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This study tests an integrated structural model linking Artificial Intelligence (AI) use in 
learning, psychological factors derived from Self-Determination Theory (SDT), and 
employability skills among vocational education students. Specifically, AI is positioned 
as a contextual support associated with the fulfillment of competence, autonomy, and 
relatedness. A quantitative, cross-sectional design was employed using self-reported 
data from 263 vocational students in Indonesia, which were analyzed through Structural 
Equation Modeling (SEM). The results show that competence, autonomy, and 
relatedness are significantly associated with employability skills, with competence 
emerging as the strongest predictor. AI use demonstrates a significant indirect effect 
on employability skills, primarily through competence. In contrast, burnout, learning 
anxiety, and learning motivation do not show significant direct associations with 
employability skills, suggesting that psychological need fulfillment plays a more central 
role in the model. This study contributes to the literature by situating AI within the SDT 
framework as a contextual enabler of psychological need fulfillment in vocational 
education. The findings indicate that AI-supported learning environments are 
associated with stronger fulfillment of competence, autonomy, and relatedness, which 
in turn are linked to employability development. Practically, the results highlight the 
importance of designing AI-assisted learning environments that support competence, 
autonomy, and relatedness. 
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1. INTRODUCTION 

Employability skills are a critical requirement for graduates of vocational and technical education to 
remain competitive in an increasingly dynamic labor market (Haron et al., 2019; Romanova, 2022). These skills 
encompass both technical and non-technical competencies, including communication, collaboration, and critical 
thinking (Ardiansyah, 2023; Haron et al., 2019; Jackson, 2015). Relevance to vocational education is especially 
strong because graduates are expected not only to master occupation-specific competencies but also to 
demonstrate transferable capabilities that support adaptation, problem solving, and sustainable career 
development in rapidly changing work environments (Haron et al., 2019; Romanova, 2022). Persistent concern 
remains, however, regarding the mismatch between graduates’ skills and industry needs across multiple sectors 
(Abbasi et al., 2018; Radermacher et al., 2014). Recent evidence further highlights the urgency of this issue, 
indicating that automation, digitalisation, demographic change, and the green transition are substantially 
reshaping skill needs in the labour market. These conditions underscore the need for more adaptive and 
responsive vocational education approaches that are aligned with labour market demands and capable of 
supporting students’ employability development (OECD, 2023). 

Artificial Intelligence (AI) has been increasingly integrated into educational contexts to support 
personalized learning, adaptive feedback, and simulation-based instruction (Ouyang & Jiao, 2021; Asad & Ajaz, 
2024). Vocational education settings have increasingly used AI to approximate real-world work environments 
and to enhance problem-solving skills (Ciolacu et al., 2018; Qawqzeh, 2024). Existing studies, however, still tend 
to examine AI primarily as an instructional tool in terms of efficiency, personalization, and feedback delivery, 
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with less explicit attention to the psychological processes through which AI-supported learning may contribute 
to skill development (Ouyang & Jiao, 2021; Chen et al., 2020; Asad & Ajaz, 2024). Self-Determination Theory 
(SDT) provides a relevant framework for understanding these processes by emphasizing the importance of 
autonomy, competence, and relatedness in fostering motivation and learning outcomes (Ryan & Deci, 2000; Van 
den Broeck et al., 2016). Burnout and learning anxiety have also been identified as potential challenges in 
technology-mediated learning environments (Salmela-Aro et al., 2021; Huang et al., 2024). Taken together, these 
perspectives suggest that AI-supported learning may influence employability development not only through 
instructional affordances, but also through need-supportive and strain-related psychological mechanisms. 

Several important gaps nevertheless remain. First, much of the current literature still positions AI as a 
technological or instructional aid, while evidence explaining how AI is associated with deeper psychological 
processes relevant to vocational skill development remains limited (Ouyang & Jiao, 2021; Chen et al., 2020; Asad 
& Ajaz, 2024). Second, studies grounded in SDT have established the importance of autonomy, competence, and 
relatedness for learning, yet empirical work that explicitly models AI in relation to these psychological needs in 
vocational education remains insufficiently developed (Ryan & Deci, 2000; Van den Broeck et al., 2016). Third, 
the literature on vocational employability has largely emphasized skill readiness and labor-market outcomes, but 
has not adequately clarified whether AI-supported learning environments are associated with employability 
through need fulfillment, motivational processes, or strain-related experiences such as burnout and learning 
anxiety (Abbasi et al., 2018; Radermacher et al., 2014; Salmela-Aro et al., 2021; Huang et al., 2024). Fourth, prior 
studies have rarely integrated these strands into a single explanatory model within vocational higher education, 
even though this setting is precisely where employability development is a central educational objective. 

This study addresses these gaps by examining AI not merely as a technological tool, but as a contextual 
enabler associated with the fulfillment of psychological needs within the SDT framework. Specifically, this study 
investigates whether AI use in learning is associated with autonomy, competence, relatedness, burnout, and 
learning anxiety, and whether these factors, together with learning motivation, are related to employability skills 
among vocational students (Huang et al., 2021; Chen et al., 2020; Chiu et al., 2024; Romanova, 2022; Rosli & 
Saleh, 2023; Martin et al., 2018). Novelty of this study lies in the integration of AI-supported learning, SDT-based 
need fulfillment, strain-related variables, and employability skills within one empirical framework focused on 
vocational higher education. This study contributes to the literature by empirically positioning AI within an SDT-
based model as a contextual enabler of psychological need fulfillment linked to employability outcomes in 
vocational education. The inclusion of burnout, learning anxiety, and learning motivation also allows the model 
to distinguish the relative roles of need-supportive and strain-related factors in explaining employability skills. 
This positioning offers a more specific understanding of how AI-supported learning environments are associated 
with workforce-relevant skill development in vocational higher education. 

2. MATERIAL AND  METHOD 
Research Design 

This study employed a quantitative research design using a Structural Equation Modeling (SEM) 
framework to examine the relationships among Artificial Intelligence (AI) use in learning, psychological factors 
derived from Self-Determination Theory (SDT), and employability skills among vocational students. The model 
included autonomy, competence, and relatedness as core SDT constructs, together with burnout, learning 
anxiety, and learning motivation, in relation to employability skills. This study adopted a non-experimental, cross-
sectional design and relied on self-reported questionnaire responses collected at a single point in time. 
Accordingly, the findings should be interpreted as indicating associations among variables rather than causal 
relationships. The proposed conceptual model is presented in Figure 1. All measurement instruments were 
adapted from established studies and were reviewed prior to data collection to ensure conceptual relevance, 
clarity, and contextual suitability for vocational higher education. The measurement model was evaluated 
through convergent validity, discriminant validity, and internal consistency reliability, while the structural model 
was assessed through path coefficients, coefficients of determination, model fit indicators relevant to PLS-SEM, 
and indirect effects 
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Figure 1. The proposed conceptual model  

Participants and Sampling 
The target population of this study consisted of vocational and technical education students at 

Universitas Negeri Makassar. Accordingly, the findings of this study are intended to be generalized only to this 
specific institutional population. A purposive sampling approach was employed to recruit participants who had 
prior experience using AI-based learning tools in their learning activities. This selection criterion was applied to 
ensure that respondents possessed sufficient familiarity with AI-supported learning environments relevant to 
the variables examined in the study. Data were collected through an online questionnaire distributed via 
institutional communication channels, including email and WhatsApp. The use of online distribution enabled 
efficient data collection and broader reach among the target participants. A total of 263 valid responses were 
retained for analysis after screening for completeness and consistency. The sample consisted of 158 male 
students (60.1%) and 105 female students (39.9%), reflecting a relatively balanced gender distribution. The final 
sample size was considered adequate for PLS-SEM analysis, as it exceeded the minimum requirement based on 
the structural complexity of the model and was sufficient to ensure stable and reliable parameter estimation. 

Instruments and Measures 
  Data were collected using a structured questionnaire comprising adapted measurement scales from 
prior studies. The instrument covered AI in Learning, Self-Determination Theory (SDT) constructs, burnout, 
learning anxiety, learning motivation, and employability skills, as summarized in Table 1. Each construct was 
operationalized using indicators adapted to the context of vocational higher education to ensure conceptual 
relevance to the target respondents. All items were measured on a 7-point Likert scale ranging from 1 (strongly 
disagree) to 7 (strongly agree). Following data collection, the measurement model was evaluated using standard 
procedures for convergent validity, discriminant validity, and internal consistency reliability. Discriminant validity 
was assessed using the Heterotrait–Monotrait Ratio (HTMT), while internal consistency reliability was evaluated 
using Cronbach’s alpha and composite reliability. (Pavlov et al., 2021; Hair & Alamer, 2022). 
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Table 1. Summary of Instruments and Measures 

Construct Measurement Focus 

AI in Learning Measured students’ perceptions of AI use in learning activities, particularly AI-based 

assistance that supported learning processes and students’ perceived engagement with AI-

supported learning. The items were adapted from prior studies on artificial intelligence in 

education (Zawacki-Richter et al., 2019; Chen et al., 2020). 

Autonomy Measured students’ perceived sense of agency, choice, and self-direction in learning 

activities. The items were aligned with the basic psychological needs framework proposed 

by Ryan and Deci (2000) and Deci et al. (2017). 

Competence Measured students’ confidence in handling learning tasks and their perceived capability in 

AI-supported learning contexts. The items were aligned with the basic psychological needs 

framework proposed by Ryan and Deci (2000) and Deci et al. (2017). 

Relatedness Measured students’ perceived sense of connection, support, and belonging within the 

learning environment. The items were aligned with the basic psychological needs framework 

proposed by Ryan and Deci (2000) and Deci et al. (2017). 

Burnout Measured strain-related experiences associated with academic exhaustion in technology-

mediated learning. The items were adapted from academic burnout studies (Salmela-Aro et 

al., 2021). 

Learning 

Anxiety 

Measured students’ anxiety and tension related to learning experiences in higher education 

contexts. The items were adapted from higher education learning experience studies (Jie & 

Kamrozzaman, 2024). 

Learning 

Motivation 

Measured students’ motivation to engage in learning activities within AI-supported 

environments, covering intrinsic and extrinsic dimensions. The items were adapted from 

studies on motivation within the SDT framework (Deci et al., 2017; Xu et al., 2025). 

Employability 

Skills 

Measured workforce-relevant competencies, including communication, critical thinking, 

teamwork, and time management. The items were adapted from studies on employability 

skills in education (Jackson, 2015). 

Data Collection and Analysis 

Data were collected through an online survey administered via Google Forms over a four-week period. 
The questionnaire link was distributed through institutional communication channels, including email and 
WhatsApp, to vocational and technical education students who met the inclusion criteria established for this 
study. Before accessing the questionnaire, respondents were informed about the objectives of the study, the 
voluntary nature of participation, and their right to withdraw at any stage without any consequence. Electronic 
informed consent was obtained before respondents proceeded to complete the survey. Anonymous 
administration was applied to minimize the possibility of socially desirable responses and to encourage more 
accurate self-reporting. Confidentiality of all responses was maintained throughout the research process, and 
the collected data were used exclusively for academic purposes. Following the completion of the data collection 
period, all responses were screened to ensure completeness, consistency, and conformity with the study criteria, 

and only valid responses were retained for subsequent analysis. 
Data analysis was conducted using Partial Least Squares Structural Equation Modeling (PLS-SEM) with 

SmartPLS software in two stages. The first stage involved evaluation of the measurement model. Convergent 
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validity was assessed using factor loadings (> 0.70), Average Variance Extracted (AVE > 0.50), and Composite 
Reliability (CR > 0.70), while internal consistency reliability was evaluated using Cronbach’s alpha and composite 
reliability. Discriminant validity was examined using the Heterotrait–Monotrait Ratio (HTMT), and the HTMT 
values for all construct pairs are presented in Table 2 in the Results section. The second stage involved evaluation 
of the structural model using bootstrapping with 5,000 resamples to estimate path coefficients (β), t-statistics, 
and p-values. The coefficient of determination (R²) was used to assess the explanatory power of the endogenous 
constructs. Model fit indices, including SRMR and NFI, were also examined as supplementary indicators of model 
adequacy in the PLS-SEM context. Mediation effects were tested using bootstrapping procedures, and the 
significance of indirect effects was determined based on the bootstrapped estimates (Pavlov et al., 2021; Hair & 

Alamer, 2022). 

Hypothesis Testing 
The structural model positioned AI in Learning as the primary exogenous construct and Employability 

Skills as the main endogenous outcome variable. Autonomy, competence, and relatedness were specified as SDT-
based mediating constructs, while burnout and learning anxiety were included as strain-related variables. 
Learning motivation was also modeled as an endogenous mediator linking the psychological variables to 
employability skills. This model was intended to examine whether AI-supported learning was associated with 
employability skills through both need-supportive and strain-related psychological pathways. Hypothesis testing 
focused on both direct and indirect effects among the modeled constructs. Direct effects were examined for the 
paths from AI in Learning to autonomy, competence, relatedness, burnout, and learning anxiety, as well as for 
the paths from these psychological variables to learning motivation and employability skills. Indirect effects were 
tested to determine whether AI in Learning was associated with employability skills through the proposed 
mediating variables. The significance of the hypothesized relationships was assessed using bootstrapping 
procedures with 5,000 resamples, based on path coefficients (β), t-statistics, and p-values. Statistically significant 
paths were interpreted as empirical support for the proposed hypotheses, whereas non-significant paths 
indicated insufficient evidence for the hypothesized associations. 

3. RESULTS 
Evaluation of Global Model Fit in PLS-SEM 

The model fit results presented in Table 2 reveal a clear distinction between the saturated model and 
the estimated model. The saturated model produced an SRMR value of 0.061, which falls below the 
recommended threshold of 0.08, indicating an acceptable level of fit (Pavlov et al., 2021). In contrast, the 
estimated model yielded an SRMR value of 0.159, which exceeds the recommended threshold and suggests that 
the full structural specification did not achieve strong global fit. A similar pattern can be observed for the NFI 
values. The saturated model obtained an NFI of 0.755, whereas the estimated model showed a lower NFI of 
0.721, and both values remained below the recommended threshold of 0.90. These results indicate that the 
estimated model demonstrated only limited fit when evaluated against conventional reference criteria (Hair & 
Alamer, 2022). Table 2 also shows that the discrepancy measures d_ULS and d_G were notably higher in the 
estimated model (d_ULS = 33.478; d_G = 4.632) than in the saturated model (d_ULS = 5.008; d_G = 3.515), which 
further suggests greater divergence between the empirical covariance structure and the model-implied structure 
after the hypothesized relationships were imposed (Pavlov et al., 2021). A similar tendency is reflected in the chi-
square values, which increased from 4468.314 in the saturated model to 5085.581 in the estimated model. 
Overall, the pattern in Table 2 suggests that the structural model should not be interpreted as having strong 
global fit. Nevertheless, because global fit indices in PLS-SEM are treated as supplementary rather than definitive, 
the model was evaluated further on the basis of measurement quality, path significance, and explanatory 
relationships among constructs. Accordingly, the structural results should be interpreted with caution at the level 
of overall model fit, while greater emphasis is placed on the predictive and relational evidence produced by the 
measurement and structural model assessment (Pavlov et al., 2021) 
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Table 2. Model Fit Indices 

Fit Index Saturated 
Model 

Estimated 
Model 

Recommended 
Threshold 

Interpretation 

SRMR 0.061 0.159 < 0.08 Good (Saturated), Marginal 
(Estimated) 

d_ULS 5.008 33.478 — — 

d_G 3.515 4.632 — — 

Chi-
square 

4468.314 5085.581 — — 

NFI 0.755 0.721 > 0.90 Moderate Fit 

Evaluation of Discriminant Validity Using HTMT 

Table 3. HTMT Ratios for Discriminant Validity Assessment 

Construct Pair HTMT 

Autonomy ↔ AI Used for Learning Assistance 0.774 

Burnout ↔ AI Used for Learning Assistance 0.135 

Burnout ↔ Autonomy 0.085 

Competence ↔ AI Used for Learning Assistance 0.725 

Competence ↔ Autonomy 0.887 

Competence ↔ Burnout 0.070 

Employability Skills ↔ AI Used for Learning Assistance 0.852 

Employability Skills ↔ Autonomy 0.894 

Employability Skills ↔ Burnout 0.085 

Employability Skills ↔ Competence 0.898 

Learning Anxiety ↔ AI Used for Learning Assistance 0.160 

Learning Anxiety ↔ Autonomy 0.108 

Learning Anxiety ↔ Burnout 0.897 

Learning Anxiety ↔ Competence 0.117 

Learning Anxiety ↔ Employability Skills 0.111 

Learning Motivation ↔ AI Used for Learning Assistance 0.592 

Learning Motivation ↔ Autonomy 0.608 

Learning Motivation ↔ Burnout 0.407 

Learning Motivation ↔ Competence 0.569 

Learning Motivation ↔ Employability Skills 0.626 

Learning Motivation ↔ Learning Anxiety 0.381 

Relatedness ↔ AI Used for Learning Assistance 0.761 

Relatedness ↔ Autonomy 0.739 

Relatedness ↔ Burnout 0.137 

Relatedness ↔ Competence 0.728 

Relatedness ↔ Employability Skills 0.786 

Relatedness ↔ Learning Anxiety 0.130 

Relatedness ↔ Learning Motivation 0.685 

 
The HTMT values used to assess discriminant validity among the latent constructs are presented in Table 

3. The results indicate that all HTMT ratios were below the recommended threshold of 0.90, suggesting that the 
constructs are empirically distinct and that acceptable discriminant validity was established across the 
measurement model. However, several construct pairs were relatively close to the threshold, including 
Employability Skills–Competence (0.898), Learning Anxiety–Burnout (0.897), Employability Skills–Autonomy 
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(0.894), and Competence–Autonomy (0.887).. These values suggest that the paired constructs share a relatively 
strong conceptual association, although they still remain within the acceptable range for discriminant validity 
assessment (Cheung et al., 2023). The pattern shown in Table 3 is also theoretically meaningful. The relatively 
high HTMT values between Employability Skills and Competence, as well as between Employability Skills and 
Autonomy, indicate that employability is closely related to students’ perceptions of capability and self-direction, 
which is consistent with the conceptual model of the study. Similarly, the high HTMT value between Learning 
Anxiety and Burnout suggests that both constructs reflect closely related strain-related experiences in AI-
supported learning contexts. At the same time, several other construct pairs showed substantially lower HTMT 
values, such as Competence–Burnout (0.070), Burnout–Autonomy (0.085), and Relatedness–Learning Anxiety 
(0.130), which indicates clearer empirical separation between those constructs. Overall, the results reported in 
Table 3 support the conclusion that the measurement model demonstrated adequate discriminant validity, 
although a few construct pairs should be interpreted with some caution because of their relatively high 
conceptual proximity (Cheung et al., 2023). 
 
Hypothesis Testing Results 

Table 4. Path Coefficients and Hypothesis Testing Results 

Path Original 

Sample (O) 

STDEV T 

Statistics 

P Values Result 

AI → Autonomy 0.731 0.033 22.367 p < 0.001 Supported 

AI → Burnout -0.136 0.062 2.209 0.027 Supported 

AI → Competence 0.682 0.039 17.356 p < 0.001 Supported 

AI → Learning Anxiety -0.157 0.064 2.463 0.014 Supported 

Autonomy → Employability Skills 0.373 0.058 6.396 p < 0.001 Supported 

Autonomy → Learning Motivation 0.244 0.086 2.849 0.004 Supported 

Burnout → Employability Skills -0.071 0.050 1.418 0.156 Not Supported 

Burnout → Learning Motivation -0.367 0.115 3.197 0.001 Supported 

Competence → Employability Skills 0.404 0.062 6.511 p < 0.001 Supported 

Competence → Learning Motivation 0.059 0.093 0.638 0.523 Not Supported 

Learning Anxiety → Employability Skills 0.068 0.055 1.238 0.216 Not Supported 

Learning Anxiety → Learning Motivation 0.014 0.113 0.121 0.904 Not Supported 

Learning Motivation → Employability 

Skills 

0.060 0.040 1.486 0.137 Not Supported 

Relatedness → Employability Skills 0.166 0.048 3.446 0.001 Supported 

Relatedness → Learning Motivation 0.400 0.053 7.597 p < 0.001 Supported 

Table 4 presents the path coefficients and bootstrapping results of the structural model. The findings 
show that AI use in learning had significant associations with four psychological variables. Positive and relatively 
strong effects were found on autonomy (β = 0.731, t = 22.367, p < 0.001) and competence (β = 0.682, t = 17.356, 
p < 0.001), indicating that greater AI-supported learning was associated with stronger perceptions of agency and 
capability among students. Negative and statistically significant effects were also found on burnout (β = -0.136, 
t = 2.209, p = 0.027) and learning anxiety (β = -0.157, t = 2.463, p = 0.014), suggesting that AI use was associated 
with lower strain-related experiences, although the magnitudes of these effects were notably smaller than those 
observed for autonomy and competence. With regard to employability skills, three predictors showed significant 
positive relationships, namely competence (β = 0.404, t = 6.511, p < 0.001), autonomy (β = 0.373, t = 6.396, p < 
0.001), and relatedness (β = 0.166, t = 3.446, p = 0.001). Among these, competence emerged as the strongest 
predictor of employability skills, followed by autonomy and relatedness, indicating that students’ perceived 
capability and self-directed engagement were more strongly associated with workforce-relevant skills than the 
other variables included in the model (Eimer & Bohndick, 2023). 
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The results indicate that several hypothesized paths were not supported. Burnout did not significantly 
predict employability skills (β = -0.071, p = 0.156), and learning anxiety likewise showed no significant relationship 
with employability skills (β = 0.068, p = 0.216). Learning motivation also did not significantly predict employability 
skills (β = 0.060, p = 0.137), suggesting that motivation alone was not a direct explanatory factor of employability 
skills in the presence of the other psychological constructs. In the prediction of learning motivation, autonomy 
(β = 0.244, t = 2.849, p = 0.004) and relatedness (β = 0.400, t = 7.597, p < 0.001) showed significant positive 
effects, whereas burnout showed a significant negative effect (β = -0.367, t = 3.197, p = 0.001). Competence (β = 
0.059, p = 0.523) and learning anxiety (β = 0.014, p = 0.904), however, were not significant predictors of learning 
motivation. Overall, the pattern reported in Table 4 indicates that the model is primarily driven by need-
supportive pathways, particularly autonomy, competence, and relatedness, whereas strain-related variables and 
learning motivation played a more limited or indirect role in explaining employability skills (Eimer & Bohndick, 
2023). 

 
Indirect Effects 

The results presented in Table 5 summarize the direct, indirect, and total effects of the modeled 
constructs on employability skills. The findings indicate that AI exerted a significant indirect effect on 
employability skills (β = 0.563, p < 0.001), suggesting that its influence primarily operated through mediating 
psychological variables rather than through a direct path. This finding suggests that AI-supported learning was 
associated with employability skills mainly through its relationships with need-supportive and motivational 
processes captured in the model. Among the direct predictors, competence showed the strongest total effect on 
employability skills (total β = 0.408, p < 0.001), consisting of a substantial direct effect (β = 0.404) and a very small 
indirect effect (β = 0.004). Autonomy also demonstrated a strong total effect (total β = 0.387, p < 0.001), with 
most of the effect arising from its direct contribution (β = 0.373) and a smaller indirect component (β = 0.015). 
Relatedness showed a weaker but still significant total effect on employability skills (total β = 0.190, p < 0.001), 
indicating that social connectedness contributed positively to employability, although its magnitude was notably 
lower than that of competence and autonomy (Ergün & Şeşen, 2021). 

Table 5. Direct, Indirect, and Total Effect on Employability Skills 

Hypothesis Path Direct (β) Indirect (β) Total (β) p-value 

H1 AI → Employability Skills – 0.563 0.563 p < 0.001 

H2 Competence → Employability Skills 0.404 0.004 0.408 p < 0.001 

H3 Autonomy → Employability Skills 0.373 0.015 0.387 p < 0.001 

H4 Relatedness → Employability Skills 0.166 0.024 0.190 p < 0.001 

H5 Burnout → Employability Skills -0.071 -0.022 -0.093 0.071 

H6 Learning Anxiety → Employability Skills 0.068 0.001 0.069 0.218 

H7 Learning Motivation → Employability Skills 0.060 – 0.060 0.137 

 
Based on the results presented in Table 5, burnout, learning anxiety, and learning motivation did not 

have significant total effects on employability skills. Burnout showed a negative total effect (β = -0.093, p = 0.071), 
but this relationship did not reach statistical significance. Learning anxiety also showed a very small and non-
significant total effect (β = 0.069, p = 0.218), indicating that anxiety was not a meaningful predictor of 
employability skills in this model. Learning motivation likewise did not significantly predict employability skills (β 
= 0.060, p = 0.137), suggesting that its explanatory role was limited when considered alongside the other 
psychological constructs. Overall, the pattern indicates that employability skills were more strongly associated 
with competence, autonomy, and relatedness than with burnout, learning anxiety, or learning motivation. The 
indirect effect of AI on employability therefore appears to be mainly channeled through need-supportive 
mechanisms rather than through strain-related variables (Sumra et al., 2026; Ergün & Şeşen, 2021). 
 
Bootstrapping Results 

The bootstrapping results of the SEM model are presented in Figure 2, visually summarizing the 
magnitude and significance of the hypothesized structural relationships. The figure confirms that AI Used for 
Learning Assistance had strong positive effects on competence (β = 0.682, p < 0.001) and autonomy (β = 0.731, 
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p < 0.001), while showing smaller but significant negative effects on burnout (β = -0.136, p = 0.027) and learning 
anxiety (β = -0.157, p = 0.014). Competence, autonomy, and relatedness were positively associated with 
employability skills, with competence emerging as the strongest predictor (β = 0.404, p < 0.001), followed by 
autonomy (β = 0.373, p < 0.001) and relatedness (β = 0.166, p = 0.001). Learning motivation, burnout, and 
learning anxiety did not show significant direct effects on employability skills, as indicated by their non-significant 
path coefficients. Figure 2 also shows that autonomy (β = 0.244, p = 0.004), relatedness (β = 0.400, p < 0.001), 
and burnout (β = -0.367, p = 0.001) significantly predicted learning motivation, whereas competence and learning 
anxiety did not. In terms of explanatory power, the model accounted for 46.6% of the variance in competence, 
53.4% in autonomy, 57.3% in learning motivation, and 81.8% in employability skills, while the explained variance 
for burnout (1.9%) and learning anxiety (2.5%) was comparatively low. Overall, the pattern displayed in Figure 2 
indicates that the model was primarily driven by need-supportive pathways, with AI-related learning support 
contributing most strongly to employability skills through competence, autonomy, and relatedness (Meng et al., 
2025). 

 
Figure 2. Bootstrapping Results of the SEM Model 

4. DISCUSSION 
Main Findings and SDT Interpretation 

The findings indicate that competence, autonomy, and relatedness were significant positive predictors 

of employability skills, with competence emerging as the strongest predictor, followed by autonomy and 

relatedness. Statistical evidence for this pattern is presented in Table 4, where competence showed the largest 

direct effect on employability skills (β = 0.404, p < 0.001), followed by autonomy (β = 0.373, p < 0.001) and 

relatedness (β = 0.166, p = 0.001). Figure 2 further reinforces this interpretation by showing that the model 

explained a substantial proportion of variance in employability skills (R² = 0.818), indicating that the included 

psychological constructs contributed meaningfully to the outcome. This pattern suggests that employability 

development in vocational higher education is more closely associated with students’ perceived capability, self-

direction, and social connectedness than with the other psychological variables included in the model (Ergün & 

Şeşen, 2021). From the perspective of Self-Determination Theory, these findings are theoretically plausible 

because competence, autonomy, and relatedness represent core psychological needs that support effective 
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functioning, motivation, and adaptive performance in learning environments (Ryan & Deci, 2000; Van den Broeck 

et al., 2016). Relevance to employability is particularly strong in vocational contexts, where students’ perceptions 

of being capable of performing tasks, solving problems, and responding effectively to practical demands are 

closely linked to workforce readiness and competence development (Abelha et al., 2020). 

A significant indirect effect of AI on employability skills also emerged, indicating that AI is more 
meaningfully understood as a contextual support linked to psychological processes than as a direct determinant 
of employability outcomes (Arly et al., 2023). Table 5 shows that AI had a significant indirect effect on 
employability skills (β = 0.563, p < 0.001), while Table 4 indicates that AI was strongly associated with autonomy 
(β = 0.731, p < 0.001) and competence (β = 0.682, p < 0.001), and more modestly but significantly associated with 
lower burnout (β = -0.136, p = 0.027) and lower learning anxiety (β = -0.157, p = 0.014). Figure 2 visualizes this 
mediated pattern and suggests that AI-supported learning becomes educationally meaningful when it 
strengthens students’ perceptions of capability and self-direction rather than merely increasing technological 
exposure (Sumra et al., 2026). This interpretation is consistent with recent evidence showing that AI-supported 
learning environments can enhance self-regulated and self-directed learning when they are designed to support 
learner autonomy and competence (Achuthan, 2025). Taken together, the present findings support an SDT-based 
interpretation in which AI contributes to employability not because technology itself directly produces workforce 
readiness, but because it helps create need-supportive learning conditions through which employability-relevant 
skills can develop (Sumra et al., 2026; Achuthan, 2025). 

AI as a Contextual Support for Employability Development 
The present findings suggest that AI should be understood not as an autonomous driver of employability 

outcomes, but as a contextual support that shapes the psychological conditions through which employability-
relevant skills develop. This interpretation is supported by the structural results, which showed that AI had no 
direct path to employability skills, yet demonstrated a substantial indirect effect through mediating psychological 
variables (β = 0.563, p < 0.001). The path coefficients reported in Table 4 further indicate that AI was strongly 
associated with autonomy (β = 0.731, p < 0.001) and competence (β = 0.682, p < 0.001), while Figure 2 shows 
that these variables contributed meaningfully to the explanatory power of the model. Such a pattern suggests 
that the value of AI in vocational higher education lies less in technological exposure itself and more in its ability 
to create learning conditions in which students feel capable, supported, and able to regulate their own learning 
(Meng et al., 2025). This interpretation is consistent with the view that AI in education functions most effectively 
when it supports adaptive learning, personalized feedback, and self-regulated learning processes rather than 
merely automating instruction (Ouyang & Jiao, 2021; Achuthan, 2025). 

The mediated role of AI is particularly important in vocational higher education, where employability 
depends not only on knowledge acquisition but also on the development of applied competence, problem 
solving, and adaptive performance (Meng et al., 2025). In this context, AI-supported learning environments may 
strengthen employability development when they provide structured guidance, practice-oriented feedback, and 
opportunities for students to engage more actively with task demands (Meng et al., 2025). This interpretation is 
consistent with evidence showing that AI-based tools can enhance critical thinking, problem solving, and 
creativity in educational settings when they are integrated into meaningful learning processes (Qawqzeh, 2024). 
It is also compatible with broader employability research emphasizing that graduate readiness is closely linked 
to the development of transferable competencies, especially those associated with confidence, capability, and 
adaptive performance in authentic learning contexts (Abelha et al., 2020). Taken together, the present findings 
support the argument that AI contributes to employability development not because technology directly 
produces workforce readiness, but because it strengthens the need-supportive and competence-building 
conditions through which employability skills are more likely to emerge. 
 
Non-Significant Paths: Burnout, Learning Anxiety, and Learning Motivation 

A different pattern emerged for burnout, learning anxiety, and learning motivation, all of which failed 

to show significant direct effects on employability skills. Table 4 indicates that burnout had a negative but non-

significant relationship with employability skills (β = -0.071, p = 0.156), while learning anxiety showed a small and 

non-significant positive coefficient (β = 0.068, p = 0.216). Learning motivation also did not significantly predict 
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employability skills (β = 0.060, p = 0.137). These findings suggest that, within the present model, employability 

skills were more strongly associated with need-supportive psychological conditions than with strain-related 

experiences or motivation alone. From an SDT perspective, this pattern is theoretically plausible because 

competence, autonomy, and relatedness are more proximal indicators of adaptive functioning and effective 

performance, whereas burnout and anxiety are more likely to operate as contextual constraints whose effects 

may be indirect, conditional, or cumulative rather than immediately reflected in employability judgments (Ryan 

& Deci, 2000; Van den Broeck et al., 2016). Relevance of this interpretation is also supported by prior work 

showing that burnout and anxiety in technology-mediated learning environments are important challenges, but 

their impact often depends on broader contextual and motivational processes rather than appearing as simple 

direct predictors of educational outcomes (Salmela-Aro et al., 2021; Huang et al., 2024; Jie & Kamrozzaman, 

2024). 

The indirect pattern reported in Table 4 further strengthens this interpretation. Burnout showed a 
significant negative effect on learning motivation (β = -0.367, p = 0.001), indicating that higher levels of burnout 
were associated with lower motivation to engage in AI-supported learning. In contrast, learning anxiety did not 
significantly predict motivation (β = 0.014, p = 0.904), and competence also showed no significant effect on 
motivation (β = 0.059, p = 0.523). This pattern suggests that not all psychological variables contributed to 
motivation in the same way, and that the motivational pathway itself was not sufficient to explain employability 
once competence, autonomy, and relatedness were simultaneously included in the model. One possible 
interpretation is that employability in vocational higher education is evaluated more in terms of capability, task-
readiness, and perceived performance than in terms of general motivational state alone. Another possibility is 
that motivation functions as a more distal mechanism in this context, whereas competence and autonomy 
operate as more immediate explanatory pathways linking AI-supported learning to employability development. 
Such an interpretation is consistent with research showing that technology-supported learning is more 
educationally meaningful when it strengthens students’ capacity for self-direction, competence development, 
and sustained engagement, rather than simply increasing exposure to digital tools or elevating motivation at a 
general level (Van den Broeck et al., 2016; Huang et al., 2024; Jie & Kamrozzaman, 2024). 
 
Limitations 

Several limitations should be acknowledged in interpreting the findings of this study. Cross-sectional 
data limit the ability to draw causal inferences among the variables. Self-reported questionnaire responses may 
also introduce bias, including self-perception bias, social desirability bias, and potential common method 
variance. These limitations require the findings to be interpreted as associations rather than causal effects. 
Sample characteristics also limit the generalizability of the results. Participants were drawn from vocational and 
technical education students at Universitas Negeri Makassar, Indonesia. Generalization of the findings should 
therefore be restricted to similar institutional and educational contexts. Future research may strengthen this line 
of inquiry by testing the model across multiple institutions, using behavioral or performance-based indicators of 
employability skills, and applying longitudinal or mixed-method approaches. Greater attention to specific types 
of AI-supported learning may also help clarify which forms of AI use are most closely associated with 
psychological need fulfillment and employability development. 

5. CONCLUSION 
Competence, autonomy, and relatedness were significantly associated with employability skills among 

vocational students, with competence emerging as the strongest predictor. AI use in learning also showed a 
significant indirect effect on employability skills, primarily through psychological pathways related to 
competence, autonomy, and relatedness. These findings suggest that AI is more meaningfully understood as a 
contextual support linked to psychological need fulfillment than as a direct determinant of employability 
outcomes. This study contributes to the literature by empirically positioning AI within an SDT-based framework 
in vocational higher education. AI-supported learning was associated with competence, autonomy, and 
relatedness, and these need-supportive factors were in turn associated with employability skills. This pattern 
offers a more integrated understanding of the linkage between AI-supported learning, psychological need 
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fulfillment, and workforce-relevant skill development in vocational education. Burnout, learning anxiety, and 
learning motivation did not show significant direct associations with employability skills in the present model. 
This result suggests that these variables may operate in a more context-dependent or indirect manner and may 
be less proximal to employability than competence-related and autonomy-related processes in this dataset. 
Future research may build on these findings by using longitudinal designs, multi-source assessments of 
employability skills, and broader institutional samples. Further studies may also examine specific forms of AI use 
in vocational learning and explore more closely how AI-supported environments are associated with 
competence, autonomy, and relatedness across different educational contexts. 
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