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Departing from the increasing use of generative artificial intelligence (GenAI) in higher 
education, which on the one hand helps academic efficiency, but on the other hand has 
the potential to reduce the quality of thinking processes when used excessively. This study 
aims to analyze the effect of AI usage intensity on students’ critical thinking ability and to 
examine the role of cognitive laziness as a mediator. The method used was a correlational 
quantitative study with a survey approach involving 200 students of Universitas Negeri 
Malang from several study programs (53% female; 46.9% male). Data were collected using 
a questionnaire containing three scales: AI usage intensity (10 items), cognitive laziness 
(adapted from LAS; 9 items), and critical thinking (12 items). The analysis was conducted 
using PLS-SEM. The results showed that the intensity of AI use negatively affected critical 
thinking (β = −0.275), while the effect of AI usage intensity on cognitive laziness was very 
weak (β = 0.020) with R² = 0.000. Cognitive laziness affected critical thinking (β = 0.438), 
but the mediation effect was not strongly supported because the indirect effect was very 
small (≈0.0088). The model explained 26.3% of the variation in critical thinking (R² = 
0.263). These findings indicate that AI use is associated with a decline in critical thinking 
mainly through direct effects, while the mediation mechanism needs to be re-examined 
using stronger instruments. 

To cite this article 
Nabil, M.B., and Eva, N. (2025 The role of cognitive laziness as a mediator between the intensity of AI use 
and critical thinking ability among university students. Journal of AI, Humanities, and New Ethics, 1(2), 
73-80. DOI: https://doi.org/10.5281/zenodo. 

Introduction 
The use of generative artificial intelligence (GenAI), such as large language models (LLMs), in higher education has 

increased rapidly due to its ability to assist information retrieval, summarization, idea generation, and academic writing 
support. Recent literature confirms that LLMs have the potential to accelerate cognitive work and support learning 
when used appropriately (Kasneci et al., 2023; Dwivedi et al., 2023). At the same time, international institutions also 
emphasize the need for governance and user capacity to ensure that GenAI does not create ethical risks and reduce the 
quality of learning (Miao & Holmes, 2023). In the context of Indonesian higher education, the need for guidelines on 
GenAI use has also begun to be formalized through guideline documents for the academic community (Kusumawardani 
et al., 2024). 

In line with this, the present study positions the intensity of AI use as an academic reality that is “unavoidable,” while 
simultaneously highlighting the dual aspects of AI use: improving efficiency and the quality of the learning process, yet 
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also potentially giving rise to “cognitive laziness” and a decline in critical thinking skills when students become overly 
dependent on AI-generated outputs. Pedagogically, recent findings indicate that the benefits of GenAI tend to emerge 
when its use is directed toward supporting self-regulation and reflection, for example through metacognitive support 
that encourages planning, monitoring, and learning evaluation (Xu et al., 2025). This indicates that the main issue is not 
merely whether to use AI or not, but rather how GenAI is used and how students’ thinking habits change when AI 
becomes a source of instant answers. 

However, concerns regarding the decline in cognitive abilities are not merely assumptions. Synthesized evidence 
shows that over-reliance on AI dialogue systems may be associated with the weakening of important cognitive abilities, 
including critical thinking and analytical reasoning, because users tend to accept AI recommendations without 
verification (Zhai et al., 2024). From a cognitive psychology perspective, this phenomenon is consistent with the concept 
of cognitive offloading, namely the tendency to transfer mental burdens to external tools so that internal thinking 
processes are reduced (Risko & Gilbert, 2016). When offloading becomes habitual in academic tasks, such as 
constructing arguments, evaluating evidence, or checking logical consistency, critical thinking skills are at risk of not 
being adequately trained. 

At this point, cognitive laziness becomes a mechanism worthy of scientific examination. The literature on GenAI-
based education has begun to emphasize that the ease of obtaining answers can trigger “metacognitive laziness” and 
weaken the motivation to conduct in-depth evaluation, which in turn affects critical thinking (Fan et al., 2024). Other 
studies also demonstrate relevant psychological pathways: dependence on AI may reduce critical thinking through 
mechanisms of fatigue and information overload, while information literacy and AI literacy function as socio-cognitive 
buffers (Tian & Zhang, 2025). Nevertheless, the current state of the art reveals several gaps: (1) many studies examine 
the impact of AI on performance, learning outcomes, or ethical risks in general; (2) specific psychological mechanisms 
that mediate the relationship between the intensity of AI use and critical thinking, particularly cognitive laziness, have 
not consistently become the primary focus in student populations; and (3) contextual evidence in higher education, 
with varying learning cultures and institutional policies, remains limited. 

In addition to mediation mechanisms, protective factors are also important for explaining when AI use becomes 
problematic. The AI literacy framework emphasizes competencies to understand AI limitations, critically evaluate 
outputs, and collaborate effectively with AI (Long & Magerko, 2020). Empirically, AI literacy and information literacy 
have been shown to weaken the negative impact of AI dependence on critical thinking (Tian & Zhang, 2025). On the 
other hand, the issue of self-efficacy is also relevant: dependence on GenAI may encourage false self-efficacy, namely 
efficacy that is “perceived as high” but inconsistent with actual competence, and is correlated with decreased academic 
achievement (Jia et al., 2025). These findings strengthen the argument that the main risk is not merely technical 
dependence, but also the distortion of metacognitive processes, including self-assessment, information verification, and 
willingness to allocate cognitive effort. 

Based on this mapping, several alternative solutions are commonly adopted by institutions: restricting or prohibiting 
GenAI to prevent academic dishonesty, integrating GenAI in a guided manner through task designs that require 
verification and reflection, and implementing AI literacy interventions so that students are able to calibrate their trust 
in AI. Global guidelines also encourage strengthening human capacity and regulating the use of GenAI to align with 
educational goals (Miao & Holmes, 2023). Based on this logic, the most rational solution to be tested and developed is 
not merely “prohibition,” but rather ensuring that the use of GenAI continues to stimulate higher-order thinking 
processes, for example through metacognitive support and improved AI literacy (Xu et al., 2025; Long & Magerko, 
2020). However, for such solutions to be appropriately targeted, evidence is needed regarding the psychological 
mechanisms that explain why the intensity of AI use may reduce critical thinking among some students. 

Thus, the scientific novelty of this study lies in examining cognitive laziness as a mediator explaining the relationship 
between the intensity of AI use and critical thinking ability, as designed in the conceptual framework in the document 
(X: intensity of AI use → M: cognitive laziness → Y: critical thinking). This study also opens opportunities for 
strengthening the model through protective factors that have been considered in the document, such as AI literacy and 
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self-efficacy, to explain variations in impact across individuals. Methodologically, the correlational quantitative analysis 
design based on surveys and path modeling, as proposed in the document, provides an adequate framework for 
examining direct effects, indirect effects (mediation), and potential moderation effects. 

The purpose of this study is to analyze the effect of the intensity of AI use on students’ critical thinking, examine the 
mediating role of cognitive laziness, and provide an empirical basis for designing GenAI usage strategies that encourage 
critical thinking through AI literacy and metacognitive support, rather than merely relying on restrictions.  

Method 
Research Model  
The research model in this study examines the direct effect of AI usage intensity on students’ critical thinking and the 
indirect effect through cognitive laziness as a mediating variable. The model consists of AI Usage Intensity (X) → 
Cognitive Laziness (M) → Critical Thinking (Y). This model was developed based on a quantitative correlational 
approach using path analysis to examine direct and indirect relationships among variables (Creswell & Creswell, 2018). 

Participant 
The respondents consisted of 200 UM students from several departments, namely Psychology, Guidance and 
Counseling, and Educational Management (53% female, 46.9% male), who participated in this study. 

Data Collection Tool 
The data collection instrument in this study was a structured questionnaire consisting of three main measurement tools 
to assess the intensity of AI use, cognitive laziness, and students’ critical thinking ability. The intensity of AI use was 
measured using the AI Usage Intensity Scale, which consisted of 10 statement items regarding habits and the level of 
utilization of generative AI (such as ChatGPT, Gemini, Copilot, and similar tools) in academic activities, such as 
assisting with assignments, generating ideas/writing outlines, and explaining difficult concepts. Responses were 
provided using a 5-point Likert scale (1 = strongly disagree to 5 = strongly agree). One item was reverse-coded, so score 
reversal was conducted before total score calculation. The total score was obtained by summing all items after reversal, 
where a higher score indicated a higher intensity of AI use. 

Cognitive Laziness Scale for Students 
The mediator variable, cognitive laziness, was measured using the Cognitive Laziness Scale for Students, which was a 
contextual adaptation of the Laziness Assessment Scale (LAS). This scale consisted of 9 items and was designed to 
capture the tendency to avoid cognitive effort, fail to complete readings/tasks, and choose to complete work minimally 
in the context of higher education, including when AI assistance was available. Responses used a 5-point frequency scale 
(1 = never to 5 = almost always). All items were scored in the same direction, and the total score was obtained by 
summing all items; higher scores indicated higher levels of cognitive laziness. 

Critical Thinking Ability Scale 
Critical thinking ability was measured using the Critical Thinking Ability Scale, which consisted of 12 statement items 
assessing aspects of argument evaluation, information verification, multi-perspective consideration, logical conclusion 
drawing, and the habit of checking the reasonableness of answers when using AI. Responses were provided using a 5-
point Likert scale (1 = strongly disagree to 5 = strongly agree). Two items were reverse-coded, so score reversal was 
conducted before calculating the total score. The total score was calculated by summing all items after reversal; higher 
scores indicated better critical thinking ability. 

Data Analysis 
Questionnaire data were first coded and scored according to the guidelines of each scale. Reverse-coded items on the AI 
Usage Intensity Scale and the Critical Thinking Ability Scale were reversed before calculating the total score. The score 
for each construct was calculated by summing the item scores (or by using the average indicator score if analyzed as a 
latent construct). Subsequently, data feasibility examinations were conducted, including missing data, inappropriate 
responses (for example, identical response patterns across all items), and descriptive statistics (mean, standard deviation, 
minimum-maximum) to describe respondent profiles and trends in the research variables. 
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Hypothesis testing was conducted using PLS-SEM because the model contained direct and indirect (mediation) 
relationships among latent constructs. The evaluation of the measurement model was conducted by assessing (1) 
indicator reliability through outer loading values (referring to the general criterion of ≥ 0.70; indicators between 0.40–
0.70 could be considered for retention if construct reliability/validity remained adequate), (2) internal consistency 
reliability through Cronbach’s Alpha, rho_A, and Composite Reliability (general reference ≥ 0.70; in exploratory 
studies values approaching 0.60 could be considered), and (3) convergent validity through AVE (≥ 0.50). Discriminant 
validity evaluation could be complemented using HTMT criteria (for example < 0.85 or < 0.90) and/or Fornell-Larcker 
as well as cross-loading examination to ensure that indicators loaded more strongly on their own constructs than on 
other constructs. 

Structural model evaluation was conducted by examining potential multicollinearity (for example VIF), assessing the 
magnitude and direction of path coefficients, and evaluating the explanatory power of the model through R Square (R²) 
and Adjusted R². The significance of path coefficients and indirect effects was tested through a bootstrapping procedure 
(for example 5,000 resampling) to obtain t-statistics, p-values, and confidence intervals. The mediation test of Cognitive 
Laziness was conducted by assessing the significance of the indirect effect (X→M→Y) and comparing it with the direct 
effect X→Y to determine whether the mediation was absent/weak/partial/full. 

Results and Discussion 
The PLS-SEM model in the figure shows three latent constructs: AI Usage Intention, Cognitive Laziness, and Critical 
Thinking, along with path coefficient values (inner model), R-square values, and indicator outer loadings (measurement 
model). 

In the structural model, three main path coefficients were obtained: (1) AI Usage Intention → Cognitive Laziness 
of 0.020, indicating a very weak/nearly zero effect; (2) Cognitive Laziness → Critical Thinking of 0.438, indicating a 
fairly strong effect in magnitude; and (3) AI Usage Intention → Critical Thinking of −0.275, meaning that the higher 
the intention to use AI, the lower the critical thinking score tended to be. The explanatory power of the model can be 
seen from the R² values: the Cognitive Laziness construct had an R² = 0.000 (almost not explained by AI Usage 
Intention), while Critical Thinking had an R² = 0.263, meaning that approximately 26.3% of the variation in critical 
thinking was explained by AI Usage Intention and Cognitive Laziness. 

Conceptually, the mediation effect can be estimated from the product of the paths a×b = 0.020 × 0.438 = 0.0088. 
This indirect effect value is very small, so the mediating contribution of Cognitive Laziness to the relationship between 
AI Usage Intention and Critical Thinking appears practically minimal (confirmation of mediation significance still 
requires bootstrapping output). 

In the measurement model, many indicators showed low outer loadings. For the AI Usage Intention construct, only 
one indicator appeared adequate (for example loading around 0.720), while many other indicators were low (around 
0.20–0.42) and some were even negative (for example around −0.193; −0.267; −0.056). In the Cognitive Laziness 
construct, relatively stronger indicators were in the range of 0.472–0.633, but several other indicators were very low (for 
example 0.028; 0.162; 0.176; 0.317; 0.359). In the Critical Thinking construct, only a few indicators were relatively 
stronger (for example around 0.602; 0.453; 0.426), whereas most indicators were in the low range (around 0.171–0.366) 
and one indicator was negative (around −0.15).  

The most substantively consistent finding from the structural model is the negative relationship between AI Usage 
Intention and Critical Thinking (β = −0.275). Interpretatively, this result points to the possibility that increased 
intention/use of AI for academic activities is associated with reduced student engagement in evaluative thinking 
processes, such as the habit of examining evidence, comparing arguments, and independently constructing reasoning, 
thereby resulting in lower critical thinking. In the context of generative AI use, this is consistent with concerns that AI 
may facilitate cognitive “shortcuts” (quick answers, instant summaries) that reduce higher-order thinking practice when 
not accompanied by verification. 
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However, the AI Usage Intention → Cognitive Laziness path, which is nearly zero (β = 0.020; R² Cognitive Laziness 
= 0.000), indicates that in these data, AI use does not sufficiently explain variations in cognitive laziness. There are two 
most plausible explanations. First, students’ AI use may be heterogeneous: some use AI as an initial aid but continue to 
think and recheck independently, so AI intention does not automatically lead to cognitive laziness. Second, and most 
importantly, this result is very likely influenced by weak measurement construct quality, as indicated by the large 
number of low outer loadings and the presence of negative loadings, causing the relationships among latent variables to 
be reduced or unstable. 

The most “unusual” finding is the positive Cognitive Laziness → Critical Thinking path (β = 0.438). Theoretically, 
cognitive laziness is usually predicted to reduce critical thinking. Therefore, this positive direction needs to be interpreted 
cautiously and most likely indicates issues in operationalization/scoring or construct validity. Two strong indications 
are: (1) the presence of indicators with negative loadings on the construct, which often occurs when reverse items have 
not been reverse-scored or when indicators are not aligned with the construct definition; and (2) the large number of 
indicators with very low loadings, making the latent construct less “clean” in representing the intended concept. If the 
“Cognitive Laziness” construct empirically captures something different (for example, certain reflective attitudes, or 
artifacts from non-aligned items), then the resulting path coefficients may contradict theoretical expectations. 

When reviewed as a mediation test, the main requirement for strong mediation is that both the X→M and M→Y 
paths are adequate. In this model, the X→M path is very weak, so even though M→Y is large, the indirect effect a×b 
remains very small (≈0.0088). This indicates that in the current model, the explanation for the decline in critical thinking 
is more dominantly through the direct effect of AI use on critical thinking, rather than through the cognitive laziness 
mechanism.  

Table 1. R-Square and adjusted R-Square values for endogenous constructs 
Endogenous Variable R Square (R²) Adjusted R Square (Adj. R²) 
Cognitive Laziness 0.000 -0.005 
Critical Thinking 0.263 0.255 

Table 1 (R Square) presents the R Square (R²) and Adjusted R Square (Adj. R²) values for each endogenous variable, 
namely variables explained by predictor constructs in the model. 

For the Cognitive Laziness construct, the values obtained were R² = 0.000 and Adj. R² = −0.005. These findings 
indicate that the variation in cognitive laziness can hardly be explained by the predictor directed toward it (in this model: 
intention/intensity of AI use). The negative Adj. R² value indicates that after considering the number of predictors and 
sample size, the model does not provide improved explanatory power for cognitive laziness; statistically, its performance 
is even lower than a model without predictors. Practically, this indicates that the structural effect of the predictor on 
cognitive laziness is very weak. 

In contrast, for the Critical Thinking construct, the values obtained were R² = 0.263 and Adj. R² = 0.255, meaning 
that approximately 26.3% of the variation in critical thinking can be explained by the predictors in the model (namely 
AI usage intention/intensity and cognitive laziness). The small difference between R² and Adj. R² indicates that 
correction due to model complexity does not meaningfully alter the results, so the explanatory power of the model on 
critical thinking is relatively stable. In social and behavioral research, an R² value around 0.25 is generally categorized as 
weak to moderate, yet still reasonable considering the many other factors outside the model that also influence critical 
thinking ability. 

Overall, Table 1 shows that this structural model is more capable of explaining variation in Critical Thinking than 
in Cognitive Laziness. The implication is that the mechanism positioning cognitive laziness as a variable influenced by 
AI use has not yet obtained strong empirical support in these data, whereas variation in critical thinking can still be 
partially explained by the constructs in the model. 
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Table 2. Reliability and Convergent Validity 
Construct Cronbach’s Alpha rho_A Composite Reliability AVE 
Cognitive Laziness 0.607 0.697 0.580 0.666 
Critical Thinking 0.799 0.570 0.521 0.621 
AI Usage Intention 0.525 0.571 0.703 0.610 

Table 2 presents the evaluation of reliability and convergent validity for each construct, as indicated by Cronbach’s 
Alpha, rho_A, Composite Reliability (CR), and Average Variance Extracted (AVE). Cronbach’s Alpha and rho_A 
describe the internal consistency of items within a construct, whereas CR assesses construct reliability in the PLS-SEM 
measurement model. Generally, good reliability values are in the range of ≥ 0.70, although in exploratory studies values 
of 0.60 may still be considered acceptable. Meanwhile, an AVE ≥ 0.50 indicates that the construct is capable of 
explaining more than 50% of the variance of its indicators, thus meeting the criteria for convergent validity. 

The results in the table show that the Cognitive Laziness construct has a Cronbach’s Alpha of 0.607 and rho_A of 
0.697, indicating that internal consistency falls within a moderate category. However, the CR value of 0.580 is still 
relatively low, suggesting that the reliability of this construct is not yet optimal, even though its AVE is high (0.666). 
This indicates that on average the construct is able to capture indicator variance well, but there are still indicators with 
weak contributions that reduce overall consistency. 

For the Critical Thinking construct, Cronbach’s Alpha reached 0.799, which generally indicates good reliability. 
However, the rho_A value (0.570) and CR (0.521) are relatively low, indicating inconsistency among the reliability 
indices. This condition usually suggests the presence of unstable indicators (for example low/negative loadings or reverse 
items that have not been reverse-scored), so although the alpha appears high, the construct reliability in the context of 
PLS-SEM is not yet strong. Nevertheless, the AVE value of 0.621 still meets the criteria for convergent validity. 

Meanwhile, the AI Usage Intention construct shows a Cronbach’s Alpha of 0.525 and rho_A of 0.571, both of 
which are relatively low, indicating weak internal consistency among the items. However, the CR value of 0.703 has 
reached the commonly accepted minimum threshold, and the AVE value of 0.610 also satisfies the convergent validity 
criterion. This pattern indicates that convergently the construct is able to explain indicator variance fairly well, but the 
homogeneity/accuracy among items still needs to be strengthened. 

 
Figure 1. Structural equation model of the relationships among AI usage intensity, cognitive laziness, and critical 

thinking 

Overall, Table 2 indicates that all three constructs have met convergent validity criteria (because all AVE values are 
> 0.50), but aspects of reliability, particularly those reflected in CR and several rho_A/Cronbach’s Alpha values, still 
require attention. Therefore, future studies are recommended to conduct indicator evaluation (for example by 
examining reverse items, removing items with very low/negative loadings, and re-testing reliability) so that construct 
measurement becomes more robust. 
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Conclusion 
This study shows that the intention/intensity of AI use has a negative effect on students’ critical thinking ability (β = 
−0.275). This means that the higher students’ use of AI in academic activities, the more it tends to be followed by a 
decrease in critical thinking scores. Meanwhile, the intention/intensity of AI use has almost no effect on cognitive 
laziness (β = 0.020) with R² = 0.000, so variation in cognitive laziness cannot be explained by AI use in this model. 
Overall, the model is able to explain 26.3% of the variation in critical thinking (R² = 0.263; Adj. R² = 0.255), indicating 
weak-to-moderate explanatory power. 

The role of cognitive laziness as a mediator is not strongly supported, because the path from AI use to cognitive 
laziness is very weak and the indirect effect (a×b) is very small. Thus, in these data, the effect of AI use on critical thinking 
occurs more dominantly through a direct effect, rather than through the mediating mechanism of cognitive laziness. 
However, this conclusion should be interpreted cautiously because the evaluation of the measurement model shows that 
several indicators remain weak (the reliability of some constructs is not yet optimal). Therefore, future studies are 
recommended to improve the instrument, particularly items with low/negative loadings and the checking of reverse 
items, and to retest the model so that the results are more robust. 
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