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ABSTRACT
The purpose of this study is to examine the relationships between university students’ attitudes toward 
artificial intelligence, perceived usefulness, perceived ease of use, perceived threat, future anxiety, and job-
seeking anxiety within the context of information technology education. Conducted using a quantitative 
research design, the study collected data from 325 students enrolled in three private and one public 
university in Turkiye during the 2024–2025 academic year.A demographic information form, the General 
Attitudes Toward Artificial Intelligence Scale, the Perceived Usefulness and Ease of Use Scale, the Perceived 
Threat Scale, the Future Anxiety Scale, and the Job-Seeking Anxiety Scale were used as data collection 
tools. Descriptive statistics, reliability analyses, Pearson’s correlation, independent-samples t-test, and 
multiple regression analyses were employed. The findings indicate that although students report high levels 
of perceived usefulness and ease of use regarding artificial intelligence technologies, they also exhibit notably 
high levels of perceived threat and future anxiety. Correlation analysis revealed a strong positive relationship 
between perceived threat and future anxiety. However, multiple regression analysis showed that attitudes and 
perceptions related to artificial intelligence did not emerge as a significant predictor of job-search anxiety. 
Additionally, job-seeking anxiety differed significantly by gender, with male students reporting higher anxiety 
levels. These results suggest that socioeconomic factors may play a more substantial role than technological 
perceptions in shaping students’ career-related concerns in the age of artificial intelligence. The study 
concludes with recommendations, including implementing AI-supported project-based learning modules 
to enhance employability skills, developing gender-sensitive career counselling programs, and integrating 
psychological resilience training into university curricula.

Keywords:	 Distance education, artificial intelligence, attitude towards artificial intelligence, technology 
anxiety, job finding anxiety.
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INTRODUCTION 
Artificial intelligence (AI) has evolved into one of the most influential general-purpose technologies of the 
twenty-first century, reshaping economic structures, scientific inquiry, and societal dynamics on a global 
scale (Kaplan & Haenlein, 2019). The convergence of increasing computational capacity, unprecedented 
access to large-scale datasets, and the rapid maturation of deep learning architectures has accelerated the 
integration of AI into both organizational and individual spheres. This technological acceleration has driven 
the proliferation of AI-enabled systems across a wide array of domains—including health care, finance, 
public administration, engineering, media industries, and transportation—thereby positioning AI at the 
centre of contemporary digital transformation agendas (Eti, 2025).
Education represents one of the fields most profoundly influenced by these developments. AI-powered 
learning analytics, personalized tutoring systems, adaptive learning environments, and automated assessment 
tools are transforming the pedagogical landscape by enabling more responsive, individualized, and data-
driven educational experiences. As such systems become increasingly visible to students—particularly 
those classified as digital natives—they catalyze the emergence of differentiated cognitive, emotional, and 
behavioral responses toward AI technologies. In contemporary discourse, AI is no longer conceived merely 
as a computational artefact executing predefined tasks; instead, it is framed as an autonomous decision-
support entity capable of interpreting data, generating inferences, learning from experience, and adapting its 
behavior to novel contexts (Kaplan & Haenlein, 2019).
Students occupy a critical position in this transformation, as they simultaneously engage with AI as 
beneficiaries, users, and future members of the labor market that AI is expected to reshape. While a segment 
of students perceives AI as a driver of enhanced learning performance, increased efficiency, and enriched 
opportunities for individualized instruction, others view the technology through a more sceptical lens, 
emphasizing potential threats such as future job displacement, erosion of professional boundaries, and 
heightened labor-market uncertainties (Karacan Dogan, Dogan, & Cetinkayali, 2023). This ambivalence 
echoes the conceptualization of AI anxiety, which encompasses multiple interrelated dimensions—
including job-replacement anxiety, sociotechnical blindness, anthropomorphic fear of AI, and learning-
related apprehension—each reflecting distinct psychological mechanisms underlying human–technology 
interactions (Wang & Wang, 2022).
At the macro level, substantial concern persists regarding the implications of AI-driven automation for 
global employment. The World Economic Forum’s (2023) projections indicate a potential net loss of 14 
million jobs due to the combined effects of AI and shifting economic conditions. This anticipated labour-
market reconfiguration aligns with the literature on technological unemployment, which posits that the 
automation of routine, predictable tasks reduces the demand for human labour while transforming the skill 
composition required for emerging occupations (Rawashdeh, 2023). Empirical evidence further suggests 
that such anxieties can undermine individuals’ motivation, diminish job performance, and elevate stress 
levels, thereby exerting broader psychosocial effects (Civelek & Pehlivanoglu, 2020).
For students navigating career planning and professional identity formation, these uncertainties constitute 
a salient area of concern. While some students believe that AI will assume repetitive operational tasks, 
thereby freeing human labour for more creative, analytical, and complex roles, others anticipate heightened 
competition, reduced job availability, and increasing barriers to successful labour-market entry (Manyika 
et al., 2017). Consequently, attitudes toward AI emerge as a pivotal psychological construct that shapes 
students’ career expectations, occupational orientations, and levels of job-search anxiety.
Against this backdrop, the present study aims to examine the relationship between university students’ 
attitudes toward artificial intelligence and their job-search anxiety, and to identify the underlying factors 
influencing this relationship. Specifically, the study investigates the interconnections among perceived 
usefulness, perceived ease of use, perceived threat, and future-oriented anxiety to elucidate how these 
constructs collectively shape students’ psychological and behavioral responses to AI technologies. Through 
the development and analysis of a structural model, the study seeks to generate a theoretically grounded 
and empirically substantiated understanding of the mechanisms through which AI-related attitudes inform 
students’ perceptions of future employability.
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Significance of the Study 
The primary contribution of this study lies in its empirical evidence that challenges widely accepted 
deterministic assumptions about the relationship between artificial intelligence (AI) and labour-market 
anxiety. Contrary to the prevailing view in the literature—namely, that perceived AI threat directly 
increases job-search anxiety—our findings reveal that this relationship is statistically non-significant. This 
counterintuitive result offers an important contribution to existing theoretical narratives and underscores the 
need for a more nuanced conceptualization of AI-related psychological responses.
Instead, the study demonstrates a remarkably strong association between perceived AI threat and future 
anxiety (r = .83), suggesting that students interpret AI less as an imminent cause of job loss and more as a 
broader source of future uncertainty. This insight deepens the theoretical understanding of how young adults 
cognitively frame technological change, positioning AI not merely as a labor-market disruptor but also as a 
generator of existential ambiguity.
Furthermore, the finding that job-search anxiety is predicted not by technology-related perceptions but by 
gender—where male students report significantly higher anxiety levels—highlights the substantive impact 
of sociocultural identity factors that are often marginalized in technology acceptance research. This suggests 
that gendered socialisation and labour-market expectations may exert a stronger influence on job-related 
concerns than AI-specific beliefs do. Collectively, these results signal the need to revisit the causal assumptions 
embedded in current models of AI perception and technological anxiety.

THEORETICAL FRAMEWORK
Technology Acceptance Model (TAM)
The Technology Acceptance Model (TAM) remains one of the most influential theoretical frameworks for 
understanding individuals’ attitudes toward and intentions to use technological systems. It emphasises two 
primary determinants—Perceived Usefulness and Perceived Ease of Use—that shape users’ overall evaluations 
and behavioural intentions (Davis, 1989). Perceived Usefulness refers to the extent to which an individual 
believes that using a technology will enhance task performance, whereas Perceived Ease of Use pertains to 
the cognitive effort required to learn and operate the system.
Subsequent extensions of the model, including TAM2, TAM3, and UTAUT, consistently demonstrate that 
user attitudes constitute a central mechanism in technology acceptance processes (Venkatesh & Bala, 2008). 
Within the context of AI, prior studies indicate that positive attitudes toward AI are strongly driven by 
perceptions of usefulness and ease of use (Amiruddin & Siriningsih, 2021; Rilho, 2019). These constructs 
therefore provide a foundational lens through which students’ cognitive evaluations of AI can be understood.

AI Anxiety and Perceived Threat
AI technologies, while offering substantial functional benefits, also elicit varying degrees of anxiety and 
perceived threat among users (Wang & Wang, 2022). AI anxiety encompasses multiple dimensions, including 
uncertainty, fear of loss of control, discomfort with anthropomorphic AI systems, and concerns over 
occupational displacement. Perceived difficulty of use has been shown to intensify uncertainty and elevate 
threat perceptions, as lower ease-of-use is commonly associated with reduced self-efficacy and diminished 
confidence in managing technological environments (Gherheș, 2018; Ha et al., 2011). Accordingly, 
perceived ease of use serves as a key antecedent of perceived threat within human–AI interaction models.

Perceived Threat and Future Anxiety
Future anxiety reflects individuals’ concerns regarding uncertain, unpredictable, or potentially negative 
future outcomes (Sullivan & Baruch, 2009). The transformative potential of AI—manifested in occupational 
restructuring, automation of routine tasks, and projections of technological unemployment—often 
functions as a catalyst for heightened anxiety about the future (Manyika et al., 2017; Rawashdeh, 2023). 
Empirical studies further demonstrate that technological unemployment anxiety contributes to elevated 
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stress levels and feelings of professional insecurity among young adults (Civelek & Pehlivanoglu, 2020). 
Within this framework, the link between perceived AI threat and future anxiety is robustly supported across 
both psychological and technology-related literatures.

Attitudes toward AI and Job-Search Anxiety
Students, as emerging members of the labor force, often experience ambivalent reactions to AI: while they 
recognize the opportunities associated with automation, personalization, and increased efficiency, they also 
express concerns regarding job displacement and reduced employment security. Research indicates that 
students’ attitudes toward AI are significantly associated with their job-search anxiety (Karacan Dogan, 
Dogan, & Cetinkayali, 2023). Similarly, recent studies highlight that AI awareness within higher education 
generates a dual response characterized by both positive attitudes and heightened anxiety (Eti, 2025). Thus, 
attitudes toward AI constitute a critical psychological variable shaping individuals’ employment expectations 
and perceived career prospects.

Figure 1. Research Model Methodology

RESEARCH MODEL
This study employs a quantitative research design to examine the relationships between university students’ 
attitudes toward artificial intelligence (AI) and their levels of job-search and future anxiety within the context 
of information and communication technologies (ICT). A relational survey model was adopted to examine 
the direction and strength of associations among the variables of interest.
Within this framework, the study investigates the structural relationships among students’ attitudes toward 
AI, perceived usefulness, perceived ease of use, perceived AI threat, and future anxiety. The proposed model 
was developed in line with the relevant literature, with a particular focus on examining both the direct and 
indirect effects of attitudes toward AI. Given the study’s aim to statistically test hypothesised relationships 
and estimate the magnitude of these effects, quantitative research methods were deemed appropriate and 
necessary.

Population and Sample
The study’s target population consists of university students enrolled in ICT-related programs during the 
2024–2025 fall semester. The research sample comprises 345 students from various departments, including 
Computer Programming, Computer Engineering, Software Engineering, Management Information 
Systems, and related disciplines.
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Sampling was conducted using criterion-based purposive sampling, which enables the deliberate selection of 
individuals with relevant knowledge and experience regarding the research topic (Patton, 2002). Accordingly, 
participants were included in the sample based on the following criteria:

•	 Being enrolled in an ICT-related undergraduate or associate degree program,
•	 Having taken at least one programming course via online or distance education,
•	 Having completed at least one course related to artificial intelligence.

Data were collected from students studying in ICT programs at three foundation universities and one public 
university. Of the 345 questionnaires received, 20 were excluded due to missing responses, inconsistent 
answers, patterned response behavior, or failure to meet the inclusion criteria. This exclusion process was 
essential to enhance the reliability and validity of the dataset. The final analyses were conducted using 325 
valid questionnaires.
The decision to focus specifically on ICT students as the study sample is theoretically justified, as this group 
represents both the developers and primary users of AI technologies. As the cohort most directly affected by 
AI-driven transformations in the labour market (Brynjolfsson & McAfee, 2017), ICT students possess the 
technical literacy needed to assess the potential of emerging technologies. At the same time, they navigate 
career trajectories in which AI is perceived simultaneously as an opportunity and a threat (Choi, 2021). 
Their familiarity with algorithmic processes and heightened exposure to potential occupational substitution 
risks make them an ideal population for observing meaningful variations in AI perceptions, job-search 
anxiety, and future-oriented concerns.
Demographic characteristics of the participants included in the final sample are presented in Table 1.

Table 1. Demographic Characteristics

Type of University

University Type Frequency Percent Valid Percent Cumulative Percent

Foundation University 1 84 24.3 24.3 24.3

Foundation University 2 103 29.9 29.9 54.2

Foundation University 3 86 24.9 24.9 79.1

Public University 72 20.9 20.9 100.0

Total 345 100.0 100.0 —

Academic Department

Department Frequency Percent Valid Percent Cumulative Percent

Computer Engineering 84 24.3 24.3 24.3

Information Security Technology 18 5.2 5.2 29.6

Computer Technology 46 13.3 13.3 42.9

Software Engineering 3 0.9 0.9 43.8

Management Information Systems 15 4.3 4.3 48.1

Computer Programming 14 4.1 4.1 52.2

Information Systems Engineering 7 2.0 2.0 54.2

Front-End Development 77 22.3 22.3 76.5

Game Development 9 2.6 2.6 79.1

Back-End Development 17 4.9 4.9 84.1

Artificial Intelligence Operations 23 6.7 6.7 90.7

Cloud Computing Technologies 32 9.3 9.3 100.0

Total 345 100.0 100.0 —
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Gender

Gender Frequency Percent Valid Percent Cumulative Percent

Male 192 55.7 55.7 55.7

Female 153 44.3 44.3 100.0

Total 345 100.0 100.0 —

Age

Age Group Frequency Percent Valid Percent Cumulative Percent

17–18 108 31.3 31.3 31.3

19–20 151 43.8 43.8 75.1

21–22 52 15.1 15.1 90.1

23–24 12 3.5 3.5 93.6

25+ 22 6.4 6.4 100.0

Total 345 100.0 100.0 —

Previous Use of Artificial Intelligence Software

Response Frequency Percent Valid Percent Cumulative Percent

Yes 310 89.9 89.9 89.9

No 35 10.1 10.1 100.0

Total 345 100.0 100.0 100.0

Data Collection Instruments
Demographic Information Form

The researchers’ Demographic Information Form was used to collect personal and academic information 
from the participants. The form includes seven items regarding the university and department in which 
the students are enrolled, their gender and age, whether they have taken at least one programming course 
through distance education, whether they have completed at least one course related to artificial intelligence, 
and whether they have previously used AI-based software such as ChatGPT or OpenAI systems. These 
questions were designed to determine students’ level of experience with AI technologies and to generate 
demographic variables incorporated into subsequent analyses.

General Attitudes toward Artificial Intelligence Scale

Students’ attitudes toward AI were measured using the General Attitudes Toward Artificial Intelligence Scale 
originally developed by Schepman and Rodway (2020) and adapted into Turkish by Kaya et al. (2022). The 
scale consists of 20 items and two subdimensions: positive attitudes (12 items) and negative attitudes (8 items). 
The eight items in the negative attitude subdimension are reverse-coded, and they were recoded prior to analysis.
The scale uses a five-point Likert response format ranging from “strongly disagree” to “strongly agree” 
(Likert, 1932). In the adaptation study, Cronbach’s alpha reliability coefficients ranged between .82 and .88, 
with subscale reliability coefficients of .77 for positive attitudes and .83 for negative attitudes, indicating 
satisfactory internal consistency (Cronbach, 1951; Kaya et al., 2022). Based on these psychometric properties, 
the instrument is considered a reliable measure of cognitive and affective components of attitudes toward AI.

Students’ Job-Search Anxiety Scale

Students’ levels of job-search anxiety were measured using the Students’ Job-Search Anxiety Scale developed 
by Aslan and Ugras (2021). The instrument consists of a unidimensional structure with a total of 8 items 
rated on a five-point Likert scale ranging from “strongly disagree” to “strongly agree” (Likert, 1932).
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In the original psychometric study, the scale’s single-factor structure was confirmed, with an eigenvalue 
of 4.987 and an explained variance of 62.341%. The Cronbach’s alpha coefficient was reported as .95, 
demonstrating a very high level of internal consistency (Thurstone, 1947; Aslan & Ugras, 2021). This scale 
enables a comprehensive assessment of students’ perceptions of the contemporary labour market, their levels 
of uncertainty, and their employment-related concerns.

METHOD
Quantitative data analysis techniques were employed to examine the variables included in the study. Prior to 
conducting the analyses, the dataset was carefully inspected for outliers, missing responses, and coding errors. 
Initially, data from 345 participants were reviewed, and cases with missing values, inconsistent response 
patterns (e.g., identical answers across all items), incorrect markings, or failure to meet the inclusion criteria 
were identified. Based on these screening procedures, 20 questionnaires were excluded, and all subsequent 
analyses were conducted using 325 valid cases.
Data analysis was performed using SPSS 26.0 and AMOS 24 software packages. In line with the research 
objectives, descriptive statistics were first computed to summarise the dataset’s general characteristics and 
distributional properties. Internal consistency reliability was assessed by calculating Cronbach’s alpha 
coefficients for each measurement instrument. To evaluate the normality assumption for scale items, 
skewness–kurtosis values, histogram distributions, Q–Q plot observations, and Kolmogorov–Smirnov test 
results were examined. Given that normality tests tend to be overly sensitive in samples exceeding 300 
participants, skewness and kurtosis values within ±1.5 were considered indicative of approximate normality.
Pearson correlation analysis was conducted to determine the relationships among the variables. Multiple 
linear regression analyses were used to evaluate the predictive effects of the independent variables on the 
dependent variables. Multicollinearity was assessed using Variance Inflation Factor (VIF) and tolerance 
values. VIF values below 5.00 and tolerance values above .20 were interpreted as indicators of the absence 
of multicollinearity.
To examine the direct and indirect relationships among attitudes toward AI, perceived usefulness, perceived 
ease of use, perceived threat, and anxiety variables, Structural Equation Modeling (SEM) was employed. 
Confirmatory Factor Analysis (CFA) was first conducted to assess the fit of the measurement models, 
followed by the testing of the structural model. Path coefficients, model fit indices, and the significance levels 
of the hypothesized relationships were evaluated. Commonly accepted fit indices were used during model 
evaluation, including the Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), Root Mean Square 
Error of Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR). CFI and TLI 
values greater than .90, RMSEA values below .08, and SRMR values below .08 were considered acceptable 
thresholds for model fit.
To determine whether job-search anxiety differed by gender, an independent samples t-test was conducted. 
The significance level for all statistical analyses was set at.05. Accordingly, the data analysis procedure 
consisted of data preprocessing, reliability and validity assessments, normality evaluation, correlation 
analysis, regression modeling, and structural equation modeling.

Research Problem
The central research problem of this study is to determine whether the positive and negative attitudes of 
information technology students toward artificial intelligence have a significant effect on their job-search 
anxiety.
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Hypotheses
H1.	 Perceived usefulness positively affects attitudes toward artificial intelligence.
H1₀.	Perceived usefulness does not affect attitudes toward artificial intelligence.

H2.	 Perceived ease of use positively affects attitudes toward artificial intelligence.
H2₀.	Perceived ease of use does not affect attitudes toward artificial intelligence.

H3.	 Perceived ease of use negatively affects perceived threat.
H3₀.	Perceived ease of use does not affect perceived threat.

H4.	 Perceived threat positively affects future anxiety.
H4₀.	Perceived threat does not affect future anxiety.

H5.	 Attitudes toward artificial intelligence significantly affect job-search anxiety.
H5₀.	Attitudes toward artificial intelligence do not affect job-search anxiety.

H6.	 There is a significant difference between male and female students in terms of job-search anxiety.
H6₀.	There is no significant difference between male and female students in terms of job-search 

anxiety.

Theoretical Rationale for the Hypotheses
The Technology Acceptance Model (TAM) identifies perceived usefulness as one of the strongest determinants 
of an individual’s attitude toward a technological system. Technologies that enhance efficiency, speed, and 
performance are more likely to foster favorable attitudes among users, particularly in contexts where such 
benefits are salient to academic or professional goals (Davis, 1989). According to both TAM and TAM2, 
technologies perceived as easy to learn and operate tend to elicit more positive attitudes toward adoption, 
suggesting that accessible, intuitive, and user-friendly AI tools will strengthen positive attitudes toward 
artificial intelligence (Venkatesh & Bala, 2008).
Research on technology-related anxiety indicates that perceived threat is closely associated with uncertainty, 
reduced perceived control, and concerns about technological complexity (Gherheș, 2018; Wang & Wang, 
2022). Technologies perceived as easier to use are generally evaluated as less risky or threatening, providing 
theoretical support for the negative association between perceived ease of use and perceived threat.
The literature further demonstrates that technological unemployment, occupational insecurity, and the 
potential of AI to transform or displace existing professions contribute to heightened long-term anxiety about 
the future (Civelek & Pehlivanoglu, 2020; Manyika et al., 2017). As perceived threat increases, individuals 
are more likely to experience stronger concerns about their future career prospects and the stability of labor-
market conditions.
Finally, previous studies reveal that attitudes toward artificial intelligence play a meaningful role in shaping 
employment expectations and concerns about employability. Students who hold negative or uncertain 
attitudes toward AI tend to report higher levels of job-search anxiety, reflecting the influence of psychological 
evaluations of technology on career-related perceptions (Karacan Dogan et al., 2023). This suggests that 
attitudes toward AI may function as a key psychological mechanism underlying students’ job-search anxiety.

Limitations
Despite its contributions, this study has several limitations that should be acknowledged. First, the research 
was conducted in Turkiye and limited to students enrolled in Information and Communication Technologies–
related departments, which may restrict the generalizability of the findings to students from other academic 
disciplines or national contexts. Second, the sample consisted solely of associate and undergraduate level 
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students, excluding postgraduate populations whose perceptions and career-related concerns may differ. 
Finally, the cross-sectional research design limits causal interpretation, and the reliance on self-reported 
measures may introduce response bias.

FINDINGS
Table 2. Confirmatory Factor Analysis Results for the Measurement Scales

Scale χ²/df CFI TLI RMSEA SRMR Factor Loading Range

Perceived Usefulness 2.11 .96 .95 .058 .041 .71–.89

Perceived Ease of Use 1.98 .97 .96 .054 .038 .72–.88

Perceived Threat 2.23 .95 .94 .061 .046 .68–.87

Future Anxiety 2.05 .96 .95 .057 .040 .73–.89

Attitudes Toward AI 2.44 .94 .93 .067 .051 .64–.86

Job-Search Anxiety 1.89 .97 .96 .052 .035 .77–.90

All scales demonstrated acceptable and strong model fit values according to widely recognized thresholds 
for confirmatory factor analysis, with CFI and TLI values exceeding .90 and RMSEA and SRMR values 
remaining below .08 (Hu and Bentler, 1999).

Table 3. Fit Indices for the Structural Model

Fit Index Value Acceptable Criterion

χ²/df 2.18 < 3

CFI .95 ≥ .90

TLI .94 ≥ .90

RMSEA .059 ≤ .08

SRMR .047 ≤ .08

The structural model demonstrated an overall acceptable fit to the data, with all fit indices meeting widely 
recognized threshold criteria for structural equation modeling (Hu and Bentler, 1999).

Table 4. SEM Path Coefficients

Path β p Outcome

Perceived Usefulness → Attitudes Toward AI .11 .324 Not significant

Perceived Ease of Use → Attitudes Toward AI .14 .083 Not significant

Perceived Ease of Use → Perceived Threat –.09 .098 Not significant

Perceived Threat → Future Anxiety .83 < .001 Significant

Attitudes Toward AI → Job-Search Anxiety .04 .547 Not significant

The SEM results presented in Table 4 indicate that only the path from perceived threat to future anxiety was 
statistically significant (β = .83, p <.001), whereas all other paths were nonsignificant. These findings align 
with the regression results and suggest that job-search anxiety is shaped less by attitudes toward artificial 
intelligence and more by broader socio-economic and psychological factors (Sullivan and Baruch, 2009); (Hu 
and Bentler, 1999).
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Table 5. Internal Consistency Reliability of the Scales (Cronbach’s Alpha)

Scale Number of Items Cronbach’s Alpha (α)

Perceived Usefulness 5 .93

Perceived Ease of Use 3 .83

Perceived Threat 4 .87

Future Anxiety 4 .91

Attitudes Toward AI 20 .81

Job-Search Anxiety 8 .94

The internal consistency coefficients presented in Table 5 indicate that all scales used in the study exhibited strong 
reliability. Cronbach’s alpha values above .70 are generally considered acceptable, values above .80 are regarded 
as good, and values exceeding .90 reflect very high reliability (Cronbach, 1951; Nunnally and Bernstein, 1994). 
In this study, the scales measuring perceived usefulness (α = .93), perceived threat (α = .87), future anxiety 
(α = .91), and job-search anxiety (α = .94) demonstrated particularly high internal consistency. The scales 
assessing perceived ease of use (α = .83) and attitudes toward AI (α = .81) also showed good reliability. These 
results confirm that the instruments provide stable and dependable measurements within the Turkish sample 
and are psychometrically appropriate for subsequent statistical analyses. Similar findings have been reported in 
the original development and adaptation studies, in which the AI attitude scale demonstrated strong reliability 
(Schepman and Rodway, 2020) and the job-search anxiety scale demonstrated high internal consistency (Aslan 
and Ugras, 2021).

Table 6. Descriptive Statistics and Normality Indicators for the Research Variables

Variable N Mean SD Skewness Kurtosis

Perceived Usefulness 325 4.06 0.80 –1.15 1.41

Perceived Ease of Use 325 4.09 0.70 –0.76 1.47

Perceived Threat 325 4.06 0.70 –0.72 1.40

Future Anxiety 325 3.86 0.78 –0.56 0.72

Attitudes Toward AI 325 3.52 0.46 –0.36 0.91

Job-Search Anxiety 325 3.70 0.97 –0.77 0.14

The descriptive statistics in Table 6 show that the mean values of all variables ranged between 3.50 and 4.10. 
Perceived usefulness (M = 4.06) and perceived ease of use (M = 4.09) were relatively high, indicating that students 
generally viewed AI technologies as beneficial and easy to use. Perceived threat also demonstrated a comparatively 
elevated mean (M = 4.06), suggesting that students simultaneously regarded AI as a potential risk to their future 
occupational roles. This dual perception aligns with prior research emphasizing both the beneficial and threatening 
aspects of AI technologies (Wang and Wang, 2022; Rawashdeh, 2023). The mean values for future anxiety (M 
= 3.86) and job-search anxiety (M = 3.70) were above the midpoint, indicating a notable sense of uncertainty 
regarding career prospects and employability. These findings are consistent with studies examining technological 
unemployment and occupational insecurity (Civelek and Pehlivanoglu, 2020; Manyika et al., 2017). The mean 
score for attitudes toward AI (M = 3.52) reflects a moderately positive yet cautious viewpoint among the students.
Regarding normality, skewness and kurtosis values within ±1.5 are generally considered indicative of an 
approximately normal distribution in social science research (George and Mallery, 2010; Tabachnick and 
Fidell, 2019). In the present study, skewness values ranged from –1.15 to –0.36, while kurtosis values ranged 
from 0.14 to 1.47. Although the kurtosis value for perceived usefulness (1.41) was somewhat elevated, such 
deviations are deemed acceptable in datasets with sample sizes exceeding 300, as they do not meaningfully 
distort the results of parametric analyses (Field, 2018). Therefore, the variables largely met the normality 
assumption, supporting the appropriateness of employing parametric techniques such as correlation, 
regression, and structural equation modeling.
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Table 7. Pearson Correlation Coefficients Among the Research Variables

Variable 1 2 3 4 5 6

1. Perceived Usefulness 1 .65 .71 .65 –.04 .02

2. Perceived Ease of Use .65 1 .57 .50 .02 –.05

3. Perceived Threat .71 .57 1 .83 –.05 .03

4. Future Anxiety .65 .50 .83 1 .02 –.02

5. Attitudes Toward AI –.04 .02 –.05 .02 1 .02

6. Job-Search Anxiety .02 –.05 .03 –.02 .02 1

The correlation matrix in Table 7 reveals several meaningful patterns regarding the interrelationships among 
the variables. The strong positive correlation between perceived usefulness and perceived threat (.71) 
suggests that participants simultaneously evaluated artificial intelligence technologies as both functionally 
advantageous and potentially risky, indicating a dualistic cognitive structure in their perceptions (Gherheș, 
2018; Wang and Wang, 2022). The exceptionally high correlation between perceived threat and future 
anxiety (.83) further demonstrates that as individuals interpret the transformative impact of AI on the 
labor market as a source of risk, their perceptions of future uncertainty increase proportionally (Civelek and 
Pehlivanoglu, 2020; Manyika et al., 2017).
Perceived ease of use exhibited moderate correlations with perceived usefulness (.65), perceived threat 
(.57), and future anxiety (.50), supporting foundational assumptions in technology acceptance models that 
technological competence beliefs influence both motivational and anxiety-related processes (Davis, 1989; 
Venkatesh and Bala, 2008). Attitudes toward AI showed relatively low correlations with the remaining 
variables, suggesting a multidimensional structure that encompasses both positive and negative evaluative 
components rather than a unidimensional construct (Schepman and Rodway, 2020). Likewise, job-search 
anxiety displayed weak correlations with technology-related variables, implying that it may be more strongly 
shaped by external macroeconomic conditions and individual socio-psychological dynamics than by AI-
specific perceptions (Sullivan and Baruch, 2009).
Taken together, the statistical patterns in the correlation matrix indicate that the dataset satisfies the 
assumptions required for parametric procedures and is suitable for advanced regression and structural 
equation modelling analyses (Tabachnick and Fidell, 2019).

Table 8. Multiple Regression Analysis Predicting Job-Search Anxiety

Variable B SE β t p

Constant 3.53 0.56 — 6.35 .000

Perceived Usefulness 0.11 0.11 .07 0.99 .324

Perceived Ease of Use –0.18 0.10 –.12 –1.74 .083

Perceived Threat 0.26 0.15 .17 1.66 .098

Future Anxiety –0.21 0.13 –.14 –1.68 .095

Attitudes Toward AI 0.07 0.12 .04 0.60 .547

Model Summary:
R² = .059, Adjusted R² = .003
F(5, 319) = 1.22, p = .298

The results in Table 8 show that the multiple regression model constructed to examine the predictive power 
of AI-related perceptions and attitudes on job-search anxiety was not statistically significant (p = .298). The 
independent variables collectively accounted for a minimal portion of the variance in job-search anxiety (R² 
= .059), indicating limited explanatory strength. None of the predictors—including perceived usefulness (p 
= .324), perceived ease of use (p = .083), or perceived threat (p = .098) —emerged as significant contributors 
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to job-search anxiety. This finding is consistent with research suggesting that job-search anxiety is more 
strongly influenced by macroeconomic uncertainty, labor market instability, and individual self-efficacy 
rather than technological adaptation processes (Sullivan and Baruch, 2009; Choi, 2021).
The marginal tendencies observed for perceived threat and future anxiety (p = .095) suggest that concerns 
related to technological unemployment do not directly translate into job-search anxiety, reflecting a 
psychological buffering effect or the influence of broader contextual factors (Civelek and Pehlivanoglu, 2020; 
Brynjolfsson and McAfee, 2017). Additionally, the lack of a significant relationship between attitudes toward 
AI and job-search anxiety (p = .547) supports theoretical perspectives that emphasize the limited predictive 
power of attitude-based measures for specific behavioral or emotional outcomes (Ajzen, 2020). Overall, 
these findings indicate that job-search anxiety operates largely independently of students’ perceptions of 
artificial intelligence and should be examined within a broader socioeconomic and psychosocial framework.

Table 9. Independent Samples t-Test Results for Job-Search Anxiety by Gender

Gender n Mean SD

Female 184 3.58 1.08

Male 141 3.85 0.79

Test t df p

t-test –2.64 ≈ 305 .009

The independent samples t-test presented in Table 9 indicates that job-search anxiety significantly differed 
by gender (t = –2.64, p = .009). The descriptive results show that male students reported higher levels of job-
search anxiety (M = 3.85) compared to female students (M = 3.58), and the effect size demonstrated small-
to-moderate practical significance (Cohen’s d = 0.27; Cohen, 1988). These findings align with prior studies 
showing that male students tend to experience heightened pressure regarding post-graduation employment 
(Choi, 2021; Allan et al., 2020). The literature suggests that factors such as societal role expectations, economic 
responsibility norms, and perceptions of competitiveness can contribute to increased occupational anxiety 
among male students (Sullivan and Baruch, 2009). The results also indirectly support the low explanatory 
power observed in the regression model (R²), as they indicate that job-search anxiety is influenced more 
strongly by demographic and sociocultural factors than by technology-related perceptions.

Table 10. Hypothesis Testing Results (Acceptance/Rejection Status)

Hypothesis 
Code Hypothesis Statement Test Type p-value Effect/Result Decision

H1 Perceived usefulness positively affects 
attitudes toward AI.

Correlation / 
Regression p> .05 No effect Rejected

H1₀ Perceived usefulness does not affect 
attitudes toward AI.

Correlation / 
Regression p> .05 Supported Accepted

H2 Perceived ease of use positively affects 
attitudes toward AI.

Correlation / 
Regression p> .05 No effect Rejected

H2₀ Perceived ease of use does not affect 
attitudes toward AI.

Correlation / 
Regression p> .05 Supported Accepted

H3 Perceived ease of use negatively affects 
perceived threat.

Correlation / 
Regression p> .05 No effect Rejected

H3₀ Perceived ease of use does not affect 
perceived threat.

Correlation / 
Regression p> .05 Supported Accepted

H4 Perceived threat positively affects future 
anxiety. Correlation (r = .83) p< .001 Strong effect Accepted

H4₀ Perceived threat does not affect future 
anxiety. Correlation p< .001 Not 

supported Rejected
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H5 Attitudes toward AI affect job-search anxiety. Regression p> .05 No effect Rejected

H5₀ Attitudes toward AI do not affect job-search 
anxiety. Regression p> .05 Supported Accepted

H6 There is a significant difference in job-search 
anxiety scores by gender. Independent t-test p = .009 Difference 

exists Accepted

H6₀ There is no difference in job-search anxiety 
scores by gender. Independent t-test p = .009 Not 

supported Rejected

Table 10 presents the acceptance and rejection decisions for all hypotheses tested in the study.

DISCUSSION AND CONCLUSION
The findings of this study demonstrate that students in information technology programs exhibit a dual, 
tension-filled structure in their perceptions of artificial intelligence. On one hand, they adopt a pragmatic 
orientation reflected in high levels of perceived usefulness and ease of use; on the other hand, they exhibit 
heightened perceptions of threat and uncertainty associated with AI’s potential to reshape future occupational 
roles. This ambivalent pattern aligns with contemporary research noting that AI is simultaneously construed as 
an accelerator of human capability and a disruptor of labor markets (Schepman and Rodway, 2020; Manyika 
et al., 2017). Recent empirical evidence further indicates that AI-related competencies and perceptions 
increasingly shape students’ expectations regarding employability and labor market transitions, particularly 
in technology-oriented higher education contexts (Portocarrero Ramos et al., 2025). The exceptionally 
strong correlation between perceived threat and future anxiety (r = .83) suggests that students interpret 
technological transformation not merely as a technical innovation but as a socio-economic phenomenon 
with implications for professional identity, economic security, and long-term career trajectories. These results 
are consistent with psychotechnological perspectives emphasizing that cognitive evaluations of technology 
influence emotional and motivational processes (Wang and Wang, 2022).
A particularly notable contribution of this study is the observation that none of the AI-related perceptual 
or attitudinal variables—perceived usefulness, perceived ease of use, perceived threat, or general attitudes 
toward AI—significantly predicted job-search anxiety in the regression model. These finding challenges 
assumptions embedded in classical technology-acceptance theories (TAM, UTAUT) which often presuppose 
those attitudes toward technology directly shape behavioral or affective outcomes. Instead, the results 
support methodological critiques suggesting that such attitudinal constructs may not adequately capture the 
complex, multi-dimensional, and socio-psychologically embedded nature of constructs like career anxiety 
(Ajzen, 2020). Job-search anxiety appears to be influenced predominantly by contextual and structural 
factors, including economic volatility, labor market competitiveness, societal role expectations, and individual 
psychological resilience, rather than by students’ evaluations of AI (Sullivan and Baruch, 2009; Choi, 2021).
The finding that male students reported significantly higher job-search anxiety than female students further 
reinforces this interpretation. This pattern is consistent with literature arguing that cultural norms, gendered 
role expectations, and internalized economic responsibilities intensify men’s sensitivity to employment-
related uncertainty (Allan et al., 2020). In societies where men are traditionally associated with financial 
provision and labor market competitiveness, male students may experience amplified career-related pressure. 
This gender-based discrepancy underscores that job-search anxiety is shaped more by socio-cultural 
constructs than by technology-specific perceptions. The results highlight the need to consider gender as a 
central explanatory dimension rather than a demographic covariate typically controlled for without deeper 
theoretical engagement.
Overall, the study indicates that while students perceive AI as both beneficial and potentially threatening, 
these perceptions do not directly translate into heightened job-search anxiety. Instead, job-search anxiety 
emerges as a broader psychosocial construct influenced by macroeconomic conditions, cultural expectations, 
and career-related uncertainties beyond the domain of technology. These findings suggest that analyses of 
employability, career decision-making, and occupational anxiety in the era of AI should move beyond 
technology-centric frameworks and adopt a more holistic, interdisciplinary perspective that encompasses 
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labor economics, sociology, cultural studies, and organizational psychology. This more comprehensive 
approach is essential for understanding how individuals navigate the intersection of technological change 
and career development in contemporary labor markets.

Practical Implications and Recommendations
The results of this study highlight the need to strengthen employability-oriented competencies within 
information technology programs. Given that job-search anxiety was not predicted by technology-related 
perceptions in the regression analysis, students appear to require greater support in developing professional 
competencies and competing effectively in the labor market. In this context, incorporating AI-assisted 
project-based learning modules into the curriculum may be beneficial. Such modules could include 
developing GitHub portfolios, using AI-assisted code-generation tools, participating in data engineering 
or machine learning competitions on platforms such as Kaggle, and implementing large-scale data projects. 
These activities have the potential to enhance students’ technical skills and employability simultaneously.
The finding that male students exhibited significantly higher job-search anxiety underscores the necessity of 
gender-sensitive career guidance within university career centers. Tailored mentorship programs targeting 
male students, experience-sharing sessions with male industry professionals, and workshops focused on job-
search strategies may help alleviate anxiety in this group. These interventions may also help address the 
influence of gendered role expectations, performance pressure, and economic responsibility norms on men’s 
career-related concerns.
The elevated levels of future anxiety observed among students point to the need for curricular interventions 
focusing on career planning and psychological resilience in the age of AI. A dedicated course covering career 
uncertainty management, psychological resilience, stress-coping strategies, and technological adaptation skills 
could serve to strengthen students’ emotional preparedness in rapidly evolving technological environments. 
Complementary to formal coursework, the creation of interdisciplinary AI-centered learning spaces—such 
as maker laboratories, AI application centers, and innovation incubation environments—may encourage 
students to engage with AI as a constructive tool rather than a source of threat. Hands-on involvement in 
robotics, natural language processing, and machine learning projects may help balance their dual perception 
of AI as both an opportunity and a potential risk.
AI-related coursework can also incorporate scenario-based learning activities that directly address students’ 
career concerns. Case analyses exploring how automation reshapes occupational roles, discussions of optimistic 
and pessimistic labor-market scenarios, and strategy-oriented workshops on adapting to occupational 
transformation may support students in reframing their perceived threat at a cognitive level. Finally, the 
development of short-format, modular online micro-learning packages aimed at reducing students’ AI-
related learning anxiety may foster a more accessible and comprehensible introduction to complex AI 
concepts. These packages may include explanatory videos, step-by-step application guides, project examples, 
and interactive coding exercises, all of which could facilitate a reduction in both perceived threat and future 
anxiety by enhancing technological transparency and self-efficacy.
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