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This study investigated the relationship between perceived artificial intelligence (AI) 
competency and critical thinking skills among Generation Z students, with a focus on the 
mediating roles of digital literacy and cognitive engagement. Grounded in social cognitive 
theory, the research posited that individuals who perceive themselves as competent in AI 
are more likely to engage deeply with digital tools and learning processes, thereby 
enhancing their critical thinking abilities. Data were collected from 464 university students 
in Türkiye using validated self-report measures. Structural equation modelling and 
bootstrapped mediation analyses revealed that both digital literacy and cognitive 
engagement significantly mediate the link between AI competency and critical thinking. 
Notably, a serial mediation pathway was also confirmed, highlighting how perceived AI 
competency fosters digital literacy, which in turn promotes cognitive engagement and 
ultimately strengthens critical thinking skills. These findings offer theoretical and practical 
insights into how AI-related self-efficacy supports higher-order cognitive processes in 
digitally mediated educational settings. 
 
Implications for practice or policy: 

• Curriculum designers should integrate AI literacy across disciplines to enhance 
students’ critical thinking skills. 

• Instructors can enhance engagement by using inquiry-based tasks that require students 
to actively use AI tools. 

• University leaders can enhance outcomes by incorporating comprehensive digital 
literacy training into their programmes. 

• Policymakers should address equity gaps by funding initiatives that promote AI literacy 
and digital inclusion. 

• Faculty developers could prioritise training educators to model ethical and reflective AI 
practices. 

 
Keywords: perceived AI competency, critical thinking skills, digital literacy, cognitive 
engagement, social cognitive theory 
 

Introduction 
 
The rapid integration of artificial intelligence (AI) into education has redefined the competencies required 
for effective learning and renewed interest in the cognitive and technological factors that shape academic 
outcomes. Among these, perceived AI competency (PAIC), defined as individuals’ beliefs about their 
ability to understand and use AI technologies, has emerged as an important factor in digitally mediated 
learning environments (Chiu et al., 2024; Yuan et al., 2024). As AI tools increasingly support information 
search, feedback and problem-solving, the capacity to engage with them critically has become central to 
higher-order learning processes (Demir & Demir, 2025; Tenberga & Daniela, 2024). However, empirical 
evidence explaining how PAIC relates to critical thinking skills (CTS) remains limited. 
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Critical thinking is widely recognised as a core educational outcome because it supports reasoning, 
judgement and problem-solving (Chien et al., 2020; Kim et al., 2025). Recent studies suggest that learners’ 
self-perceptions of technological competence are associated with their willingness to evaluate evidence, 
question assumptions, and synthesise diverse information sources (Greene, 2015; Liang et al., 2023). Yet 
the mechanisms linking PAIC to CTS remain underexplored. In particular, insufficient attention has been 
paid to the roles of digital literacy (DL) and cognitive engagement (CE) as explanatory pathways through 
which AI-related self-beliefs may relate to the development of critical thinking. At the same time, the 
educational value of AI should not be assumed to be uniformly positive. A growing body of scholarship 
warns that overreliance on AI systems may reduce cognitive effort, encourage passive acceptance of AI-
generated outputs and weaken independent reasoning when complex tasks are delegated to automated 
tools (Carter et al., 2025; Mei et al., 2025; Memarian & Doleck, 2023). Accordingly, AI may support critical 
thinking only when learners evaluate, question and strategically integrate AI-generated information. 
 
Drawing on social cognitive theory (SCT; Bandura, 2001), this study conceptualised PAIC as a domain-
specific efficacy belief that shapes individuals' interactions with digital environments. Within this 
framework, DL is the ability to access, evaluate, create and communicate information effectively in 
technology-rich contexts (Dalgıç et al., 2024; Ng, 2012), whereas CE reflects purposeful mental effort, 
persistence and reflective learning strategies (Greene, 2015; Reeve & Tseng, 2011). These constructs may 
serve as complementary mechanisms linking PAIC to CTS. 
 
The sample largely reflected individuals commonly described as Generation Z, a cohort frequently 
associated with intensive exposure to digital technologies and AI-enabled platforms, making it a relevant 
context for examining AI-related perceptions and learning processes (Yaşar, 2022). Validated instruments 
were used to measure PAIC, DL, CE and CTS, aligning with contemporary research on digital learning 
environments (Chee et al., 2024; Dalgıç et al., 2024; Kim et al., 2025). This study contributes to the 
literature by proposing a theoretically grounded, empirically validated model that clarifies the pathways 
from PAIC to critical thinking. While earlier studies have examined these constructs in isolation, the 
current research highlights their interconnectedness. It suggests that fostering AI-related self-efficacy 
alone may be insufficient without corresponding efforts to develop DL and promote active CE. 
 

Literature review 
 
PAIC and CTS 
 
A central concept of SCT is self-efficacy, defined as individuals’ beliefs in their capability to perform specific 
tasks successfully (Bandura, 2001). Such beliefs shape motivation, persistence and cognitive performance. 
In technology-enhanced learning contexts, PAIC can be understood as a domain-specific form of self-
efficacy reflecting confidence in understanding, evaluating and using AI tools effectively (Chiu et al., 2024; 
Yuan et al., 2024). This includes recognising AI applications, interpreting outputs, assessing reliability and 
considering ethical implications of AI use (Demir & Demir, 2025; Sienkiewicz-Małyjurek & Zyzak, 2025; 
Tenberga & Daniela, 2024). From an SCT perspective, individuals with stronger PAIC may be more willing 
to engage with complex digital tasks that require judgement and reflection. 
 
CTS involves analysing information, questioning assumptions, evaluating evidence and reaching reasoned 
conclusions (Kim et al., 2025; Rotgans & Schmidt, 2011). These competencies are increasingly important 
in AI-mediated environments where learners encounter large volumes of information, algorithmic 
recommendations and AI-generated content. Individuals who feel competent in using AI tools may be 
more likely to approach such environments with greater confidence and agency (Chee et al., 2024; Chien 
et al., 2020), which can support deeper evaluation of information sources and more deliberate decision-
making (Greene, 2015). 
 
SCT further suggests that efficacy beliefs are strengthened through mastery experiences, observation and 
social persuasion (Bandura, 2001). As learners successfully interact with AI systems, their sense of control 
may increase, encouraging exploratory behaviour, persistence and reflective inquiry. Research supports 
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this logic. For example, Chiu et al. (2024) found that AI competence self-efficacy was associated with 
stronger strategic decision-making, while Tenberga and Daniela (2024) reported that AI literacy 
development enhanced participants’ capacity to critically interpret algorithmic processes. These findings 
indicate that confidence in AI use may be linked with higher-order cognitive functioning. 
 
However, the relationship should not be assumed to be automatically positive. Other studies have 
cautioned that uncritical dependence on AI tools may encourage cognitive offloading, superficial 
processing or passive acceptance of generated responses (Carter et al., 2025; Mei et al., 2025; Memarian 
& Doleck, 2023). In such cases, AI systems may substitute rather than stimulate reflective thinking. 
Therefore, PAIC is unlikely to be beneficial when it reflects mere operational confidence without 
evaluative awareness. Instead, the potential value of PAIC lies in enabling learners to interrogate AI 
outputs, compare alternative explanations, detect bias and integrate evidence from multiple sources. 
Individuals with stronger PAIC may be better positioned to recognise both the opportunities and 
limitations of AI technologies, thereby using them more strategically in learning contexts (Demir et al., 
2024; Yuan et al., 2024). In this sense, PAIC may function as a psychological resource for critical thinking 
when used reflectively and responsibly with AI tools (Alon et al., 2024; Mei et al., 2025; Sienkiewicz-
Małyjurek & Zyzak, 2025). Based on this reasoning, we proposed the following hypothesis (H): 
 
H1. PAIC is positively associated with CTS (Figure 1). 
 

 
Figure 1. The conceptual model 
 
The mediating role of DL 
 
Within SCT, learning outcomes emerge through reciprocal interactions among personal beliefs, 
behaviours and environmental conditions (Bandura, 2001). This perspective suggests that the relationship 
between PAIC and DL may be theoretically dynamic rather than strictly one directional. Individuals with 
stronger DL may feel more confident when using emerging technologies, while those who perceive 
themselves as competent in AI may also be more willing to explore digital systems, practise new skills and 
adapt to technological change (Audrin & Audrin, 2022; Morgan et al., 2022). According to SCT, efficacy 
beliefs influence motivation, persistence and proactive behaviour in challenging environments (Dalgıç et 
al., 2024; Kim et al., 2025). In AI-mediated contexts, individuals who believe they can understand and use 
AI tools effectively may be more inclined to experiment with digital platforms, seek learning resources 
and engage in repeated practice. Through these experiences, broader digital competencies can develop 
(Bandura, 2001; Getenet et al., 2024; Liang et al., 2023). 
 
DL is a multidimensional construct involving the ability to access, evaluate, create and communicate 
information through digital technologies (Hobbs, 2017; Ng, 2012). It extends beyond technical operation 
to include information judgement, ethical awareness, online safety and effective participation in digital 
environments (Demir & Demir, 2025). These competencies are particularly important in AI-rich settings, 
where users must assess the credibility of outputs, identify bias, interpret data-driven recommendations 
and make informed decisions. From a theoretical standpoint, DL may serve as a mechanism linking PAIC 
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to CTS. Confidence in using AI tools may encourage individuals to interact more actively with digital 
environments, yet without sufficient DL, such engagement may remain superficial (Chai et al., 2013; Xu et 
al., 2025). By contrast, digitally literate individuals are better equipped to verify sources, compare 
perspectives, question algorithmic outcomes and transform information into reasoned judgements. 
These practices closely align with the core dimensions of critical thinking. 
 
Empirical studies support these connections. Research has shown that digital competence is positively 
related to reflective reasoning, misinformation detection and analytical judgement in technology-
supported learning contexts (Dalgıç et al., 2024; Siddiq et al., 2016; Xu et al., 2025). Other studies have 
emphasised that DL strengthens users’ capacity to evaluate the quality of information and engage 
critically with algorithmic systems (Eshet, 2012; Redecker, 2017; Vuorikari et al., 2016). Accordingly, DL 
can be understood not only as a skill set but also as a cognitive bridge linking AI-related self-beliefs with 
higher-order thinking. 
 
This framing also differs from studies such as that by Daulay et al. (2026), which modelled DL as an 
antecedent of self-efficacy in broader digital settings. The current study instead focused on AI-specific 
competency beliefs and examined whether such beliefs are associated with downstream digital capability 
development and critical thinking. These approaches should therefore be viewed as complementary 
rather than contradictory. Based on this reasoning, we proposed the following hypothesis: 
 
H2. DL mediates the positive relationship between PAIC and CTS (Figure 1). 
 
The mediating role of CE 
 
SCT emphasises that beliefs about one’s capabilities shape motivation, persistence and the quality of 
learning behaviours (Bandura, 2001). In AI-mediated learning environments, PAIC may therefore be 
associated with the degree to which individuals invest mental effort in learning tasks. Learners who 
believe they can understand and use AI tools effectively are more likely to approach complex tasks with 
confidence, persist when difficulties arise and employ reflective strategies during problem-solving (Dalgıç 
et al., 2024; Nouri et al., 2020; Yuan et al., 2024). CE refers to purposeful psychological investment in 
learning, including deep processing, self-regulation, sustained attention and the strategic use of learning 
resources (Greene, 2015; Reeve & Tseng, 2011). Rather than merely participating in tasks, cognitively 
engaged individuals seek meaning, connect new knowledge with prior understanding, monitor their 
progress and refine their reasoning (Jimenez-Liso et al., 2022; Zhu et al., 2009). These processes are 
central to critical thinking because they support analysis, evaluation and evidence-based judgement. 
 
From an SCT perspective, efficacy beliefs can stimulate CE by increasing willingness to exert effort and 
maintain focus in demanding environments (Bandura, 2001). In AI-supported contexts, individuals with 
stronger PAIC may be more willing to experiment with tools, compare alternative outputs, revise prompts 
and reflect on the quality of generated responses (Laakso et al., 2021; Zhang et al., 2025). Such active 
involvement can create richer opportunities for reasoning and metacognitive monitoring than passive use 
of technology. 
 
Empirical research supports these associations. Studies have shown that technology-related efficacy 
beliefs are positively linked with engagement and higher-order learning outcomes (Fabian et al., 2022; 
Laakso et al., 2021). Furthermore, research on AI-enhanced learning environments indicates that 
personalised systems and interactive digital platforms can foster deeper engagement, which is associated 
with stronger analytical and reflective performance (Li et al., 2023; Zhou & Hou, 2024). These findings 
suggest that CE may serve as an important pathway linking AI-related confidence to CTS. However, 
engagement should not be assumed simply because AI tools are available (Chai et al., 2013; Demir & 
Demir, 2025). If learners rely on automated outputs without reflection, technology use may remain 
superficial and contribute little to deeper thinking. The key mechanism is therefore not access to AI itself, 
but the extent to which learners actively interrogate, interpret and apply AI-generated information. 
Accordingly, we expected CE to function as a psychological process through which PAIC is positively 
associated with CTS: 



Australasian Journal of Educational Technology, 2026, 42(4). 
 

 

 
117 

H3. CE mediates the positive relationship between PAIC and CTS (Figure 1). 
 
The serial mediating role of DL and CE 
 
SCT proposes that learning outcomes develop through reciprocal interactions among personal beliefs, 
cognitive resources, and behavioural processes (Bandura, 2001). From this perspective, PAIC may not 
relate to CTS through a single pathway, but through a sequence of mechanisms involving DL and CE. 
Individuals who perceive themselves as competent in using AI tools may be more willing to explore digital 
environments, test new applications and seek additional resources (Liu et al., 2024; Pattemore & Gilabert, 
2023). Such proactive behaviour can contribute to the development of DL, defined as the ability to access, 
evaluate, create and communicate information effectively in technology-rich settings (Hobbs, 2017; Ng, 
2012). In AI-mediated contexts, DL is especially important because users must assess the credibility of 
outputs, recognise bias, compare sources and make informed judgements rather than accept automated 
responses uncritically (Hatlevik et al., 2018; Shatila et al., 2025). 
 
DL may subsequently foster stronger CE. Individuals who possess the skills needed to navigate complex 
digital environments are more likely to participate actively in learning tasks, persist through difficulties 
and regulate their thinking strategically (Greene, 2015; Liang et al., 2023). When users can evaluate 
information quality and operate digital tools effectively, they are better positioned to devote cognitive 
resources to interpretation, synthesis and reflective problem-solving rather than to basic operational 
challenges (Getenet et al., 2024; Pattemore & Gilabert, 2023). 
 
CE, in turn, is closely linked to critical thinking because it involves deep processing, self-monitoring and 
deliberate reasoning (Getenet et al., 2024; Pattemore & Gilabert, 2023). Learners who are cognitively 
engaged are more likely to question assumptions, consider alternative explanations and generate 
evidence-based conclusions (Pintrich, 2004; Shatila et al., 2025). Thus, DL may provide the functional skills 
required for effective participation, while CE represents the psychological investment through which 
those skills are translated into higher-order thinking outcomes (Liu et al., 2024; Pattemore & Gilabert, 
2023). 
 
This sequential logic is consistent with research showing that technological competencies, engagement 
processes and critical thinking are interrelated in digital learning settings. Studies have indicated that 
stronger digital capabilities are associated with greater persistence and reflective learning behaviours, 
which, in turn, are linked to improved reasoning and judgement (Liang et al., 2023; Liu et al., 2024). At the 
same time, the benefits of this pathway should not be assumed automatically. If digital skills are used only 
for efficiency or routine task completion, they may not generate meaningful CE. The proposed sequence, 
therefore, depends on reflective and purposeful use of technology. 
 
Some studies (e.g., Liu et al., 2024; Pattemore & Gilabert, 2023) have argued that PAIC may be positively 
associated with CTS through a layered process: AI-related confidence encourages the development of 
digital capabilities, DL supports deeper CE, and CE is linked to stronger critical thinking performance. 
Therefore, we proposed the following serial mediation hypothesis: 
 
H4. DL and CE sequentially mediate the positive relationship between PAIC and CTS (Figure 1). 
 

Methodology 
 
Data collection and sample 
 
Data were collected from February 2025 to June 2025 using a structured questionnaire distributed via 
face-to-face and online channels. A total of 498 responses were received; after screening for missing 
values, patterned or inconsistent responses and ineligible participation, 464 valid questionnaires were 
retained for analysis. Participants were recruited from 14 universities across different regions of Türkiye 
to ensure geographical and institutional diversity. Most respondents belong to the cohort commonly 
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described as Generation Z, although this label was used only for contextual purposes and not as an 
analytical variable. To reflect diverse academic perspectives, the sample comprised students from nine 
faculties, including education, tourism, business administration, and arts and sciences, at the associate, 
undergraduate, and graduate levels. Using both face-to-face and online data collection increased 
accessibility and participation despite institutional and logistical differences among universities. This 
mixed-mode strategy also strengthened the sample by reaching individuals who might have been missed 
by a single-method approach. 
 
This study was approved by the Ethics Committee of Isparta University of Applied Sciences (approval no. 
141/24, date: 1/22/2024). Participation was entirely voluntary, and informed consent was obtained from 
all participants before completing the questionnaire. Participants were informed about the purpose of 
the study, the survey’s anonymity, their right to withdraw at any time without penalty and the confidential 
handling of their responses. All procedures were conducted in accordance with the ethical standards of 
the institutional research committee. 
 
Measurement 
 
Data were collected using a structured self-report questionnaire measuring four constructs: PAIC, DL, CE 
and CTS. All items were adapted from validated studies and contextualised for AI-mediated educational 
settings. Responses were recorded on a 5-point Likert scale ranging from 1 (strongly disagree) to 5 
(strongly agree), ensuring consistency and ease of interpretation. 
 
PAIC was measured with eight items adapted from Chee et al. (2024), Chiu et al. (2024), Tenberga and 
Daniela (2024) and Yuan et al. (2024). The scale captured participants’ perceived knowledge and use of AI 
technologies, including recognising AI tools, understanding their functions, evaluating AI-generated 
outputs and considering ethical issues. 
 
DL was assessed using five items adapted from Dalgıç et al. (2024) and Deschênes (2024). These items 
reflected key digital competencies, including technical skills, information evaluation, security awareness 
and collaboration in digital environments. 
 
CE was measured with six items adapted from Greene (2015) and Rotgans and Schmidt (2011). It 
examined the extent to which participants invested cognitive effort in learning through behaviours such 
as linking new knowledge with prior understanding, participating in discussions and applying concepts to 
real-life contexts. 
 
CTS were measured using six items adapted from Chien et al. (2020) and Kim et al. (2025). The scale 
assessed tendencies to question assumptions, evaluate alternative viewpoints and make evidence-based 
judgements. 
 
All subscales demonstrated strong internal consistency, with Cronbach’s alpha values above the 
recommended threshold of 0.70 (Nunnally & Bernstein, 1994), supporting measurement reliability. In 
addition, item selection and adaptation were grounded in SCT (Bandura, 2001), ensuring content validity 
and conceptual coherence across constructs. 
 
Data analysis 
 
The statistical analysis was conducted using SPSS and AMOS. Confirmatory factor analysis (CFA) was first 
performed in AMOS to establish the reliability and validity of the measurement model. Subsequently, the 
hypothesised mediation relationships were examined using Hayes’ (2022) PROCESS macro (Model 6) with 
5,000 bootstrap re-samples and 95% confidence intervals. PROCESS was selected because the primary 
objective of the study was to estimate specific indirect effects and the sequential mediation pathway 
using bias-corrected bootstrapping, which provides a robust and widely accepted approach for mediation 
testing. In addition, PROCESS allows straightforward estimation and interpretation of direct, indirect and 
total effects within observed-variable models. Thus, AMOS was employed to validate the measurements, 
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whereas PROCESS was used for parsimonious, theory-driven testing of the proposed mediation 
mechanisms. 
 

Results 
 
Descriptive statistics 
 
Descriptive statistics, including means, standard deviations and bivariate correlations among the primary 
variables, are presented in Table 1, and reliability and factor loadings of constructs are presented in Table 
2. The mean scores across the core constructs indicated moderate to high levels of agreement among 
participants: PAIC (M = 3.98, SD = 0.67), DL (M = 3.93, SD = 0.71), CE (M = 3.82, SD = 0.83) and CTS (M = 
3.87, SD = 0.79). Pearson correlation coefficients revealed significant, positive associations among all key 
variables. Specifically, PAIC was strongly correlated with DL (r = 0.57, p < 0.001), CE (r = 0.41, p < 0.01) and 
CTS (r = 0.52, p < 0.001). The relationships among the mediators and the outcome variable were also 
statistically significant, affirming the theoretical alignment of the proposed model. Control variables, 
including university type, faculty type and gender, showed no significant correlations with the primary 
constructs. 
 
Table 1 
Mean, standard deviations and correlations of the constructs 

Variables M SD 1 2 3 4 5 6 7 

1: University 10.14 3.68        
2: Faculty 5.26 2.28 0.06       
3: Gender 1.61 0.49 0.04 0.06      
4: PAIC 3.98 0.67 0.07 0.09 0.03 0.83    
5: DL 3.93 0.71 0.10* 0.09 0.05 0.57*** 0.82   
6: CE 3.82 0.83 0.08 0.05 0.02 0.41** 0.39** 0.80  
7: CTS 3.87 0.79 0.07 0.08 0.06 0.52*** 0.42** 0.44** 0.80 

Note. N = 464. Diagonal values (in bold) are the square roots of AVE. 
*p < 0.05.**p < 0.01. ***p < 0.001. 
 
Table 2 
Reliability and factor loadings of constructs 

Constructs Factor 
loading 

SD Sources 

PAIC, α = 0.92 AVE = 0.69 CR = 0.92 ** **  

I can explain AI and distinguish it from other digital technologies. 0.91 0.29 Chee et al. 
(2024); Chiu 
et al. (2024); 
Tenberga & 
Daniela 
(2024); Yuan 
et al. (2024) 

I can recognise AI tools in daily life and describe what they do. 0.88 0.32 
I understand how AI uses data, learns, and predicts. 0.84 0.36 
I can evaluate AI-generated content for bias and accuracy. 0.80 0.39 
I understand AI ethics, including privacy, bias, and transparency. 0.78 0.42 
I use AI to improve efficiency in research, content creation, and 
data tasks. 

0.76 0.44 

I use AI for personalised learning and skill development. 0.73 0.47 
I understand AI’s impact on education and society. 0.70 0.52 

DL, α = 0.91 AVE = 0.68 CR = 0.91    

I use digital tools effectively to learn new things. 0.92 0.25 Dalgıç et al. 
(2024); 
Deschênes 
(2024) 

I can search for information online using AI tools. 0.85 0.29 
I can recognise and avoid scams, phishing, and harmful online 
activity. 

0.79 0.37 

I have the technical skills to use digital technologies for work and 
create outputs. 

0.73 0.43 

My digital skills help me collaborate better with colleagues on 
projects and tasks. 

0.71 0.47 
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Constructs Factor 
loading 

SD Sources 

CE, α = 0.85 AVE = 0.65 CR = 0.86    

I connect new knowledge with what I already know. 0.88 0.33 Greene 
(2015); 
Rotgans & 
Schmidt 
(2011) 

I look for extra resources beyond what is provided. 0.85 0.36 
I keep trying to solve difficult problems. 0.80 0.39 
I apply what I learn to real-life situations. 0.76 0.46 
I discuss ideas with others to improve my understanding. 0.72 0.49 
I track my progress and set goals for learning. 0.71 0.53 

CTS, α = 0.86 AVE = 0.65 CR = 0.87    

I consider different ways to understand what I learn. 0.87 0.32 Chien et al. 
(2020); Kim 
et al. (2025) 

I compare different opinions to decide what makes sense. 0.84 0.36 
I support my opinions with reasons and evidence. 0.82 0.38 
I question situations and problems when facing new challenges. 0.78 0.41 
I ask deep questions to understand complex issues. 0.74 0.44 
I draw conclusions from data and generate new ideas. 0.72 0.52 

Note. N = 464. General α = 0.89. Kaiser–Meyer–Olkin measure = 0.909. Bartlett's test of sphericity = 855,503. 
p < 0.001. Cumulative % of variance = 78.12. M = 3.90. 
 
Preliminary results 
 
CFA 
CFA was performed using AMOS to assess the construct validity of the measurement model. The 
hypothesised four-factor model, comprising PAIC, DL, CE and CTS, demonstrated a good fit to the data: 
χ²(372) = 773.76, χ²/df = 2.08, comparative fit index (CFI) = 0.93, Tucker–Lewis index (TLI) = 0.92, 
incremental fit index (IFI) = 0.92, standardised root-mean-square residual (SRMR) = 0.06, root mean- 
square-error of approximation (RMSEA) = 0.05. These indices met the recommended thresholds for model 
adequacy (Hair et al., 2010). Comparative analyses with alternative models (three-factor, two-factor and 
one-factor solutions) confirmed the superior fit of the four-factor structure (Table 3), thereby supporting 
the distinctiveness of the constructs and alleviating concerns regarding common method bias. 
 
Table 3 
The results of CFA 

Measurement model χ2 df χ2/df CFI TLI IFI SRMR RMSEA 

Four-factor model: PAIC 
(DL) (CE) and CTS 

773.76 372 2.08 0.93 0.92 0.92 0.06 0.05 

Three-factor model: PAIC 
(DL + CE) and CTS 

1712.52 402 4.26 0.88 0.86 0.84 0.12 0.11 

Two-factor model: PAIC 
(DL + CE + CTS) 

2187.08 428 5.11 0.83 0.82 0.80 0.15 0.13 

One-factor model: (PAIC + 
DL + CE + CTS) 

3100.82 454 6.83 0.74 0.70 0.73 0.18 0.14 

Note. N = 464. 

 
Reliability and validity of measures 
The internal consistency of all constructs was assessed using Cronbach’s alpha, all of which exceeded the 
recommended threshold of 0.70, indicating strong reliability: PAIC (α = 0.92), DL (α = 0.91), CE (α = 0.85), 
CTS (α = 0.86). Composite reliability (CR) values ranged from 0.86 to 0.92, and average variance extracted 
(AVE) values ranged from 0.65 to 0.69, satisfying the criteria for convergent validity. Discriminant validity 
was verified by ensuring that the square root of each construct’s AVE exceeded its inter-construct 
correlations. The Kaiser–Meyer–Olkin measure of sampling adequacy was 0.909, and Bartlett’s test of 
sphericity was significant (χ² = 855.503, p < 0.001), further validating the factor structure. Collectively, 
these findings confirm that the measurement model demonstrated both reliability and construct validity. 
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Control variables 
To mitigate potential confounding effects, this study incorporated three control variables: university type, 
faculty type and gender. Both university type and faculty type were measured as categorical variables 
representing their respective classifications. Gender was also treated as a categorical variable, 
distinguishing between male and female participants. These control variables were included in the 
analysis to ensure a more accurate estimation of the relationships among the primary constructs, PAIC, 
DL, CE and CTS. The statistical analyses revealed that these control variables had no significant influence 
on the outcome variables, indicating that the hypothesised model was robust across different institutional 
contexts and demographic categories. 
 
Common method bias 
To mitigate common method bias, procedural and statistical remedies were applied in line with Podsakoff 
et al. (2012). Procedurally, the survey was conducted independently across multiple universities and 
faculties to reduce response homogeneity. Reverse-coded items were included to limit patterned 
responses, and filler items unrelated to the main constructs helped conceal the study purpose and reduce 
demand characteristics. A marker variable was also included to control for method variance. Statistically, 
Harman’s single-factor test was conducted. The unrotated exploratory factor analysis showed that no 
single factor explained most of the variance. All factors had eigenvalues greater than 1, and the first factor 
accounted for less than 30% of the total variance. These results indicate that common method bias is 
unlikely to threaten the validity of this study’s findings. 
 
Hypothesis testing 
The hypothesised structural model was tested using the PROCESS macro (Model 6) in SPSS, incorporating 
a serial multiple mediation analysis. Bootstrapping procedures with 5,000 re-samples were used to assess 
the significance of direct and indirect effects at the 95% confidence level. Figure 2 and Table 4 present 
the results. H1 proposed a positive association between PAIC and CTS. The analysis supported this 
hypothesis, indicating a significant direct relationship (β = 0.18, SE = 0.06, p < 0.05). H2 proposed that DL 
mediates the positive relationship between PAIC and CTS. This indirect effect was significant (β = 0.19, SE 
= 0.02, 95% CI [0.13, 0.48]), supporting H2. H3 proposed CE as a mediator of the same relationship and 
was also supported (β = 0.24, SE = 0.01, 95% CI [0.09, 0.56]). H4 proposed a sequential mediation pathway 
through DL and CE. This indirect effect was significant (β = 0.09, SE = 0.01, 95% CI [0.02, 0.17]), supporting 
H4. The total relationship between PAIC and CTS was also significant (β = 0.38, SE = 0.03, p < 0.01). All 
mediation paths remained statistically significant, supporting the notion that DL and CE serve as key 
psychological mechanisms that transform perceptions of AI competence into higher-order thinking 
outcomes. 
 

 
Figure 2. Results of the hypothesised serial mediation model 
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Table 4 
Bootstrap results for direct, conditional and indirect effects 

Path Estimate SE 

Direct effect 

PAIC → DL 0.45*** 0.03 

PAIC → CE 0.31** 0.05 

DL → CE 0.18* 0.07 

CE → CTS 0.33** 0.05 

DL → CTS 0.29** 0.06 

Conditional effect 

PAIC → CTS (Direct effect) 0.18* 0.06 

PAIC → CTS (Indirect effect) 0.20** 0.04 

PAIC → CTS (Total effect) 0.38** 0.03 

Standardised indirect effect using 5,000 bootstrap 95% CI 
 Effect SE LL 95% CI UL 95% CI 
PAIC→ DL → CTS 0.19 0.02 0.13 0.48 

PAIC→ EC → CTS 0.24 0.01 0.09 0.56 

PAIC→ DL → EC → CTS 0.09 0.01 0.02 0.17 

Note. LL: lower limit. UL: upper limit. CI: confidence interval. 
*p < 0.05. **p < 0.01. ***p < 0.001. 
 

Discussion and conclusion 
 
This study examined the relationship between PAIC and CTS, with particular attention to the mediating 
roles of DL and CE. The findings support the proposed model, indicating that PAIC is positively associated 
with CTS both directly and indirectly through DL and CE. Participants who reported higher levels of PAIC 
also reported stronger CTS. However, given the cross-sectional design, these findings should be 
interpreted as associative rather than causal. This aligns with SCT (Bandura, 2001), which posits that self-
efficacy in technological contexts fosters cognitive processes such as reasoning, problem-solving and 
evaluative thinking. Participants who perceived themselves as competent with AI technologies 
demonstrated higher critical thinking capacities, likely due to greater confidence and autonomy when 
navigating AI-mediated environments. This is consistent with research by Chiu et al. (2024) and Tenberga 
and Daniela (2024), who identified AI self-efficacy as a catalyst for strategic reasoning and critical 
reflection. 
 
DL has emerged as a crucial cognitive tool that mediates the link between AI competency and critical 
thinking. The results validate previous findings that DL, encompassing technical, evaluative and ethical 
skills, enhances individuals' ability to interrogate digital content (Eshet, 2012; Memarian & Doleck, 2023; 
Shatila et al., 2025; Vuorikari et al., 2016). Respondents with high DL were better positioned to critically 
assess information, recognise bias and synthesise diverse perspectives. The finding also supports the 
notion that AI competency stimulates digital exploration and, when reinforced by DL, transitions into 
reflective thinking. 
 
CE was also found to be a significant mediator. This reinforces SCT’s view that self-efficacy beliefs motivate 
individuals to persist, reflect and engage deeply (Bandura, 2001). Participants who felt capable in AI 
contexts were more cognitively engaged, which translated into better critical thinking outcomes. This 
pathway reflects findings by Fabian et al. (2022) and Li et al. (2023), who emphasised the role of 
engagement in activating higher-order cognitive functions in AI-integrated environments. 
 
The serial mediation findings were consistent with the proposed sequence: PAIC was associated with DL, 
which in turn was associated with CE and CTS. From a theoretical perspective, this ordering is plausible 
because DL may provide the functional skills needed to navigate digital environments, whereas CE reflects 
the psychological investment invested during learning tasks. However, because the data are cross-
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sectional, this temporal ordering cannot be treated as definitive. Alternative configurations, including 
parallel mediation or different serial sequences, may also be theoretically credible. Accordingly, the 
findings should be interpreted as supporting the plausibility of the proposed pathway rather than 
conclusively confirming causal or temporal precedence among the mediators. 
 
In contrast to studies that examined these constructs in isolation (e.g., Ashbourne, 2026; Asonge, 2026; 
Hatlevik et al., 2018), this research offers a more holistic and integrative framework. However, it must be 
noted that causality cannot be inferred due to the cross-sectional design. The findings underscore the 
significance of AI competency in fostering 21st-century cognitive skills, with DL and CE serving as essential 
pathways. As digital technologies continue to permeate educational and professional spheres, equipping 
individuals with AI-related competencies and the literacies to engage with them critically becomes 
paramount. This study not only reinforces theoretical tenets but also presents a validated structural 
model for future educational and psychological research. 
 
Theoretical implications 
 
This study extends the core assumptions of SCT, particularly self-efficacy in technology-mediated settings 
(Bandura, 2001). By conceptualising PAIC as a domain-specific form of self-efficacy, it offers a new 
application of SCT to AI and cognitive development. First, the findings show that PAIC is not only a 
technical or declarative construct,but also a motivational and metacognitive belief system that strongly 
predicts higher-order thinking. Unlike earlier studies focusing on general self-efficacy or digital 
competence (e.g., Audrin & Audrin, 2022; Hatlevik et al., 2018), this study identifies AI competency as a 
distinct cognitive-affective factor with specific relevance for learning and reasoning. 
 
Second, DL is shown to operate as a mediating cognitive resource, extending SCT’s notion of knowledge 
structures, by converting self-beliefs into meaningful cognitive behaviours. This demonstrates an 
important intersection between DL frameworks (Hobbs, 2017; Ng, 2012) and SCT, suggesting that DL 
should be viewed not only as a skill set but also as a mediational mechanism within cognitive theory. 
Third, CE is interpreted as a behavioural manifestation of agency. Although studies have linked 
engagement to academic performance (e.g., Fabian et al., 2022; Jimenez-Liso et al., 2022; Li et al., 2023), 
this research positions it as a theoretical connector between digital competencies and critical thinking, 
emphasising the role of active mental investment in reflective judgement. 
 
The sequential mediation model further clarifies how PAIC stimulates cognitive development: first 
through DL, which supports CE, and then through engagement’s influence on critical thinking. This layered 
mechanism enriches SCT by proposing sequential rather than parallel mediation. It also suggests a 
boundary condition: DL is necessary for CE to effectively enhance critical thinking in AI-mediated 
environments. 
 
Finally, the results challenge the assumption that technical skills alone are sufficient for developing 
reasoning abilities. Instead, metacognitive awareness and sustained engagement emerge as essential 
mediators. Accordingly, critical thinking is framed not simply as an instructional outcome (Carter et al., 
2025; Mei et al., 2025), but as an emergent result of reciprocal interactions among self-perceptions, 
cognitive tools, and behavioural engagement, consistent with a central principle of SCT. 
 
Practical implications 
 
The study offers several practical implications for educators, instructional designers and policymakers 
seeking to strengthen critical thinking in digitally mediated learning environments. First, the positive 
association between PAIC and critical thinking suggests that AI literacy should be embedded across 
curricula rather than confined to technical courses. Integrating AI-related competencies into disciplinary 
learning can help students develop confidence in using AI tools while applying them to authentic academic 
problems (Dikhanbayeva, 2025; Medina-Gual et al., 2025; Xu et al., 2025). Second, the findings indicate 
that hands-on and guided engagement with AI tools is essential. Educators should design learning tasks 
that require students to test prompts, compare outputs, verify evidence and reflect on the reliability and 
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limitations of AI-generated responses. Such praxis-oriented approaches move learners beyond passive 
consumption towards active and critical use of AI systems. Studies have shown that structured 
pedagogical interventions and reflective digital tasks can strengthen higher-order thinking and applied 
competence in technology-enhanced settings (Ba et al., 2025; Klisc et al., 2017; Medina-Gual et al., 2025). 
 
Third, the mediating role of DL underscores the need for comprehensive capability development that goes 
beyond basic tool use. Institutions should provide training in information evaluation, online safety, digital 
ethics and collaborative problem-solving. Frameworks such as DigComp and recent intervention studies 
have demonstrated that systematic literacy development can improve learners’ readiness to engage 
effectively with emerging technologies (Cui et al., 2026; Redecker, 2017; Vuorikari et al., 2016). Fourth, 
the role of CE suggests that pedagogical design remains central. Inquiry-based, collaborative and problem-
centred learning activities can encourage students to invest greater mental effort, sustain attention and 
apply reasoning strategies while using AI tools. For example, AI-supported peer feedback, adaptive 
learning tasks and discussion-based activities may foster deeper engagement and reflective judgement 
(Ba et al., 2025; Klisc et al., 2017; Zhou & Hou, 2024). 
 
Finally, policymakers and institutional leaders should address equity issues in access to AI learning 
opportunities. Students from disadvantaged backgrounds may have fewer opportunities to build 
confidence in AI or DL. Targeted support programmes, faculty development initiatives and inclusive digital 
infrastructure can help reduce these disparities and ensure that AI integration contributes to broader 
educational development rather than widening existing gaps. Overall, effective digital transformation 
(Yang, 2025) requires not only access to AI tools but also pedagogically grounded practices that cultivate 
reflective, capable and ethically aware learners. 
 
Limitations and future research directions 
 
Despite its contributions, this study has several limitations. First, the cross-sectional design limits causal 
interpretation and precludes definitive conclusions about the temporal order of the variables. Future 
longitudinal and experimental studies are needed to clarify causal relationships and developmental 
trajectories among these constructs. Second, the sample consisted of Generation Z university students in 
Türkiye, which may limit the generalisability of the findings to other age groups, professional populations 
or cultural contexts. Educational systems, levels of technological infrastructure and patterns of AI 
adoption may shape how these constructs are experienced across settings. Replication studies in different 
countries and demographic groups would strengthen external validity. 
 
Third, the use of self-report measures may introduce social desirability, common method variance and 
perceptual bias. Future research could incorporate performance-based assessments of critical thinking, 
behavioural indicators of engagement or objective measures of digital competence. Mixed method 
approaches may also provide richer insight into how learners experience AI-supported environments. 
Fourth, while the study focused on DL and CE as key explanatory mechanisms, other relevant variables 
were not examined. Constructs such as emotional engagement, epistemic beliefs, ethical awareness of 
AI, learning motivation or prior technological experience may further explain variation in critical thinking 
outcomes. 
 
Finally, the proposed serial mediation pathway should be interpreted cautiously. Although the findings 
are consistent with the sequence from PAIC to DL, CE and CTS, competing structures may also be plausible. 
Future studies should compare alternative models, such as parallel mediation or reversed serial pathways, 
using longitudinal or experimental designs to determine whether the ordering proposed here represents 
the most robust explanation. 
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