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ABSTRACT
This study aimed to explicitly examine cognitive patterns of prompt engineering, the role of pre-service 
teachers’ artificial intelligence literacy (AIL) and online self-regulated learning (SRL) abilities in their use 
of prompting skills to develop lesson plans. The study was designed as a convergent parallel exploratory 
mixed-methods study involving quantitative analysis of students’ data on achievement in lesson planning, 
SRL and AIL, and qualitative interpretative exploration of students’ prompt sets based on cognitive domain 
and argumentation levels. The quantitative data was collected from 63 sophomore college students in a 
Faculty of Education through a quasi-experimental study with pre and post achievement tests, an AIL scale 
and an online learning self-regulation scale. The participants attended the experimental procedure with AI-
PRO.ORG in a computer laboratory within two hours. Two raters analyzed a total of 1070 prompts on the 
basis of hierarchical level of taxonomy of cognitive domain, and prompt sets on the basis of argumentative 
characteristics in three levels. The thematic analysis of the prompts revealed that the prompts were categorized 
into seven different themes. Sets of statistical tests, including general linear model 2X2 ANOVA tests and t 
tests, were conducted with the participants’ quantitative data revealed that the study was effective in helping 
participants, regardless of level of SRL and AIL, to develop knowledge of lesson planning. The study then 
merged quantitative and qualitative results revealing implications for generative AI based college learning 
environments, and perspectives to inform new studies of learning and teaching with AI applications.

Keywords: Artificial intelligence literacy, self-regulated learning, lesson planning.

INTRODUCTION
Advancements in technology provide teachers and students with different tools for increasing power of 
teaching and learning respectively. One of these tools is artificial intelligence (AI) applications based on 
large language models (LLM), e.g., ChatGPT. These applications may author exam questions, generate 
drill items, answer questions, score exam papers, solve problems, provide feedback, and suggest learning 
resources available in or out of a learning management system. For these reasons, teachers and students 
should be informed about the abilities of ChatGPT, and develop knowledge and skills about employing 
those applications to generate materials, and knowledge of evaluating quality of a ChatGPT generated 
patterns.
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Precision of answers to questions and/or content generated by ChatGPT are, however, dependent upon 
the quality of users’ prompts. A prompt in those applications is a user’s input which determines how model 
of the application will execute to answer the query. Therefore, prompts with clear conceptual boundaries 
and with precise directions in a context help an AI application generate content and answers correctly 
and, in turn, help the prompt owner accomplish her objectives. The interaction between ChatGPT and 
its user takes place in a mode of multi-turn conversations that require the user to first enter a well-
planned prompt, then to carefully study and evaluate responses to that prompt, and, in accordance with 
the evaluation, to revise the initial prompt. The user may form and follow different prompt engineering 
strategies (e.g., prompt grouping) based on her study of answer patterns of ChatGPT. Additionally, though 
these applications provide an easy-to-communicate chat setting for students, how those applications 
generate content and maintain a multi-session conversation is not a transparent process. Students’ level of 
AIL may play a role in engineering higher quality prompts (Grajeda et al., 2024; Gupta & Chen., 2022). 
Further, another imminent variable affecting quality of the interaction between a student and ChatGPT 
and quality of that student’s prompts may be self-regulation abilities which a student employs in the 
process of content generation with the help of ChatGPT and learning from that content. Self-regulation 
abilities, as goal setting, self-monitoring, self-instruction and self-reflection (Cheng et al., 2025), require a 
learner to control a learning environment, and help a student to maintain thinking and cognitive process 
while interacting with ChatGPT. 
Research on the perspectives of college students’ (pre-service teachers) using ChatGPT through prompt 
engineering, and on how AIL and SRL ability affect prompting behavior, and, in turn, learning from outputs 
of the AI application, is lacking (Knoth et al., 2024). This aspect is particularly important when considering 
the implications of ChatGPT in the context of teacher education. Current study addresses this issue, 
cognitive patterns of prompt engineering, and explicitly examines the role of pre-service teachers’ AIL and 
online learning self-regulation in their use of prompt engineering skills to develop lesson plans. In support 
of this notion, the current study further explored the effect of ChatGPT support on preservice teachers’ 
learning of lesson planning.  

LITERATURE REVIEW
LLM-AI based ChatGPT is capable resources for assisting students trigger metacognitive strategies in their 
learning processes (Saiz-Manzanares et al., 2023). Due to rich and speedy facilities of ChatGPT, considering 
the use of these resources for teaching and learning seems inevitable, and they may become part of the 
new learning technology in college education (Essel et al., 2024). A learner uses prompts to interact with 
ChatGPT to generate content, e.g., a lesson plan, and to learn the generated content, the learner manages 
cognitive and metacognitive strategies including self-regulation strategies. The learner plans relevant 
prompts required by a given task, develops and inputs those individual prompts, compares output content 
of ChatGPT in accordance with the prompt for the given task, then evaluates the prompt content and 
output content to debug the prompt to get ChatGPT to change or improve the generated content by the 
help of enriched prompts. Within these cognitive and metacognitive processes, the learner has to monitor, 
elaborate and reflect on her own activities for learning the generated content (Cheng et al., 2025; Janssen 
et al., 2019). Further, using ChatGPT as a source of co-construction of content, and, in turn, learning, the 
learner manages the given tasks, her own prompts and ChatGPT generated content (Dahri et al., 2024; 
Robertson et al., 2024). 
In colleges, research reveals that facilitating conditions of LLM-AI based ChatGPT increase preservice 
teachers’ behavioral intention to incorporate AI in lesson planning (Acquah et al., 2024). However, research 
on benefitting ChatGPT application in learning and instruction in higher education yield different results 
in different domains, for example, science education (Cooper, 2023), mathematics (Urrutia & Araya, 
2024), physics (Dahlkemper et al., 2023), chemistry (Fergus et al., 2023), pharmacology (Choi, 2023), 
biology (Das et al., 2023), bio-statistics (Ignjatovic & Stevanovic, 2023), creative writing (Niloy et al., 
2023), economy and computer programming (Lo, 2023), and pedagogy (Tirado-Olivares et al., 2023). 
Students’ disposition towards the use of these new genres of technology in generating academic content 
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was generally positive (Tapan-Broutin, 2023). Also, college students’ use and acceptance of ChatGPT 
tools for academic purposes, their perceived ease of use and perceived help abilities were favorable (Adams 
et al., 2023; Kaplan et al., 2024). Further, research comparing impact of ChatGPT-based learning and 
lectures on motivation (e.g., Yin et al., 2021), showed that students in the ChatGPT learning group 
achieved considerably higher intrinsic motivation than the lecture group. Nevertheless, there are studies 
(e.g., Grajeda et al., 2024) reporting that college students have reservations on proficiency of ChatGPT. 
In a study by Tirado-Olivares and colleagues (2023), preservice teachers failed to find out differences 
between textual content generated by ChatGPT and a human. In a similar vein, Fleckenstein and 
colleagues (2024), found that preservice and in-service teachers, over relied on AI, could not distinguish 
textual content generated by an AI application and a human, most of them were also unable to pinpoint 
deficiencies in AI generated text, and failed to question sources used in those texts. To accomplish effective 
learning outcome for students, creation of specific learning scenarios for incorporating technological 
resources to support learning based on effective pedagogical designs is advocated (Alsafari et al., 2024; 
Gupta & Chen, 2022; Yin et al., 2021). 
Abilities of the LLMs are improving rapidly, many of the earlier studies employed ChatGPT 3 & 3.5. 
According to some meta-analysis (Cavalcanti et al., 2021; Yan et al., 2023; Wollny et al., 2021), good 
quality pedagogical outputs of LLMs, along with good prompting strategies, require critical intervention of 
the students, and the studies report that those systems are not yet able to automatically serve teaching and 
learning tasks, and management of learning environments. Additionally, lack of competence in employing 
the online SRL strategies negatively affected college students’ active engagement in online learning tasks and 
caused failure in developing knowledge and skills (Zhang et al., 2024). Hence, SRL processes in interacting 
with ChatGPT becomes a critical variable to investigate. These aspects are discussed below.

SELF-REGULATED LEARNING AND LEARNING WITH AI APPLICATIONS
SRL refers to one’s self-initiated processes of cognition, metacognition and affective behaviors for attaining 
her own learning goals (Zimmerman, 1998, p. 73). These processes involve goal setting, activity planning, 
adoption of strategies, self-reflection and adapting environment. Within a framework of socio-cognitive 
theory, Zimmerman (2013) recommends that SRL should support students: a) to specify a goal before 
handling a given task and to plan strategies of accomplishing the specified goal, b) to monitor and to control 
their own learning whilst employing different strategies, and c) to assess contributions of their own activities 
to their own learning. SRL helps a student to specify objectives in her own learning process, to monitor her 
own knowledge development, to determine strategies depending on the feedback received, and to conduct 
self-reflection activities (Virtanen et al., 2017). For this reason, SRL has the potential to increase learning 
motivation, engagement and achievement in activities. Students’ SRL is supported by two primary processes 
(Winne & Hadwin, 1998): one is metacognition during learning, and the second is strategies employed in 
learning activities. Students have to monitor their own learning on basis of their learning objectives, and 
if a progress in learning is not observed, then the current learning strategy should be altered. Accordingly, 
SRL requires a student’s active participation in learning so that she can apply and use learning resources in 
different ways.
Many studies conducted in different school levels, P-12 to college level, and in informal learning 
environments, report meaningful interaction between achievement and SRL (Gruneisen et al., 2023; Lee 
et al., 2023; Chen et al., 2023; Cho et al., 2017; Fong et al., 2023). Students’ SRL level significantly affects 
their motivation, academic perseverance and academic achievement (Bannert et al., 2015; Hadwin et al., 
2010; Muenks et al., 2017; Saiz-Manzanares et al., 2023). For example, preservice teachers with strong SRL 
abilities outperformed the ones with less self-regulated learners on comprehension of techno-pedagogical 
content (Huang et al., 2021). Furthermore, meta-analysis studies (Fong et al., 2023; Xu et al., 2023) 
confirm that students’ SRL level plays a great role to increase their achievement in both technology-based/
supported learning environments and conventional learning environments with less technology integration. 
For instance, Gruneisen and colleagues (2023) showed that students’ SRL level is a mediating variable 
between executive function, part of one’s cognitive system, and achievement, through impacting students’ 
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motivation for working on learning objectives and completing the given tasks. Another study (Lee et al., 
2023) observed that students who completed tasks in an experimental setting where SRL strategies are used 
more, compared to a control group, benefitted more from learning resources, and consecutively, achieved 
more learning objectives. SRL interacts with some other variables, e.g., community of inquiry, impacting 
learning. To illustrate, students with high level of SRL have a higher level of perception of community 
of inquiry compared to students with low level of SRL, and develop more positive affective outcomes in 
learning (Cho et al., 2017), and they are better at managing extraneous cognitive load and at eliminating 
distracting sources in learning environments (Lee et al., 2023). Moreover, students’ efficient use of SRL is 
very much affected by their perceptions of key variables: instruction, self-efficacy in academical tasks and 
creativity (Mulyadi et al., 2016), social supports provided by peers, teachers and parents (Rubel, 2008), and 
autonomy in learning (Morssink et al., 2024).
Experimental studies showed that students’ consideration of feedback, self-assessment and self-reflection in 
a learning activity play roles of a moderating variable between students’ anxiety, perception of self-efficacy 
and learning. Once teachers encourage students to self-reflect more often decreased students’ anxiety and, 
sequentially, increased learning (e.g., Pai et al., 2017). Recently, Darvishi and colleagues (2024) investigated 
college students’ control of their own learning as part of SRL in a ChatGPT environment; when students 
had ChatGPT opportunities to control their own learnings, they used their SRL more effectively in learning 
than the condition without ChatGPT support. 
SRL is one of the main abilities that determines a student’s way of interacting with a learning resource, 
ChatGPT, and the types of prompts she generates for interaction. In order to learn a particular content, 
students need to plan, question, investigate, reason and find out connections within a knowledge pattern, 
analyze evidences for an argument, and develop dialectical arguments. In such cognitive processes, if a 
teacher is present, she helps students to activate those thinking patterns (Caulfield-Sloan & Ruzicka, 
2005), and SRL helps to maintain thinking patterns. However, for example, in technology-based learning 
environments without a teacher’s guidance and support, responsibility for initiating inquiry processes is 
entirely on individual students. Hence, these environments must support students’ self-regulated learning 
for their active engagement (Pedrosa et al., 2016). In many of the studies conducted on SRL, an instructor 
is an imminent member of the learning environment where the instructor is present to prepare students 
for learning and ready for possible intervention during and after learning activities. Nevertheless, college 
students in face-to-face or distance learning settings may interact with ChatGPT away from teachers and 
have to manage their own learning.
College students benefit from ChatGPT to seek answers to their questions, to establish a base for their own 
work and to use outputs of ChatGPT as a reference point for thinking. They may also use these technologies 
as a source of SRL strategy to guide their learning (Saiz-Manzanares et al, 2023), as part of learning activity 
(Darvishi et al., 2024) and as a source of immediate feedback provider (Escalante et al., 2023). Further, few 
studies reported that students increased their level of SRL and self-efficacy (Wu et al., 2024), and critical 
thinking skills (Zhang & Tur, 2023) after studying with ChatGPT. Conversely, it has been reported that use 
of ChatGPT for learning purposes decreased students’ critical thinking, and increased students’ reliance on 
ChatGPT (Molenaar, 2022; Vargas-Murillo et al., 2023). In a similar study (Cai et al., 2023), students’ over- 
reliance on ChatGPT mitigated their cognitive engagement, and inhibited their consideration of multi-
perspectives in task handling. Hence, students should be encouraged to use SRL strategies to activate their 
higher-order thinking when learning within ChatGPT. 
In AI-based learning environments, environmental dynamics and the richness of massive resources, make 
the need for AIL to facilitate SRL even more evident (Xu et al., 2025). AIL, defined by Lintner (2024, 
p.1) as “the ability to understand, interact with, and critically evaluate AI systems and outputs,” is vital 
in human-AI interaction. AIL is a multidimensional construct covering technical proficiency, attitudes, 
emotional responses, values, and ethical awareness related to AI use (Wang & Wang, 2025). In AI-based 
learning environments, AIL has appeared as a critical personal quality connected to students’ ability to 
meritoriously use AI tools for academic tasks (Shi et al., 2025). Students have to continuously monitor 
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their learning goals, generate prompts in accordance with the goals, evaluate responses from ChatGPT 
and adapt their learning strategies. At all these processes, high levels of SRL and AIL are necessary for 
effective co-regulation with AI tools, particularly when the reliability and accurateness of AI responses 
may be questionable (Lodge et al., 2023).
Recent studies regarding AIL recommend that college students with advanced prompt engineering and 
critical questioning skills can significantly improve the quality AI tool-supported content (e.g., Shi et al., 
2025). Besides, students carefully monitor fabrication of inaccurate information by AI tools (Onder & 
McCabe, 2025). Shi and colleagues (2025) conducted a path analysis in a study investigating associations 
between SRL, AIL and academic writing tasks, the study revealed that both AIL and SRL were positively 
associated with writing performance in the context of ChatGPT-assisted learning. In a similar study, Kim 
et al., (2025) found that individuals with high AIL evaluated themselves as more self-efficient and capable 
of generating relevant content, and produced accurate content with the help of AI tools. Also, a study with 
healthcare students (Sengul et al., 2025) revealed that AIL meaningfully improves students’ SRL, however, 
positive attitudes toward AI alone isn’t sufficient to independently enhance SRL. Further, Ji and colleagues 
(2025) conducted a structural equation modeling with a survey data from college students to point out the 
relationships among students’ AIL, psychological need satisfaction, creative self-efficacy, SRL, and innovative 
behavior: SRL is a variable serving as a mediator between AIL and innovative behavior, and AIL influences 
students’ utilization of SRL to regulate innovation processes. Hence, it supports the application of AI tools 
in producing innovative behavior. In conclusion, research findings are in line with Zimmerman’ SRL theory 
(2013) suggesting that students with higher self-regulatory abilities are more adept at employing different 
tools (requiring tool literacy) and varying metacognitive strategies as well as tuning their behaviors to improve 
learning performance.

LESSON PLAN DEVELOPMENT, SRL AND AI
Most learning units at a college level demand higher order thinking. For example, lesson plan development 
is such a unit for preservice teachers. A pedagogically sound lesson plan is defined as the organization 
and tailoring of instructional materials with appropriate strategies, activities and media; lesson planning 
enables teachers to facilitate students in accomplishing learning objectives (Anggrella et al., 2023), and 
guides in-service and pre-service teachers in assisting their teaching practice (Cunado & Abocejo, 2019). 
Hence, lesson planning, playing a role of a bridge between theory and practice of instruction, is seen 
as an essential skill for all teachers (Anggrella et al., 2023). Correspondingly, recent research addresses 
positive effect of lesson planning on student engagement (Groβmann & Kruger, 2024) and development 
of teaching skills (Zaragoza et al., 2021). According to Konig and colleagues (2021), lesson planning 
requires teachers to go through six significant cognitive processes as “content transformation, task 
creation, adaptation to student learning dispositions, clarity of learning objectives, unit contextualization, 
and phasing”. However, research shows that preservice and novice teachers face difficulties in selecting 
appropriate learning resources and media as well as scheduling of learning activities (Anggrella et al., 2023), 
and in justifying planning decisions (Zaragoza et al., 2023). Furthermore, Weitzel and Blank (2020), 
for example, found that preservice teachers often do not consider students’ conceptions, assessment of 
learning, and the structure of teacher‐class dialogs in their lesson plans. ChatGPT may help preservice 
teachers to handle multi-dimensional tasks of lesson planning.
Recent research provided some insights on influence of the fundamental variables on preservice teachers’ 
willing to use AI into their lesson planning. Those variables are performance expectancy and facilitating 
conditions (Acquah et al., 2024), individual competency, perceived AI usefulness, positive disposition 
towards AI applications, and metacognitive self-regulation in learning (Dahri et al., 2024), beliefs regarding 
instruction, play and surprise (Smith et al., 2025), and technological, pedagogical and content knowledge of 
preservice teachers (Yang et al., 2025). Though there are commercially developed lesson planning applications 
(e.g., TeacherMatic, and Tbot) with embedded prompt sets and built-in AI assistants, most of them require 
additional tools for editing, formatting and tailoring, and limits novice teachers’ creativity within boundaries 
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of the frameworks those applications implement. Also, those applications often fail in aligning lesson plans 
with learning objectives of the curriculum, and in developing learning activities which enable students to 
overcome learning difficulties in a given unit. 
Although ChatGPT is neither an individualized and systematic teaching tool nor an intelligent tutoring 
system, this technology has the potential to be part of a learning environment with its abilities of generating 
answers to prompted inquiries, and providing feedback about an input. Because patterns of student-ChatGPT 
interaction is new, how do students handle that interaction and what sort of possible consequences would 
be observed needs further investigation (Lin & Chang, 2023). Additionally, how preservice teachers and in-
service teachers employ ChatGPT as an educational technology tool and to what extent they activate their 
higher-order thinking skills in their interaction (Montenegro-Rueda et al., 2023) is not thoroughly studied. 
Therefore, this study investigated interaction between students’ SRL, learning with ChatGPT, and AIL. In 
this regard, the study particularly answered the following research questions:

•	 What are preservice teachers’ cognitive and argumentation levels of prompts engineered in a LLM-AI?
•	 To what extent preservice teachers develop knowledge through interaction with a LLM-AI?
•	 To what extent preservice teachers’ levels of SRL and AIL, and prompts affect their learning within a 

LLM-AI?

METHOD
This research was designed as a convergent parallel exploratory mixed-methods study (Creswell & Plano-
Clark, 2007) involving quantitative analysis of students’ data on achievement in lesson planning, SRL ability 
and AIL, and qualitative interpretative exploration of students’ prompt sets based on cognitive domain and 
argumentation levels. The quantitative data was collected from 63 sophomore college students through a 
quasi-experimental study with a pre and post achievement test, an AIL scale with 31 items, and a SRL scale 
with 24 items.
College students (n=70), studying in a Faculty of Education of a state university, and attending a materials 
development course, were invited to participate in the study. The participants were provided with a one-
month subscription to a LLM-AI application, AI-PRO, worth $25. Generative AI tools serve multi-
purposes in many domains. These tools generally do not suggest prompts to their users, but domain or 
profession-specific AI tools provide prompt suggestions along with built-in prompt sets, represented as 
buttons to interact and/or specific task menus. However, profession-specific tools (e.g., TeacherBot) serve for 
a limited domain. For that reason, many users prefer to have multipurpose AI tools to receive AI assistance 
in accomplishing tasks in many different domains (e.g., AI-PRO ChatGPT). Therefore, college students 
are more familiar with those multi-purpose AI tools, and to observe students’ prompt production process 
without any help, a multi-purpose system, AI-PRO ChatGPT, is preferred in the study.
All participants attended the study on a voluntary basis, signed a consent form and were free to leave 
the experiment at any time, seven students did not complete the experimental process, and the study 
was completed with 63 sophomore students studying a bachelor’s degree in teaching one of the fields of 
physics, chemistry, mathematics, foreign language, computation and psychological counseling. None of 
the participants received formal training on lesson planning before the experiment. The paper based pre 
and post tests included items of conceptual and procedural knowledge on “developing a lesson plan based 
on either technology-based or technology-supported instruction involving explorative or direct instruction 
components considering all phases of an instruction, and on knowledge of pedagogical justification of 
components of proposed lesson plan”. The participants also answered an AIL scale (Yilmaz & Yilmaz, 
2023) and an online SRL scale (Kilis & Yildirim, 2018) prior to the experiment. The SRL scale is a 
5-points Likert scale (alpha=0.95) with six sub-dimensions of goal setting, environment structuring; time 
management; help seeking; task strategies; and self-evaluation. The AIL scale (Yilmaz & Yilmaz, 2023) 
is a 7-points Likert scale (alpha=0.99) with three sub-dimensions of technical understanding, critical 
appraisal and practical application. 
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The participants attended and completed the experimental procedure with AI-PRO in a computer 
laboratory within two hours. By the help of AI-PRO application, they completed a lesson plan development 
task similar to the one specified in the pre-test. They completed all tests and the experiment on an 
individual basis. Because college students may often individually interact with ChatGPT environments to 
complete a task without a teacher’s support, any instructional intervention to the participants’ interaction, 
e.g., instructional support or prompts, by the researchers during and after the study was not provided to 
observe their management of the AI-PRO as a learning source. The participants’ prompt generation and 
outputs of AI-PRO application in the experiment were recorded. Finally, the post test was administered 
after a week.

DATA ANALYSIS AND RESULTS
The records of the participants’ interaction with AI-PRO were handled in MAXQDA24 software, and 
all quantitative data in SPSS28 software. Two raters first individually analyzed a total of 1070 prompts 
generated by 63 participants. The raters, first, individually evaluated each prompt on the basis of hierarchical 
level of Bloom’s taxonomy of cognitive domain (Krathwohl, 2002). Then the raters worked together to 
resolve discrepancies on the level of each prompt. In a similar manner, also, the two raters evaluated each 
participant’s prompt sets on the basis of argumentative characteristics. A proposal argument (Long et al., 
2020), which presents a specific solution to a given issue, contains a ground of a problem, details of the 
proposed plan for a solution and justifications of the proposal explaining why the plan is advantageous (in 
this study, we categorized these types of arguments as level one). When the proposed plan lacks justifications 
or the proposed plan is vague, these types are categorized as level zero. Further, when the proposed argument 
contains alternative plans and viewpoints, justifications of those alternative plans, comparative statements 
and a conclusion of comparisons based on evidences for each plan, the argument becomes a dialectical 
argument (categorized as level 2 argument).

Themes and Cognitive Level of Prompts
The thematic analysis of the prompts revealed that the prompts were categorized into seven different themes. 
The themes and frequency of prompts in each theme are given in Table 1. About two-thirds of the prompts 
(61,78%) were on developing a lesson plan in a chosen learning unit, about one-fifth (20.28%) were on 
pedagogical justifications of a lesson plan component, and the least number of prompts (1.40%) were on 
questioning phases of an instruction. Number of prompts requesting to compare more than one method of 
lesson planning was also small (5.86%).
Low-mental processing prompts constituted 8.48% of total prompts, 2.41% is at remember level and 6.07% 
is at understand level (Figure 1), showing that the participants produced small number of prompts on the 
definition of concepts and conceptual properties of processes required in the given tasks. The participants 
developed a significant number of high-mental processing prompts, though, many participants disprefer 
getting AI-PRO to explain concepts in details, but preferred a shallow explanation of concepts rather than a 
deep conceptual questioning.
Most participants were successful at developing prompts in multi-turn conversations (prompts successively 
covering explanatory information, data set and some contextual information together). The participants 
generally created and inputted comprehensive prompts to achieve their goal of having a lesson plan on their 
chosen learning domain, and, in accordance with the ChatGPT output, they added new information to 
their prior prompt or quoted and integrated some part of the output in their new prompt. Many participants 
did not develop their prompts in a systematic hierarchy of cognitive domain, but some participants’ prompt 
development followed a hierarchy as application, analysis and create levels respectively (Figure 2). However, 
most of the participants did not develop any prompts at a level of remember (49; 78%), understanding (36; 
57%), and create (51; 81%). Merely one participant did not have any prompts at analysis level, and five 
(8%) at application level. Further, none of the participants developed a prompt at evaluation level.
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Table 1. Distribution of prompts on each theme

Themes Participants # of prompts Percentages 

Explanatory 63 57 5.33

Confirmatory 63 20 1.87

Phases of instruction 63 15 1.40

Types of technology & Software 63 52 4.86

Development of lesson plan (LP) 63 661 61.78

Development of components of LP 63 48 4.49

Pedagogical justification 63 217 20.28

Total 63 1070 100.00

Whilst the task given to the participants required them to use the AI-PRO to develop a lesson plan based on 
either technology-based or technology-supported instructional strategies, only a small number of participants 
created prompts questioning names and properties of those instructional strategies, and differences between 
those strategies. Similarly, a small number of prompts questioned possible technologies and examples of 
specific software tools to be used in those instructional strategies. Additionally, though some outputs of the 
AI-PRO pointed out some technologies and examples of specific software tools, only 52 (4.86%) out of 1070 
prompts had a content regarding possible technologies and examples of specific software tools. Similarly, 
many participants indicated the use of some types of educational technologies (i.e., AR, VR, Simulation, 
and Kahoot), and small portion of participants specified use of serious games at drill and practice phase 
of their planned lesson. Some participants included the use of AI technologies in phases of their lesson 
plans, however, did not specify clearly how to integrate AI technologies. Many (80%) participants included 
pedagogical justifications for each component of their lesson plans in the AI-PRO environment, though, 
only small number of participants (10%) included pedagogical justifications for each component of their 
lesson plans in the post test. 

Figure 1. Distribution of prompts on taxonomy of cognitive domain
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Figure 2. The participants’ order and level of prompts

The same two raters examined and assessed the participants’ answers to the pre and posttests. Whilst the 
participants’ post test scores were significantly higher than their pre-test scores, and most of their prompts 
to the AI-PRO were at application and analysis level, high mental processing prompts, in the post test, 
only a small number of participants provided answers at an analysis and/or create level. Likewise, regarding 
remember and understand levels, many participants did not develop any prompts in the AI-PRO activities. 
Nevertheless, in the post test, many participants provided answers, shallow in nature, at remember and 
understand levels. This points out that the participants are successful in engineering prompts for the AI-
PRO, but most of them fail to study thoroughly the answers to those prompts generated by the AI-PRO.
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Table 2. The terms used at least three times in the prompts and percent of these terms among all terms
Terms % Terms % Terms %
learning 2.25 interest 0.29 technological 0.17
lesson 2.00 introduction 0.29 theory 0.17
student 1.38 language 0.29 unit 0.17
teaching 1.33 life 0.29 academic 0.13
plan 1.21 participation 0.29 angles 0.13
skill 1.21 problem-solving 0.29 AR 0.13
activity 1.17 program 0.29 attention 0.13
feedback 1.00 real-life 0.29 background 0.13
method 0.92 resources 0.29 case 0.13
group 0.84 virtual 0.29 continuous 0.13
pedagogical 0.83 alternative 0.25 course 0.13
knowledge 0.79 basic 0.25 data 0.13
simulation 0.79 curiosity 0.25 decimal 0.13
social 0.79 daily 0.25 detailed 0.13
technology-supported 0.75 duration 0.25 different 0.13
cognitive 0.71 emotion 0.25 discovery 0.13
game 0.71 evaluation 0.25 drill 0.13
application 0.67 experience 0.26 effectiveness 0.13
interactive 0.67 interaction 0.25 elementary 0.13
motivation 0.67 level 0.25 expressions 0.13
technology-based 0.67 management 0.25 general 0.13
development 0.58 personal 0.25 global 0.13
questions 0.58 problem 0.26 history 0.13
assessment 0.54 school 0.25 hours 0.13
video 0.54 time 0.25 individual 0.13
awareness 0.50 active 0.21 integration 0.13
education 0.50 artificial 0.21 intrinsic 0.13
goal 0.50 benefits 0.21 mistakes 0.13
system 0.50 brainstorming 0.21 mixtures 0.13
thinking 0.50 collaboration 0.21 mobile 0.13
discussion 0.46 collaborative 0.21 model 0.13
technology 0.46 empathy 0.21 natural 0.13
therapy 0.46 engagement 0.21 observation 0.13
topic 0.46 historical 0.21 outcomes 0.13
understanding 0.46 maps 0.21 peer 0.13
connection 0.42 pedagogy 0.21 performance 0.13
critical 0.42 quiz 0.21 physical 0.13
Kahoot 0.42 self-assessment 0.21 positive 0.13
online 0.42 videos 0.21 present 0.13
tools 0.42 work 0.21 reality 0.13
visual 0.42 abuse 0.17 research 0.13
class 0.38 art 0.17 responsibility 0.13
emotional 0.38 attention-grabbing 0.17 review 0.13
materials 0.38 calming 0.17 self-awareness 0.13
presentation 0.38 context 0.17 sessions 0.13
process 0.38 environment 0.17 setting 0.13
survey 0.38 focus 0.17 short 0.13
technique 0.38 forums 0.17 small 0.13
approach 0.34 geometry 0.17 solving 0.13
communication 0.33 multiplication 0.17 specific 0.13
concept 0.34 neglect 0.17 structures 0.13
digital 0.33 numbers 0.17 studies 0.13
prior 0.33 objectives 0.17 support 0.13
rationale 0.33 practical 0.17 teacher 0.13
child 0.29 quiz 0.17 teamwork 0.13
content 0.29 reasons 0.17 tenses 0.13
educational 0.29 reinforcement 0.17 tests 0.13
examples 0.29 role-plays 0.17 traditional 0.13
grade 0.29 self-confidence 0.17 university 0.13
intelligence 0.29 sensory 0.17 VR 0.13
    styles 0.17    
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In the AI-PRO activities, many participants failed at carefully considering all phases of an instruction, 
and at pedagogically justifying each learning activity specified in their lesson plan. Also, many failed at 
specifying how students may be guided, and how instructional support may be provided. Further, some 
participants’ lesson plans did not have any feedback mechanisms. The participants generally tended to 
develop a comprehensive lesson plan with the components recommended by the AI-PRO, and tried to 
improve properties of the suggested components. They prompted the AI-PRO to provide enough details 
and explanations for each component. Nonetheless, they wrote down shallow explanations in the post test. 
More than half of the participants (52%) in the AI-PRO environment and all participants in the post test 
did not create and compare more than one type of lesson plan. Most participants’ prompt sets (58; 92%) is at 
level one argumentation, only two participants produced prompt sets at level two argumentation, dialectical 
arguments, and three participants’ prompt set were at level zero, without sufficient argument properties. It 
seems that when there is too much writing load which would be handled by the AI-PRO, the participants 
generally prompt that request, however they often find it sufficient to briefly explain a comprehensive 
multifaceted answer with titles, and pretend to write long explanations on their paper in the post test. This 
and the others show lack of mastery of the content studied, and metacognitive laziness.
In addition to argumentation qualities and cognitive level of prompts, the two raters analyzed the terms used 
in each prompt. The terms used at least three times in the participants’ prompts and percent of these terms 
among all terms are given Table 2. The participants’ use of technical terms in their prompts are favorably 
relevant to the task given. The terms are classified under eight themes as plan, technology, student, pedagogy, 
learning, instruction, content and activity. Figure 3 summarizes frequency of terms in categories.

Figure 3. Classification of the terms used in the prompts and their frequency

Quantitative Findings
In addition to qualitative analysis of the participants’ prompts and their answers to the pre and post-tests, 
following the confirmation of normality assumptions, an independent samples t test (t(61)= 1.578; p=.120) 
showed that low (X: 20.5; SD: 9.90) and high (X: 25.00; SD: 12.40) level of SRL participants’ pre-test 
mean scores are identical. Besides, considering Bonferroni correction, paired sample t tests revealed that the 
participants (a) with low SRL scores made significant (t(36)= 12.513; p=.0001) progress from the pre-test (X: 
26.91; SD: 17.93) to the post test (X: 49.73; SD: 18.63), b) with high SRL scores made significant (t(25)= 
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10.272; p=.0001) progress from the pre-test (X: 25.30; SD: 19.81) to the post test (X: 53.08; SD: 17.83), 
(see Table 3), c) with low AIL scores made significant (t(36)= 8.183; p=.0001) progress from the pre-test (X: 
26.42; SD: 13.18) to the post test (X: 51.35; SD: 19.17), d) with high AIL scores made significant (t(25)= 
7.587; p=.0001) progress from the pre-test (X: 22.64; SD: 11.10) to the post test (X: 50.76; SD: 17.18), (see 
Table 4). Further, considering both groups’ overall learning, a paired-sample t test (t(62)= 11.201; p=.0001) 
revealed that the participants’ post-test mean score (X: 51.111; SD: 18.23) is significantly higher than their 
pre-test mean score (X: 24.86; SD: 12.41), Cohen’s d effect size of 1.68. It is worth noting that despite a large 
effect size, the post-test mean score (51.111 out of 100) is a modest score.

Table 3. Paired samples t test on high and low SRL students’ achievement

Pretest Posttest

Mean SD Mean SD t p

Students with low SRL 26.91 17.93 49.73 18.63 12.513 0.0001

Students with high SRL 25.30 19.81 53.08 17.83 10.272 0.0001

Table 4. Paired samples test on high and low AIL students’ achievement

Pretest Posttest

Mean SD Mean SD t p

Students with low AIL 26.42 13.18 51.35 19.17 8.183 0.0001

Students with high AIL 22.64 11.10 50.76 17.18 7.587 0.0001

Table 5. A Pearson correlation coefficients matrix on SRL, AIL and achievement variables

Note:  *p<.05, **p<.01 

Interaction between SRL, Cognitive Level of Prompts, and Achievement
A general linear 2x2 ANOVA test was conducted to analyze independent and interactive effects of level 
of SRL and cognitive level of prompts on achievement in the AI-PRO environment. Following the 
confirmation of ANOVA test requirements, including correlation (Table 5) and Levene equality of variance 
test (F(1,61)=0.236; p=.629), 2X2 ANOVA test (Table 6) revealed that the participants’ cognitive level of 
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prompts (F(1,3)=0.406; p=.526; ἡ2=.007) and level of SRL (F(1,3)=3.382; p=.071; ἡ2=.005) independently or 
interactively F(1,3)=3.559; p=.064; ἡ2=.005; R2 =.064) did not significantly affect their achievement.

Table 6. Interactive effects of SRL and prompt level on achievement

Source Sum of 
Squares df Mean 

Square F Sig. Partial Eta Squared

SRL 1150.582 1 1150.582 3.382 0.071 0.054

PromptLevel 138.132 1 138.132 0.406 0.526 0.007

SRL* PromptLevel 1211.069 1 1211.069 3.559 0.064 0.057

Error 20074.567 59 340.247

Impact of Level of SRL on Prompt Number and Achievement
To investigate impact of the participants’ level of SRL on their prompt development in the AI-PRO 
environment, and on their achievement in lesson planning (difference in pre- and post-test scores) two 
independent samples t tests, considering Bonferroni correction, were conducted. Because the maximum 
score of SRL is 5.00, a SRL mean score between 3.491 and 5.00 formed the high SRL group, and other SRL 
mean scores smaller than 3.491 formed the low SRL group. The first t test (t(61)=0.335, p =.738) revealed that 
achievement of the participants with low SRL (X: 25.30; SD: 19.81) and the ones with high SRL (X: 26.91; 
SD: 17.93) were identical (Table 7). The second t test (t(61)=0.406, p =.687) revealed that mean number of 
prompts of the high SRL groups (X: 15.69; SD: 4.13) and the low SRL group (X: 15.22; SD: 4.87) were 
similar (Table 8).

Table 7. Independent samples t test on high and low SRL students’ achievement

Mean SD t p
Students with low SRL 25.30 19.81

0.335 0.738
Students with high SRL 26.91 17.93

Table 8. Independent samples t test on high and low SRL students’ number of prompts

Mean SD t p

Students with low SRL 15.22 4.87
0.406 0.687

Students with high SRL 15.69 4.13

Further comparative tests examined the impact of the participants’ level of sub-dimensions of SRL on their 
achievement in lesson planning.  Independent samples t tests showed that, among six sub-dimensions of the 
SRL scale, only the mean scores of sub-dimension of environment structuring had a significant (t(61)=2.215, 
p =.030) impact on the participants’ achievement scores: Mean achievement score of the participants with 
high environment structuring scores of the SRL (X: 28.934; SD: 18.07) outperformed the ones with low 
environment structuring scores of the SRL (X: 16.82; SD: 17.89). All other sub-dimensions of the SRL did 
not impact the participants’ achievement level significantly. 

Interaction between SRL, AIL and Achievement
In order to analyze independent and interactive effects of level of SRL and AIL on achievement in the 
AI-PRO environment, a general linear 2x2 ANOVA test was conducted. Following the confirmation of 
ANOVA test requirements, including Levene equality of variance test (F(1,61)=0.120; p=.948), 2X2 ANOVA 
test (Table 9) revealed that the participants’ AIL (F(1,3)=0.661; p=.419, ἡ2=.011) and level of SRL (F(1,3)=0.171; 
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p=.681; ἡ2=.003) independently or the participants’ AIL and level of SRL interactively (F(1,3)=0.372; p=.544; 
ἡ2=.006; R Squared =.017) did not significantly affect their achievement.

Table 9. Interactive effects of SRL and AIL on achievement

Source Sum of Squares df Mean Square F Sig. Partial Eta Squared

SRL 60.963 1 60.963 0.171 0.681 0.003

AIL 236.204 1 236.204 0.661 0.419 0.011

SRL*AIL 132.714 1 132.714 0.372 0.544 0.006

Error 21067.939 59 357.084

Table 10. The participants’ SRL and AIL scores

 n X St. Dev.

SRL sub dimensions

•	 Goal setting 63 3.448 0.722

•	 Environment structuring 63 3.885 0.781

•	 Task strategies 63 2.663 0.696

•	 Time management 63 2.656 0.767

•	 Help seeking 63 3.806 0.755

•	 Self-evaluation 63 3.587 0.838

Overall SRL 63 3.374 0.483

AIL sub dimensions

•	 Technical understanding 63 3.005 1.191

•	 Critical appraisal 63 5.230 1.060

•	 Practical application 63 5.392 0.977

Overall AIL 63 4.262 0.967

AIL, Prompt Generation and Achievement Interaction
To investigate impact of the participants’ level of AIL on their prompt development in the AI-PRO 
environment, and on their achievement in lesson planning two independent samples t tests were conducted. 
Because the maximum mean score of AIL is 7.00, an AI literacy mean score between 4.010 and 7.00 formed 
the high AIL group, and other AIL mean scores smaller than 4.010 formed the low AIL group. Considering 
Bonferroni correction, the first t test (t(61)=0.668, p=.506) revealed that achievement of the participants with 
low AIL (X: 24.93; SD: 18.52) and the ones with high AIL (X: 28.12; SD: 18.89) were identical (Table 11). 
The second t test (t(61)=0.939, p=.352)  revealed that mean number of prompts of the high AIL group (X: 
14.77; SD: 3.52) and the low AIL group (X:15.87; SD: 5.15) was also identical (Table 12). Similarly, the 
participants’ level of AIL on the basis of sub dimensions, as technical understanding, critical appraisal and 
practical application, did not significantly affect their number of prompts and achievement.

Table 11. Independent samples t test on high and low AIL students’ achievement

Mean SD t p

Students with low AIL 24.93 18.52
0.668 0.506

Students with high AIL 28.12 18.89

Table 12. Independent samples t test on high and low AIL students’ prompts

Mean SD t p

Students with low AIL 15.87 5.15
0.939 0.352

Students with high AIL 14.77 3.52
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DISCUSSION AND CONCLUSIONS
The prompt analysis demonstrated that the participants were able to generally engineer and input 
comprehensive prompts to achieve their goal of having a lesson plan on their chosen learning unit, and, 
in accordance with the AI-PRO output, they added new information to their prior prompt or quoted and 
integrated some parts of the output in their new prompt. They managed to generate prompts in multi-
turn conversations. Also, most of their prompts (about 91%) were at the high mental processing level, and 
only a small number of prompts were on the definition of concepts and conceptual properties of processes 
required in the given tasks. Whilst, most of the prompts at high mental processing level (about 88%) were 
at application and analysis level, none of the prompts was at evaluation level which involves using a set of 
internal and/or external criteria to make judgments on a given set of knowledge pattern.
It is worth noting that the participants engineered many high mental processing prompts, however, many of 
the prompts at the low mental processing level were cursory in nature, and lacked depth of argumentation. 
The given task required the participants to collaborate with the AI-PRO environment to develop a lesson 
plan with which they are familiar through their experiences in their prior learning, but, not very much 
knowledgeable in production (the pre-test mean is 24.868 out of a maximum score of 100). Their familiarity 
with the task might have caused them to get the AI-PRO to explain concepts in insufficient details, but a 
shallow explanation of concepts rather than a deep conceptual interrogation.
Also, the participants’ task required them to get the AI-PRO to develop a lesson plan containing either 
technology-based or technology-supported instructional strategies. Small number of prompts questioned 
possible technologies and examples of specific software tools to be used in those instructional strategies. 
Additionally, though some outputs of the AI-PRO indicated some technologies and examples of specific 
software tools, only 52 (4.86%) out of 1070 prompts had a content regarding possible technologies and 
examples of specific software tools. Some participants included the use of AI technologies such as ChatGPT 
in phases of their lesson plans, though, they failed to specify clearly how to integrate AI technologies.
In the AI-PRO activities, many participants failed at carefully considering all phases of an instruction, 
and at pedagogically justifying each learning activity specified in their lesson plan. Also, many failed at 
specifying how students may be guided, and how instructional support may be provided. Furthermore, 
some participants’ lesson plans did not have any feedback mechanisms. Though the AI-PRO provided 
the participants with output containing phases of instruction, issues regarding instructional support 
and feedback delivery, many of them failed to study thoroughly the answers to their prompts generated 
by the AI-PRO. They prompted, with a significant number of high mental processing prompts, the 
AI-PRO to provide enough details and explanations for each component. Nonetheless, they wrote 
down shallow explanations in the post test. More than half of the participants (52%) in the AI-PRO 
environment and all participants in the post test did not create and compare more than one type of 
lesson plan. It seems that when there is too much writing load which could be handled by the AI-PRO, 
the participants generally prompt that request, however they pretend to write long explanations on their 
paper in the post test, and some participants wrote down that they would use activities in their lesson 
plan suggested by an AI tool. This may point out that those participants are in a state of metacognitive 
laziness when they have to read and write long text. Learning from text-based material generated by 
a chatbot requires students to read text passages and comprehend the content, in which a student’s 
metacognitive monitoring of judging own understanding is critical. It seems that the participants’ 
monitoring judgments were not always based on precise diagnostic of self-comprehension performance, 
resulting in poor metacognition.
The statistical analysis of the post and pre-test scores unveiled that the activities in the AI-PRO markedly 
contributed to the participants’ learning of lesson planning (Cohen’s d=1.68). However, the post test 
mean score is a relatively moderate score (51.111 out of 100), showing that studying a new learning unit 
individually within ChatGPT without a teacher’s intervention or intensive guidance, college students may 
not master the learning unit. It is worth considering that the sample’s SRL and AIL scores were also moderate 
(Table 10).
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First 2x2 ANOVA test showed that, the participants’ cognitive level of prompts and level of SRL 
independently or interactively did not significantly affect their achievement. This result was confirmed by a t 
test that achievement of the participants with low SRL and the ones with high SRL were identical (d=0.32). 
Similarly, achievement of the participants with more number of high-mental processing prompts and the 
one’s with more number of low-mental processing prompts were also identical (d=0.13). Nevertheless, 
further comparative tests examining the impact of the participants’ levels of sub-dimensions of SRL on their 
achievement in lesson planning revealed that the participants with high scores of environment structuring 
sub-dimension outperform the ones with low score (d=0.67). All other sub-dimensions of the SRL did not 
impact the participants’ achievement level significantly.
Another 2X2 ANOVA test revealed that the participants’ AIL and level of SRL independently or interactively 
did not significantly affect their achievement. This result was confirmed by a t test that achievement of the 
participants with low AIL and the ones with high AIL were identical (d=0.17). Likewise, mean number of 
prompts of the high and low AIL groups were also identical (d=0.24). The participants with low and high 
scores at sub dimensions of AIL, as technical understanding, critical appraisal and practical application, were 
identical both at their number of prompts and achievement. It is worth noting that although there is no 
statistical difference between the two groups’ mean number of prompts; the number of prompts developed 
by the high AIL group is smaller than the ones with low AIL, and the high AIL group’s achievement is greater 
than their counterpart.
The participants’ SRL level did not affect their learning in general, however, on the basis of one of the sub-
dimensions of SRL, environment structuring, the participants with high level of environmental structuring 
learned more (d=0.67). Overall SRL significantly correlated with critical appraisal and practical application 
dimensions of AIL; but environmental structuring neither correlated with overall AIL nor any of the AIL 
sub-dimensions (see Table 5). Hence, the moderate effect of environmental structuring level on learning, in 
this study, should be noted.
The findings of the study have both differences from and similarities to earlier works. For example,  
learners’ SRL and AIL levels impact utilizations of learning environments (Cai et al., 2023; Darvishi 
et al., 2024), both AIL and SRL were positively associated with learning performance in the context 
of ChatGPT-assisted learning (Shi et al., 2025), and students with high level of AIL were  capable of 
generating accurate content with the help of AI tools (Kim et al., 2025). Also, recent research indicates 
that students with higher levels of AIL demonstrate better performance in areas such as metacognitive 
regulation (Xia et al., 2023), motivation in learning (Schiavo et al., 2024), self-assessment (Ng et al., 
2024), and self-efficacy (Washington, 2023). These variables in turn directly or indirectly affect students’ 
achievement, nevertheless, in this study the students with low and high levels of AIL performed similarly. 
Besides, the participants’ levels of SRL, and number and level of prompts developed did not significantly 
affect learning gain. This may have resulted from the AI-PRO with a simple user-interface serving as a 
learning source with interactive capabilities and easing learning for both low and high SRL participants, 
regardless of their AIL level. The participants with low SRL abilities may have benefitted more from 
the AI-PRO environment which provides users with full control of the interaction setting, and fast and 
immediate output and feedback, they inputted their prompts at different levels. These facilities may have 
motivated the students to regulate their learning. This, in turn, may have helped the low SRL students 
complete the given task as successful as the high SRL students.
A technology-based learning environment should support students’ SRL abilities to actively engage students 
and to derive lesson on their activities (Pedrosa et al., 2016). In sequence, students are expected to continuously 
self-monitor their learning whilst using different strategies in a learning environment (Zimmerman, 2013). 
However, in the current study, the participants focused on the task of planning a lesson to be completed 
by the help of the AI-PRO environment, neglected a firm understanding of conceptual knowledge and 
alternative viewpoints in lesson planning. Also, their metacognitive endeavor for developing lesson plans as 
a result of comparative evaluation of different approaches was humble, resulting mostly with a prompt set at 
level one argumentation. Hence, the argument qualities of the prompt sets and amount of learning gains of 
the participants showed that getting an AI-based chatbot to generate content for a given task is not sufficient 
for mastery level of learning. 
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The low and high SRL participants without having any prior instruction on lesson planning handled problem 
solving relatively well. The participants had the opportunity of having entire control of their learning with 
the AI-PRO environment, this may have helped them to use their moderate level of SRL effectively and had 
at least a moderate learning gain. The participants used the AI-PRO as a learning resource, and perhaps, 
better regulated learning by benefitting its fast individualized responses and by getting inspired from outputs 
of the AI-PRO (confirming findings of the study by Darvishi et al., 2024). 

Research in learning environments without an AI-based chatbot showed that students with high level of SRL 
ability are able to manage extraneous cognitive load and to overcome problems that slows their learning (e.g., 
Lee et al., 2023). However, this study showed that, in using the AI-PRO as a learning environment, level of 
SRL ability did not play such a critical role. In this respect, the study has similar findings to earlier research. 
For example, Vargas-Murillo and colleagues (2023) reported that use of ChatGPT impeded students’ critical 
thinking and increased overreliance on AI tools. In a similar vein, Cai and colleagues (2023) found that 
students’ overreliance on AI tools reduce their cognitive engagement and hinder them in benefitting from 
multiple perspectives. 

Previous research highlight that individuals with low SRL level are less likely to participate in reflective 
practices and problem-solving, both of which are necessary for effective technology adoption (Zhang et 
al., 2023, p.1787). Similar to findings of some other studies (Saiz-Manzanares et al., 2023; Vasconcelos 
& Santos, 2023), in this research, the participants evaluate the AI-PRO as a source of learning support to 
guide, but they don’t always reflect this to their own learning. In this regard, Molenaar (2022) expressed that 
AI technologies take-over regulation of learning from students, hence such migration of SRL may impede 
triggering of metacognitive abilities. In turn, the participants may have neglected engineering prompt sets 
at level of dialectical argumentation. 

The launch of ChatGPT has triggered a mechanism that is redefining computer-based learning as well 
as reshaping decision-making and human-machine interaction. AIL for students at P-12 and at colleges 
become indispensable, considering that the students and prospective workforce need to understand powerful 
AI tools as early as possible. This one-dimensional emphasis on AIL neglects that understanding AI alone 
is not sufficient. Cultivation of AIL and components of human intelligence, e.g., critical thinking, must be 
undertaken. When students over-trust the AI tools, their verification of AI outputs may become less, that 
may result in less relying on their own thinking which is necessary for learning. Conscious collaboration 
between AIL and human critical thinking accompanied with students’ SRL abilities may help students 
for conscious engagement with AI tools leading to learning. It seems that, in this study, the participants’ 
lack of such conscious engagement with the AI-PRO environment caused them to learn the content at an 
apprentice level rather than a mastery level.

In generative artificial intelligence environments, students delegate cognitive tasks to AI tools to decrease 
cognitive effort. Such cognitive offloading may, in turn, reduce students’ internal cognitive engagement 
with a given task. As an undesired side-effect of generative AI tools, Fan et al., (2025, p.530) argued that 
“cognitive offloading may lead to habitual avoidance of deliberate cognitive effort”, or metacognitive 
laziness. In the context of current study, students may have intensively relied on AI tools and responses, 
and may not experience the necessary cognitive difficulty in order to trigger their metacognitive processes. 
Subsequently, students spent less effort in analytical thinking, and, perhaps, engaged less in critical self-
regulatory processes that resulted in strengthening their metacognitive laziness. Some other recent studies 
also concerned with students’ offloading metacognitive load. For instance, in an AI-assisted problem-
solving study, Urban et al., (2024) reported that using ChatGPT decreased students’ perceived difficulty, 
resulting in less effort in task handling and higher erroneousness in judgements of learning. Besides, Xu 
et al., (2025) reported that students reduced their level of self-regulated learning in the generative AI 
environment and suggested providing metacognitive support which guides students to better employ 
metacognition for SRL in AI based environments where, due to unsupported conditions, metacognitive 
laziness may be observed.

https://www.sciencedirect.com/science/article/pii/S0360131525000636?dgcid=raven_sd_via_email#bib99
https://www.sciencedirect.com/science/article/pii/S0360131525000636?dgcid=raven_sd_via_email#bib99
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IMPLICATIONS AND FURTHER WORK
This study has some limitations; First, a truly-experimental design with a control group was not used. 
Second, though the sample of the study comes from different departments of a faculty, the sample was 
chosen from only one course, one faculty and one university.  Also, the sample was chosen on the basis of 
accessibility. Third, this study was limited by the AI-PRO application which is a typical chatbot without 
any particular components for SRL supports or instructional supports. Fourth, in this study, both SRL and 
AIL were assessed through two separate scales with high internal consistencies, however further research 
should consider possible weaknesses of those self-report type of measurement tools, and consider using 
alternative tools of measuring those two variables. Then, an appropriate control group should be included 
in the research design to increase the internal validity of the further work with the same variables and 
to avoid extraneous and/or confounding variables from affecting the work. Besides, for practical reasons, 
samples of the study were chosen in merely one university, it is better for further studies to randomly select 
samples from different universities. Moreover, for platform comparison purposes, new studies may consider 
employing other generative AI applications, designed for general purpose use or instructional use.
Teacher training programs must prioritize SRL practices in AI based learning environments. The programs 
must incorporate reflective skills and promote innovative technology integration. Students learning with an AI 
application should develop behaviors and attitudes to study the AI generated content thoroughly and examine 
it critically to ensure that the content is correct, comprehensive and reflective of different approaches. In this 
regard, potentials of AI applications and their correct usage should be covered in preservice teachers’ curriculum.
To ease students’ writing prompt sentences to express ideas and to trigger their higher-order thinking, 
different prompt strategies may be integrated into generative AI systems. Use-case prompts, for example, 
are the ones designed to assist students understand purposes of that AI tool may be used for and the ways 
to interact with it. Also, to help and to ensure efficiency for students, the AI systems may provide auto-
complete functions to help students complete prompts speedily or with comprehensive inputs. Further, they 
may provide follow-up prompts or questions to increase interaction with students and to keep them stay 
on task with alternative prompts. In addition to these prompt suggestions, to get students to think more 
critically, the AI systems may provide prompt-openers in at least two forms, dialectical prompt-openers and 
evaluative prompt-openers. The former help students to produce prompts that question counter-arguments 
and comparison of alternative arguments and counter arguments as well as justification of arguments and 
their comparisons. The latter assist students to formulate prompts that question critical standpoints at the 
proposed contents and value of materials presented to students as well as judgment based on certain criteria. 
Future work should examine students’ use of the proposed type of AI systems in knowledge construction. 
Besides, student-AI system interaction processes should be investigated in different study schemes. For 
example, in collaborative or dyadic study scheme, students may develop prompts based on peer discussions, 
study outputs thoroughly, and engage more in evaluative and creative activities. 
In an AI based learning environment without a teacher’s guidance and support, students are alone in 
processes of initiating inquiry, making meaning of the outputs and thinking reflectively. Also, students 
in that environment are expected to use background knowledge and experiences to direct their learning 
activities toward areas where they are deficient, to evaluate the usefulness of the information, and to seek help 
if necessary (Huang et al., 2025). When the given task is multifaceted, requiring comprehensive conceptual 
knowledge and consideration of different procedural approaches, students’ SRL abilities may help them to a 
limited extent. They need inquiry support and learning guidance. For that reason, in LLM-AI based learning 
settings, instructional support should be provided for even college students. Moreover, considering distance 
education students, who generally manage their own learning without a human tutor’s support or with 
limited human support, they may consult a LLM-AI based application as an instructional resource. Thus, 
providing instructional support components into these resources becomes indispensable. 
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