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ABSTRACT 

This article explores the educational potential of large language models (LLMs) in physics teaching for 

secondary schools. The aim is to examine the accuracy, consistency and execution time of LLMs in 

solving tasks from national physics exams for secondary schools in the Republic of Croatia. In addition, 

we want to collect teachers’ perceptions of their use in teaching and as a tool in preparation for state 

maturas. The quantitative part analysed the responses obtained from 15 models from four different 

platforms (OpenAI, Perplexity, Microsoft Copilot, DeepSeek) in solving tasks from national physics 

exams. In the qualitative part, a focus group was conducted with physics teachers. The results show a 

high level of accuracy of individual models, and problems in solving tasks with a graphical display 

were revealed. Teachers recognised the potential of LLMs as auxiliary tools but emphasised the 

necessity of students’ prior knowledge in physics and teachers’ need for critical literacy and control. 

The research provides insight into the possibilities and limitations that LLMs bring with them in STEM 

education and opens space for further research into the application of artificial intelligence tools in 

education. 
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INTRODUCTION 

The emergence of large language models (LLMs) has brought new opportunities to the field of 
education [1]. LLMs have the potential to provide a wide range of benefits and opportunities 
for students at all stages of education [2]. Today, students actively use various LLM tools, such 
as ChatGPT, as a tool in class or at home. According to research from 2023, already then 89% 
of surveyed American students used ChatGPT to do homework [3], and today those numbers 
are certainly even higher. Artificial intelligence tools provide numerous advantages. Thus, 
some findings highlight the positive impact of AI on the advancement of conceptual 
understanding, providing personalised learning, facilitating social interaction and assessment 
methods [4]. Special emphasis is placed on various learning supports that are based on the 
personal needs of students [5]. An improvement in more efficient learning and increased 
autonomous learning was recorded [6]. LLMs have excellent interdisciplinary opportunities, 
allowing students to connect in integrated learning and develop interdisciplinary thinking 
skills [5]. With the aim of improving learning methods, the use of LLMs is on the rise as a tool 
that achieves student achievement levels in subjects such as mathematics, computer science, 
and physics [1], therefore, it is not surprising that such tools are increasingly used in solving 
factual, as well as mathematical-logical tasks. Although students appreciate the explanations 
provided, they may also lose confidence in the tools due to inaccuracies [7]. These tools bring 
with them challenges in their use in teaching. Challenges have been identified in the form of 
technical infrastructure, training data, and data privacy [4]. These tools are limited to the data 
they are trained on and can give fictional answers in a convincing tone [8]. 

Therefore, we aim to examine how useful LLMs can be in preparing students for the high 
school physics exam. First, we want to determine the accuracy of the solutions obtained from 
such models. There is also a need to check how consistent they are in their answers, whether 
they differ in time of execution, and what teachers’ attitudes towards their use are. The research 
question is: How accurate, consistent, and time-efficient are LLMs in solving tasks for the high 
school physics exam, and how are they used, perceived and interpreted by physics teachers? 

RELATED WORKS  

LLMs show safety deficiencies, especially in situations involving unclear, ambiguous and 
ethical tasks, according to the SafetyBench study [9]. Although the performance is formally 
good, there is a tendency to hallucinate facts, which in an educational context can seriously 
undermine students’ trust in the systems [9]. Maitland et al. [10] highlighted a high proportion 
of factual and conceptual errors that are unacceptable in the context of the reliability of clinical 
decision-making systems. As with the clinical context, we can draw a parallel with the 
educational context: models make false claims in a convincing tone that causes misconceptions 
in students. In physics, such mistakes reinforce misconceptions students already have, 
which [11] also highlights as a critical risk: “LLMs often reinforce misconceptions because they 
respond with great certainty and authority”. Rong et al. [12] introduce the concept of 
exclusionary reasoning, which refers to the model’s ability to know when not to intervene, 
depending on the situation. This plays an especially important role in education when unwanted 
corrections of student answers can reduce self-confidence. Wu et al. [13] point out that multi-
step explanations (e.g. chain-of-thought prompting) can reduce accuracy because hallucinating 
the model can lead to incorrect answers. Sonkar et al. [14] define Student Data Paradox, the 
concept related to model training on student-tutor dialogue, which results in better imitation of 
misconceptions but weaker reasoning. Thus, he offers a solution in the form of hallucinatory 
tokens, which can also be used in physics because they are models that distinguish between 
situations, i.e. when to “act” and when to give the correct answer. Although LLMs show good 
performance in factual responses, they can also show deficiencies in responses that involve 
visual elements, understanding symbols, or that require deep reasoning [15, 16]. 
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Careful pedagogical integration is needed, given that uncritical and unmoderated use of LLMs 

in education can lead to over-reliance on models and reduce student engagement. On the other 

hand, some research highlights the potential of LLMs in supporting reflective learning if used 

in the right way through a structured framework and teacher guidance [11, 17]. Regarding 

evaluation, Chang et al. [15] propose a multidimensional framework for evaluating LLMs, 

addressing the questions of what to evaluate (type of task), where (benchmark tasks), and how 

(methods and metrics). Such and similar models allow us to assess the appropriateness of LLMs 

in fields such as education [15]. 

Given that AI tools surround students, the importance of AI literacy is emphasised. This 

concept primarily refers to a critical review of the answers provided by AI, the evaluation of 

sources, and the interaction of AI tools as an addition to learning, not a replacement [18, 19]. 

Such an approach supports the desire to use LLMs as tools and objects for critical reflection. 

Similarly, Chiu et al. [18] develop a concept of AI competencies that includes assessing the 

plausibility of responses, awareness of model limitations, and caution against hallucinations. 

Liang et al. [20] emphasise that the clarity and usefulness of the responses provided by LLMs 

should be increased, with supervision and structured feedback. Therefore, a prerequisite for 

this is appropriate prompts and constant validation of results. As pointed out by Wang et 

al. [21], multiple verification, prompt engineering and pedagogical supervision play a major role 

so that LLMs can be used to generate assignments and automatically evaluate student responses. 

This article will contribute to the use of LLMs in the educational field by evaluating their 

performance, consistency, and execution time on the tasks of the national physics exams in the 

Republic of Croatia. 

METHODOLOGY 

Mixed research was conducted, which had a quantitative and qualitative component. The 

quantitative part of the research focused on comparative research with the aim of checking the 

accuracy of different LLMs, similarities between the models, consistency, execution time, and 

relationship between accuracy and execution time in solving state matura tasks in physics in 

Croatia. The qualitative part of the research was based on the focus group technique to gain 

insight into the opinions and perceptions of physics teachers. The process of collecting, testing 

and analysing data was from April to June 2025. 

QUANTITATIVE PART OF THE RESEARCH  

The research began by testing 15 different large language models (LLMs), to assess their 

accuracy in solving tasks from the state matura in physics in the Republic of Croatia. The state 

maturas are administered in the 4th grade of secondary school and are one of the criteria for 

university admission. The questions relate to the fields of physics: mechanics, 

electromagnetism, thermodynamics, optics and modern physics. Tasks from the last five years 

(2019-2024) were considered to ensure the representativeness of current tasks and to include 

possible changes in the content and structure of the state matura in physics. This range allows 

for analysing trends and comparison of models in recent exams. The tasks are divided into two 

test booklets: 

• Exam booklet 1 – Multiple choice questions (A, B, C, D), each task carries one point. 

• Exam booklet 2 – Extended answer questions, worth two to four points depending on the 

complexity of the task. 

Each year has an average of 24 multiple-choice questions and 11 extended-response questions. 

In total, there were 122 multiple-choice questions and 57 extended-response questions. It is 

important to note that both test booklets also contained questions with graphical displays (e.g., 
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pictures, graphs, diagrams). These questions were further separated in the statistical analysis 

so that their accuracy could be observed separately compared to questions without visual 

elements. The aim was to examine the extent to which graphical elements affect the model’s 

ability to provide an accurate answer. There were 45 such questions (36 of which were 

multiple-choice and nine extended-response). 

Platforms and Models 

We tested questions on four different platforms across a total of the following 15 models. 

1. ChatGPT (OpenAI): ChatGPT 4o, ChatGPT o3, ChatGPT o4-mini, ChatGPT o4-mini-high, 

ChatGPT 4.5, ChatGPT 4o mini, 

2. Perplexity: Sonar, Claude 3.7 Sonet, GPT-4.1, Grok 3 Beta, R1 1776, o4-mini, Claude 3.7 

Sonet Thinking, 

3. Microsoft Copilot: GPT-4 Turbo, 

4. DeepSeek: DeepThink (R1). 

The platforms were selected because, according to the authors’ observations, they represent the 

most widely used LLM tools in Croatia’s educational environment, providing results relevant 

to real-world use. All available model variants from the mentioned platforms were tested at 

that time. Two models were excluded from the analysis. OpenAI ChatGPT 4 (because it 

stopped working during the testing phase) and Perplexity’s Gemini 2.5 Pro (because it would 

not parse part of the task files, despite multiple requests and attempts). The goal was to compare 

not only different LLMs across platforms, but also the performance of different versions within 

the same platform. 

It should be noted that the paid versions of ChatGPT Pro and Perplexity Pro were used. 

Microsoft Copilot was used via a Microsoft 365 Education license. For DeepSeek, only an 

email address was used for login. 

Method of Conducting Quantitative Analysis 

Each model was tested in turn via the mentioned platforms. A query was set and a file, i.e. an 

exam booklet with tasks for a particular year, was attached. A separate query was run for 

multiple-choice questions and a query for extended-response questions. The same queries were 

repeated for each year of the state matura. All models received identical, neutrally formulated 

queries, without additional instructions that could direct the model towards the correct answer. 

The first answer generated by the model was accepted, without subsequent changes, additional 

clarifications or retries. The tasks were set in new sessions for each year of the state matura to 

avoid potential bias due to the context of previous questions. In order to check the consistency 

of the model, the same queries were tested in later stages of the research. Example of a query 

for a multiple-choice task: “I am sending you the tasks from the state matura in physics for the 

year 2023/2024. Please solve them for me. Give me the solutions in CSV format. In the first 

column, the solutions should be (A, B, C, D), and in the second column, the explanations.” 

Similarly, queries are formulated for extended-response tasks, for example: “I am sending you 

the tasks from the state matura in physics for the year 2023/2024. Please solve them for me. 

Give me the solutions in CSV format. In the first column, the final solution should be, and in 

the second column, the step-by-step solution with explanation”. 

The answers obtained were structured in a common table, which enabled a systematic 

comparison between the model and the official solutions and served as a basis for quantitative 

analysis. The correct answers were taken from the official state matura website. The model 

answer was compared with the correct answer from the solution library. For extended answer 

questions, the final solutions were compared. If the procedure is correct, and the final result 

deviates due to rounding within the allowed tolerance, no points are lost during the assessment. 
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In some cases, if the result is rounded to more or fewer decimal places than recommended, and 

the value is within the acceptable range, the correct answer is also recognized. The models 

were compared based on the percentage of correct answers, with special attention to differences 

in performance on questions with graphical displays. 

In addition to checking the accuracy of solving the tasks, similarities between the models will 

be analyzed to understand the extent to which their solutions match or differ. This analysis will 

provide insight into the similarities between the models. 

Consistency was also tested by giving the same tasks to the models at different time intervals 

over several weeks. This was to determine how stable and repeatable the responses were, as 

inconsistency in responses can significantly reduce their usefulness in an educational context. 

Execution time was measured for all tested models to gain insight into the practicality of their 

real-time application. This metric is especially important for scenarios where quick feedback 

is needed, such as interactive learning or exam preparation. 

The relationship between accuracy and execution time was analysed to determine the 

relationship between these two factors. Such analysis is crucial for understanding situations 

where users must choose between a faster but potentially less accurate model and a slower but 

more precise approach. 

QUALITATIVE PART OF THE RESEARCH  

A focus group was conducted to gather additional information and gain insight into the 

teachers’ opinions. A focus group is a discussion group that discusses a topic based on 

appropriate questions that stimulate debate. Its main goal is to identify the participants’ 

perceptions and ideas regarding the given topic [22]. We limited the group to 10 participants 

because a smaller group allows for greater depth of expression from each member, which is 

crucial for the quality of the discussion. The focus group members were carefully selected to 

ensure the group was homogeneous. After the focus group, participants were given the 

opportunity to further express their opinions and reflections through a follow-up survey. 

Participants 

This focus group consisted of 10 participants, namely high school physics teachers, two retired. 

All teachers had more than ten years of experience in school, and most of them had over twenty 

years of experience. All were employees of public schools in the Republic of Croatia. 

Participants were carefully selected to be in line with the research objectives. In Table 1, we 

present some information from the participants of this focus group. All participants were 

informed about the research objectives, the method of data collection and processing, and the 

possibility of withdrawing from the research at any time. Participants gave informed consent, 

and the research was conducted in accordance with ethical guidelines. 

Table 1. Profile of teachers who participated in the Focus Group. 
Participant School Years of experience 

P1 Grammar school 20+ years 

P2 Grammar school 20+ years 

P3 Grammar school 20+ years 

P4 Grammar school 11-20 years 

P5 Grammar school 11-20 years 

P6 Vocational school 11-20 years 

P7 Vocational school 11-20 years 

P8 Vocational school 11-20 years 

P9 Retired (grammar school) 20+ years 

P10 Retired (vocational school) 20+ years 
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Focus Group Organization 

The focus group was held online during May 2025 via the Google Meet platform, due to the 

convenience of the participants being geographically dispersed throughout the Republic of 

Croatia. Before the meeting itself, the participants received a document with a carefully 

selected sample of questions from the state matura, as well as the answers and explanations 

provided by the models. This was done so that the participants could gain insight into the 

quality of the models’ answers and to make the focus group meeting as concrete as possible. 

After that, a 1-hour meeting was held. The moderator of this focus group, one of the authors of 

this article, took a discreet approach and a non-directive role. Pre-defined and open-ended questions 

were asked, minimally interfering in the dialogue during the semi-structured discussion. 

The content of the meeting was as follows: 

1. Teachers’ use of LLMs in teaching. 

2. Use of LLMs by students. 

3. Accuracy of answers provided by LLMs. 

4. Can LLMs be used in preparation for the high school exam and to what extent? 

5. The rest and the conclusion. 

Method of Conducting Qualitative Analysis 

After the focus group meeting, the recorded conversation was analyzed. Transcription and 

analysis were performed manually by the researcher, without the use of specialized automatic 

transcription software. The recording was analyzed by authors of the article to ensure multiple 

perspectives. This ensured greater precision and the ability to record nonverbal elements of 

communication. The three main dimensions of the analysis are: 

• using LLMs in teaching 

• accuracy and clarity of answers by LLMs 

• recommendations and potential dangers when using the LLM when preparing for the state 

exam (matura) in physics 

Along with the focus group, a follow-up survey was also conducted to obtain additional 

information after the focus group meeting. The data obtained were analyzed and linked to a 

specific participant and their statements during the meeting. This follow-up survey aimed to 

allow participants to further reflect on the topics raised during the group discussion in a more 

relaxed environment, without time pressure, and to express their views, experiences and 

recommendations regarding the use of AI in physics teaching. Some participants may not have 

felt comfortable expressing certain views in a group setting or were influenced by the opinions 

of others. The individual survey allowed for a more honest and independent expression of 

views. The survey also enabled a systematic collection of responses to specific questions that 

may have only been partially addressed during the focus group, ensuring that all key research 

areas were adequately covered. This methodological approach, which combines group 

discussion with individual surveying, provided a more comprehensive insight into the attitudes 

and perceptions of physics teachers regarding the use of AI in education. 

RESULTS 

The key research findings are presented and divided into quantitative and qualitative results in 

this section. 
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QUANTITATIVE RESULTS 

Model Accuracy 

In total, 15 large language models were tested on 122 multiple-choice questions and 57 

extended-answer questions. The accuracy results are shown in Table 2. Analysis of the 

percentage of resolution shows significant differences between the models. The best results on 

all types of tasks were achieved by ChatGPT o3 and o4-mini, with accuracy above 90% on 

multiple choice and above 75% on extended response. The results of the ChatGPT o3 model 

show that this model was the most accurate for both types of questions. The weakest results 

were recorded with ChatGPT 4o mini (36% and 42%) and Copilot (59% and 35%). The 

relationship between the percentage of accuracy of the two types of tasks for each model can 

be seen in Figure 1. 

Additionally, tasks of both types that contained graphical representations were analysed. This 

group of tasks proved to be the most demanding for LLMs, with an average accuracy of 51%. 

Here again, ChatGPT o3 proved to be the most accurate (73%), and besides it, o4-mini and R1 

1776 exceeded 70% accuracy (71%). Here, too, ChatGPT 4o mini (22%) and Copilot (33%) 

proved to be the worst. 

Table 2. Accuracy of LLMs by task type on the physics state exam. 

Model Platform 
Multiple choice 

questions, % 

Extended answer 

questions, % 

ChatGPT 4o ChatGPT (OpenAI) 66 39 

ChatGPT o3 ChatGPT (OpenAI) 93 89 

ChatGPT o4-mini ChatGPT (OpenAI) 84 75 

ChatGPT o4-mini-high ChatGPT (OpenAI) 75 84 

ChatGPT 4.5 ChatGPT (OpenAI) 75 63 

ChatGPT 4o mini ChatGPT (OpenAI) 36 42 

Sonar Perplexity 75 53 

Claude 3.7 Sonet Perplexity 68 63 

GPT-4.1 Perplexity 64 63 

Grok 3 Beta Perplexity 69 49 

R1 1776 Perplexity 82 70 

o4-mini Perplexity 93 77 

Claude 3.7 Sonet Thinking Perplexity 76 68 

Copilot Microsoft Copilot 59 35 

DeepThink (R1) Deepseek 77 54 

Average 73 62 

 

Figure 1. Accuracy of LLMs on multiple-choice and open-ended physics exam questions. 
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Similarities Between Models 

We analyzed the mutual similarity of the answers of 15 models for 122 multiple choice 

questions. Instead of the classical Pearson correlation, which is not optimal for categorized 

ordinal answers (A, B, C, D), we used measures that better reflect the actual agreement: 

percentage of agreement (how often two models give identical answers to the same questions) 

and Cohen’s kappa (a statistical measure of agreement that corrects the effect of chance). 

The highest agreement was shown by the ChatGPT o3 and o4-mini models, which gave identical 

answers in as many as 91,8% of cases, while their Cohen’s kappa was 0,89, indicating excellent 

agreement above chance. This is the only pair that exceeds the 0,8 threshold for strong agreement. 

ChatGPT 4o mini model has the lowest average Cohen’s kappa value compared to the other 

models (0.16), indicating a very low level of agreement. This means that the responses of this 

model differ significantly from the responses of the other models, almost at the level of chance 

agreement. This value falls into the category of weak agreement. 

The value of Cohen’s kappa for other models in relation to the others is between 0,4 and 0,8. 

Consistency of Model Responses 

The consistency of the model was tested on multiple choice tasks. Only non-graphic tasks were 

considered, since models often do not read visual elements well, which can result in random 

and variable answers. Also, extended response tasks are not included because, although the 

models often provide similar solutions, differences in rounding and wording can make 

objective comparison difficult. 

Consistency was tested across multiple time intervals over several weeks, attempting to capture 

possible variations in model behaviour due to updates or changes in platform infrastructure. 

The average consistency of all models and platforms is 86%. The ChatGPT platform (OpenAI) 

shows the highest average consistency of 93%, which indicates the stability and reliability of 

their models. The Perplexity platform shows significant variability among models, with an average 

consistency of 79%, but also with individual models reaching a high level of consistency (e.g. 

o4-mini – 94%). The lowest consistency was shown by Perplexity’s Cluade 3.7 Sonet model 

of 64%. The percentage of consistency of all models and platforms is visible in Table 3. 

Table 3. Response consistency on multiple-choice tasks, excluding questions with graphical 

content. 

Model Platform 
Consistency by 

model, % 

Consistency across 

platforms, % 

ChatGPT 4o ChatGPT (OpenAI) 86 

93 

ChatGPT o3 ChatGPT (OpenAI) 99 

ChatGPT o4-mini ChatGPT (OpenAI) 92 

ChatGPT o4-mini-high ChatGPT (OpenAI) 90 

ChatGPT 4.5 ChatGPT (OpenAI) 97 

ChatGPT 4o mini ChatGPT (OpenAI) 93 

Sonar Perplexity 86 

79 

Claude 3.7 Sonet Perplexity 64 

GPT-4.1 Perplexity 72 

Grok 3 Beta Perplexity 84 

R1 1776 Perplexity 70 

o4-mini Perplexity 94 

Claude 3.7 Sonet Thinking Perplexity 85 

Copilot Microsoft Copilot 84 84 

DeepThink (R1) Deepseek 88 88 

Average 86% 86% 
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Execution Time 

The research measured the execution time of each model while solving a particular exam 

booklet. The time is expressed in seconds and represents the average duration of processing all 

tasks in a particular category for a particular year. Thus, the average execution time for 

multiple-choice questions from a single exam booklet is 91 seconds, and for extended-response 

questions it is 101 seconds. Recall that the average number of multiple-choice questions per 

exam booklet is 24, and for questions with extended answers it is 11. 

The results show a significant difference in execution time between individual models, with 

some models, e.g. ChatGPT o3 (327 s and 220 s) requiring significantly more time than others, 

such as Sonar (20 s and 40 s) or Copilot (22 s and 25 s). All results are visible in Table 4. 

Table 4. Average execution time per exam. 

Model Platform 
Multiple choice 

questions, s 

Extended answer 

questions, s 

ChatGPT 4o ChatGPT (OpenAI) 25 70 

ChatGPT o3 ChatGPT (OpenAI) 327 220 

ChatGPT o4-mini ChatGPT (OpenAI) 106 65 

ChatGPT o4-mini-high ChatGPT (OpenAI) 100 165 

ChatGPT 4.5 ChatGPT (OpenAI) 110 155 

ChatGPT 4o mini ChatGPT (OpenAI) 54 100 

Sonar Perplexity 20 40 

Claude 3.7 Sonet Perplexity 90 70 

GPT-4.1 Perplexity 20 40 

Grok 3 Beta Perplexity 70 60 

R1 1776 Perplexity 35 110 

o4-mini Perplexity 150 200 

Claude 3.7 Sonet Thinking Perplexity 155 125 

Copilot Microsoft Copilot 22 25 

DeepThink (R1) Deepseek 75 75 

Average 91 101 

Relationship Between Response Accuracy and Execution Time 

Correlation analysis between execution time and model accuracy indicates a moderate to strong 

positive association. Thus, for multiple-choice tasks, the Pearson correlation coefficient was 

0,58 (p = 0,022), which suggests that models with longer processing times generally achieve 

higher accuracy. For extended response tasks, the correlation was even more pronounced. A 

value of 0,73 (p = 0,002) indicates an even stronger association in more complex tasks between 

execution time and accuracy. Both p-values are well below the usual threshold of 0,05. 

Additionally, a scatter plot (Figure 2) is presented that illustrates the relationship between 

model execution time and their accuracy on the tasks of the state matura in physics. The graph 

clearly shows a positive correlation, suggesting that models with longer processing times 

generally achieve higher accuracy. 

In Table 5 one can see the difference between the platforms in average accuracy and average 

execution time. 
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Figure 2. Relationship between execution time and accuracy of LLMs on physics exam tasks. 

Table 5. Average accuracy and execution time of language models by platform. 
Platform Average accuracy, % Average execution time, s 

ChatGPT (OpenAI) 68 125 

Perplexity 69 85 

Copilot 47 24 

DeepSeek 66 75 

QUALITATIVE RESULTS 

Based on the transcription of a focus group with ten physics teachers and a subsequent survey, 

three main thematic units were identified that depict the attitudes and experiences of teachers 

with large language models in the context of physics teaching and preparation for the state exam. 

Using LLMs in Teaching 

Most teachers use LLMs primarily as an auxiliary tool in preparing lessons – for generating 

ideas, creating materials and designing problem tasks. However, the analysis shows 

polarization among physics teachers in their approach to using LLMs. Some teachers 

completely avoid using these tools in teaching, preferring traditional methods. Participant P2 

clearly emphasized: “I do not use LLMs in teaching. I use written materials and collections”. 

Another group of teachers uses LLMs selectively, mainly for generating ideas and preparing 

materials, but not directly with students. Participant P1 stated: “I don’t use LLMs with students. 

I use them if I need an idea... I use Copilot and ChatGPT most often, but mostly Copilot because 

it’s handy in Teams”. Some also use them to evaluate students’ work, and participant P6 points 

out that he uses Perplexity to create evaluation rubrics and check sources, emphasizing its 

transparency: “Perplexity lists sources. It approaches the solution through procedures and then 

provides the solution”. Participant P9, with over 20 years of experience, took a pragmatic 

stance: “In regular classes, I would give an assignment and if no one solves it, I would 

recommend that they solve it together with the help of artificial intelligence”. 

Some participants already use tools such as ChatGPT and Microsoft Copilot with their students, 

but they believe that this should be done with strict supervision and critical evaluation of the 

solutions obtained. “Students often know how to use models for copying, without their own 

understanding, so this requires a different approach to assessing their work” – warns 

participant P6. The importance of educating students in a critical approach to the results 

obtained from LLMs was emphasized, including checking and understanding each step of the 

solution. “They should be taught not to automatically accept everything that the model says, 

but to understand and check each part of the solution” – agreed the participants in the discussion. 
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Participants unanimously pointed out that students use LLMs on their own, massively, often 

without critical reflection. Participant P1 emphasized: “Students use them massively, much 

more than teachers. We as teachers need to keep up with the times as soon as possible and 

somehow teach children to look at them critically”. Teachers easily recognize when students 

use LLMs because of the specific markings and approaches. Thus, participant P6 warned of a 

deeper problem: “They literally copy, i.e. they copy what they see. They do not understand the 

symbols they copy at all”. Participant P7 stated: “I notice that students use the markings given 

to them by ChatGPT regardless of the fact that we did not use them in class”. Participant P8 

supported this with specific examples: “So they write multiplication as ‘x’. We write oscillation 

for the length of a pendulum as a lowercase ‘l’, and they write it as a capital ‘L’. So you can 

see from the markings that they did not do it”. Participant P1 adds: “Students use it massively, 

much more than teachers. We as teachers need to keep up with the times as soon as possible”. 

Perception of Accuracy and Quality of LLM Responses 

Some participants noted significant problems with the accuracy and consistency of LLMs when 

solving physics problems. Participant P5 described her insight: “I gave ChatGPT a problem to 

solve. I asked him if he was sure that was the case... It took him three or four attempts to solve 

the problem correctly, but he didn’t do it right the first time”. 

Models often produce concise answers that can leave out key parts, which can lead to 

misunderstandings or errors if not monitored and corrected. Tasks with graphical 

representations are particularly problematic, as confirmed by the quantitative part of the 

research. Some participants note that models sometimes change important details, which can 

be confusing for students. Participant P9 noted: “One of the tasks given gave the wrong solution 

because it started solving a task with harmonic oscillation with cosine, but in the exam booklet 

it is sine”. Participant P1 adds: “I noticed a lot of errors in the tasks given. They are incomplete 

and I don’t know how much students would learn”. 

Participant P3 warned about the importance of critical checking: “I used it. It makes mistakes. 

Only when it is pointed out to him about the mistakes will he say ‘You’re right’ and correct it”. 

Participant P9 points out: “He solved 34 out of 35 tasks so accurately with explanations. I think 

that one was not a good formulation of the task. After warning him what was incorrect, he 

immediately corrected it and stated ‘I immediately noticed where I was wrong’ and in the end, 

he solved it correctly”. 

Recommendations for Use in Preparation for the State Matura 

Participants recognised numerous advantages of LLMs, such as automated assistance in 

preparing materials, explaining concepts, and encouraging research-based learning. However, 

they cautioned that additional education of teachers and students is necessary for successful 

integration. It was suggested that a hybrid approach be used where LLM serves as an auxiliary 

tool, but under the constant supervision of the teacher, especially for more complex tasks. 

Teachers’ views on the suitability of LLMs for preparing for the state matura show caution and 

recognition of potential. Participant P4 cautioned: “I think it is a bit questionable to use it to 

prepare for the state matura... Some main concepts should be mastered for them to use 

ChatGPT”. Most did not use the models as a primary tool for students to create solutions to 

problems, but they recognise their potential for such use with adequate education and 

supervision. They cite asking the model for a step-by-step explanation as the correct approach: 

“Write a detailed solution procedure – it allows students to follow the logic” (participant P9). 

LLMs can also encourage students to think critically. Participant P5 describes a task in which 
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students analyse a text generated by ChatGPT and compare it with a textbook: “So, to critically 

reflect on it and compare it with other sources”. 

The most experienced participant, a retired professor with many years of experience, P9, was 

more optimistic: “I think it can be used to prepare for the state matura... I think that students 

can use it as a great tool to teach them to prepare for the state matura”. However, he also urges 

caution. When asked, “Does he think that students could rely solely on it?” he thinks not. “You 

can’t just come off the street and ask someone who has never studied physics at the high school 

level and tell them to solve one problem. There must always be some knowledge of the student”. 

The moderator summed up the discussion with the words: “LLMs can help, and we have to 

keep up with the times. They can be useful to a certain extent for both us and the students, but 

with additional control. As for preparing for the state matura, they can help the students, but 

they still need to have a certain fund of knowledge to be able to communicate with the LLM in 

a quality way”. 

DISCUSSION 

This section will interpret and elaborate on the quantitative and qualitative findings of the 

research. First, the performance of large language models will be discussed through various 

metrics such as accuracy, speed of execution, and consistency. Then, teachers’ perceptions and 

attitudes about the application of these models in physics teaching will be commented, based 

on the results of the focus group and subsequent reflections. The broader implications of our 

findings for educational practice will be brought out. Finally, limitations of the research that 

should be kept in mind when interpreting the results will be highlighted and directions for 

future research will be suggested. 

MODEL ANALISYS 

The results show that the best LLMs are already quite reliable on the state matura in physics, 

especially on multiple-choice questions. Xu et al. compared the performance of LLMs on 

undergraduate-level physics questions. While their best model achieved 49.8% [23], our 

research shows that several models achieve over 90% accuracy on Croatian high school physics 

exams. Such findings may mean that today’s models have sufficient knowledge for teaching at 

the high school level, while there is room for improvement at the undergraduate level. We can 

also compare the results of our research with the findings of another study, which took place 

two years ago. According to Ding et al. [24], GPT-3.5 achieves 49,3% (zero-shot) and 73,2% 

(few-shot) accuracy on elementary school physics tasks, showing that the development from 

GPT-3.5 to the current models (GPT-4, o3) demonstrates rapid progress in LLMs’ abilities. 

The models are significantly more accurate in multiple-choice questions than in extended-

response or especially in graphical tasks. The greatest challenge is in graphical tasks, where 

most models still have significant difficulties [10, 25]. Current LLMs appear to have limitations 

in interpreting data from graphical tasks. Also, the models show difficulties in determining 

values from visual tasks, which is reflected in the resulting solution. Models often ask the user 

to read data from an image or describe an image. Thus, our findings show significantly lower 

accuracy on tasks with graphical representations compared to textual tasks. Variability and 

inconsistency were also observed in such tasks. This indicates that current models are not fully 

prepared for the independent and reliable solving of problems that require visual interpretation. 

Therefore, a human factor is needed to check and control the interaction when it comes to 

graphical tasks. In an educational context, this calls for additional caution and supervision by 

teachers. 
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The obtained results of agreement between the models provide indications of similarities and 

differences in providing solutions to multiple-choice questions. The largest Cohen’s kappa 

obtained between the ChatGPT o3 and o4-mini models shows their considerable agreement in 

answers, which may suggest that they have similar architectures, approaches or training data. 

On the other hand, the ChatGPT 4o mini model shows a low level of agreement with the other 

models, which indicates that this model probably makes decisions in a different way. Such a 

model can be useful when diversifying opinions or obtaining alternative solutions for creative 

tasks is needed. It can also indicate frequent errors. From the obtained findings, it is evident 

that models with high agreement achieve better accuracy (e.g. ChatGPT o3 and o4-mini) while 

models that agree less with the others show a low level of accuracy. In general, most models 

show moderate to good agreement, which suggests that despite the differences, there is a certain 

consensus among the models. Of course, the context and purpose of using an individual model 

should be considered, as each individual model may be more suitable for a different context or 

type of task. 

Consistency analysis adds strength to the answers obtained and reduces the randomness factor, 

especially in multiple-choice tasks. It has been observed that identical queries can result in 

different answers, even in the same model session [26]. Novikova et al. [27] warn that models 

often fail to maintain consistent answers. The high consistency of most models in our study 

(86% average) suggests that LLMs have become sufficiently stable and reliable to consistently 

solve standardised physics problems. However, there is room for improvement in terms of even 

greater consistency. However, significant differences between the consistency of models 

(range 64% to 99%) highlight the importance of careful selection of models for educational 

purposes. Consistency of responses, with accuracy, is a key factor for the reliability of LLMs 

in an educational context. The results show that models within the same platform can be quite 

heterogeneous in terms of consistency, and therefore, certain unstable models would need 

additional validation before being used for educational or evaluation purposes. 

The results indicate that models that provide more accurate solutions for more complex and 

demanding tasks also have longer execution times, which may be a consequence of more 

complex computational processes within the model. Therefore, when choosing a model for a 

particular task, it is necessary to consider the trade-off between the desired accuracy and 

acceptable computation time, especially in tasks where response speed plays an important role. 

However, it should be emphasised that execution time is not the only factor and that there are 

deviations in this regard. It is not a rule that a slower model is always more accurate, as our 

analysis shows variability and models with similar times can have different accuracies. 

TEACHERS’ PERCEPTION 

The focus group analysis reveals several important insights. Participants agree on the need to 
educate students on the critical use of LLMs. They should be introduced to teacher 
supervision [24], especially in preparation for the state matura. They agree that state matura 
preparation should teach students to think, not just solve numerical problems. They believe 
preparing for the state matura should teach students to think, not just solve numerical problems. 
The consensus among them is that LLMs are not a substitute for teachers, but a tool that 
requires supervision. Although our teachers’ views showed some caution, an example of a 
structured teaching system, Physics-STAR, that uses a personalized physics learning 
framework shows a 100% improvement in student performance on complex physics tasks [28]. 
This may mean that the key difference lies in the implementation approach, where 
pedagogically structured and informed systems are contrasted with the unsupervised use by 
students that our teachers have observed. Students have been reported to use LLMs, often 
without thinking, skipping steps in solutions or not understanding the symbols they copy. Some 
students rely entirely on the given answers without further checking. Therefore, students need 
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to be educated on how to recognise and correct errors in the generated answers. Students and 
teachers need to be aware of the limitations [6]. Although some models can provide clarity in 
their solutions, clarity still does not guarantee accuracy [13], hence the need for verification 
and control in their educational application. From their own experience, teachers noted 
variability among different models, which corresponds to quantitative research findings. In 
addition to the incorrect answers provided by the models, problems such as superficial 
explanations were also mentioned. 

Wu et al. [13] findings provide implications for the debate about trust in LLMs and the 
reliability of reasoning in education. They showed that chain reasoning can negatively affect 
accuracy, which supports caution about interpretable but unreliable responses. Their work, as 
well as the experiences of our teachers, further confirms that clarity does not guarantee 
accuracy, justifying the need for verification and control in the educational application of 
LLMs, especially in disciplines that require logical reasoning, such as physics. 

IMPLICATIONS 

The results show that LLMs can be a valuable tool for teachers in lesson preparation and 
problem generation. The best models are already helpful in preparation for the state matura in 
physics. Although LLMs show relatively high accuracy (e.g. ChatGPT o3 over 90% on 
multiple choice), graph tasks pose a challenge (average accuracy 51%). The focus group 
recognises the usefulness of the models for students with some knowledge and supervision: 
“The model can be useful, but students need to have basic knowledge to use it correctly” (P9). 

Recommendation 1: Preparation for the state exam in physics can include an LLM as an 
assistant. It is essential to teach students AI literacy, including recognizing hallucinations and 
critically evaluating the reliability of responses. 

Using these tools requires technological and pedagogical literacy. Teachers who have used 
them report that they are useful “for ideas, concepts, but also for creating rubrics”, but under 
the condition of “critical supervision and verification of sources” (P6). 

Recommendation 2: Educating teachers about AI tools and assessing the quality of AI 
responses should become an integral part of the professional development of physics teachers. 

The findings point to the need to introduce pedagogical scenarios for the use of artificial 
intelligence in schools, including curriculum guidelines, evaluation protocols and ethical 
frameworks. 

Recommendation 3: Develop guidelines that include the responsible use of LLMs in schools. 

LIMITATIONS 

The study analysed responses from 15 models across four platforms. Given the rapid 
advancement of the models, the results are primarily valid for the state of technology at the 
time of the study. They should be interpreted with caution after some time. Changes in 
performance and model updates over time can lead to instability in the findings and should be 
monitored longitudinally [29, 30]. On the positive side, these results should trend upward as 
technology advances. 

The research was based exclusively on physics tasks for the 2019-2024 state maturas, which 
include standardised test items. Although the sample consists of mechanics, thermodynamics, 
electromagnetism, optics, and modern physics, the focus was on tasks with a unique final 
solution, which did not assess the role of LLMs in interpretive and ambiguous tasks. 

While the participating teachers provided valuable insights through focus groups, students did 

not directly participate in the research. This led to a lack of qualitative insights from the 

perspectives of the most sensitive users of the models in education, particularly on the reasons 
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for relying on LLMs, barriers to use, and perceptions of accuracy. It is planned to be part of a 

future study. 

CONCLUSION 

Traditional education faces challenges such as individual differences among students and 

assessment of teaching effectiveness. Research on educational models is constantly evolving, 

providing new methods and approaches to achieve the goals of personalised learning, 

intelligent teaching, and academic assessment [31]. The focus group results confirm that LLMs 

are, somewhat informally, already integrated into the educational process. The focus group 

shows that while LLMs bring significant opportunities to improve physics teaching, there are 

important challenges related to the accuracy, consistency and understanding of the generated 

solutions. Accuracy and consistency over time are crucial when integrating LLMs into sensitive 

fields such as educational or clinical [30]. Their successful implementation requires a thoughtful 

approach, ongoing education of all stakeholders, and expert oversight. LLMs can be additional 

learning tools, but teachers must emphasise critical thinking and source checking [30]. It is 

crucial to develop such responsible education systems where critical evaluation methods and 

effective use of these tools in teaching will be of utmost importance. The advancement of AI 

in education requires initiatives to address the ethics and privacy issues of AI and requires 

interdisciplinary and transdisciplinary collaboration [32]. A report on the security risks and 

biases of LLMs [9] warrants caution in their use, particularly in contexts that require accuracy 

and ethical neutrality. These findings demonstrate the potential but also support the need for 

careful and thoughtful integration of LLMs into physics teaching. 
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