ANOVA of core variables
Descriptive statistics were conducted on the key vari-
ables, including CSE, AIA, AIL, and JSA, to understand 
the basic characteristics of the study sample and provide 
foundational data for subsequent analyses.

The descriptive statistics of the main variables in this 
study include Career Self-Efficacy (CSE), Attitude toward 
AI (AIA), AI Literacy (AIL), and Job Selection Anxiety 
(JSA). The mean scores of CSE (3.233), AIA (3.168), and 
AIL (3.190) suggest that students generally possess mod-
erate to high confidence in their career-related abilities 
and hold positive attitudes toward AI. The mean score of 
JSA (2.746) indicates relatively low anxiety related to job 
selection. The standard deviations across variables are 
moderate, reflecting acceptable levels of variability in stu-
dent responses.

To examine whether the data met the assumption of 
multivariate normality—an essential prerequisite for 
applying parametric statistical techniques such as struc-
tural equation modelling—we employed the WebPower 
calculator based on Mardia’s multivariate skewness and 

kurtosis [10, 11]. The results indicated a Mardia’s skew-
ness value of 1.048 (χ² = 93.60, df = 120, p > 0.05) and a 
Mardia’s kurtosis of 27.829 (z = 1.19, p = 0.2344). Both val-
ues fall within acceptable limits, indicating that the joint 
distribution of the four constructs approximates mul-
tivariate normality. To avoid conceptual ambiguity, we 
clarify that these results refer to multivariate, not univari-
ate, normality.

To further explore the role of demographic variables, 
a one-way ANOVA was conducted using gender, educa-
tion level, grade, major, and family region as independent 
variables. The results revealed no significant differences 
in AIA, AIL, or CSE across groups. However, education 
level significantly impacted.

Post hoc comparisons further indicated that PhD stu-
dents reported significantly lower levels of JSA com-
pared to Freshmen (mean difference = -0.312, S.E. = 
0.096, p = 0.015), Juniors (mean difference = -0.298, S.E. 
= 0.104, p = 0.047), and Master’s students (mean differ-
ence = -0.380, S.E. = 0.103, p = 0.004). JSA levels between 
PhD students and sophomores (mean difference = -0.241, 
p = 0.142) or Senior students (mean difference = -0.249, 
p = 0.239) were not statistically significant. These findings 
suggest that while PhD students experience lower job 
selection anxiety, statistically significant differences are 
only observed compared to certain education levels.

Path analysis and chain mediation model
To further examine the chain mediation effect of CSE 
on JSA through AIA and AIL, this study employed 
SEM using AMOS software and validated the results 
through the Bootstrap method. The Bootstrap method, 
a non-parametric resampling technique, was utilized to 
enhance the robustness and reliability of the findings by 
providing standard error (S.E.) and confidence intervals 
(CI) estimates through repeated sampling (10,000 times 
in this study).

Figure 2 illustrates the standardized path coefficients 
within the structural model, revealing the pathways 
between CSE, AIA, AIL, and JSA. According to the path 
analysis results, CSE significantly positively affects atti-
tudes towards AIA with a standardized path coefficient 
of 0.37, indicating that higher CSE leads to more positive 
AIA among students. Similarly, AIA positively influences 
AIL with a standardized path coefficient of 0.23, suggest-
ing that positive AIA is associated with higher levels of 
AIL. Additionally, CSE significantly positively affects AIL 
with a standardized path coefficient of 0.27, indicating 
that students with higher CSE are more proactive and 
effective in enhancing their AIL.

The path analysis (Table 8) reveals significant relation-
ships among CSE, AIA, AIL, and JSA. Specifically, CSE 
significantly positively affects AIA (β = 0.337, p < 0.001), 
indicating that higher CSE corresponds to more positive 
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First Order Constructs Indicator Loadings AVE CR
SA SA5 0.767 0.629 0.894

SA4 0.838
SA3 0.822
SA2 0.817
SA1 0.697

IC IC5 0.689 0.61 0.886
IC4 0.745
IC3 0.751
IC2 0.8
IC1 0.832

TS TS5 0.818 0.663 0.908
TS4 0.798
TS3 0.816
TS2 0.847
TS1 0.743

MP MP5 0.668 0.529 0.848
MP4 0.68
MP3 0.725
MP2 0.806
MP1 0.71

PS PS5 0.741 0.591 0.878
PS4 0.808
PS3 0.759
PS2 0.693
PS1 0.775

CCA CCA5 0.709 0.577 0.872
CCA4 0.774
CCA3 0.762
CCA2 0.753
CCA1 0.798

PA PA1 0.779 0.538 0.933
PA2 0.759
PA3 0.774
PA4 0.767
PA5 0.722
PA6 0.744
PA7 0.748
PA8 0.718
PA9 0.686
PA10 0.661
PA11 0.69
PA12 0.745

NA NA1 0.668 0.504 0.89
NA2 0.744
NA3 0.706
NA4 0.724
NA5 0.717
NA6 0.752
NA7 0.713
NA8 0.648

Table 5  Measurement model for the first order constructs



Page 11 of 17Li et al. BMC Psychology          (2025) 13:454 

AIA among students. AIA, in turn, significantly influ-
ences AIL (β = 0.23, p < 0.001), suggesting that stronger 
AIA is associated with higher levels of AIL. Moreover, 
CSE exerts a significant positive impact on AIL (β = 0.243, 
p < 0.001), implying that students with higher CSE tend to 
be more proactive and effective in enhancing their AIL. 
Regarding JSA, AIL demonstrates a significant negative 
relationship (β = -0.205, p < 0.001), indicating that higher 
AIL corresponds to lower job selection anxiety. Finally, 
both CSE (β = -0.192, p < 0.001) and AIA (β = -0.268, 
p < 0.001) negatively affect JSA, suggesting that students 

with higher CSE or more positive AIA are likely to expe-
rience reduced job selection anxiety.

Additionally, AIL significantly negatively impacts 
JSA (β = -0.205, p < 0.001), indicating that students with 
higher AIL experience lower job selection anxiety. Like-
wise, the direct effect of CSE on JSA is significant (β = 
-0.192, p < 0.001), suggesting that students with higher 
CSE tend to have lower anxiety levels during the job-
seeking process.

These findings, consistent with the stepwise media-
tion logic proposed by Baron and Kenny [91], strongly 
support the chain mediation model and highlight the 

First Order Constructs Indicator Loadings AVE CR
ES ES1 0.734 0.675 0.943

ES2 0.778
ES3 0.786
ES4 0.77
ES5 0.733
ES6 0.767
ES7 0.778
ES8 0.76

RA RA1 0.781 0.527 0.847
RA2 0.746
RA3 0.674
RA4 0.732
RA5 0.69

CS CS1 0.765 0.681 0.914
CS2 0.72
CS3 0.7
CS4 0.738
CS5 0.678

EBA EBA1 0.761 0.539 0.824
EBA2 0.659
EBA3 0.735
EBA4 0.777

UA UA5 0.671 0.531 0.85
UA4 0.713
UA3 0.741
UA2 0.774
UA1 0.74

LC LC1 0.815 0.726 0.949
LC2 0.799
LC3 0.812
LC4 0.793
LC5 0.788
LC6 0.792
LC7 0.822

PC PC6 0.774 0.666 0.923
PC5 0.786
PC4 0.769
PC3 0.782
PC2 0.715
PC1 0.705

Table 5  (continued) 
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importance of exploring how CSE influences JSA through 
AIA and AIL. Specifically, CSE significantly affects JSA (β 
= -0.192, p < 0.001) while also exerting significant effects 

on both AIA (β = 0.337, p < 0.001) and AIL (β = 0.243, 
p < 0.001). In addition, AIA significantly influences AIL 
(β = 0.23, p < 0.001), and both AIA (β = -0.268, p < 0.001) 
and AIL (β = -0.205, p < 0.001) show negative relation-
ships with JSA. These results align with Baron and Ken-
ny’s foundational criteria for establishing mediation, 
suggesting that AIA and AIL may mediate the relation-
ship between CSE and JSA [91].

Then, we employed the bootstrap method advo-
cated by Preacher and Hayes [92] to obtain more accu-
rate estimates of the indirect effects. Bootstrapping not 
only estimates standard errors and confidence intervals 
through thousands of resamples—enhancing the preci-
sion of mediation results—but also avoids the normality 
assumptions inherent in traditional parametric tests.

As shown in Table  9, our bootstrap analysis (10,000 
resamples) reveals a significant adverse indirect effect 
of CSE on JSA through both AIA and AIL, as well as 
through the chain mediation path (CSE → AIA → AIL → 

Table 6  Measurement model for the second order constructs
Second Order Constructs Indicator Loadings AVE CR
CSE PS 0.753 0.501 0.833

MP 0.718
TS 0.626
IC 0.699
SA 0.737

AIA PA 0.909 0.58 0.724
NA 0.577

AIL CCA 0.834 0.519 0.81
RA 0.609
UA 0.751
EBA 0.667

JSA CS 0.639 0.502 0.799
ES 0.747
LC 0.615
PC 0.816

Table 7  Discriminant validity (HTMT)
Constructs 1 2 3 4
CSE
AIA 0.353
AIL 0.329 0.358
JSA 0.355 0.372 0.345

Table 8  Path analysis results
Path STD.Estimate Estimate S.E. CR. P
CSE-> AIA 0.337 0.368 0.061 6.03 P<0.001
AIA-> AIL 0.23 0.231 0.067 3.436 P<0.001
CSE-> AIL 0.243 0.266 0.065 4.063 P<0.001
AIL-> JSA -0.205 -0.15 0.044 -3.434 P<0.001
CSE-> JSA -0.192 -0.153 0.048 -3.177 P<0.001
AIA-> JSA -0.268 -0.196 0.053 -3.696 P<0.001

Fig. 2  Standardized Path Coefficients between Variables

 



Page 13 of 17Li et al. BMC Psychology          (2025) 13:454 

JSA). Specifically, CSE exerts an adverse indirect effect on 
JSA via AIA (Estimate = -0.072, 95% CI [-0.139, -0.036]) 
and AIL (Estimate = -0.040, 95% CI [-0.088, -0.012]), both 
significant at p < 0.001. In addition, the chain mediation 
pathway (CSE → AIA → AIL → JSA) shows a significant 
adverse indirect effect (Estimate = -0.013, 95% CI [-0.040, 
-0.002], p < 0.001). Finally, the total effect of CSE on JSA, 
considering these mediators, is -0.278 (95% CI [-0.402, 
-0.167], p < 0.001), underscoring the substantial impact of 
CSE in reducing job selection anxiety through AIA and 
AIL.

In line with Baron and Kenny’s conceptual steps and 
verified by the rigorous bootstrapping approach rec-
ommended by Baron and Kenny [91] and Preacher and 
Hayes [92], these results confirm that CSE exerts a sig-
nificant chain mediation effect on JSA through AIA and 
AIL.

Discussion
This study aims to investigate CSE’s impact on JSA among 
college students and further analyze the mediating roles 
of AIA and AIL. The survey results indicate that CSE has 
a significant adverse effect on JSA. This finding aligns 
with existing literature, which suggests that individuals 
with higher CSE exhibit greater confidence and lower 
anxiety when faced with career choices. This implies that 
CSE can help students alleviate JSA and enhance their 
confidence in career decision-making.

However, this study found that the direct effect of CSE 
on JSA became insignificant after introducing multiple 
mediator variables. This differs from the existing litera-
ture’s conclusions that discuss CSE’s direct impact on 
students’ JSA. A possible reason is that AIA and AIL act 
as mediator variables, significantly moderating this pro-
cess and weakening CSE’s direct effect on JSA.

The results of the Bootstrap analysis showed that AIA 
and AIL played significant mediating roles in the rela-
tionship between CSE and JSA. Specifically, CSE signifi-
cantly influenced AIA, which positively influenced AIL. 
This finding is consistent with the Technology Accep-
tance Model, indicating that a positive AIA can enhance 
students’ AIL, thereby reducing JSA [66]. Additionally, 

the study found that AIL significantly negatively influ-
enced JSA, further supporting the idea that improving 
AIL can help reduce students’ anxiety during job-seeking.

Moreover, the chain mediation effect of CSE on JSA 
through AIA and AIL was significant. The results showed 
that CSE indirectly reduced JSA by enhancing students’ 
AIA and increasing their AIL. This finding supports this 
study’s hypothesis, indicating that complex interactions 
between CSE, AIA, and AIL influence students’ JSA.

From the perspective of labour alienation theory, tech-
nological advancements can lead to the alienation of 
the labour process, causing workers to feel controlled 
by technology and thus develop ambivalent attitudes 
towards it [77]. This study found that high CSE can alle-
viate such ambivalent attitudes, making students more 
willing to accept and adapt to AI technology, thereby 
enhancing their AIL. This reduces the adverse effects 
of labour alienation and decreases JSA. These findings 
indicate that CSE can, to some extent, counteract the 
negative impacts of technological alienation, helping stu-
dents maintain a positive mindset when facing the rap-
idly evolving technological environment. However, in an 
environment of labour alienation, maintaining high CSE 
requires greater attention and support to ensure that stu-
dents can effectively cope with the challenges posed by 
technological changes.

Theoretical implications
Based on Marx’s labour alienation theory, this study 
delves into the relationships among CSE, AIA, AIL, and 
JSA, providing theoretical insights and practical guid-
ance. Labour alienation theory posits that with techno-
logical advancements, the labour process can become 
alienated, causing workers to feel controlled by tech-
nology and leading to ambivalent attitudes towards it. 
Within this theoretical framework, the study reveals the 
crucial role of high CSE in mitigating such ambivalent 
attitudes and adapting to technological changes.

First, the study confirms the significant role of CSE in 
alleviating the adverse effects of labour alienation. The 
data show that high CSE makes students more willing to 
accept and adapt to AI technology, enhancing their AIL 
and reducing JSA. This finding supports the labour alien-
ation theory’s hypothesis that technological advancement 
can make workers feel controlled [40, 85], but these nega-
tive impacts can be partially offset by enhancing CSE. 
High CSE boosts students’ confidence in their abilities 
and improves their adaptability in a technology-driven 
environment.

Second, the study finds that AIA and AIL mediate 
between CSE and JSA. This finding broadens the appli-
cation scope of labour alienation theory, indicating that 
technological attitudes and literacy are not only out-
comes of the alienation process but also key factors in 

Table 9  The effect and efficiency ratio of the chain mediation 
model
Path Effect Estimate Lower Upper P
CSE→AIA→JSA Indirect 

Effect
-0.072 -0.139 -0.036 p<0.001

CSE→AIL→JSA Indirect 
Effect

-0.04 -0.088 -0.012 p<0.001

CSE→AIA→AIL→JSA Indirect 
Effect

-0.013 -0.04 -0.002 p<0.001

CSE→AIA→AIL→JSA Total 
Effect

-0.278 -0.402 -0.167 p<0.001

Note: We use a 95% confidence interval with a bootstrapping of 10,000
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mitigating it. Specifically, positive AIA and high levels 
of AIL can help students better adapt to technological 
changes, reducing job-seeking anxiety caused by labour 
alienation.

Additionally, this study employs SEM and chain media-
tion effect analysis to elucidate the specific pathways 
through which CSE influences JSA via AIA and AIL. This 
analytical approach validates labour alienation theory’s 
applicability in modern technological contexts and offers 
a novel theoretical framework to explain the mechanisms 
by which CSE functions during technological changes. 
This theoretical framework aids in a deeper understand-
ing of how enhancing individuals’ CSE, improving atti-
tudes toward technology, and increasing AI literacy 
can alleviate JSA in a rapidly evolving technological 
landscape.

By uncovering the mechanisms through which CSE, 
AIA, and AIL mitigate JSA, this study provides the aca-
demic community with new perspectives and empirical 
support, offering valuable references for future research.

Practical implications
This study provides educators and policymakers with a 
roadmap to help university students better adapt to the 
job market in the era of AIA, alleviating JSA. First, the 
study highlights the importance of enhancing students’ 
CSE [93, 94]. The findings indicate that high CSE allevi-
ates students’ ambivalent AIA and enhances their AIL, 
effectively reducing JSA caused by labour alienation. 
Educational institutions should prioritize curriculum and 
training programs that enhance students’ CSE. Addition-
ally, schools can offer more career planning and psycho-
logical counselling to improve students’ CSE levels. For 
example, universities could implement mentorship pro-
grams connecting students with industry professionals, 
organize career development workshops with hands-on 
projects, and provide simulation exercises to build con-
fidence in career decisions [95, 96]. Enhanced CSE will 
help students maintain a positive mindset and confidence 
in a rapidly changing technological environment.

Second, the study emphasizes the crucial role of AIA 
and AIL in mitigating JSA. Educators should help stu-
dents develop a positive attitude toward AI, enabling 
them to accept better and adapt to technological 
changes. For instance, institutions could host regular 
AI-focused seminars featuring guest speakers from lead-
ing tech companies, organize interactive AI hackathons, 
and set up AI demonstration labs where students can 
engage directly with emerging technologies. Schools can 
conduct AI-related lectures, workshops, and practical 
activities to increase students’ understanding and interest 
in AI technology. Moreover, curriculum design should 
focus on cultivating students’ AIL, boosting their abilities 
and confidence in practical applications. These measures 

will help students face AI-induced challenges with more 
excellent composure and confidence, reducing JSA.

Finally, educational institutions and policymak-
ers should focus on students’ mental health and career 
development amidst technological advancements and 
labour alienation. Schools should provide comprehensive 
support systems, including psychological counselling, 
career guidance, and skills training, to help students cope 
with the pressures and uncertainties of technology. For 
example, establishing dedicated career centres that offer 
integrated services—such as AI literacy courses, stress 
management workshops, and tailored career transition 
programs—can provide the structured support needed 
to navigate a tech-driven labour market. By establishing a 
supportive learning and development environment, stu-
dents will better adapt to changes in the labour market, 
enhance their career adaptability, and alleviate JSA.

Limitations, future research directions, and conclusions
Despite this study’s theoretical and practical insights, 
several limitations must be acknowledged. Firstly, the 
sample limitation is a significant issue. The research data 
were collected from a limited sample of university stu-
dents, which may restrict the generalizability of the find-
ings. Students from different regions and backgrounds 
might exhibit varying levels of CSE, AIA, and AIL, 
thereby affecting their JSA differently. Secondly, the data 
were collected through self-reporting, which may involve 
social desirability bias or memory bias, potentially 
impacting the accuracy and reliability of the data [97]. 
Thirdly, the cross-sectional design of this study, while 
allowing for path analysis through SEM, should be com-
plemented with longitudinal designs in future research 
to validate these relationships better. Fourth, this study 
focused on the impact of CSE, AIA, and AIL on JSA but 
did not consider other factors, such as family support 
and socioeconomic status, that might also influence JSA 
[98]. A significant limitation of the current study is that 
the sample comprises only Chinese university students. 
Although our findings offer important insights into the 
connections between career self-efficacy (CSE), attitude 
toward AI (AIA), and job-seeking anxiety (JSA) in this 
specific context, it is essential to exercise caution when 
attempting to generalize these results to other cultural 
environments or student groups.

Future research can expand and deepen this topic in 
several ways. Firstly, the impact of labour alienation on 
CSE can be explored as a cutting-edge topic, with poten-
tial mechanisms being investigated to understand this 
research finding better. Secondly, the sample scope can 
be broadened to include students from more regions 
and diverse backgrounds, thereby enhancing the gener-
alizability and external validity of the findings. Thirdly, 
to better understand the long-term effects of CSE, AIA, 
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and AIL on JSA, future research should employ longitu-
dinal designs to track changes over different time points. 
Moreover, future studies could combine quantitative 
and qualitative methods, utilizing interviews and focus 
groups to gain deeper insights into students’ views on 
CSE, AI technology, and its impact on JSA. More effort is 
needed to explore deeper mechanisms, especially within 
the framework of labour alienation theory. At the same 
time, future research should consider including more 
variables that may influence JSA, such as family back-
ground, social support, and personal traits, to compre-
hensively understand the formation mechanisms of JSA 
in the context of labour alienation. Lastly, future research 
should also aim to replicate and extend these findings by 
exploring similar relationships across different cultural 
contexts and demographic groups. Such research would 
enhance the generalizability of the current findings and 
provide a deeper understanding of how cultural factors 
can influence career development variables in an era of 
rapid technological change.

Conclusion
In summary, this study explores the relationships among 
CSE, AIA, AIL, and JSA in university students from the 
perspective of labour alienation theory. The results indi-
cate that high CSE can mitigate the adverse effects of 
labour alienation, making students more willing to accept 
and adapt to AI technology, thereby enhancing their 
technical literacy and reducing JSA. AIA and AIL play 
significant mediating roles between CSE and JSA, further 
illustrating that enhancing individuals’ CSE, improving 
their attitudes toward technology, and increasing their 
technical literacy can effectively reduce JSA in rapid tech-
nological advancement.

The findings of this study provide valuable references 
for educators and policymakers, emphasizing the impor-
tance of enhancing students’ CSE and technical literacy. 
Furthermore, this study offers new perspectives and 
empirical support for applying labour alienation theory 
in modern technological environments. Although there 
are some limitations, the results provide valuable direc-
tions for future research, contributing to the ongoing 
exploration of how to better assist university students in 
adapting to and thriving in a rapidly changing job market.
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