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ABSTRACT:

As universities increasingly integrate generative Al, its impact on foundational skills such as critical thinking remains contested. This study explored how thirty
18-23-year-old undergraduates at a central Thai university used ChatGPT-40 while completing critical thinking tasks involving analysis, evaluation, inference,
decision-making, and metacognition. The primary objective was to determine in which task categories students relied on Al the most. Results showed that students
most often turned to Al for higher-order processes, particularly inference, decision-making, and metacognitive reflective tasks. The study also examined how
prompting strategies and the degree of Al use influenced performance. Four prompting strategies were identified, with filtering and paraphrasing of Al outputs
linked to stronger outcomes, especially in metacognition, while direct copy-paste correlated with weaker performance. Lastly, the proportion of students who
accurately estimated their Al contribution to task output was estimated. Results showed generally accurate self-assessment, though cases of over- and
underestimation raised ethical concerns about transparency and academic honesty in human-Al collaboration. Overall, the findings offer empirical insights into
students’ use of Al in critical thinking, highlighting both opportunities and risks for transformative learning. They highlight the need for pedagogical strategies
and ethical guidelines that foster authentic reasoning while positioning Al as a supportive tool for sustainable higher education.
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1) Introduction:

Critical thinking skills are important in 21% century learning for students, helping them solve complex issues that arise in our multicultural and

interconnected global society [1]. Examining how students interact with generative artificial intelligence (GenAl) technologies is crucial because it reveals not
only their learning processes but also how they think and produce academic work. This is especially important as GenAl becomes increasingly integrated into
higher education. Critical thinking abilities are necessary so that students are able to assess Al-generated content critically, reduce bias, and make responsible
decisions that align with ethical standards in higher education [2]. Octaberlina, et al. [3] stated that Al can hinder the development of critical thinking and creativity
by reducing active learning engagement and independent cognitive processes. Thus, critical thinking is more essential than ever for students to manage Al
responsibly.The ability of large language models to transform teaching and learning in higher education is demonstrated by ChatGPT, a popular GenAl system [4].
It can be applied to critical-thinking tasks by offering real-time feedback on reasoning and argumentation [5]. Similarly, Nabilla, et al. [6] noted that Generative
Al enhanced the flow of logical thinking, the structure of arguments, and the assessment of evidence, which are important for the development of critical thinking
in learning English. However, as generative Al has grown, some have questioned whether it could compromise people’s ability to develop critical thinking skills.
Research indicates that both outcomes are feasible, as Al can assist with reasoning, but can also over-reliance if not utilized responsibly [3, 7]. Therefore, higher
education must not only teach critical-thinking skills but also provide structured guidance on responsible Al use. Such training should involve targeted critical-
thinking tasks that foster reflection and analytical engagement [8].
To address this challenge, Seufert and Rohwer [2], proposed a four-dimensional framework for critical thinking that includes analytical, evaluative, ethical
reasoning and metacognitive skills. Although Al is widely used in education, limited evidence exists at the task level comparing how students perform with and
without AL, and how they self-assess their use of Al to concerning ethical considerations. Thus, this study applied the four dimensions of the structured framework
to explore when undergraduate students rely on Al, how this affects their results, how prompt quality influences learning outcomes, and how they rate themselves
in terms of Al use. The research questions are as follows:

[ Research Question 1: Which task involved the highest usage of Al by participants?

° Research Question 2: How are university students using Al while doing critical thinking tasks?

2) Theoretical background:

2.1 Critical thinking : Critical thinking includes essential skills such as analysis, evaluation, inference, explanation and self-regulation [9]. These skills

enable learners to engage with information more critically, supporting deeper reasoning processes. Brookfield [10] describes critical thinking as the skills of
categorizing assumptions, checking their validity, analyzing different perspectives, and producing informed decisions. Tarasova and Orel [11] mention that critical
thinking involves analyzing arguments, evaluating evidence, categorizing assumptions, and reaching rational conclusions to support reasoned judgments.
According to Indrasieng, et al. [12], critical thinking is widely regarded as a central goal of higher education. Assessment tools such as the Watson-Glaser Critical
Thinking Appraisal (WGCTA) and the California Critical Thinking Skills Test (CCTST) operationalize these components through tasks like inference, deduction,
interpretation, and evaluation [13, 14]. Beyond standardized tests, higher-order thinking tasks that ask students to propose hypotheses, evaluate arguments, and
synthesize ideas have also been developed [15]. These approaches show the range of methods available to measure and foster critical thinking. However, scholars
increasingly emphasize that fostering critical thinking in the age of GenAl requires moving beyond traditional assessments. Seufert and Rohwer [2] framework is
particularly relevant, as it integrates ethical reasoning and metacognition which are essential skills for responsible AI use. Expanding this research with
diverse populations and refined task designs will be vital for developing pedagogical frameworks that position Al as a tool for cultivating and assessing critical
thinking rather than replacing it in higher education.

2.2 Generative Artificial Intelligence in Education. GenAl is seen mainly as enhancing, rather than replacing, educators, who provide uniquely human
qualities such as creativity, judgment, and empathy [16, 17]. Benefits include personalized learning, adaptive feedback, and resource creation [18, 19]. It can also
support metacognition by requiring students to evaluate outputs critically [20]. However, studies mention over-reliance, cognitive dependency, and reduced
independent problem-solving [21, 22]. AI “hallucinations” and fabricated references complicate academic integrity [23, 24], while bias, privacy, and access
disparities raise further ethical issues [25, 26]. To mitigate these risks, scholars call for Al literacy and frameworks for responsible human-Al collaboration [27,
28]. Understanding this duality between Al as a supportive tool versus a cognitive crutch is central to our research, which seeks to provide empirical, task-level
evidence on how students navigate these benefits and risks in practice.

2.3 Prompt Engineering in higher education.Prompt engineering is the practice of writing, improving and optimizing user inputs to generate desired outputs
from generative Al systems [29, 30]. Prompt engineering is rapidly becoming a foundational skill in higher education, particularly as GenAl tools are integrated
into teaching, research, and assessment practices. According to Aaron, et al. [31], prompt engineering is a developing capability that should be incorporated into
student learning. A particular set of skills, and strategies is essential to achieve the most precise, relevant, and suitable responses [32]. Besides, effective use of
generative Al depends on crafting prompts given to the Al systems [33]. To efficiently teach prompt engineering in higher education, structured pedagogical
frameworks are vital. Lo [34] mentions the CLEAR framework to guide educators in designing effective prompts that are concise, logical, explicit, adaptive, and
restrictive. Park and Choo [32] describe the PARTS framework to help educators design effective Al prompts, including five parts: personal, aim, recipients, theme,
and structure. Skillful prompt engineering combined with critical assessment is vital for equipping students to interact effectively with Al technologies, as it
supports higher-order thinking and metacognitive development, aligning with the goals of higher education [33]. Prompt engineering exercises should be designed
to improve students’ understanding of the subject matter but also develop critical thinking skills as they analyze and interpret the AI’s output [35]. Thus, it is
important to investigate the usage of prompts in critical thinking tasks and how students interact with generative Al ChatGPT based on the prompts they provide.
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By analyzing the specific prompting strategies students employ, current research aims to uncover how different levels of engagement with Al, ranging from passive
requests to active refinement, correlate with their performance on critical thinking tasks.

3) Methodology:
3.1 Participants. This study was conducted within an English-medium undergraduate program at a university in central Thailand. The participants were thirty

students (N=30) enrolled in an English writing course focused on source critique. This population was particularly suitable for the study, as all participants had a
demonstrated proficiency in English, with a minimum IELTS score of 6.0 across all four skills. The group comprised 13 males and 17 females, aged between 18
and 23, all of whom were first-year bachelor’s students. While the majority were Thai nationals (n=26), the sample also included students from China, Bangladesh,
Indonesia, and the Philippines, adding cultural diversity. Participation was integrated into routine coursework, and students were made aware that their performance
in the study would not affect their course grades.

3.2 Materials and Tasks.The study utilized seven critical thinking tasks adapted from a framework developed by Seufert and Rohwer [2] to assess critical thinking
in the context of generative Al. These tasks were designed to measure skills across four key dimensions: analysis, evaluation, ethical reasoning (inference and
decision-making), and metacognition. The sole Al tool permitted was ChatGPT-40, which students accessed via the web interface. Student responses for each task
were scored using the corresponding evaluation rubrics.

3.3 Procedure.The study protocol received Institutional Review Board (IRB) approval, and all participating students provided electronic informed consent prior
to the session. The tasks were administered in a single, 120-minute session conducted during a scheduled class. Before beginning, participants received a
comprehensive briefing on the study’s objectives and procedures. Each student worked individually, utilizing one continuous conversation thread in ChatGPT-40
to complete all seven tasks.

3.4 Data Analysis.A multi-faceted approach was used to analyse student data, focusing on performance, Al usage, and interaction patterns. First, student
performance was quantified by summing the total score achieved on each task’s specific evaluation rubric. To measure Al reliance, two data sources were utilized:
students’ self-reported contribution scores (0—100%) and the ChatGPT conversation logs. The log-based reliance was calculated by analyzing the percentage of
text similarity between the AI’s responses and the student’s final submission. Building on this, academic transparency was operationalized as the absolute difference
between a student’s self-reported estimate and the log-derived percentage. Finally, to understand user behaviour, prompting strategies were qualitatively coded
from the chat logs into mutually exclusive categories describing the nature of the interaction, for example, direct copy-paste, light edits/patchwriting, interlingual
prompting, etc. To ensure the reliability of this qualitative coding, the process was triangulated: three researchers independently coded the data, then met to resolve
any discrepancies and reach consensus.

4) Results:

Q1: Which task involved the highest usage of Al by participants?

The initial research question sought to determine which critical thinking tasks prompted the greatest reliance on Al. As illustrated in Figure 1, a clear
pattern emerged from the dialogue log analysis, indicating that Al reliance was strongly contingent on the task’s cognitive demands. To statistically validate this
observation, a one-way ANOVA was conducted. The analysis confirmed a significant main effect of task type on Al reliance, F(6, 203) = 14.687, p <.001. The
effect size was large (n? = .303), indicating that 30.3% of the variance in Al reliance was attributable to the specific task performed.

Figure 1. Mean Percentage of AI Contribution by Task
Post hoc analysis using Tukey’s HSD revealed significantly higher Al reliance for
100% tasks involving inference and metacognition. Specifically, Task 4 (Inference -
references formatting) showed the highest Al contribution (M = 79%), followed by
the two Metacognition tasks, Task 7 (M = 72%) and Task 6 (M = 68%). These three

80%
60% tasks were statistically similar to one another and prompted significantly greater
reliance on Al than the other tasks. In contrast, tasks focused on analysis and

40% evaluation prompted substantially lower reliance on Al Task 2 (Evaluation - Images)
registered the lowest use (M = 11%), which was significantly lower than all other

I - tasks except Task 1 (Analysis - Text). This confirms that students approached more

direct, interpretative tasks with greater independence.

20%

0%
Taskl Task2 Task3 Task4 Task5 Task6é Task7
Q2: How are university students using AI while doing critical thinking tasks?
The second research question explored the relationship between how students used
Al and their subsequent performance on critical thinking tasks. The analysis revealed that the specific strategy a student employed was a significant predictor of
their success. From the chat logs and submissions, six distinct interaction strategies were identified, spanning from passive reception of Al output to active
collaboration with the tool. The effectiveness of these strategies varied significantly, as shown in Table 1.
Table 1. Al Strategy Use and Mean Scores Relationship

Strategy Mean Score Description

Interlingual Mediation 67.60% | Using a native language to prompt and then translating/adapting the English output.
Iterative Refinement 66.00% | Modifying prompts and adjusting the AI’s output to fit the user’s needs.

Direct Reproduction 64.30% | Directly copying the prompt and pasting the AI’s unmodified answer.
Format-Based Refinement 54.20% | Asking the Al to make structural changes, such as shortening its answer.

Al-Led Clarification 46.50% | Prompting the Al to clarify its own output before using it.

No Al Used (Baseline) 40.30% | Completing the task without any assistance from AL

Table 2 presents data that reveal distinct patterns in how students approach critical thinking tasks, linking their strategy choices directly to performance
outcomes. First, on tasks requiring direct analysis and evaluation (Tasks 1, 2, and 5), students demonstrated a clear preference for working independently. In these
cases, not using gen Al was the most common approach, peaking at 73.3% for Task 2. However, this independence did not lead to high performance; these tasks
showed some of the lowest average scores in the study, such as 37.7% on Task 2. This suggests that while students avoid Al for interpretative work, they may
struggle to complete these tasks successfully on their own.

Table 2. Al Strategy Use and Performance by Task

Strategy Count Percentage of Use
Task 1 Overall Score: 43.8%

No Al Used 18 60%
Direct Reproduction 7 23.3%
Format-Based Refinement 2 6.7%
Iterative Refinement 1 3.3%
Al-Led Clarification 1 3.3%
Interlingual Mediation 1 3.3%
Task 2 Overall Score: 37.7%

No Al Used 22 73.3%
Direct Reproduction 5 16.7%
Iterative Refinement 1 3.3%
Al-Led Clarification 1 3.3%
Interlingual Mediation 1 3.3%
Task 3 Overall Score: 53.0%

No Al Used 18 60%
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Direct Reproduction 6 20%
Iterative Refinement 4 13.3%
Interlingual Mediation 2 6.7%
Task 4 Overall Score: 26.3%

Direct Reproduction 13 43.3%
No Al Used 8 26.7%
Format-Based Refinement 4 13.3%
Iterative Refinement 2 6.7%
Al-Led Clarification 2 6.7%
Interlingual Mediation 1 3.3%
Task 5 Overall Score: 53.9%

No Al Used 17 56.7%
Direct Reproduction 7 23.3%
Format-Based Refinement 4 13.3%
Interlingual Mediation 2 6.7%
Task 6 Overall Score: 71.7%

Direct Reproduction 14 46.8%
No Al Used 9 31%
Format-Based Refinement 4 13.8%
Interlingual Mediation 2 6.9%
Iterative Refinement 1 3.4%
Task 7 Overall Score: 80.0%

Direct Reproduction 21 70%
No Al Used 5 16.1%
Format-Based Refinement 2 6.5%
Interlingual Mediation 2 6.5%

The study’s “performance paradox” was most evident in the Task 4 referencing challenge. For this task, students had to use a non-standard
citation style, which ChatGPT could not accurately reproduce because it was trained on standard formats. In response, participants defaulted to a passive the direct
reproduction strategy and failed to verify the AI’s flawed output critically. This uncritical reliance on the model led to the study’s lowest success rate (26.3%),
highlighting the significant risks of passive cognitive offloading.

In contrast to the above results, passive Al use and high performance was identified in the metacognitive assignments (Tasks 6 and 7). These tasks
produced the study’s highest success scores (71.7% and 80.0%, respectively), a result achieved despite a predominant student reliance on the direct reproduction
strategy (used 46.8% and 70.0% of the time). This outcome suggests that for tasks emphasizing reflection and structure, the AI’s capacity to articulate student ideas
coherently aligns effectively with scoring rubrics, rendering even passive interaction a highly successful. The minimal use of active strategies, such as iterative
refinement or interlingual mediation, reveals a critical skills gap. Students consistently avoided the more cognitively demanding “middle ground” of human-Al
collaboration, opting instead for a simple binary choice: either do the work entirely alone or offload it passively to the Al

The study also examined the accuracy of participants’ self-reported Al contribution as an “integrity signal.” The comparison between self-reported
estimates and log data revealed a notable perception gap. While there were 204 instances of accurate calibration, there were also significant clusters of
misestimation: 98 instances of exaggeration (over-reporting Al use) and 27 instances of underestimation (under-reporting Al use). This indicates that, while overall
calibration was good, a substantial portion of interactions involved a mismatch between the perceived and actual Al contributions.

5) Discussion: Students use Al selectively, with high reliance on rule-based tasks like citation formatting and low reliance on nuanced interpretation, such
as image analysis. Qualitative analysis shows a clear divide: successful students acted as “cognitive partners,” using Al for refinement while maintaining critical
oversight, whereas unsuccessful students treated it as a “cognitive replacement,” offloading their thinking entirely. This supports the previous research linking
cognitive offloading to weaker critical thinking, especially when Al is used to bypass “desirable difficulty” [36]. Ultimately, zow students engage with Al is more
predictive of success than if they use it. A “performance paradox” emerged in the citation task, where the highest Al reliance correlated with the lowest success
rate (26.3%). This failure is twofold. First, LLMs are probabilistic systems, making them inherently unreliable for applying the strict, deterministic rules of a
unique citation style. Second, students failed to evaluate the output critically, blindly trusting the Al. This aligns with broader research showing that LLMs often
generate unsupported or fabricated citations [37, 38]. Success required active verification, underscoring critical evaluation as a core competency for students in the
current Al-assisted work environment.
6) Implications for Teaching & Policy:According to this study, incorporating generative Al into higher education should affect the way critical thinking
is taught, assessed, and guided by policy. Instructors need to help students build metacognitive skills and collaborate effectively with both peers and technology
[20]. The findings caution against overreliance, especially in rule-based tasks like citation, where students performed the worst when accepting Al outputs
unquestioningly. Thus, teaching practices and institutional policies should include Al use within a critical thinking framework. A key implication is the explicit
integration of Al literacy into instruction. As Saddhono, et al. [39] note, Al can support critical thinking, but students must also learn to evaluate its outputs critically.
Learning activities should include analyzing Al data, fact-checking evidence, and comparing outputs across tools or prompts to identify bias, inaccuracies, and
hallucinations [40]. Additionally, the study found that mostly copy-pasting is associated with weaker outcomes and that incorporating process assessment practices
could discourage passive copy-pasting. According to Cail [41], incorporating classroom assignments that require fact-checking generative Al outputs can enhance
students’ critical thinking skills, helping them develop a sharp eye for the quality, accuracy, and suitability of Al-generated content. Their study found that less
experienced students in fact-checking, trusted generative Al outputs more and had more errors than those with more experience, who spot more inaccuracies and
are cautious about trusting Al in the future. Likewise, Lamberti, et al. [42] mentioned about the structured critical thinking firstly to analyze Al-generated responses
for correctness and coherence, then to critique the outputs by identifying the flaws such as factual errors, logical gaps, or hallucinations, and finally to revise or
improve the AI’s answers with their own reasoning. As a consequence, rather than final-product assignments, process assessment practices are needed in the
classroom, such as incorporating fact-checked, structured critical thinking into the exercises. The role of prompting as a critical thinking exercise also needs to be
emphasized. Prompting requires structuring the request to guide Al models to give the desired outcomes [43]. This process not only influences the quality of Al
outputs but also requires students to engage in higher-order thinking by clarifying objectives, evaluating Al-generated responses, and fostering metacognitive
awareness rather than using Al as a cognitive substitute [44, 45]. The prompting for critical exercises should include models such as CRAFT, which help students
learn to scaffold their requests with precision, define context, adopt roles, and specify output formats that align with their goals [45]. The study also revealed a
notable perception gap between students’ self-reported estimates in human-Al collaboration. Subsequently, universities or institutes should develop clear disclosure
requirements for Al use, explicitly distinguishing between supportive applications (e.g., brainstorming, rephrasing) and substitutive applications (e.g., direct
reproduction of reasoning or output) to preserve the authenticity of student work while leveraging the benefits of AI [46]. This strategy is essential for addressing
the disruptive effects of generative Al tools on evaluation procedures and for upholding academic integrity. [46, 47]. Institutions can promote transparency, allow
educators to assess the degree of Al support in student work, and direct students toward the morally beneficial integration of Al as a learning tool rather than a
substitute for their own intellectual work by requiring transparent reporting. [48]. Overall, these implications call for a critical thinking paradigm that balances the
positions of Generative Al as a supportive tool for the correct usage while implanting safeguards that ensure authentic reasoning, ethical responsibility, and equitable
participation in higher education.

Limitations and Future Work: While this study provides valuable insights into student—AlI interaction, its findings are limited by context and sample size.
Results may not generalize across disciplines, academic levels, or cultural settings. The cross-sectional design, based on a single 120-minute session, captures only
a snapshot of behaviour, and the focus on ChatGPT-4o restricts applicability to other Al tools or future versions. To build upon this work, future research should
aim to address these limitations. Studies could employ larger, more diverse samples across various institutions and academic disciplines to validate these initial
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findings. Adopting longitudinal designs would be beneficial for tracking the development of students’ human-Al collaboration and critical thinking skills over an
entire semester or degree program. Additionally, intervention studies that assess the direct impact of pedagogical strategies, such as explicit instruction in prompt
engineering using models like CRAFT [45], could provide causal evidence of their effect on student performance and ethical awareness.

7) Conclusion: This study provides a detailed empirical map of how undergraduate students utilize generative Al for critical thinking, revealing that the
quality of engagement is a more powerful determinant of success than the quantity of Al use. The findings demonstrate that students rely most on Al for higher-
order cognitive processes, such as inference, decision-making, and metacognition. A clear distinction emerged between effective and ineffective Al integration.
Students who acted as “cognitive partners” by strategically using Al to filter, paraphrase, and refine their own thinking achieved stronger performance.
Conversely, students who treated Al as a “cognitive replacement” through direct copy-pasting demonstrated weaker outcomes. This was starkly illustrated by a
“performance paradox” in the citation task, where the highest Al reliance corresponded with the lowest success rate, a failure attributed to both the inherent
unreliability of LLMs for rule-based tasks and students’ lack of critical evaluation. Furthermore, the perception gap between students’ self-reported and actual AL
use highlights a significant ethical grey area, pointing to an urgent need for clear institutional policies on academic integrity and Al disclosure. Ultimately, this
research calls for a pedagogical shift that positions Al not as a threat to be banned, but as a tool to be mastered. By embedding Al literacy, prompt engineering,
and process-based assessment into the curriculum, higher education can foster an environment where students learn to collaborate with Al authentically and
effectively, ensuring that technology supports rather than supplants human critical thinking.
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