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The widespread use of generative AI tools like ChatGPT has seen significant growth. 
This rise prompted discussions on integrating these technologies into school 
education. However, the practical implementation, testing, and assessment of 
generative AI in primary and secondary education remained largely unexplored. 
This article examines the application of ChatGPT-3.5 and 4  in primary school 
education. A study involving 110 students aged 8–14 across grades 4–6 in two 
Uruguayan schools was conducted. The focus was on using generative AI for 
dynamic personalization of educational content during classroom lessons. In 
these sessions, instructional content followed the curriculum goals, and text, 
illustrations, and exercises were generated and dynamically adjusted based on 
generative AI. The findings indicate that generative AI effectively tailors school 
materials to match varying pupil knowledge levels. Real-time adjustments during 
lessons cater to individual learning needs, enhancing cognitive ergonomics. This 
approach not only boosts pupil motivation but also improves their performance, 
facilitating more effective achievement of the curriculum’s learning objectives. 
These results suggest a promising avenue for leveraging generative AI to personalize 
and optimize primary school education.
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1 Introduction

Artificial intelligence (AI) and specifically generative pre-trained transformer (GPT) 
applications have garnered significant attention since 2023. GPT models, a subset of generative 
AI, excel in generating human-like text, spanning content creation, language translation, and 
conversational interactions. These models exhibit remarkable efficacy across various natural 
language processing tasks. Their strength lies in processing sequential data and accurately 
predicting the subsequent word in a sentence based on the input they receive (Kasneci 
et al., 2023).

The launch of ChatGPT-3.5, a specialized GPT developed by OpenAI in November 2022, 
marked a pivotal moment in the utilization of open-access AI technology. Subsequently, the 
media and the public showed a growing interest in generative AI and its associated tools. This 
surge was evident in the rapid increase of Google search queries related to terms such as 
“artificial intelligence” and “AI,” especially notable in regions across Europe, North America, 
and, notably, China. However, the conversation around AI and ChatGPT was conspicuously 
limited in developing nations, particularly in Africa, until it started to expand rapidly, but not 
in all African countries, in the autumn of 2023, according to Google Trends (2023). There was 
substantial media coverage on generative AI in many countries worldwide, but the widespread 
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recognition and adoption of generative AI technologies happened in 
different places globally in 2023.

Several chat-based generative AI applications, such as Bard, 
ChatGPT, Claude, Copilot, Gemini, and Llama, and several image 
generation tools, such as DALL-E and Midjourney, have emerged. 
This fast technological development witnessed a significant rise in the 
adoption of these tools across all possible settings. In education, this 
spans from primary to secondary schools and further to high schools 
and universities. Education stands as a pivotal arena poised for 
transformation through the implementation of generative AI, as 
indicated by multiple sources (Abdelghani et al., 2023; Adiguzel et al., 
2023; Baidoo-Anu and Owusu Ansah, 2023; Crawford et al., 2023; 
Dwivedi et al., 2023; Grassini, 2023; Jeon and Lee, 2023; Kasneci et al., 
2023; Lambert and Stevens, 2023; Lozano and Blanco Fontao, 2023; 
Michel-Villarreal et  al., 2023; Su and Yang, 2023). The evolving 
capabilities of GPT tools have sparked significant interest and intrigue 
among school administrators, educators, and pupils. In a concise case 
study, Jeon and Lee (2023) highlighted the multifaceted role of 
teachers concerning ChatGPT. Teachers are depicted as orchestrators 
of resources, making informed pedagogical decisions, supporters of 
pupils’ research endeavors, and awareness raisers of AI-related ethics 
(see Crawford et  al., 2023). Teachers perceive ChatGPT as an 
interlocutor, content provider, teaching assistant, and evaluater.

Moreover, challenges and risks associated with generative AI in 
education have emerged. These encompass potential overreliance on 
the model leading to the propagation of unverified or inaccurate 
information; concerns regarding data privacy, security, and copyright; 
expenses linked with training and maintaining generative AI systems; 
digital divides; and the prevailing limited accessibility (Kasneci et al., 
2023). Moreover, as of 2023, a noticeable dearth of comprehensive 
testing involving generative AI within school settings persists, with 
minimal published outcomes from primary or secondary school 
evaluations available for reference (Jauhiainen and Garagorry 
Guerra, 2023).

The article focuses on leveraging the potential of generative AI to 
aid and assess pupils’ learning processes during classroom lessons 
within the structured school environment. It explores how generative 
AI can be used to personalize learning materials, such as text, images, 
and exercises, to match the diverse knowledge levels among pupils. 
This customization seeks to align with each pupil’s abilities, enhancing 
motivation and learning efficacy to better achieve curriculum goals. 
Additionally, the study examines the feasibility of dynamically 
adapting these learning materials based on individual pupils’ real-time 
performance in class. Ultimately, the article illustrates how generative 
AI can effectively enhance pupils’ learning outcomes.

Following this introductory section, the article proceeds to its 
theoretical framework, which serves as the foundation of the study. 
This framework seamlessly integrates two distinct yet interlinked 
strands of motivational theories within the concept of cognitive 
ergonomics (Gaines and Monk, 2015). It adapts the flow theory 
(Csikszentmihalyi, 1990, 2014) and self-determination theory (Deci 
and Ryan, 1985; Pintrich, 1995; Ryan and Deci, 2000; Ryan and 
Vansteenkiste, 2023) to the educational context, specifically focusing 
on learning dynamics within school environments in the age of 
generative AI.

The empirical content presented comprises the outcomes derived 
from test lessons regarding the generative AI-processed learning 
material and learning processes in a school classroom context with 

110 pupils spanning the 4th, 5th, and 6th grades. The lesson these 
pupils attended was curated using generative AI technology, 
specifically employing ChatGPT-3.5 and 4 and Midjourney to design 
the learning material, with subsequent evaluation capturing the pupils’ 
learning performance and perspectives. For this assessment, the 
Digileac framework was employed as the digital cloud-based 
designated tool (Digileac, 2023). The research was conducted 
quantitatively, employing descriptive statistical methods to illuminate 
key insights.

In the section regarding the results, we unveil the findings that 
provide comprehensive responses to our research questions. 
We elucidate the effective utilization of generative AI in segmenting 
pupils into distinct knowledge groups that align with their aptitudes 
and knowledge regarding the school classroom learning topics that 
were based on the curriculum. Furthermore, we comprehensively 
explore the challenges and potential pitfalls arising from the 
implementation of generative AI in school pupils’ learning. Finally, in 
conclusion, we emphasize the pivotal role generative AI has in the 
dynamic personalization of pupils’ learning material and tailoring it 
to the pupils’ existing and developing knowledge. This fosters 
heightened motivation among them, culminating in more effective 
learning outcomes.

2 Theoretical perspectives

The article builds upon and expands Csikszentmihalyi (1990, 
2014) flow theory, adapting it to the context of education and learning 
within school environments amidst the emergence of generative 
AI. Concurrently, it aligns this renowned theory with the well-
established self-determination theory in education. This approach 
prioritizes fostering students’ intrinsic motivation, in line with the 
insights of Pintrich (1995) as well as Deci and Ryan (1985), Ryan and 
Deci (2000), and Ryan and Vansteenkiste (2023). Within this article, 
these theories are contextualized through the prism of cognitive 
ergonomics (Gaines and Monk, 2015), particularly in the realm of 
learning amid the generative AI era. This framework interconnects 
pupils, the learning environment, and generative AI. Here, 
personalized learning materials serve as catalysts for enhancing pupils’ 
motivation, driving them toward heightened levels of 
learning achievement.

2.1 Self-regulation of pupils and intrinsic 
motivation

Pupils’ self-regulated learning has three main dimensions 
(Pintrich, 1995). Firstly, there is self-regulation of behavior, 
involving active oversight of pupils’ resources such as time and 
study environment and seeking help from peers and institution 
members. The second dimension is self-regulation of motivation 
and emotions, which includes adjusting pupils’ motivational beliefs 
and managing negative emotions along the curriculum learning 
topics. Positive motivation facilitates learning and achievement 
(Gottfried and Gottfried, 2004). The third dimension is self-
regulation of cognition, utilizing cognitive strategies to enhance 
pupils’ performance (Pintrich, 1995). Self-regulation is influenced 
by the surrounding environment and can be developed over time 
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(Pintrich, 1995). Teachers creating suitable classroom environments 
foster pupils’ autonomy and motivation for deep learning (León 
et al., 2015). Effective learning requires catering to pupils’ interests 
and abilities and building on existing knowledge (Hoekman 
et al., 1999).

Self-regulation is closely linked to intrinsic motivation, which is 
when pupils autonomously engage in activities for their interest and 
enjoyment (Ryan and Deci, 2000; Ryan and Vansteenkiste, 2023). It is 
self-determined and enhances engagement and effort (León et al., 
2015). Intrinsic motivation involves tasks that are inherently 
captivating and aligned with pupils’ competence and self-direction 
(Deci and Ryan, 1985). Activities driven by intrinsic motivation 
frequently exhibit novelty, involve challenges that are appropriately 
balanced in terms of demand (Csikszentmihalyi, 2014), and stem from 
the pupil’s inherent desire for both competence and self-direction. 
Intrinsic motivation can be  influenced by external factors such as 
assessment. Pupils anticipating assessments focus on memorization, 
while those learning without assessment expectations gain a deeper 
understanding (Grolnick and Ryan, 1987; Deci and Flaste, 1995).

2.2 Challenges for self-regulation and 
competing for attention

In the 21st century, digitalization intensifies competition for 
children’s attention. Antonis Kocheilas, CEO of one of the world’s 
largest advertising agencies, Ogilvy Advertising, remarked, “In today’s 
world, we face media abundance because everything and everyone 
communicates. Simultaneously, there is attention scarcity because 
everything and everyone competes for a piece of people’s limited 
attention span” (Paulino, 2021).

Numerous studies explore how this competition affects children’s 
attention, influencing their food preferences, diet, and health (World 
Health Organization, 2022). Reward systems, such as the use of loot 
box systems offering randomized rewards in video games, are used to 
seize children’s attention and can contribute to the development of 
disordered gambling (Xiao, 2021). Brands often exploit pupils’ 
vulnerabilities, with over 70% of advertisements targeting school-aged 
children, particularly promoting unhealthy foods (Elliot et al., 2023). 
External rewards negatively impact pupils’ intrinsic motivation, 
diverging their focus toward video games, social media, etc., 
consequently limiting their dedicated learning time both at school and 
home. In addition, according to Joussemet et  al. (2008), external 
incentives such as rewards and imposed control mechanisms such as 
school exams contribute to a negatively controlled educational 
environment. This environment impedes pupils’ wellbeing and fails to 
support their persistence in learning or enhance their 
school performance.

This divided attention significantly hampers pupils’ learning 
capabilities. To address this, the educational system must actively 
engage and sustain pupils’ attention to augment their cognitive skills. 
Csikszentmihalyi (1990, p. 33) asserts that attention is crucial “because 
attention determines what will or will not appear in consciousness, 
and because it is also required to make any other mental events – such 
as remembering, thinking, feeling, and making decisions – happen” 
… it is “like energy in that without it no work can be done, and in 
doing work, it is dissipated.” This attention allows for memory 
retrieval, situational assessment, and appropriate responses.

In addition, contemporary education faces a challenge as 
learning materials are designed for an average pupil, lacking 
adaptability. A Uruguayan study shed light on teachers’ struggles 
creating materials suitable for diverse student needs (Cura et al., 
2022). Teachers often find themselves overwhelmed, juggling 
multiple roles, leading to excessive work and preparation at home. 
However, substantial and meaningful learning content within 
schools can elevate pupils’ intrinsic motivation (León et al., 2015). 
Generative AI uses can potentially assist pupils’ intrinsic motivation 
by aligning their skills with learning materials, empowering 
teachers to deliver targeted instruction to achieve 
curriculum objectives.

2.3 Flow through cognitive ergonomics in 
generative AI-assisted education

Misdirection of attention among pupils can lead to disengagement 
with the educational system. However, positive attention and 
engagement can be fostered through the flow theory. Flow is a state of 
energized focus where individuals intensely enjoy an activity that is 
neither easy nor challenging (Csikszentmihalyi, 1990). It nurtures 
intrinsic motivation, encouraging continued involvement.

Flow theory suggests that individual learners engaging in tasks 
matching their skills are more likely to experience flow states 
(Hoffman and Novak, 2009). Personalized learning activities, such as 
sports or hobbies, enhance learning performance and skill 
development (Csikszentmihalyi, 1990). The more one experiences 
flow, the more they actively seek it out (Nakamura and 
Cziksentmihalyi, 2009). Flow’s intrinsic rewards significantly bolster 
motivation across various domains, particularly education (Heutte 
et  al., 2021). Therefore, education researchers strive to cultivate 
classroom environments rich in flow experiences (Gottfried and 
Gottfried, 2004).

Flow has nine key components: challenge-skill balance, action-
awareness merging, clear goals, unambiguous feedback, current task 
concentration, sense of control, self-consciousness loss, time 
transformation, and autotelic experience (Csikszentmihalyi, 1990). 
The latter closely corresponds with the previously mentioned concepts 
of intrinsic motivation and self-regulation theory. Autotelic 
individuals engage in tasks for their intrinsic value, not solely driven 
by external goals. Steering pupils toward self-regulated experiences 
rooted in intrinsic motivation can effectively combat 
classroom disengagement.

Engaging in a flow experience during learning significantly 
enhances the learning process (Heutte et al., 2021). Shernoff et al. 
(2003) found that pupils exhibit higher engagement when they 
perceive a balance between their skills and task challenges, control 
over the learning environment, and relevance in instruction. 
Insufficient challenge leads to indifference, while excessive challenge 
leads to anxiety.

Generative AI in education introduces a novel form of cognitive 
ergonomics, enhancing the synergy between pupils, AI, and the 
education setting in schools (Figure 1). Cognitive ergonomics aims to 
improve human wellbeing and system performance by considering the 
interplay of human cognition, physical elements, and social factors 
(Zachary et  al., 2001; Rodrigues et  al., 2012). It centers on how 
perception, memory, reasoning, and motor response interact with 

https://doi.org/10.3389/feduc.2024.1288723
https://www.frontiersin.org/journals/education
https://www.frontiersin.org


Jauhiainen and Garagorry Guerra 10.3389/feduc.2024.1288723

Frontiers in Education 04 frontiersin.org

diverse system components (Karwowski, 2012), analyzing their 
impact on interactions between humans and system elements.

Cognitive ergonomics is a cornerstone in designing human-
system interactions, encompassing aspects such as mental workload, 
decision-making, human-computer interaction, human reliability, 
stress, and effective training (Zachary et al., 2001). It unravels the 
intricate interplay between task commitment and cognitive processes, 
showing how performance-centric tasks influence the mind and vice 
versa (Hollnagel, 2001).

A pupil’s performance relies on their comprehension of task 
elements such as objectives, methodologies, and system design, 
shaped by the designer’s perspective. Both performance reliability and 
cognitive progress are important (Hollnagel, 2001). Effective 
management of limited cognitive resources becomes pivotal, 
particularly in fostering the flow experience where pupils prefer 
challenging and engaging work. Within cognitive ergonomics, pupils 
express a personal interest in a specific topic or activity to trigger the 
flow experience. High-achieving pupils often encounter heightened 
flow states when engaging with their preferred subjects and 
determining the content (Borovay et al., 2019).

The introduction of technology in education often fails due to a 
lack of learning principles rooted in cognition and insufficient analysis 
of educational contexts (Zucchermaglio, 1993). In our evolving 
societal landscape, the significance of cognitive ergonomics grows, 
especially in the intersection between the educational environment, 
pupils, and generative AI technology (Kazemi and Smith, 2023).

Cognitive ergonomics extends to managing pupils’ limited 
cognitive resources for learning. Tailoring materials to their 
capabilities heightens their interest in the subject matter. Highly 
motivated students provided with clear learning materials are less 
likely to lose interest (Lazarides et  al., 2018). Designing learning 
processes through cognitive ergonomics acknowledges pupils’ 
emotions and preferences, fostering optimal motivation by combining 
the derived from the enjoyment of learning material (intrinsic 
motivation) and its relevance (identified regulation) (Howard 
et al., 2021).

3 Materials and methods

3.1 Study material and research questions

This article presents the findings stemming from a classroom 
lesson that scrutinized the integration of generative AI into primary 
school education. The lesson test was conducted as part of the Social 
Science curriculum for 4th, 5th, and 6th grade pupils, focusing on 
history. The tests were carried out in July of 2023 in Uruguay and 
involved four classes spanning two schools located in Montevideo, the 
capital city. These schools were chosen to represent diverse educational 
approaches: one was a public school predominantly catering to pupils 
from lower social strata, while the other was a private school mainly 
serving pupils from medium and higher social classes. As Spanish 

FIGURE 1

Cognitive ergonomics of learning in schools in the generative AI era.
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served as the language of tuition in these schools, it was also utilized 
during the test.

The primary dataset encompasses input gathered from a cohort 
of 110 pupils aged 8–14. Of them, 57.3% identified themselves as 
boys, 40.9% identified as girls, and 1.8% chose not to answer this 
question. These pupils actively engaged in the test lessons, which were 
part of their regular yearly curriculum in a classroom setting 
(Table 1).

The research questions investigated in this article, analyzing 110 
pupils, were: How can ChatGPT be utilized to provide personalized 
learning materials for school pupils prior to and during lessons? How 
do pupils engage with the learning materials tailored by ChatGPT? 
How did the studied pupils articulate their learning experiences after 
using the materials customized by ChatGPT?

3.2 Test lesson procedures

National and university guidelines on research integrity and ethics 
were strictly adhered to throughout the implementation of the test 
lesson, subsequent analysis, and reporting. Before commencing the 
test, permission was obtained from school directors, and the parents 
or guardians of the pupils had the option to prevent their child’s 
participation in the research. Additionally, pupils participated 
voluntarily and had the right to withdraw from the test at any moment 
or leave questions unanswered. Only results from pupils who 
completed the entire test lesson and responded to all questions are 
included in the analysis. Safety, data practices, and management were 
in accordance with the research code of conduct and discipline-
specific principles.

Both teachers and pupils were thoroughly informed about the 
testing process, including research integrity and ethical guidelines. To 
ensure meticulous implementation of these procedures and prevent 
any potential harm or damage to research participants, one of the 
authors of this article personally supervised and guided the test 
procedures on-site. All test materials were automatically collected and 
recorded using the designated test platform and stored securely within 
a digital platform with a cloud-based digital folder. To maintain 
participant anonymity, respondents answered the test without 
providing their names, and their identities could not be determined 
from the results.

The integration of generative AI adaptation into the learning 
materials followed a structured process. Each pupil participated in a 
single test lesson focusing on social sciences, specifically history (see 
Appendix for detailed material formation). Each lesson was divided 
into two parts. Both consisted of personalized learning material (text 
and related questions) across three knowledge-level groups.

Within each test lesson and the knowledge level groups within 
these, there were two customized texts (adapted with ChatGPT-4), 
two images (previously designed using Midjourney), and a set of four 
open-ended questions and four multiple-choice questions related to 
the lesson’s text and illustrations, also adjusted with ChatGPT-4. On 
average, a single test lesson lasted around 15–20 min. It involved pupils 
familiarizing themselves with the initial test lesson text and 
illustrations, answering open-ended and multiple-choice questions, 
and then engaging with newly customized learning materials tailored 
to their proficiency levels along basic, medium, and advanced 
knowledge groups, and subsequently providing information about 
demography and subjective experiences related to the lesson.

To conduct the test lessons and gather empirical data, the Digileac 
platform was accessed via laptops within school premises (Digileac, 
2023). Of the participants, 60 pupils utilized the national Ceibal 
program’s operating system, while an additional 50 pupils opted for 
the Chromebook platform. Both laptops and their respective operating 
systems were routinely integrated into the pupils’ learning experiences 
within their classrooms.

Collected data included various metrics. They included the time 
spent by each pupil (measured in seconds) reading the test lesson 
materials (text and figures) and answering multiple-choice and open-
ended questions. The accuracy of their responses (whether correct or 
incorrect) to questions was individually measured for both the initial 
and modified test lesson materials. Additionally, pupils provided 
pre-test information about their subjective interest in the lesson topic 
and self-assessed knowledge. Post-test, they offered feedback on 
platform usability and self-perception of the acquired knowledge. 
Other gathered details encompassed demographic information, 
preferred subjects, and recent performance in the main study topic 
at school.

3.3 Methods of analysis

The analysis of the results followed a robust analytical approach. 
Descriptive statistics offered a comprehensive exploration of key data 
attributes, presenting a clear and concise summary of central 
tendencies and variations within the dataset. Concurrently, cross-
tabulation techniques were employed to examine interdependencies, 
juxtaposing various demographic and contextual factors against 
pupils’ test performance. This method facilitated a nuanced 
understanding of how diverse aspects of pupils’ backgrounds 
potentially impacted their achievements, thereby enhancing the 
interpretation of findings regarding the utilization of generative AI in 
school education. However, the limited number of respondents 
prevented the application of advanced statistical testing.

TABLE 1 Pupils (N  =  110) taking part in test lessons.

Pupils all Boys % Girls % Undisclosed Age range Lesson topic

4th class 28 57.1 42.9 0.0 8–10 Native Americans

4th class 22 54.5 45.5 0.0 8–10 Native Americans

5th class 32 68.7 31.3 0.0 11 Early civilization

6th class 28 46.4 46.4 7.1 11–14 Roman Empire

Total 110 57.3 40.9 1.8 8–14
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4 Results

The subsequent section details the empirical findings that respond 
to the research questions. Firstly, it illustrates the utilization of 
ChatGPT in providing customized and personalized learning 
materials tailored for pupils with varying levels of prior knowledge on 
the subject, accommodating differences in their learning pace during 
the lesson. Secondly, it indicates how pupils engaged with the learning 
materials customized by ChatGPT. Thirdly, it outlines pupils’ 
experiences regarding learning with materials adapted using ChatGPT.

4.1 Dynamic use of ChatGPT to provide 
personalized learning materials for pupils

The customization of learning materials occurred in two stages. 
Firstly, pupils were categorized into advanced, medium, and basic 
knowledge groups based on their understanding of the taught topic 
prior to and during the test lesson. Secondly, leveraging these three 
knowledge tiers, the learning materials were adapted using ChatGPT 
at the beginning of the test lesson and further refined during the 
session based on pupils’ performance. The objective was to ensure that 
pupils across different knowledge levels would attain the curriculum 
objectives by the lesson’s conclusion. This required consistency in the 
learning materials across all proficiency levels.

Three main methods were employed to categorize pupils 
according to their knowledge base. Initially, before the lesson 
commenced, the first method involved assessing each pupil’s prior 
school performance, specifically their achievement in social sciences 
on their school report certificates. Consequently, 18 pupils (18.2%) 
were categorized as having an excellent academic record, 79 pupils 
(71.8%) with a good or medium record, and 13 pupils (11.8%) with a 
satisfactory or poor record. While offering an “objective” 
measurement, this method pertained to broader subjects than the 
specific lesson at hand and depicted the situation before the 
lesson commenced.

The second method before the lesson relied on pupils’ self-
perceived familiarity with the topic. Pupils categorized themselves as 
having advanced, intermediate, or basic knowledge. This subjective 
assessment identified 42 pupils (38.8%) as perceiving themselves to 
have advanced knowledge, 35 pupils (31.2%) with intermediate 
perceived knowledge, and 33 pupils (30.0%) possessing basic 
perceived knowledge. This subjective measurement was based on 
individual self-perception, which might have been influenced by 
limited prior knowledge, potentially leading to overestimation 
(Haselton et al., 2005). Pupils often lacked detailed knowledge about 
the lesson topic beforehand, making it challenging to accurately assess 
their knowledge base.

The analysis showed a linkage between pupils’ objective and 
subjective knowledge assessments. Pupils with excellent Social 
Sciences rates tended to perceive themselves as having greater 
knowledge about the lesson topic. For instance, among pupils with 
excellent social science rates, 38.9% believed they had extensive 
knowledge of the lesson topic, while only 5.6% felt they had no 
knowledge. Conversely, among pupils with poor or satisfactory social 
science rates, only 7.7% perceived to have extensive knowledge about 
the lesson topic, while 23.1% claimed to have no knowledge. This 
correlation was statistically significant, indicating a relationship 

between academic performance and perceived knowledge 
[t(DF = 16) = 00.00, p < 0.001].

The third categorization method was implemented during the test 
lesson. After reading the test lesson material, pupils responded to 
multiple-choice and open-ended questions. Based on the accuracy of 
their responses, pupils were categorized into advanced, medium, or 
basic knowledge groups regarding the lesson’s topic and to start with 
the second learning material. However, the first categorization had 
such an impact that pupils could remain in the same knowledge group 
or move up or down one knowledge group. After completing the 
multiple-choice and open-ended questions regarding the second part 
of the lesson, pupils were reassigned to knowledge groups based on 
their performance, enabling tailored adjustments in the learning 
material to match individual student needs.

Regarding personalizing the learning materials, ChatGPT played 
a pivotal role in tailoring the learning material content for each 
knowledge group. This included text content related to the lesson’s 
topic and crafting open-ended and multiple-choice questions aligned 
with the study material. In addition, Midjourney was utilized to create 
illustrations complementing the learning materials.

ChatGPT adjusted the learning materials using systematic and 
careful prompting across advanced, intermediate, and basic knowledge 
levels. Despite these adaptations, the length of learning materials 
remained consistent across these knowledge groups. However, notable 
differences emerged in the depth and complexity of the content. In the 
advanced knowledge group, the study materials displayed nuanced 
terminology, intricate sentence structures, and a more comprehensive 
exploration of the lesson’s topic. The intermediate knowledge group 
featured simplified terminology, fewer detailed examples, and a more 
straightforward expression of ideas. The material was presented in its 
simplest form for the basic knowledge group, focusing on fundamental 
concepts. These adjustments were implemented both before pupils 
began their learning and during the lesson after they responded to 
related questions.

4.2 Pupils’ engagement with 
ChatGPT-modified learning materials

As previously mentioned, pupils were initially divided into three 
knowledge categories—advanced, intermediate, and basic—based on 
their Social Sciences school grades. They began the lesson using 
accordingly tailored learning materials and completed open-ended 
and multiple-choice exercises, which were promptly assessed. 
Subsequently, each pupil was reassigned to a knowledge group aligned 
with their performance level, allowing them to continue with materials 
suited to their understanding. After the second segment of the lesson, 
they underwent another set of exercises and were immediately 
assessed as before, leading to a reevaluation of their knowledge groups 
based on their performance.

Our analysis found that using the official Social Science school 
grade as the initial criterion did not consistently match all pupils’ 
actual knowledge about the lesson topic. After completing the first 
part of the lesson, 9.1% of pupils were moved to a higher knowledge 
group, 73.4% remained in the same group, and 15.5% were moved to 
a lower group. After completing the second part of the lesson, 14.5% 
were moved up, 44.5% stayed in their group, and 41.0% were moved 
down. These shifts highlighted the necessity of offering more tailored 
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learning materials—either simpler or more challenging. ChatGPT 
successfully customized materials to accommodate these varying 
learning needs.

Pupils exhibited diverse learning patterns during the class; some 
maintained their initial knowledge levels while progressing or found 
the topic too challenging.

At the end of the test lesson, after responding to the second learning 
materials, of pupils initially placed in the basic knowledge group, 68.8% 
remained in that group after the second test. In comparison, 31.2% were 
downgraded there from the intermediate group. Within the intermediate 
knowledge group, 76.5% stayed in that category across both lesson parts. 
Additionally, 11.7% were downgraded for not completing advanced-level 
exercises accurately, while 11.7% were upgraded for mastering tasks from 
the basic knowledge group. In the advanced knowledge group, 78.6% 
maintained their position due to consistent performance, and 21.4% 
were promoted from the intermediate level for superior performance. 
Overall, only slightly more than one out of four (28.1%) students 
remained in the same knowledge group from the beginning to the end 
of the test lesson.

The three most common learning trajectories of pupils observed 
during the test lesson were as follows: First, pupils initially placed in 
the intermediate knowledge group were downgraded to the basic 
knowledge group and remained there consistently (constituting 28.2% 
of pupils). Second, pupils who initially belonged to the intermediate 
knowledge group remained in that category throughout the tests 
(representing 19.1% of pupils). Finally, pupils initially categorized in 
the intermediate group were subsequently upgraded to the advanced 
knowledge group and maintained that level consistently (comprising 
12.7% of pupils). These trajectories highlight the potential of 
generative AI tools such as ChatGPT in supporting a flow experience 
and intrinsic motivation in learning (Csikszentmihalyi, 1990).

Maintaining the same knowledge group indicated that the 
learning materials suited pupils’ learning, which is evident from the 
accuracy of their answers to the lesson material questions. These 
results suggest that after ChatGPT adjusted the learning materials, 
pupils’ performance aligned with their understanding of the topic and 
learning progression during the lesson. This adjustment rectified 
initial misplacements into either too high or low groups. Consequently, 
pupils were provided ChatGPT-tailored material matching their 
learning capacities while aligning with the curriculum goals. This 
suggests that it is feasible to utilize generative AI such as ChatGPT in 
a school educational context so that multiple adjustments in learning 
materials can be  made within each lesson to attain optimally 
challenging material (Hoffman and Novak, 2009).

Before the test lesson began, each pupil assessed their knowledge 
regarding the lesson topic. Among those who claimed no prior 
knowledge, only a small fraction (4.5%) were placed in a higher 
knowledge group after both tests, while a majority (54.5 and 45.5%) 
were downgraded due to poor performance. A significant proportion 
of pupils who perceived fair knowledge showed alignment between 
their perceived and actual knowledge: 54.3% remained consistent in 
the first stage and 74.3% in the second stage of the lesson. Interestingly, 
many who were initially confident in their knowledge were later 
placed in lower knowledge groups (Table 2). This contrast highlights 
the diversity of knowledge within a classroom. It underscores the need 
to tailor learning material to each pupil’s cognitive abilities, 
irrespective of their self-perceived familiarity with the subject.

The test lessons revealed varying levels of pupil engagement with 
the ChatGPT-modified learning materials, highlighting distinct 
patterns in their interaction. Self-regulated learning encompasses 
managing time and resources and sustaining motivation and 
engagement (Pintrich, 1995). Differences among pupils were 
observable in their levels of attention toward the learning materials, the 
duration taken to comprehend the text and illustrations, and the time 
allocated to answering both open-ended and multiple-choice questions.

Paying attention to learning materials is crucial for the learning 
process and improving the quality of the experience (Csikszentmihalyi, 
1990, p. 33). Pupils’ attention to learning was measured by tracking 
the time spent studying the lesson material and addressing related 
questions throughout the lesson. Performances were categorized as 
fast, medium, or slow based on their durations. On average, for each 
task, roughly 15–20% of pupils displayed fast performance, while 
60–70% exhibited medium performance, and the remaining 15–20% 
fell within the slow performance range. Certain attention patterns 
were observed among pupils. For instance, a proportionally larger 
share of fast readers tended to answer questions quickly compared to 
slow readers, and vice versa (see Table 3).

Pupils who are very interested in the lesson topic usually read the 
learning material faster than those who are less interested. This 
perhaps suggests the presence of autotelic pupils who engage with 
personalized study materials out of intrinsic interest rather than a 
mere obligation (see Csikszentmihalyi, 2014). The proportion of fast 
readers was substantially higher among those interested in the topic 
than those with fair, little, or no interest. Conversely, the share of slow 
readers was considerably smaller among pupils highly interested in 
the topic (Table 3).

A pupil’s self-perception of having good knowledge about the 
study topic significantly increased the likelihood of these pupils 

TABLE 2 Pupils’ (N  =  110) perceived knowledge of test lesson topic and adjusting of pupils into knowledge groups (%).

Nothing Little Fair Somewhat Much

1st knowledge group adjustment

Changed to lower knowledge group 54.5 50.0 25.7 34.8 50.0

Remained in the same knowledge group 40.9 40.0 54.3 43.5 40.0

Changed to higher knowledge group 4.5 10.0 20.0 21.7 10.0

2nd knowledge group adjustment

Changed to lower knowledge group 45.5 20.0 14.3 13.0 60.0

Remained in the same knowledge group 50.0 55.5 74.3 73.9 30.0

Changed to higher knowledge group 4.5 25.0 11.4 13.0 10.0
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quickly acquainting themselves with the study materials. A statistically 
significant correlation was observed between reading the first learning 
material quickly, answering quickly, and having much or much 
knowledge about the topic [t(DF = 8) = 17.162, p = 0.028]. Conversely, 
a larger share of slow readers was observed among those who 
perceived having little knowledge. Nonetheless, almost two-thirds of 
pupils remained in the intermediate group (see Table 3).

Measuring the duration of learning does not straightforwardly 
indicate a pupil’s focused attention. A rapid pace might suggest 
disinterest, simply skimming through the material and quickly answering 
questions without much reflection. On the other hand, it could also 
indicate adeptness, with the pupil swiftly grasping the material and 
generating accurate responses, thus requiring less contemplation time.

The results reveal that ChatGPT facilitated the provision of 
dynamically tailored learning materials, consistently aligning with 
each pupil’s knowledge and learning progression regarding the lesson 
topic. Past research indicates that personalized learning materials 
amplify pupils’ motivation to engage with the content. This heightened 
interest and enjoyment foster intrinsic motivation, leading to higher-
quality engagement with the learning materials (León et al., 2015; 
Ryan and Vansteenkiste, 2023). The support offered for pupils’ self-
regulation, including clearer goals and dedicated learning time, 
coupled with heightened motivation and emotional resonance due to 
personalized materials, potentially bolstered each pupil’s self-efficacy. 
This enhancement in confidence regarding their learning capabilities 
and the deployment of diverse cognitive strategies can significantly 
impact overall performance (Pintrich, 1995). Such personalized 
learning experiences may contribute to pupils’ focused and energized 
engagement with the adapted material (Csikszentmihalyi, 1990; 
Hoffman and Novak, 2009).

4.3 Pupils’ articulation of their learning 
with ChatGPT-modified learning materials

Previous research among primary and secondary school pupils 
suggested optimistic perspectives on integrating ChatGPT into 
learning (Bitzenbauer, 2023; Lozano and Blanco Fontao, 2023), albeit 
without empirical evidence. This study, outlined in this article, 

assessed pupils’ subjective learning experiences while utilizing the 
provided learning materials and devices for the subject. Pupils’ 
inclination toward a specific learning method significantly impacts 
their motivation to engage with the topic.

Approximately two-thirds (66.4%) expressed substantial or high 
levels of enjoyment when using the provided learning materials and 
laptops. This suggests an enthusiastic and actively engaged learning 
process among the pupils during the test lesson.

Pupils who held a strong liking for the test lesson consistently 
exhibited particular patterns: they generally demonstrated high 
interest in the lesson topic [t(DF = 16) = 34.198, p = 0.005], found 
the test lesson learning material highly readable 
[t(DF = 16) = 39.127, p = 0.001], and recognized the test lesson’s 
illustrations as significantly beneficial for their learning 
[t(DF = 16) = 81.844, p < 0.001]. Conversely, a smaller fraction, one 
in 10 (10.0%), conveyed limited or negligible liking. These pupils, 
who expressed a lack of liking for the test, typically showcased 
contrasting tendencies: little to no interest in the covered test 
lesson topic [t(DF = 16) = 34.198, p = 0.005], negligible perceived 
learning during the lesson [t(DF = 16) = 61.426, p < 0.001], or 
placement in the intermediate knowledge group [t(DF = 8) = 16.727, 
p = 0.033].

Another key aspect to consider is the extent to which pupils 
learned the topic of the test lesson. A comprehensive, objective 
assessment was not feasible after this test lesson. However, as discussed 
earlier, pupils seemed to align more with their understanding of the 
topic and their learning progress throughout the lesson. This indicates 
an optimal challenge level in the learning materials tailored for each 
pupil, a crucial factor for enabling optimal learning experiences.

However, pupils provided subjective viewpoints on their learning 
about the topic. It is important to note that subjective perception 
might not precisely measure the actual amount learned, as it would 
be indicated in a standardized exam. Perceptions of having learned 
not at all or very much are also influenced by pupils’ prior knowledge 
about the topic.

A notable proportion of all pupils indicated having learned very 
much (23.6%) or much (33.6%) during the test lesson. This perception 
of having learned much or very much grew along the knowledge level 
groups: 42.9% in the basic, 54.2% in the intermediate, and 78.8% in 

TABLE 3 Attention to test lesson learning material: pupils’ (N  =  110) reading time in seconds.

1st reading material 2nd reading material Number of 
pupils

Fast Medium Slow Fast Medium Slow

Much interest on topic 23.5 67.7 8.8 23.4 64.7 11.8 34

Fair interest on topic 9.4 65.6 25.0 25.0 68.8 18.8 32

Not interest on topic 13.6 59.1 27.2 11.4 70.5 18.1 44

High knowledge on topic 18.2 67.7 14.1 18.2 69.7 12.1 33

Medium knowledge on topic 17.1 68.6 14.3 11.4 71.4 17.1 35

Low knowledge on topic 13.6 59.1 28.6 11.4 70.5 19.1 42

Upgraded pupils – – – 8.0 78.0 14.0 50

Same group pupils – – – 12.5 62.5 25.0 16

Downgraded pupils – – – 25.0 59.1 15.9 44

Fast answering pupils 23.5 64.7 11.8 17.6 64.7 17.6 17

Slow answering pupils 4.3 73.9 21.7 5.6 72.2 22.2 18
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the advanced knowledge group (Table 4). A small percentage reported 
learning not at all (4.5%) or only a little (9.1%) during the test lesson. 
Among pupils in the basic knowledge group, 19.0% indicated they had 
learned little or nothing, with this proportion decreasing in the 
intermediate knowledge group (14.3%) and further in the advanced 
knowledge group (6.0%) (Table 4).

Overall, pupils’ perceptions of their learning during the test lesson 
varied. Differences were also noted between 4th, 5th and 6th grades. 
Among 4th and 5th graders, the average score leaned toward 
perceiving having learned much, while that score was lower among 
6th graders (Table 5). The lower general score among 6th graders was 
impacted by a higher share of pupils who expressed that they had 
learned little or nothing during the test lesson, while that share was 
lower among 4th and 5th graders.

5 Conclusion

The impact of generative AI is anticipated to be substantial within 
school education, serving as a valuable tool for school administrators, 
teachers, and pupils alike. Several chat-based applications have 
emerged, such as Bard, ChatGPT, Claude, Copilot, Gemini, and 
Llama, along with image generation tools such as DALL-E and 
Midjourney. This surge in technology is projected to witness a 
significant rise in adoption across educational settings, from primary 
and secondary schools to higher education institutions such 
as universities.

This article examined the utilization of generative AI, specifically 
ChatGPT-3.5 and 4, for crafting customized learning materials 
catering to a wide spectrum of school pupils. The study centered on 
primary school pupils from grades 4 to 6, investigating test lessons 
focused on history topics conducted in July 2023. The subsequent 
sections address the three research questions, highlight the study’s 
limitations, and propose potential avenues for future research.

Firstly, in the conducted test lessons, the adaptability of generative 
AI, specifically ChatGPT-3.5 and 4, was effectively demonstrated. 
These AI models adeptly personalized learning materials both prior 
to and during the lessons, tailoring them to match individual pupils’ 

knowledge levels and align with the curriculum demands. Leveraging 
ChatGPT, pupils were categorized into distinct knowledge groups, 
enabling tailored adjustments in the learning materials to suit each 
pupil’s knowledge level.

Furthermore, ChatGPT demonstrated its capacity to provide 
personalized learning content to each pupil at the lesson’s outset and 
dynamically adapt this material throughout the session. This adaptive 
process accommodated both the curriculum requisites and the unique 
knowledge levels and performance of individual pupils. The dynamic 
adaptability is pivotal given the difficulty in accurately predicting 
pupils’ specific and general knowledge levels before the lesson and 
gauging their learning progress during the session.

This personalized adaptation maintained the lesson text length, 
requiring no adjustments in the quantity of illustrations or questions. 
This outcome suggests a pathway where learning material design can 
align with pupils’ learning performance rather than relying solely on 
exam results or self-perceived knowledge levels. Crafting engaging 
material with an optimal challenge level is crucial for motivating 
learning, and leveraging generative AI can enhance pupils’ autonomy 
in this process. This interconnectedness between pupils, generative AI, 
and educational goals is visualized in Figure 1, reflecting insights from 
various studies (Pintrich, 1995; Shernoff et al., 2003; Hoffman and 
Novak, 2009; León et al., 2015; Ryan and Vansteenkiste, 2023).

Secondly, using generative AI, particularly ChatGPT, to personalize 
learning materials effectively engaged pupils and captured their 
attention. It facilitated an environment with appropriately challenging 
learning tasks, promoting a focused approach toward curriculum goals 
while optimizing cognitive ergonomics. This personalized approach 
fostered a more engaging and motivating learning experience, aligning 
with the principles outlined in flow theory (Csikszentmihalyi, 1990). 
Nonetheless, there were variations in pupils’ attention to the tailored 
learning material by ChatGPT, as evidenced by the time spent studying 
across different knowledge level groups.

Thirdly, pupils shared their learning experiences with the 
customized materials generated by ChatGPT. A notable  66.4% 
expressed significant or high levels of enjoyment while using the 
provided learning materials and laptops. Within the studied group, a 
majority (57.2%) believed they had learned very much or much 

TABLE 4 Pupils’ (N  =  110) perceived learning during the test lesson and their knowledge level groups (%).

Pupils’ knowledge level group
Advanced Number of pupils Share of pupils

Basic Intermediate

Learned not at all 9.5 0.0 3.3 5 4.5

Learned little 9.5 14.3 3.3 10 9.1

Learned somewhat 38.1 31.4 15.2 32 29.1

Learned much 28.6 37.1 36.4 37 33.6

Learned very much 14.3 17.1 42.4 26 23.6

TABLE 5 Pupils’ (N  =  110) perceived learning during the test lesson.

Mean Standard deviation Standard error Number of pupils

Pupils at 4th grade 3.66 0.98 0.14 50

Pupils at 5th grade 3.91 1.03 0.18 32

Pupils at 6th grade 3.25 1.24 0.23 28

Learning score: 1 = Learned not at all. 5 = Learned very much.
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during the test lesson. Interestingly, this figure surged to 78.8% in the 
advanced knowledge group, which exhibited the highest performance 
and knowledge among the studied pupils. However, gauging objective 
learning measurements during this test lesson was unfeasible. The 
outcomes also highlight a discrepancy: pupils’ previous evaluation 
marks, self-perception of knowledge, or interest in the topic do not 
always align with their understanding of the school lesson topic. 
Dynamic adaptation of learning materials by ChatGPT could address 
this challenge, potentially enhancing the learning and accuracy of 
pupils’ learning and responses related to the school lesson topic.

Certainly, there are limitations to consider. The study involved a 
limited number (110) of pupils, each attending only one lesson modified 
with ChatGPT. Additionally, measuring pupils’ focused attention to 
learning materials might require more nuanced methods beyond 
simply tracking time usage. Given that generative AI is still in its early 
developmental stage, broader testing involving more pupils and diverse 
topics across various countries would be beneficial. Nonetheless, the 
case study conducted in 2023 illustrates that there already exists a major 
potential to utilize ChatGPT to adapt learning materials according to 
pupils’ knowledge levels. It suggests that when used thoughtfully, 
generative AI has the capacity to customize school learning materials, 
enhancing pupils’ learning performance and promoting educational 
efficiency, as supported by prior studies (Adiguzel et al., 2023; Kasneci 
et al., 2023; Lozano and Blanco Fontao, 2023).

Amid the global digitization of school settings, criticism has 
emerged regarding the expansion of digital tools, including mobile 
phones (Beland et al., 2023), and attempts have been launched to ban 
or restrict the use of ChatGPT in educational settings (Roose, 2023). 
However, these criticisms often stem from instances where these devices 
and technologies have been inadequately implemented. Generative AI, 
such as ChatGPT, is already part of our reality, making its complete ban 
in educational contexts unfeasible. Instead, the focus should 
be leveraging these tools to unlock their immense potential, fostering 
more engaging, inclusive, and effective learning experiences worldwide.

Taking a proactive and forward-looking approach is crucial in 
unlocking the potential of generative AI in education. Generative AI 
serves as a tool to tailor learning content and levels based on 
individual interactions within the school environment. Aligning 
curriculum content with each pupil’s distinct abilities and interests 
unlocks the potential for heightened motivation. This deeper 
engagement facilitates a more comprehensive exploration of school 
subjects, empowering pupils to better understand the educational 
materials provided.

As the use of generative AI in education is in its early stages, 
systematic studies are crucial to understanding its impact on designing 
school learning materials and, more broadly, its potential and pitfalls 
in education. Longitudinal tests and comparative analyses between 
pupils using generative AI-tailored learning materials and those who 
are not will shed light on the most effective ways to leverage this 
technology for optimal learning outcomes.
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Appendix

The authors of this article initially selected reading materials for the test lessons: one for the 4th grade, another for the 5th grade, and a third 
for the 6th grade. The 5th-grade text was sourced from an article penned by Emma Groeneveld found in the World History Encyclopedia, later 
translated into Spanish by Waldo Reboredo Arroyo. Meanwhile, the texts for the 4th and 6th grades were drawn from an article authored by 
Teressa Kiss, covering the topics of “Los Indígenas” and “Imperio Romano.” To ensure content accuracy, the authors validated the correctness 
of these test lesson texts.

After the test lesson material was chosen, the authors engaged ChatGPT-3.5 and ChatGPT-4 to adapt the text, ensuring its suitability for 
pupils with varying levels of knowledge about the lesson topic—ranging from advanced to intermediate or basic. Additionally, two images 
pertinent to the test lesson were created using Midjourney, a tool generating images from natural language descriptions. Subsequently, a set of 
four open-ended questions and four multiple-choice questions related to the test lesson text and images were tailored by ChatGPT-4 for three 
distinct knowledge level groups, aiming to assess each pupil’s learning of the material. To verify accuracy, the authors rigorously validated the 
correctness of these test lesson texts, questions, and illustrations.

In the process of developing the learning material, we adjusted a particular parameter, which governs the randomness of predictions in the 
text generation. This adjustment was critical in curbing unforeseen or implausible text content—referred to as “hallucinations” in the generative 
AI vocabulary.

In the context of AI text generation and using AI models, we utilized zero-shot and few-shot learning scenarios to allow ChatGPT to perform 
tasks or generate text, as it had not been extensively trained on specific topics or tasks. In zero-shot learning, the AI model was trained to perform 
tasks without any specific examples or data related to that particular task. In the few-shot learning, the AI model was trained with a few examples 
from which it generated the content.

In this natural language processing, AI models were trained to identify or prioritize particular elements (called antibodies in the AI 
vocabulary) within a dataset or during a task. These included text, sentiment, names, and topics related to the prepared lesson. As a result, the 
AI model understood and emphasized the required aspects and features when generating or processing data.

https://doi.org/10.3389/feduc.2024.1288723
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

	Generative AI and education: dynamic personalization of pupils’ school learning material with ChatGPT
	1 Introduction
	2 Theoretical perspectives
	2.1 Self-regulation of pupils and intrinsic motivation
	2.2 Challenges for self-regulation and competing for attention
	2.3 Flow through cognitive ergonomics in generative AI-assisted education

	3 Materials and methods
	3.1 Study material and research questions
	3.2 Test lesson procedures
	3.3 Methods of analysis

	4 Results
	4.1 Dynamic use of ChatGPT to provide personalized learning materials for pupils
	4.2 Pupils’ engagement with ChatGPT-modified learning materials
	4.3 Pupils’ articulation of their learning with ChatGPT-modified learning materials

	5 Conclusion

	References

