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Background and Objectives: Mathematical modelling has increasingly become a central 
component of mathematics education, as it helps students connect abstract mathematical 
concepts to real-world situations. Despite its importance, many elementary pre-service 
teachers (PSTs) face challenges when attempting to design or solve modelling problems, 
partly due to their limited exposure to such tasks during their teacher education programs. 
With the rapid development of AI (AI), new opportunities have emerged to compare human 
problem-solving approaches with machine-generated solutions. The purpose of this study is 
to examine how elementary PSTs and an AI system perform on mathematical modelling tasks. 
Specifically, the study seeks to understand the strengths and weaknesses of PSTs’ modelling 
competencies, while also exploring the potential contributions of AI as a supportive tool in 
mathematics education. The objective is not only to evaluate performance but also to address 
the broader significance of integrating AI into teacher education, highlighting both 
opportunities and risks. 
Methods: A convenience sample of 50 PSTs participated in the study. Participants were asked 
to complete a researcher-developed test that included mathematical modelling tasks 
designed to evaluate different aspects of modelling competence. The face and content 
validity of the instrument were reviewed and confirmed by two experts in mathematics 
education, ensuring the appropriateness and relevance of the items. Data were collected in 
written form and analyzed using both quantitative and qualitative approaches. The PSTs’ 
responses were examined based on the competency framework, which provides structured 
criteria for assessing modelling skills such as understanding the problem, using mathematics, 
interpreting results, and validating solutions. AI-generated responses were also collected for 
the same tasks, and these were compared with the human responses in terms of strategy, 
accuracy, creativity, and solution quality. The study followed a qualitative design with 
deductive (directed) content analysis, which allowed the researchers to systematically code 
and interpret the data while drawing comparisons across human and AI performance. 
Findings: The findings revealed several important patterns. Many PSTs demonstrated 
weaknesses in mathematical modelling, particularly in the stages of validation and 
interpretation. Their answers were often incomplete or lacked sufficient reasoning. However, 
the participants performed relatively better in the criterion of 'use of mathematics', indicating 
that they could carry out mathematical procedures but struggled to connect them 
meaningfully to real-world contexts. No statistically significant differences were found 
between participants based on gender or academic background, suggesting that the 
difficulties with modelling are widespread among elementary PSTs regardless of their 
demographic characteristics. In contrast, the AI system produced solutions that were 
generally more coherent and well-structured, particularly in terms of validation and creativity. 
The AI was able to provide step-by-step explanations and generate multiple approaches to 
solving the same problem, which could serve as a model for PSTs. Nevertheless, the AI 
responses were not flawless, and in some cases, over-simplifications or assumptions were 
made without sufficient justification. 
Conclusion: The study concludes that while PSTs have some foundational skills in 
mathematical modelling, their overall competencies are insufficient for solving complex 
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modelling tasks independently. This finding points to a need for teacher education programs 
to place greater emphasis on developing modelling skills through practice, reflection, and 
guided instruction. At the same time, the study highlights the potential of AI as a valuable 
educational resource. AI can accelerate the learning process by providing worked examples, 
alternative solutions, and creative perspectives on modelling tasks. However, the findings also 
caution against over-reliance on AI. If PSTs depend too heavily on AI-generated solutions 
without critical evaluation, their own problem-solving and reasoning abilities may be 
undermined. Therefore, AI should be integrated into teacher education thoughtfully, with 
clear guidelines for its use as a supportive rather than substitutive tool. By balancing human 
learning with technological support, teacher educators can better prepare future teachers to 
engage their students in meaningful mathematical modelling activities. 
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ای به بخش مرکزی آموزش ریاضای تددی  شاده اسات، زیرا به  فزاینده  به طورساازی ریاضای  مدل اهداف:پیشیینه و 

اهمیت آن، بساایاری از    باوجودهای وایعی پیوند دهند. کند مفاهیم انتزاعی ریاضاای را به مویعیتآموزان کمک میدانش

شاوند که بخشای از آن ناشای از  هایی مواجه میساازی با چالشدر طراحی یا ح  مساال  مدل ابتدایی  دانشاجو معلمان

های  فرصات معلم اسات. با توساعه ساریو هوش مصانوعیهای تربیتها در طول دورهگونه فعالیتمواجهه محدود آنان با این

های تولیدشاده توسام ماشاین به وجود آمده اسات. هدن این  ح ای برای مقایساه رویکردهای ح  مسائله انساانی با راهتازه

ساازی ریاضای  مدل  تکالیفابتدایی و یک ساامانه هوش مصانوعی در انجام    دانشاجو معلمانمطالعه بررسای نحوه عملکرد  

اسات،    دانشاجو معلمانساازی  های مدلخاص، این پژوهش به دندال درک نقاط یوت و ضاعف شاایساتگی  به طوراسات.  

کند. هدن  عنوان یک ابزار حمایتی در آموزش ریاضای را نیز بررسای میزمان نقش بالقوه هوش مصانوعی بههم  کهیدرحال

تر ادغام هوش مصانوعی در آموزش معلمان اسات که  پژوهش صارفا  ارزیابی عملکرد نیسات، بلکه تیکید بر اهمیت گساترده

 .سازدها و هم مخاطرات آن را برجسته میهم فرصت

کنندگان خواساته شاد  رکتشادر این پژوهش شارکت کردند. از    دانشاجو معلم  50شاام   یدر دساترسای  نمونه :هاروش

های مختلف شاایساتگی  ساازی ریاضای برای ارزیابی جندهمدل تکالیفرا تکمی  کنند که شاام     سااختی-محققآزمون  

ساازی بود. روایی صاوری و محتوایی ابزار توسام دو متخصاو آموزش ریاضای بررسای و تییید شاد تا تناساا و ارتداط  مدل

های  ی و کیفی تحلی  شاادند. پاسااخآوری و با رویکردهای کمّصااورت نوشااتاری جموها بهسااؤا ت تیاامین شااود. داده

ای  بررسای گردید؛ چارچوبی که معیارهای سااختاریافته   ما بر اساا  چارچو  شاایساتگی گریفرا  و   دانشاجو معلمان

ها اراله  ح کارگیری ریاضایات، تفسایر نتایو و اعتدارسانجی راهساازی مانند درک مسائله، بههای مدلبرای ارزیابی مهارت

https://creativecommons.org/licenses/by-nc/4.0/
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آوری و از نظر راهدرد،  جمو  تکالیفهای تولیدشاده توسام ساامانه هوش مصانوعی برای همان  دهد. همچنین پاساخمی 

های انساانی مقایساه شادند. پژوهش حاضار از طراحی کیفی با تحلی  محتوای  ح  با پاساخدیت، خلاییت و کیفیت راه

مند کدگذاری و تفساایر کنند و نظام به طورها را  شااده بهره گرفت که به پژوهشااگران امکان داد دادهاسااتقرایی هدایت

 .هایی میان عملکرد انسانی و هوش مصنوعی انجام دهندزمان مقایسههم

ساازی ریاضای از خود بروز  هایی در مدلضاعف  دانشاجو معلمانها الگوهای مهمی را نشاان دادند. بسایاری از  یافته  ها:یافته

،  حال نیبااهای آنان اغلا نایو یا فاید اساااتد ل کافی بود.  ویژه در مراح  اعتدارسااانجی و تفسااایر. پاساااخدادند، به

توانستند فرایندهای  کارگیری ریاضیات« عملکرد نسدتا  بهتری داشتند، به این معنا که میکنندگان در معیار »بهمشارکت

های وایعی مشااک  داشااتند. تفاوت معناداری از نظر  زمینه  اب   ها معنادار آن  بریراری ارتداطکنند؛ اما در  ریاضاای را اجرا  

های  فارغ از ویژگیدهد  نشاان میکه    کنندگان بر اساا  جنسایت یا پیشاینه تحصایلی مشااهده نشادآماری بین شارکت

ابتدایی رایو اسات. در مقاب ، ساامانه هوش    دانشاجو معلمانساازی در میان  های مربوط به مدلدشاواری  ،شاناختیجمعیت

ویژه در زمینه اعتدارسانجی و خلاییت. هوش مصانوعی یادر  تر و سااختارمندتر اراله داد، بههایی منساجمح مصانوعی راه

دانشاجو  عنوان الگو برای  تواند بهگام و رویکردهای متعددی برای ح  یک مسائله تولید کند که میبهبود توضایحات گام

ساازی  نقو ندودند و در برخی موارد ساادههای هوش مصانوعی نیز بی، پاساخحالنیباایرار گیرد.    مورداساتفاده  معلمان

 .مشاهده شددر بین پاسخ ها  بیش از حد یا فرضیات بدون توجیه کافی  

سااازی ریاضاای  ای در مدلهای پایهابتدایی دارای برخی مهارت  دانشااجو معلماناگرچه   نشااان داد  نتایو  گیری:نتیجه

سازی ناکافی است. این یافته بیانگر ضرورت توجه  پیچیده مدل تکالیفهستند، اما شایستگی کلی آنان برای ح  مستق  

شاده اسات.  ساازی از طریق تمرین، بازاندیشای و آموزش هدایتهای مدلمعلم به توساعه مهارتهای تربیتبیشاتر برنامه

تواند  عنوان مندعی ارزشمند در آموزش تیکید دارد. هوش مصنوعی می، پژوهش بر پتانسی  هوش مصنوعی بهحالنیدرع

ها  ، یافتهوجودنیبااهای خلایانه، فرایند یادگیری را تساریو کند. های جایگزین و دیدگاهح شاده، راههای ح با اراله مثال

را    دانشاجو معلمانهای اساتد لی و ح  مسائله  تواند تواناییدهند که اتکای بیش از حد به هوش مصانوعی میهشادار می

عنوان ابزار حمایتی و نه  های روشان بهصاورت سانجیده و با دساتورالعم ، هوش مصانوعی باید بهنی؛ بنابراتیاعیف کند

جایگزین در آموزش معلمان به کار گرفته شاود. با ایجاد توازن میان یادگیری انساانی و پشاتیدانی فناورانه، مربیان معلم  

 .سازی ریاضی آماده سازندهای معنادار مدلآموزان در فعالیتدانش  رکردنیدرگتوانند معلمان آینده را بهتر برای  می

Introduction 

 

Teaching and learning mathematical modeling 

are a key area in mathematics education, 

enhancing students’ understanding, critical 

thinking, problem-solving skills, and 

adaptability to real-world contexts [1-6]. 

Developing these skills early supports both 

academic success and future professional 

competencies. Mathematical modelling is 

challenging to teach and learn, but teachers 

with appropriate training and support can 

successfully design and implement modelling 

activities [7-9]. Modelling enhances 

understanding, retention, and positive 

attitudes toward mathematics [10], highlighting 

the need to assess PSTs’ modelling 

competencies. 

The 21st-century educational landscape has 

been transformed by technology, especially 

artificial   intelligence  (AI)   [11].   Future   math  

education will likely feature blended learning 

environments, enhanced computational 

thinking, data literacy, problem-solving, critical 

thinking, and interdisciplinary connections [12]. 

Considering the importance of mathematical 

modelling in the education of elementary 

education pre-service teachers (PSTs), as well as 

the advancements in technology and the need 

to pay attention to AI as a field that impacts 

education, particularly in mathematics 

education, this study focuses on the learning 

process and modelling competency of 

elementary education PSTs in solving 

mathematical modelling tasks, rather than on 

the instruction or teaching methods of 

modelling. Accordingly, the study aims first to 

assess the modelling competency of 

elementary education PSTs in solving 

mathematical modelling tasks; then to examine 

the responses of ChatGPT to mathematical 

modelling questions; and finally, to compare 
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the performance of PSTs with that of AI, 

ChatGPT. Therefore, the research questions are 

stated as follows: 

- How do elementary education PSTs 

perform in each of the seven criteria for 

mathematical modelling competencies?   

- How does the performance of elementary 

education PSTs compare to that of ChatGPT in 

responding to different types of modelling 

problems?   

- Is there a difference in the modelling 

competencies of elementary education PSTs 

based on gender and educational background? 

 

Review of the Related Literature  

 

Mathematical Modeling 

Blum and Borromeo Ferri conceptualize 

mathematical modelling as a process of 

transition between the real world and the world 

of mathematics [3]. According to Blum and Leiß, 

the seven-step process of mathematical 

modelling can be depicted using a modelling 

cycle [13], as shown in Figure 1.  

The modelling cycle begins with 

understanding the situation and constructing a 

situational model [13-15]. The problem is then 

simplified and structured to form a real model, 

identifying key variables and relationships [14-

15]. This real model is converted into a 

mathematical model for calculations and 

analysis, producing mathematical results that 

require interpretation in context. Validation 

follows, ensuring logical consistency and 

accuracy, often involving comparison of models 

and critical reflection [13][15]. Finally, the 

solution is communicated for external 

evaluation and discussion, completing the ideal 

modelling cycle, though iterative movement 

between stages is often necessary [16-17]. 

 

AI 

Advancements in information and 

communication technologies have led to 

scientific transformations, such that in recent 

years, AI technology has been present in almost 

all scientific fields. According to Wang and Sun, 

AI is a new field in technology designed for 

researching and developing theories, methods, 

technologies, and application systems to 

simulate, enhance, and advance human 

intelligence [18]. Recently, initiatives and 

projects have been launched in various 

countries to introduce AI and machine learning 

into the education system [19].

 

 
Fig. 1: Diagram of the mathematical modelling cycle proposed by [13] 
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One of the innovations with the potential to 

bring about profound changes in the education 

system is ChatGPT [20], which is an advanced 

language-processing AI developed by OpenAI 

[12]. ChatGPT is available in versions GPT-3, 

GPT-3.5, and GPT-4. Mathematics is continually 

employed to design innovative AI algorithms 

that enhance both power and efficiency. 

Additionally, it can aid in identifying and 

understanding the limitations of AI [21]. AI-

based chatbots, like ChatGPT, can solve basic 

mathematical and logical problems, but they 

may not provide reliable results for more 

complex issues [22]. 

 

AI and Mathematics Education 

AI, capable of independent thinking and 

creativity, enhances learning efficiency and 

reduces study time [18], [23]. Generative AI 

models like ChatGPT have transformed 

education, changing how students approach 

mathematical problem-solving [24]. Generative 

AI, as a pioneering technology, has challenged 

traditional teaching and learning methods, and 

the performance of AI-based chatbots like 

Google Bard (now Gemini), ChatGPT, and Bing 

Copilot (now Copilot) in solving mathematical 

problems, especially in educational settings, has 

attracted significant attention [25]. These 

systems have demonstrated their ability to 

solve basic and moderately complex math 

problems. However, they may not always 

provide the best or most efficient solution. 

Teachers must ensure that students benefit 

from this valuable technology without 

becoming overly reliant on it for solving 

complex problems [26]. It is anticipated that AI 

will bring significant transformations to 

mathematics education. Therefore, teachers 

and instructors must stay informed about the 

latest advancements and adapt to them, while 

remaining committed to delivering high-quality 

education [12].  

Chatbots are increasingly recognized as 

effective learning tools in education. They 

provide quick, clear, and personalized support, 

helping students understand concepts, solve 

problems step-by-step, improve math skills, 

and explore unique solutions [22] [27]. 

Chatbots can enhance math education, enable 

learning at an individual pace, and make 

mathematics more accessible, while students 

take a more active role in learning. However, 

their use should complement, not replace, 

traditional learning [21]. 

Parra et al. showed that AI can help students 

explore geometry concepts under teacher 

supervision [25], though chatbots may struggle 

with real-world tasks and over-reliance may 

reduce human interaction [26]. Lee and Yeo 

developed an AI chatbot acting as a virtual 

student to support PSTs’ questioning and 

teaching practice [28].  

Spreitzer et al. found that different ChatGPT 

versions possess basic problem-solving skills, 

but effectiveness declines with task complexity 

[26]. Yang et al. reported stronger modelling 

competencies among German PSTs compared 

to China and Hong Kong [29]. Nguyen and Tran 

observed improvements in modelling skills 

among Vietnamese PSTs [30]. Geiger et al. 

proposed a framework to enhance teachers’ 

modelling competencies holistically [17]. 

Dasari et al. showed that students relying 

solely on AI performed worse than those taught 

by teachers or assisted by ChatGPT, 

emphasizing both AI’s potential and teachers’ 

essential role [31]. Gerber et al. highlighted the 

importance of integrating technology training 

into teacher education [32]. Guerrero–Ortiz 

demonstrated that technological environments 

support PSTs in designing modelling tasks, 

understanding real-world problems, 

performing complex calculations, and applying 

mathematical concepts [33].  
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Research on elementary mathematical 

modelling, particularly teacher support and AI-

related skills, remains limited [9][19]. 

Therefore, more research must be conducted in 

the area of teaching mathematical modelling at 

the elementary level. According to Wei et al., 

teaching mathematics at the elementary level is 

closely related to authentic real-world issues 

[34], which is one of the key characteristics of 

mathematical modelling activities.  

Given the background of the present study, 

the key to this lies in the hands of teachers. To 

enhance the teaching and learning of 

mathematical modelling for elementary 

students, it is essential to develop teachers in 

this area. Therefore, the focus of this research 

is on examining the modelling competencies of 

pre-service elementary teachers. Additionally, 

the need for research in the field of AI 

prompted the authors to compare the 

responses of pre-service elementary teachers 

with those of advanced AI technology. 

 

Methods 

 
Participants 

A random sample of 50 pre-service elementary 

teachers, from the cohorts of 2021 to 2023, was 

selected to answer the research questions 

(Table 1). Of these PSTs, 22 were female, and 28 

were male. The sample consisted of 15 students 

from the 2021 cohort, 20 from the 2022 cohort, 

and 15 from the 2023 cohort of the university. 

Instruments   

To ensure usability, the mathematical modeling 

questions were reviewed by elementary 

education experts and pilot-tested with a small 

group of pre-service teachers. Necessary 

adjustments were made to enhance clarity, 

reliability, and validity, ensuring the results 

accurately reflect PSTs’ competencies in 

mathematical modeling.  The pilot test showed 

acceptable reliability (Cronbach's alpha = 0.8). 

Three researcher-developed problems, aligned 

with the mathematical modelling competency 

criteria, were provided to PSTs. The problems 

allowed multiple solution strategies. The 

participants had 24 hours to complete the 

assignments. 

 

Procedure 

The  responses of PSTs to the questionnaire 

items were scored based on the mathematical 

modelling competency framework by Greefrath 

and Maaß [15].  Subsequently, the questions 

were answered by ChatGPT AI, and its 

responses were compared with those of the 

PSTs. After various descriptions were made, the 

significance of gender and educational 

background of the pre-service elementary 

teachers was examined, and questions one to 

three were answered completely. The 

significance of the differences was analyzed 

using SPSS software. Before conducting the 

main test, a pilot test consisting of six 

mathematical modelling problems (including 

three levels of modelling assignments) was 

administered. 

 

Table 1: Number of Participants 

Year of Entry Girls Percentage of Girls Boys Percentage of Boys Total 

Entry 2021 8 53% 7 47% 15 

Entry 2022 6 30% 14 70% 20 

Entry 2023 8 53% 7 47% 15 

Total 22 44% 28 56% 50 
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Table 2 shows the discrimination and difficulty 

indices of the pilot test questions. According to 

Table 2, questions 1, 3, and 5 were considered 

for the main test with minor modifications. 

Table 3 shows the discrimination and difficulty 

indices of the pilot test questions. These indices 

were calculated based on the percentage of 

correct responses from different groups of 

participants, the top and bottom 25% of 

respondents, commonly used in item analysis. 

According to Table 1, questions 1, 3, and 5 were 

selected for the main test with minor 

modifications. 

 

Table 2: Discrimination and Difficulty Index 

Question 
Discrimination 

Index 

Difficulty 

Index 

1 0.733 0.8 

2 0.5 0.3 

3 0.6 0.4 

4 0.16 0.29 

5 0.61 0.12 

6 0.28 0.11 

 

Design 

This study employed a mixed-methods 

approach (a combination of quantitative and 

qualitative methods) of the sequential 

explanatory type. In this way, the main focus of 

the work is on qualitative results, and the use of 

quantitative results aims to shape the 

qualitative data [35]. This study used a 

qualitative design based on deductive 

(directed) content analysis. Qualitative content 

analysis is "An approach to documents that 

emphasizes the role of the investigator in the 

construction of the meaning of and in texts" 

[36]. "DQA is an attempt to encourage 

researchers to test, refine, reformulate, refute, 

and replace theoretical models qualitatively" 

[37]. In deductive qualitative content analysis, 

the analysis and interpretation of data are 

based on categories and themes that the 

researcher has defined prior to data collection. 

In other words, the data analysis is guided by 

existing theoretical frameworks [38]. 

To evaluate the modelling competencies of 

pre-service teachers in this study, an analytical 

framework was employed that includes specific 

criteria for assessing performance in solving 

modelling tasks. In this regard, the criteria 

proposed by Greefrath and Maaß for evaluating 

modelling competencies were selected as the 

basis for the analysis [15]. Table 3 shows the 

criteria for evaluating modelling competencies 

presented by Greefrath and Maaß [15]. 

Greefrath and Maaß employed the 

modelling competency framework in their 

research [15]. As shown in Table 3, the criteria 

for evaluating modelling competencies used in 

their study include understanding, gathering 

information, mathematization, use of 

mathematics, interpretation, validation, and 

discussion of results.  

Kang and Noh classified modelling problems 

into three levels based on ambiguity and 

information completeness [39]:  

o Level 1 is clearly defined with minimal 

ambiguity,  

o Level 2 contains some ambiguity and 

incomplete information, and  

o Level 3 is open-ended with incomplete or 

excessive information, requiring students to 

analyze, strategize, and implement solutions.  

The researcher-developed questionnaire 

was designed according to these three levels 

and aligned with the mathematical modelling 

competency criteria [39], as detailed in Table 4. 

Based on the mathematical modelling 

framework [15] (understanding the problem, 

gathering information, mathematization, using 

mathematics, interpretation, validation, and 

discussion of results), the responses were 

scored. The scoring followed the classification 

by Spreitzer et al. [26] as shown in Table 5.
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Table 3: Criteria for Evaluating Modelling Competencies [15] 

Competence Description Competence 

Understanding 
PSTs construct a mental model of 
a specific situation and 
understand the question. 

Understanding 

Gathering Information, Analyzing 
Resources (Transforming) 

Separating important information 
from unimportant information in 
a real situation. 

Gathering Information, Analyzing 
Resources (Transforming) 

Mathematization 
Translating real situations into 
appropriate mathematical models 
(sentence, equation, shape, etc.). 

Mathematization 

Use of Mathematics 
Working with the mathematical 
model. 

Use of Mathematics 

Interpretation 
Relating the results of the model 
to the real situation and achieving 
real outcomes. 

Interpretation 

Validation 

Checking the appropriateness of 
real results and comparing and 
evaluating different models 
concerning a real situation. 

Validation 

Discussion of (Potentially) 
Contradictory Results 

Linking the model's responses to 
the real situation and answering 
the question. 

Discussion of (Potentially) 
Contradictory Results 

 

Table 4: Test Questions 
Row Test Questions 

1 A school with 282 students has decided to plant the maximum number of orange and lemon saplings on 
agricultural land with the following pattern, with the help of the students (the planting pattern for the 
saplings is illustrated below from left to right. The first figure of the pattern begins with four orange saplings 
and 12 lemon saplings surrounding them, and this continues in subsequent figures. The horizontal distance 
between the saplings is 6 meters, and the vertical distance between two saplings is 5 meters. Lemon saplings 
are placed all around the field, while orange saplings are positioned in the center of the field. It is known 
that the circumference of the agricultural land is 264 meters. 

a) How many orange and lemon saplings should the school prepare for planting in this agricultural land?   
b) How many students will you divide into groups for planting each sapling? 

 

2 The school is looking to purchase gifts for outstanding students. There are two options to choose from at 
the store: each pair of ping pong paddles costs 100,000 z, and a chess set costs 150,000 z. For every 5 pairs 
of ping pong paddles purchased, you get one pair free, and if you buy 2 chess sets, you get one chess set 
free. If the school needs a certain number of gifts, which option is better [40]?  

3 Recently, charitable organizations have started campaigns to collect bottle caps. You might wonder why 
bottle caps. One reason is their small size, as they can be easily gathered without requiring a lot of space. 
These caps are made of high-quality materials, and after recycling, they are used in various industries to 
produce office and even commercial supplies. On the other hand, the body of the bottles is made of 
"polyethylene terephthalate" (265 degrees Celsius) [41], and the labels around them are mostly made of 
"PVC." However, the bottle caps are made of a different material, "PE polyethylene" (with a melting point 
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Row Test Questions 

of 143.3 degrees Celsius) [42]. Each of the materials mentioned has a different melting point, and since it is 
not possible to predict two melting points in a recycling machine, putting them together can cause issues. 
Both plastic caps and plastic bottles are recyclable, but due to their different melting points, they cannot be 
recycled together. Considering the costs and time involved, in some cases, the relevant centers may decide 
against recycling the caps, and both the caps and labels end up being discarded. These factors make bottle 
caps unique materials that are unwanted by both the public and recyclers, while also being distinct and 
special materials from which good raw materials can be derived. Collecting these caps helps protect the 
environment, encourages citizen responsibility, and aids those in need. Many elderly individuals and 
patients require wheelchairs but cannot afford them. The charitable efforts that use the proceeds from 
bottle cap sales to purchase wheelchairs for such individuals significantly improve their lives. Engaging in 
charitable work and spreading this practice can enhance individuals' sense of responsibility. 
How many days should pass for your university to be able to procure a high-quality wheelchair for a 
nursing home? 

 
Table 5: Scoring Method for PSTs' and ChatGPT's Responses 

Score 0 1 2 3 

Description Not Attempted 
Attempted but 

incorrect 
Attempted but 

incomplete 
Completed and 

sufficient 

 

Based on the selected scoring method, the 

maximum score for the questionnaire is 84 

points.  

 

Results and Findings 

 

Responses of the PSTs  

Table 6 shows the minimum and maximum 

scores obtained by the PSTs, along with the 

standard deviation and mean. The overall mean 

score is 26.16, with a standard deviation of 

21.53. 

In Table 7, the average total scores of PSTs 

were compared across the two variables of 

gender and academic background. It was 

observed that the average total score of male 

PSTs (27.35) was higher than that of female 

PSTs (24.63). The average scores of PSTs 

admitted in 2021 (30.46) were higher than 

those admitted in 2022. 

Additionally, Figure 2 displays the scores of 

the PSTs. The highest score achieved was 68, 

obtained by three PSTs. Five individuals 

received a score of one, which is the lowest 

score. None of the PSTs received a score of zero. 

Fourteen individuals scored above half of the 

maximum score (i.e., a score of 42), while 36 

individuals scored below half of the maximum 

score.

 

Table 6: Statistical Information of PST Teachers' Scores 

Number Minimum Score Maximum Score Mean Standard Deviation 

50 1 63 26.16 21.53 

 
Table 7: The Mean and Standard Deviation of PSTs' Scores Across Different Variables 

 Gender Educational Background 

Girl Boy 2021 2022 2023 

Mean Scores 24.63 27.35 30.46 27.1 21.78 

Standard Deviation 23.08 19.72 21.47 22.64 17.85 
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Fig. 2: Status of PSTs ' Scores in the Exam 

The percentage of responses from PSTs to each 

of the exam questions is shown in Table 8. In 

this analysis, since a score of zero does not 

reflect the ability to evaluate the thinking of the 

PSTs, the scores of 1, 2, and 3 were examined 

for each question. 

Table 8 shows that PSTs performed best in 

the 'use of mathematics' criterion for question 

2 (score 1, 48%), indicating basic procedural 

engagement, but overall, participation in 

'validation' was extremely low (0% for 

questions 1b, 2, and question 3), revealing a 

major gap in evaluating results. 

In question 1a, most PSTs scored well in 

'understanding the problem', 'gathering 

information', and 'mathematization' (score 3, 

~42%), identifying context and relevant 

quantities, though few articulated assumptions 

or reflected on alternatives. Interpretation and 

discussion were minimal (score 1, 2%), showing 

limited connection between mathematical 

work and real-world meaning. 

Question 1b mirrored this pattern, with good 

scores in problem understanding (36%) but no 

engagement in validation. Question 2 showed 

frequent procedural use of mathematics (score 

1, 48%), with some algorithmic reasoning but 

limited contextual consideration. Question 3 

exhibited generally low participation, with 

partial engagement in criteria such as gathering 

information, mathematization, use of 

mathematics, and interpretation (score 2, 10%), 

and many responses lacked coherent modeling 

strategies or depth. 

Overall, students demonstrated stronger 

performance in early modeling phases like 

problem understanding and mathematization, 

but consistently struggled with validation and 

interpretation. This pattern suggests a 

fragmented understanding of the modeling 

cycle, where modeling is seen more as a 

problem-solving routine than as an iterative 

reasoning process. 

A sample of PSTs’ written responses is shown 

in Table 9, illustrating common reasoning 

patterns and recurring difficulties in 

transitioning from mathematical formulation to 

meaningful interpretation. 

A review of the average scores in each 

criterion of modeling competency, along with 

the qualitative analysis of PSTs’ responses 

(Table 9), reveals that student teachers 

demonstrated relatively better performance in 

the 'use of mathematics' criterion, while their 

weakest area was clearly 'validation'. This 

finding is consistent with what emerged in 

Table 8, where performance across criteria 

appeared interrelated. In many cases, PSTs who 

struggled to understand the problem also faced 

difficulties in subsequent phases such as 

information gathering, mathematization, and 

interpretation. This pattern suggests that 

modeling competencies are not isolated skills 

but function as a connected cognitive process. 
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Table 8: Percentage of PSTs' Responses to the Mathematical Modelling Competency Criteria 

 

Mathematical Modelling Competency Criteria 

Understanding 
Gathering 

Information 
Mathematizatio

n 
Use of 

Mathematics 
Interpretation Validation Discussion 

1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 

1a 6 14 42 6 14 42 4 14 42 12 14 36 2 6 32 20 16 20 2 6 32 

1b 24 2 36 10 22 30 24 8 24 24 12 20 24 18 20 0 32 20 20 18 20 

2 16 22 6 32 22 6 40 14 6 48 20 6 4 24 6 0 20 6 26 20 6 

3 0 8 8 0 10 6 0 10 6 0 10 6 6 10 6 0 2 6 4 6 6 

 
Table 9: A Sample of PSTs’ Responses to the Questionnaire Questions 

The criteria for mathematical modelling 
competency. 
 

Sco
re

 

Q
u

estio
n

 

Sample response from PSTs 

Understanding the problem: The PST 
drew a model of how to plant trees 
according to the situation of the 
problem, and therefore understood the 
question well. 

3 1a  

Gathering information: The student's 
response indicates a lack of complete 
understanding in searching for 
information and the ambiguous 
assumptions of the problem. 

2 3 "We have about 1,900 students, and including the 
administrative staff, we are around 2,000 people in total. We 
are provided with drinks along with lunch twice a week, so 
approximately 4,000 bottle caps are collected". 

Mathematization: The student-teacher 
did not appropriately transform the 
simplified real-world situation, along 
with the information and assumptions of 
the problem, into correct mathematical 
expressions to form a mathematical 
model. Since the number of gifts 
required for the students was not 
specified in the question, the student 
should have considered different 
scenarios for the number of gifts but 
only examined one scenario. 
 

1 2 "The ping-pong racket is more cost-effective because the 
price of each one is less than 100 z, whereas the price of each 
chess set is 100 z.   
Chess: 1 + 2 = 3  
Ping-pong racket: 1 + 5= 6" 
 

Use of mathematics: The student 
presented an incomplete solution, 
which ultimately did not lead to a 
conclusion with proper reasoning. 

2 3 "The majority of bottle usage at the university is for malt 
drinks and yogurt drinks served with lunch, which happens 
twice a week. There are approximately 1,500 students, and 
around 3,000 bottle caps are collected weekly. Additionally, 
around 1,000 mineral water bottle caps can be collected 
occasionally. In total, 4,000 bottle caps are gathered, and it 
seems that within one month, a wheelchair could be 
purchased. 
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Interpretation: The student correctly 
solved the problem mathematically and 
then provided an appropriate 
interpretation of the mathematical 
results to relate them to real-world 
outcomes. 

3 2 Ping-pong is cheaper.   
Let’s assume we need 10 gifts.   
For ping-pong: 10 = 4 we buy + 1 free + 5 we buy.   
For chess: 10 = 1 we buy + 2 we buy + 1 we take + 2 we buy + 
1 we take + 2 we buy.   
Without using discounts, we spend 900 z on ping-pong. For 
chess, we have:   
1,050 = 1,500 × 7. 

In the validation phase, a student 
grouped participants but did not check 
the results for real-world consistency, 
specify group sizes, or assess the 
number of groups. Proper validation 
requires carefully reviewing the problem 
and ensuring the feasibility of the 
solution. 
 

2 1b 

 
Discussion of results: The student 
related the obtained results to the real-
world situation, thus answering the 
question. 

3 2 5 pairs of ping-pong = 1 pair free   
2 chess sets = 1 free   
If we need a total of 50 gifts: 

Pairs of ping-pong free 

5 1 

50 10 

 
For 7.5 million z, we get 3.7 million gifts (better).   
For 5 million z spent, we get 1 million gifts. 

Chess sets free 

2 1 

50 25 

For example, effective validation of a 

mathematical model depends on one’s ability 

to interpret results meaningfully within the 

context. Many PSTs failed to critically evaluate 

the plausibility of their solutions or consider 

whether their model realistically represented 

the original situation. Instead, they often 

accepted the numerical output as final, without 

checking it against real-world expectations or 

proposing alternative explanations. 

This lack of reflective thinking indicates a 

procedural view of modeling, where reaching 

an answer is prioritized over reasoning about 

the model's validity or broader implications. 

The responses suggest that PSTs may perceive 

modeling as a linear process — once the math 

is done, the task is complete — rather than as a 

cyclical inquiry where interpretation and 

validation guide refinements to the model. 

Moreover, the absence of alternative responses 

or justifications in many answers points to 

limited metacognitive engagement. Students 

rarely questioned their assumptions or 

evaluated whether different modeling 

approaches could yield more realistic or 

insightful results. This cognitive gap leads not 

only to less sophisticated models but also to 

answers that may be mathematically correct 

yet practically unfeasible. The findings 

underscore the need for more explicit emphasis 

on interpretation and validation in preservice 

teacher training, as these components are 

essential for developing modeling 

competencies that extend beyond symbolic 

manipulation. 

In Tables 10 and 11, the significance of the 

total score differences among PSTs has been 

examined. Since the calculated P-value is 

greater than 0.05, the observed differences in 

gender and academic background of the PSTs in 
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responding to the questionnaire questions are 

not significant. 

 

 

Table 11: The significance of the academic 
background variable in the total score 

 Variable Kruskal-Wallis H P-Value 

Total  
score 

Academic 
background 

1.760 0.415 

 

ChatGPT's responses to the exam questions 

To obtain more suitable responses from 

ChatGPT using the mathematical modelling 

cycle and emphasizing the criteria for 

mathematical modelling competency, this 

research utilized neutral prompts based on the 

study by Spreitzer et al. [26], such as 'verify your 

calculations', 'provide validation for the task', or 

are there alternative solutions?' to minimize the 

impact of external factors. At this stage, the 

questionnaire questions were presented to 

ChatGPT based on the prompts provided by 

Spreitzer et al. [26]. Table 12 shows the scores 

achieved by ChatGPT in response to the 

questionnaire questions. 

As observed, ChatGPT achieved a total score 

of 54 in response to the mathematical 

modelling questions. Table 12 shows that 

ChatGPT performed poorly in responding to 

Question 1(a), misunderstanding the question 

(score of 1), which resulted in an inability to 

identify the correct pattern for planting 

saplings. This error also affected the 

subsequent criteria (all criteria in Question 1(a), 

except for the interpretation criterion, scored 

1). ChatGPT’s mistake in determining the 

appropriate pattern and number of saplings in 

part (a) impacted the mathematical modelling 

competency criteria in Question 1(b) as well, 

leading to incorrect responses. Thus, while the 

understanding of the problem, information 

gathering, mathematical formulation, and 

interpretation were appropriately conducted, 

they were based on an incorrect assumption, 

resulting in a score of 2. The criteria for the use 

of mathematics (incorrect mathematical 

solution), validation (inadequate validation), 

and discussion (providing an incorrect answer) 

received a score of 1. In Question 2, there was 

only one mistake: failing to consider all 

scenarios for the number of gifts needed for the 

school, as ChatGPT only examined one scenario. 

However, it correctly executed this scenario and 

achieved a score of 2 across all mathematical 

modelling criteria. GPT was successful in 

answering question 3. It also scored 3 in all the 

competency criteria for modelling. The 

responses of GPT to the mathematical 

modelling questions in Table 13, along with the 

analysis of the answers, are provided. 

Analysis of GPT’s responses across the three 

modeling problems reveals both potential and 

limitations in its modeling competency, 

particularly when compared to PSTs. One of the 

most prominent weaknesses in GPT’s 

performance was observed in Problem 1, which 

required identifying a visual pattern. GPT 

struggled to accurately process and interpret 

the shape-based data and misidentified the 

fourth pattern. This suggests a limitation in 

visual-spatial reasoning, a key component in 

pattern recognition. Furthermore, GPT 

incorrectly calculated the number of trees and 

proposed grouping students into units of 4 or 5, 

overlooking the requirement that 282 students 

be organized into groups of 2 and 3 — a sign of 

insufficient contextual reasoning and 

interpretation of constraints embedded in the 

problem.

 

Table 10: The significance of the 
gender variable in the total score 

 Variable Mann-Whitney U P-Value 

Total 
score 

Gender 293.500 0.776 
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Table 12: Scores achieved by ChatGPT in each criterion of mathematical modelling competency 
 Mathematical Modelling Competency Criteria 

Understandi
ng 

Gathering 
Information 

Mathematizati
on 

Use of 
Mathemati

cs 

Interpretatio
n 

Validatio
n 

Discussio
n 

1a 1 1 1 1 2 1 1 
1b 2 2 2 1 2 1 1 

2 2 2 2 2 2 2 2 
3 3 3 3 3 3 3 3 

 
Table 13: Responses of ChatGPT to the mathematical modelling exam questions. 

 AI Response Mathematical Modelling Competency Framework 
for GPT Responses 

1 

 

 
 

 

Understanding: GPT failed to fully understand the 
first problem, recognizing the general placement 

of saplings but misjudging their number and 
ignoring key patterns, reflecting an incomplete 

grasp of the task. 
 

Information Gathering: GPT poorly executed the 
information-gathering step, failing to identify the 
correct pattern, misusing data, and ignoring the 

distances between saplings. 
 

Mathematical Formulation: As a result of the 
previous steps and inconsistent assumptions, the 

mathematical model was not well formed, and the 
quantities and dimensions were not used correctly. 

 
Use of Mathematics: GPT produced inaccurate 

mathematical results due to incorrect data use and 
misunderstanding the problem, leading to errors in 

calculating saplings and student groupings. 
 

Interpretation: Overall, GPT demonstrates good 
performance in interpretation and explanations, 
effectively relating mathematical results to real-

world contexts. 
 

Validation: In this problem, validation was not 
performed well, and alternative solutions were not 

provided. 
 

Discussion: Given the incorrect results obtained 
from the use of assumptions and inconsistent 

solutions, the final answer is also incorrect. 
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2 

 

 

 

Understanding: GPT understood the problem and its 
assumptions well but overlooked the unspecified number 
of students for gift preparation. 
 
Information Gathering: GPT correctly used the relevant 
information except for the unspecified number of gifts 
needed for the students. 
 
Mathematical Formulation:  GPT failed to complete the 
mathematical model because it overlooked the number 
of students, though considering different scenarios could 
have led to a correct model. 
 
Use of Mathematics: The solutions used are correct. 
However, not considering all possible scenarios for the 
number of students led to incomplete results. 
 
Interpretation: The presentation of incomplete results 
led to an inadequate interpretation. However, within the 
scope of the obtained mathematical result, a suitable 
interpretation was provided. 
 
Validation: GPT showed creativity and suggested 
alternative solutions in the validation section but did not 
consider all scenarios, making its validation incomplete. 
 
Discussion: Given the solutions and validation of the 
responses, GPT could have corrected its answer and paid 
more attention to various scenarios regarding the 
number of students. 
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3 

 

 

 

Understanding: In the first stage, GPT 
demonstrated its understanding by summarizing 
the information needed to solve the problem. 
Therefore, it has a suitable grasp of this issue. 
 
Information Gathering: When writing the steps of 
the work, the assumptions that would be used were 
stated, such as the price of the wheelchair or the 
number of collected doors, etc.  
 
Mathematical Formulation: In this stage, the 
collected information was organized and 
categorized correctly. 
 
Use of Mathematics: Appropriate mathematical 
solutions were applied to the data. 
 
Interpretation: Suitable interpretations were made 
for each stage of the mathematical results, and the 
results were related to the real world. 
 
Validation: The price of the wheelchair and daily 
bottle use should be examined, showing GPT can 
guide humans in evaluating responses against 
reality. 
 
Discussion: By expressing suitable statements, the 
result obtained in the previous section was 
effectively related to the real world, providing an 
appropriate answer to the question. 

Although GPT did correctly interpret the intent 

that each group should plant one sapling, it 

failed to fully integrate this understanding into 

a consistent model. It also neglected spatial 

relationships in the diagram (such as distances 

between lemon and orange saplings), which 

further weakened its information-gathering 

stage. The failure to account for relevant spatial 

and quantitative information led to an 

inadequate mathematical model and ultimately 

to incorrect solutions. Despite these flaws, GPT 

rated its own solution as valid, reflecting a lack 
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of metacognitive oversight — it did not 

question or revise its output in light of 

inconsistencies. 

In Problem 2, GPT’s performance improved. 

While it ignored the open-ended nature of the 

student population and considered only a single 

scenario, its use of mathematics and 

interpretation within that scenario was 

appropriate. Interestingly, GPT showed signs of 

creative reasoning in the validation phase — 

including comparing gift options, referencing 

economic considerations, and suggesting a bulk 

purchase strategy. This indicates GPT’s 

potential to introduce alternative perspectives, 

although it still lacked full awareness of the 

problem's openness and did not explore 

multiple interpretations unless explicitly 

prompted. 

Problem 3 demonstrated GPT’s best 

performance. It correctly identified key 

variables such as the price of the wheelchair, 

the number of students, and the number of 

bottles used. GPT’s discussion highlighted 

practical considerations and economic 

reasoning. However, it still exhibited a tendency 

to rely on straightforward data extraction and 

lacked deeper questioning or back-checking of 

assumptions — essential components of robust 

modeling. 

Across the three tasks, GPT’s strengths were 

most apparent in structured quantitative 

reasoning and creative validation, while its 

weaknesses lay in visual interpretation, flexible 

problem framing, and self-correction. GPT did 

not demonstrate the ability to identify and 

revise errors unless guided explicitly — a 

limitation for its role as an autonomous 

modeling agent. 

When comparing GPT’s responses (Table 13) 

with those of the PSTs (Table 8), key differences 

emerge. In Question 1a, PSTs outperformed 

GPT in problem comprehension, information 

gathering, and mathematization. Their written 

responses showed a better grasp of visual data 

and a more grounded sense of realism. 

However, in Question 1b, GPT surpassed PSTs in 

mathematical formulation and interpretation, 

suggesting stronger algorithmic reasoning. The 

two groups performed similarly in validation, 

though GPT’s validation was more imaginative 

while PSTs were more grounded in real-world 

feasibility. 

In Question 2, PSTs and GPT showed 

comparable performance in problem 

understanding and validation. GPT 

outperformed in information use and 

mathematical modeling, possibly due to its 

ability to generate well-structured solutions, 

but PSTs demonstrated more critical reflection 

on data limitations. In Question 3, since most 

PSTs scored zero, GPT clearly performed better 

overall. 

Broadly speaking, PSTs demonstrated 

stronger performance in using mathematics but 

consistently underperformed in validation — 

confirming the findings from earlier sections. 

GPT, by contrast, showed limitations in 

recognizing structure or patterns within 

problems and lacked the capacity to correct its 

own flawed solutions. However, its creativity in 

the validation stage and structured reasoning 

suggest that GPT can serve as a helpful guide in 

modeling education. 

It is important to emphasize, however, that 

GPT’s responses should not be used in isolation. 

While GPT can offer diverse perspectives and 

facilitate initial reasoning, it cannot yet simulate 

the full spectrum of human metacognition, 

flexibility, or contextual judgment. Therefore, 

GPT is best employed as a pedagogical tool to 

support PSTs, not as a replacement for critical 

human evaluation or collaborative reasoning. 

Over-reliance on its outputs could mislead 

students into accepting incomplete or 

inappropriate models without proper scrutiny. 
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Discussion 

 

The study found that PSTs performed best in 

the 'use of mathematics' criterion but weakest 

in 'validation', indicating struggles with 

applying, evaluating, and validating results. 

These weaknesses may stem from limited prior 

knowledge and insufficient support [43]. PSTs’ 

competencies are interdependent, suggesting 

that comprehensive training across all 

modelling skills is essential to improve their 

overall performance. 

This study highlights AI tools like ChatGPT as 

practical supports in teacher education. 

ChatGPT can guide PSTs through mathematical 

modelling stages, provide step-by-step 

explanations, alternative approaches, timely 

feedback, and simulate real-world scenarios, 

especially supporting areas like validation, 

while fostering critical thinking and greater 

cognitive skills. Durandt et al. found that 

students receiving mathematical modelling 

instruction showed the greatest growth in 

competency [44]. Similarly, this study indicates 

that elementary PSTs have the potential to 

solve modelling problems and use the 

modelling cycle, but a lack of formal courses 

and resources led to incomplete answers, 

highlighting their weaknesses. No significant 

differences were observed based on gender or 

academic background. 

Comparison of PSTs’ responses with 

ChatGPT showed that the AI provided step-by-

step answers with good explanations but 

struggled in Problem 1 (pattern recognition) 

and Question 2 (considering all scenarios), 

while performing well in Question 3. This 

highlights the interdependence of modelling 

competency criteria, where weaknesses in one 

area affect others. Although ChatGPT offered 

useful ideas for validation [15], it did not revise 

its responses accordingly. AI shows limitations 

in holistic understanding of geometry, as seen 

in its errors with the first problem [21][25][45]. 

Consistent with Spreitzer et al. [26], GPT 

performs poorly on low- to medium-complexity 

modelling tasks. ChatGPT offered alternative 

solutions not seen in PSTs’ responses, 

suggesting its role as a supportive tool, 

especially for validation. AI should complement, 

not replace, teachers, enhancing student 

engagement, learning efficiency, and critical 

thinking while maintaining the essential 

benefits of in-person classroom interaction [46-

47]. 

Therefore, integrating AI tools like ChatGPT 

into teacher education curricula can provide 

practical and meaningful support in modelling 

education. For example, such tools can be used 

in workshops or courses to simulate modelling 

tasks, provide instant feedback, and encourage 

reflective discussions. This practical integration 

not only leverages AI’s strengths but also 

maintains the essential role of human 

educators in guiding and contextualizing 

learning. 

AI serves as an effective educational tool for 

teaching topics like mathematical modelling. 

According to Yang et al., AI education can 

enhance creative thinking and problem-solving 

skills in learners. In the current study, 

considering the creativity demonstrated by 

ChatGPT in solving mathematical modelling 

problems—especially in the validation phase—

it can be argued that ChatGPT can be utilized as 

a complementary educational tool in teaching 

mathematical modelling [29]. Similarly, 

Spreitzer et al. identified two key outcomes for 

ChatGPT: assisting with simple modelling 

problem-solving and serving as a 

supplementary educational resource [26]. 

It can be argued that pre-service teachers 

can utilize ChatGPT as a supportive tool for 

solving modelling problems, particularly in 

enhancing and improving their modelling 

competencies. Furthermore, according to 
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Spreitzer et al., excessive reliance on 

technology, especially AI, may lead to a 

decrease in human interaction during the 

learning process [26]. Therefore, it is essential 

to pay special attention to the guiding role of 

the teacher and the cognitive abilities of 

students, while also reviewing the validity of AI-

generated solutions. 

 

Conclusions 

 

The findings of this study reveal that while 

elementary pre-service teachers (PSTs) possess 

some basic competencies in mathematical 

modelling, they face significant challenges in 

areas such as validation, interpretation, and the 

meaningful connection of mathematical 

processes to real-world contexts. These 

weaknesses suggest that current teacher 

education programs may not provide sufficient 

opportunities for PSTs to engage with modelling 

tasks in a structured and reflective manner. At 

the same time, the analysis of AI responses 

shows that tools like ChatGPT can offer 

structured solutions, creative perspectives, and 

validation strategies, though they also suffer 

from limitations such as oversimplifications and 

gaps in holistic understanding. Together, these 

findings emphasize the need for a balanced 

approach in teacher education—one that 

develops human competencies while making 

strategic use of AI to scaffold learning. 

In light of these insights, the integration of 

the mathematical modelling cycle into teacher 

training programs is strongly recommended, 

using both innovative instructional methods 

and AI as a supportive tool. Teacher educators 

should design tasks that require PSTs to reflect, 

validate, and critique both their own solutions 

and AI-generated ones, thereby fostering 

deeper reasoning and critical thinking. The 

findings also suggest that AI tools like ChatGPT 

can serve as effective supportive resources by 

providing step-by-step guidance, creative 

problem-solving strategies, and immediate 

feedback. Educators can incorporate these 

tools into workshops or courses to simulate 

real-world modelling scenarios, encourage 

reflective discussions, and enhance student 

engagement. However, careful pedagogical 

guidance is necessary to prevent over-reliance 

on AI and ensure that human reasoning and 

creativity remain central in the learning 

process. 

One limitation of the present study is the 

relatively small sample size, which may limit the 

generalizability of the findings. The study was 

conducted with the participation of [number] 

pre-service teachers, which was sufficient for 

qualitative analysis; however, the results should 

be generalized to other groups with caution. 

There are several suggestions for further 

research: use of larger, more diverse samples of 

pre-service teachers to improve generalizability 

and study demographic effects on modelling 

skills; conducting longitudinal research to 

assess long-term impacts of AI-assisted 

instruction on problem-solving, reasoning, and 

teaching; exploring different educational and 

cultural contexts (e.g., middle/high schools, 

various curricula) to test broader applicability; 

and running comparative studies on different AI 

supports (chatbots, VR, videos) to identify the 

most effective approaches. 
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