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incorrect solutions, mirroring common learner error patterns. Based on the responses of prospective teachers
(N =26) to these errors, three types of guidance emerged: co-constructive, directive, and non-responsive. These
types represent varying instructional strategies guiding learners, as identified in previous research. In addition,
participants evaluated the realism and usefulness of ChatGPT-based interactions. While many found the tool
valuable for practicing guidance techniques and anticipating learners’ misconceptions, they noted limitations at
the same time, including a lack of emotional nuance. Overall, the findings emphasize both the opportunities and
limitations of using artificial intelligence-based dialogue systems in teacher education.
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INTRODUCTION

Errors are an integral part of the learning process, as making and overcoming them constitutes a fundamental mechanism of
conceptual change and cognitive development (Steuer, 2014; Steuer et al., 2013). The way how teachers approach errors in the
classroom critically influences how learners perceive them and fosters learners’ willingness to explore and transform them into
learning opportunities (Heinze, 2004; Santagata, 2005). A supportive error climate, characterized by open dialogue, reflection, and
constructive feedback, fosters deeper understanding, whereas punitive or dismissive responses can discourage engagement and
hinder learning (Tulis, 2013). Therefore, teachers play a decisive role in determining whether errors are perceived as failures to be
avoided or as opportunities for growth.

Research on classroom discourse has revealed a wide spectrum of teacher responses to learners’ errors, ranging from direct
correction or redirection to peers to adaptive practices, such as prompting self-correction or initiating reflective discussion
(Hiebert et al., 2003; Oser & Spychiger, 2005; Santagata, 2005). Adaptive responses, such as guiding learners toward recognizing
and repairing their own errors, are associated with more effective and lasting learning gains (Anderson et al., 2004; Heimbeck et
al., 2003; Tulis, 2013). In contrast, maladaptive responses, including ignoring errors, showing frustration, orimmediately providing
the correct answer, may limit opportunities to learn. Nevertheless, empirical findings indicate that actual error events occur
relatively infrequently in classroom settings, with only a handful of errors typically observed per lesson (Heinze, 2004; Meyer et al,
2006; Oser & Spychiger, 2005; Santagata, 2005), limiting the opportunities for prospective teachers to practice such responses in
authentic contexts. This scarcity of authentic error events poses a challenge for teacher education, as it limits opportunities for
prospective teachers to practice adaptive responses in authentic classroom contexts. Consequently, teacher education must
create alternative learning environments.

Recent developments in artificial intelligence (Al) present new opportunities for such training scenarios. Al-based tools can
simulate classroom discourse and generate plausible learners’ errors, thereby providing prospective teachers with practice
opportunities (Kortenkamp & Dohrmann, 2023). Such simulated discourse environments can bridge the gap between theoretical
knowledge about error management and its practical application, as well as allow prospective teachers to experience, reflect on,
and refine their responses to learners’ errors in a safe and controlled setting.

Building on this potential, the present study examines ChatGPT as a training tool for prospective teachers in mathematics
education. In addition to the already known learner-likeness, the behavior of prospective teachers in conversation with ChatGPT
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is also considered focusing on instructional strategies for solving word problems. Furthermore, the study also looks at the
perception of prospective teachers regarding authenticity, motivation and support.

Professional Development of Teachers

It is generally recognized that professional skills form an important basis for the work of teachers in the classroom and are
therefore an essential prerequisite for university education quality and learners’ performance (Scheunpflug et al., 2006). These
skills distinguish novices from experts, who are described as highly experienced and qualified teachers (Stahnke & Blomeke, 2021).
It has been confirmed that experts, in comparison to novices, have access to more extensive, better organized, and at the same
time more effective knowledge in teaching situations and can transfer this knowledge to their everyday activities (Berliner, 1991;
Bromme, 1992; Stahnke & Blomeke, 2021).

The foundation of this professional knowledge is established during education at university and further enhanced through
practical experience (cf. Riese & Reinhold, 2012). It can be assumed that prospective teachers already have a basis of expertise
regarding the subject content they wish to teach at the beginning of their education at university (Shulman, 1986). Furthermore,
prospective teachers develop professional competencies during their university education and the subsequent practical phase
through a wide range of (subject-specific) learning opportunities and systematic feedback. Therefore, university education forms
the basis for acquiring professional skills (Besser & Krauss, 2009; Bromme, 2008; Kennedy et al., 2008).

Teachers’ professional skills are in a constant state of development that is not necessarily linear (Bastian et al., 2022; Baumert
& Kunter, 2011, 2006). Thus, university education, with a subsequent practical phase, is the most important element of the formal
learning program, in which prospective teachers develop professional skills (cf. Cochran-Smith & Zeichner, 2005; Terhart, 2001,
2008). Although professional knowledge is acquired during university education, it is further deepened in the subsequent practical
phase, where it unfolds its operational potential (Bastian et al., 2022; Baumert et al., 2011; Kunter et al., 2011).

Simulations offer an opportunity to teach practical skills during university education. Using simulative methods in teacher
education can be well justified in terms of professional theory, and their effectiveness has been proven many times before. A
review published in 2022 synthesized 13 effectiveness studies of simulative methods and found positive effects on the professional
skills of prospective teachers in the areas of beliefs, self-efficacy, knowledge, communicative skills, and reflective competence
(Ade-Ojo et al., 2022). However, there is little corresponding debate regarding teacher education in German-speaking countries,
even though such discussions are occurring more on an international scale.

Practice simulations, such as social experiments, role plays, and simulation games, provide valuable opportunities to connect
theoretical concepts with practical applications in professional contexts (Kadel et al., 2023). Prospective teachers can experiment
in a safe environment and develop strategies for future professional challenges (Kadel et al., 2023). One objective of practice-
simulating arrangements is to enhance the theoretical knowledge gained about various types of tasks, such as complex word
problems, while also experiencing common misconceptions in a realistic context.

Research on ChatGPT in Mathematics Education

Recent research in mathematics education increasingly explores the integration of Al in mathematics teaching and learning,
particularly large language models (LLMs) such as ChatGPT. Three major directions can be distinguished:

(1) ChatGPT’s performance in solving mathematical problems,
(2) the support ChatGPT can offer to learners, and
(3) its use as a tool in the professional development of mathematics teachers.

Research on ChatGPT’s mathematical performance reveals that the model can successfully solve routine and procedural tasks,
but it often struggles with multi-step reasoning, abstraction, and context interpretation (Caylan-Ergene et al., 2025; Dahal, 2024;
Frieder et al., 2023b; Xuan-Quy & Ngoc-Bich, 2023). Studies demonstrate that while ChatGPT’s accuracy improves with well-
structured prompts (Arora et al., 2022; Schorcht et al., 2023), newer model iterations (Dahal, 2024; Ergene & Ergene, 2025) and the
use of external computational tools such as Wolfram Alpha, its explanations frequently remain superficial or contain subtle logical
errors (Helfrich-Schkarbanenko, 2023; Spannagel, 2023). In particular, a study by Caylan-Ergene et al. (2025) found that ChatGPT
produced correct solutions to only about two-thirds of statistics problems posed by prospective teachers. Further analysis
revealed that ChatGPT performed significantly better on purely symbolic problems than contextualized problems, whereas four
major error types were identified (calculation errors, data omission, generating non-existing data, and misinterpreting correct
calculations).

These findings indicate progress in computational reliability but underscore the continuing need for critical human evaluation
of Al-generated mathematical reasoning. In the field of learner support, this highlights the complementary role that Al can play
when used as an interactive learning aid rather than an autonomous problem solver. ChatGPT can support learners in
mathematics by providing immediate explanations, step-by-step guidance, and adaptive feedback, which can enhance
engagement and self-directed learning (Asare et al., 2023; Ergene & Caylan-Ergene, 2024). Studies show that its use can reduce
cognitive load and encourage metacognitive reflection, helping learners articulate their reasoning processes (Contel & Cusi, 2025).
However, its effectiveness depends on learners’ ability to critically evaluate Al responses, as unreflective use may reinforce
misconceptions rather than deepen understanding (Heung & Chiu, 2025).

In order to effectively guide such Al-supported learning, teachers need to develop Al literacy. This is essential not only for
teaching learners to use Al responsibly but may also foster teachers’ own professional development. Through Al-based tools such
as ChatGPT, teachers can enhance their professional practice by using the technology for lesson planning (Huget & Buchholtz,
2024; Simsek, 2025; Yanar & Ergene, 2025) and engaging in simulated teaching dialogues that allow them to practice scaffolding,
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providing feedback, and developing diagnostic reasoning in realistic learning contexts (Gislason, 2023; Kortenkamp & Dohrmann,
2023).

This study is situated at the intersection of teacher education and instructional interaction. While previous studies have
examined ChatGPT’s ability to solve mathematical problems, fewer have explored its potential as a simulation tool for developing
pedagogical guidance skills. By analyzing how prospective teachers interact with ChatGPT’s erroneous solutions to word
problems, this research extends the current discourse from assessing Al’s correctness and usefulness to investigating how Al can
serve as a pedagogical instrument in teacher education.

ChatGPT as a Simulated Learner: Developing Instructional Guidance Through Al-Generated Errors

LLMs, such as ChatGPT, offer new opportunities for practice-based simulations in teacher education. Research has shown that
ChatGPT often produces errors similar to those made by learners (Kortenkamp & Dohrmann, 2023; Schorcht et al., 2023). This
learner-like error behavior allows prospective teachers to engage in authentic instructional dialogues, providing an opportunity
to practice identifying misconceptions and guiding problem-solving processes. The techniques used to help ChatGPT reach
correct solutions during interaction, such as providing hints or reformulating prompts, mirror common scaffolding strategies in
classroom discourse and thus offer valuable training experiences (Arora et al., 2022; Schorcht et al., 2023).

In the context of word problems, ChatGPT introduces a potentially transformative development for mathematics education.
Generative language models, such as ChatGPT, provide the capability to solve word problems directly, eliminating the need for
users to first convert the scenario into a formal mathematical model (Spannagel, 2023). While this feature increases accessibility,
it also heightens the risk of error: ChatGPT often misinterprets problem contexts or applies inappropriate algorithms, resulting in
plausible yet incorrect reasoning (Ammel, 2023; Bryden, 2023; Frieder et al., 2023a, 2023b; Helfrich-Schkarbanenko, 2023;
Kortenkamp & Dohrmann, 2023).

Several studies have shown that ChatGPT can be directed toward correct solutions using specific prompts (Arora et al., 2022;
Schorcht et al., 2023). This interactive process closely resembles teacher-student dialogue, where targeted questions and
feedback promote conceptual understanding (Gislason, 2023). Developing these dialogic competencies is essential for effective
teaching. However, traditional opportunities to practice these skills, such as field placements, are often limited in availability and
consistency. ChatGPT could provide a complementary learning environment by serving as a conversational partner that simulates
learner-like reasoning within a controlled, repeatable setting (Gislason, 2023). The error patterns produced by ChatGPT enhance
its pedagogical value in teacher education. Its tendency to correct errors locally without revising the entire reasoning process
mirrors common learner behaviors, allowing prospective teachers to practice error analysis and responsive feedback
(Kortenkamp & Dohrmann, 2023). Nevertheless, important differences remain: ChatGPT’s responses lack emotional depth and
spontaneity, it may abruptly change strategies or mechanically persist through problem-solving tasks without displaying
frustration or confusion (Gislason, 2023).

Overall, ChatGPT provides a valuable simulated practice environment for prospective mathematics teachers. By engaging in
interactive dialogues, they can rehearse strategies such as prompting, scaffolding, and error-sensitive feedback. Although these
interactions are artificial, they offer realistic, practice-oriented scenarios that strengthen diagnostic reasoning and
communication skills essential for effective mathematics instruction.

Solving Word Problems

Solving word problems is a critical aspect of mathematics education because it requires applying mathematical knowledge to
real-world contexts. This skill enables learners to use mathematics authentically and improves their general problem-solving
abilities (Verschaffel et al., 2020). Despite its importance, solving word problems remains a considerable challenge for many
learners (Daroczy et al., 2015).

This can be attributed to the additional cognitive demands imposed by word problems. Learners must translate real-life
scenarios into mathematical models, solve them, and then interpret the results within the original context (Blum & Leiss, 2005). A
crucial intermediate step in this process involves constructing a “situation model”-which is a mental representation of the real-
world scenario, built from prior knowledge and logical inference (Greefrath et al., 2013; Leiss et al., 2010; Verschaffel et al., 2020).
However, this step often poses a major hurdle for learners. Research has shown that learners often bypass the construction of a
situation model by depending on surface-level cues, such as numbers or keywords, to derive solutions, often without a
comprehensive understanding of the problem context (Hegarty et al., 1995; Verschaffel et al., 2020; Vicente et al., 2022). Moreover,
learners tend to neglect key stages in their problem-solving processes, such as interpreting and validating their results (Verschaffel
et al., 2000). While such strategies may occasionally yield correct answers for simple problems, they are inadequate and often
misleading when applied to more complex, non-routine word problems (Vicente et al., 2022). Non-routine word problems are
mathematical tasks in real-life contexts for which the solution path is notimmediately apparent and cannot be addressed through
the routine application of standard procedures. Instead, they require creative thinking and heuristic strategies to interpret the
problem context and devise an appropriate solution approach (Elia et al., 2009; Pantziara et al., 2009). These problems are typically
characterized by a complex mathematical structure, the absence of a clear algorithmic solution path, and the potential for
multiple valid strategies (Vincente et al., 2022). Consequently, solving such problems requires advanced problem-solving
competencies beyond the mere application of known algorithms (Elia et al., 2009; Pélya, 2010).

Given these findings, it is essential to support learners develop the necessary skills to effectively engage with complex word
problems. Success in solving complex word problems relies heavily on metacognitive skills and the use of heuristic strategies
(Pantziara et al., 2009; Vicente et al., 2022) such as decomposition, analogical reasoning, reducing unfamiliar problems to familiar
ones, and reasoning forward or backward through the task (Pdlya, 2010). However, these heuristics do not typically arise
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spontaneously. Instead, they must be explicitly taught and practiced under the guidance of competent educators using
thoughtfully designed tasks. Therefore, assisting learners in solving complex word problems is a central core responsibility of
mathematics teachers that should be a focus of teacher education.

Research Questions

ChatGPT’s responses are often inaccurate. When applied to word problems, its output reflects common errors made by
learners, as identified in mathematics education research. This similarity suggests that ChatGPT could serve as a valuable training
tool for teacher education, as it requires users to verify responses and guide solution processes through interaction. In this study,
we explore the potential of using ChatGPT in the education of prospective teachers, with a focus on word problem-solving. In
concrete terms, the following research questions (RQs) are addressed:

RQ1. To what extent does ChatGPT provide learner-like responses that can be used for teacher professionalization?
RQ2. What behavior do prospective teachers show when guiding ChatGPT through solving word problems?

RQ3. How do prospective teachers perceive ChatGPT as a useful simulation tool for teacher education?

MATERIALS AND METHODS

Sample

In Germany, prospective teachers undergo a structured university education program that typically begins with a Bachelor of
arts in education. This degree equips them with essential knowledge in mathematics as well as effective teaching methodologies.
The regular study period is 6 semesters for primary and secondary school teacher education and education for special needs.
Afterwards, the prospective teachers pursue a master’s degree, which takes an additional 2 semesters for primary school
education and 4 semesters for secondary school education and education for special needs, and focuses on advanced
mathematics education, didactics, and research. The mathematics educational studies also include teaching practice through
internships and longer-term school-based experiences. In our study, N = 26 prospective teachers from the Bachelor’s degree
program in primary education and education for special needs participated. The study was conducted as part of a seminar at
Heidelberg University of Education; participation was voluntary. The average age of the participants was mean (M) (standard
deviation [SD]) = 22.07 (1.90) years (range 20-27 years). At the time of the survey, the participants were, on average, in their 4"
semester (range 2"-7t" semester). The sample was predominantly female (85% female, 15% male, and 0% non-binary).

Data Gathering

In the context of a subject-specific didactics course, a learning activity focused on solving word problems with ChatGPT
(browser-based version 3.5) was implemented on January 21, 2024. This activity followed a session that addressed the goals and
functions of problem-solving in mathematics, as well as the different task formats and their distinctions. The prospective teachers
also had prior knowledge regarding common support strategies and typical errors made by learners when solving word problems.
However, this prior knowledge was not explicitly tied to the type of problem-based tasks used in the study. During the seminar
session, the functionality of ChatGPT was first explained, and an example of how to use Al to solve word problems was
demonstrated. Following this, the prospective teachers were tasked with solving a complex word problem using ChatGPT and
guiding the solution process (see Figure 1). The participants worked alone or in pairs to foster a productive learning environment
and encourage peer discussion. For this reason, only 21 chats are available for evaluation, even though 26 participants were
involved. The problem used in the study has been previously tested with ChatGPT and resulted in incorrect solutions, which made
it suitable for the study. Immediately after completing the task, the prospective teachers were surveyed digitally using the
browser-based questionnaire software SoSciSurvey (Leiner, 2019). For the reliability analysis, Cronbach's alpha was calculated to
assess the internal consistency of the scale. The internal consistency of the questionnaire is good (cf. Taber, 2018), with Cronbach's
alpha =.81 (5 items). The survey addressed two main aspects:

(1) the authenticity of the conversations with ChatGPT in relation to interactions with learners and

(2) the motivation and support provided by the conversations with ChatGPT in relation to their future profession.

Task: A snail in a 20 m deep well wants to go up to the meadow. It continuously crawls up 5 m during the day and slides back down 2

m at night while sleeping. On how many days does it reach the edge of the well?

Work assignment:

1. Imagine that ChatGPT is your student.

2. Have ChatGPT solved the word problem. To do this, copy the text of the task into the input field.

3. Give ChatGPT suggestions on how it can improve the solution. Guide ChatGPT to fully understand the word problem and to find a
correct and reasoned solution.

Figure 1. Word problem and work assignment for prospective teachers (Source: Authors’ own elaboration)

Regarding the authenticity, motivation, and support of conversations with ChatGPT in relation to potential interactions with
learners was assessed using five items in total.

Authenticity

® “| can easily imagine myself engaging in a teacher-student conversation while interacting with ChatGPT.” (realistic)
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® “Theresponses from ChatGPT in the conversation appear learner-like.” (learner-like)

Motivation and support

e “Ifind the simulated teacher-student interaction with ChatGPT helpful for my future career.” (helpful)
® “| consider using ChatGPT as a learning opportunity for teacher-student interaction to be meaningful.” (useful)
e “|find interacting with ChatGPT motivating within the context of my teacher education.” (motivating)

Participants were asked to indicate their level of agreement with the provided statements using a 6-point Likert scale (1 =
strongly disagree, 2 = disagree, 3 =somewhat disagree, 4 = somewhat agree, 5 = agree, 6 = strongly agree).

Although both data strands were collected concurrently, they were analyzed separately and therefore do not constitute a
typical mixed-methods design (Creswell & Plano Clark, 2018) but rather provide complementary insights. The qualitative data
were used to analyze ChatGPT’s errors and to describe and categorize prospective teachers’ guidance during word problem-
solving. The quantitative data captured participants’ self-reported perceptions and attitudes toward ChatGPT and were enriched
with open-ended questions. These open responses were used to further explain the quantitative results and to gain deeper insight
into participants’ evaluative judgments.

Data Analysis

To answer RQ1, the response behavior of ChatGPT was analyzed qualitatively. The responses were then compared to learner
solutions documented in previous research. This comparison aimed to identify common patterns or errors in ChatGPT’s problem-
solving approach that align with typical learners’ behavior when solving mathematical tasks, particularly word problems.

Concerning RQ2, the chat transcripts were analyzed qualitatively using MAXQDA (2025), with categories being inductively
derived from the data (Table 1). By examining the content of the interactions in detail, the researchers developed a coding system
that reflects the nuances of the responses provided by the prospective teachers. This inductive approach helps ensure that the
categories are grounded in the actual data, allowing for a more comprehensive and context-specific understanding of the
participants’ experiences and behaviors during the task. This enables the identification of recurring patterns in instructional
behavior and the derivation of a typology of pedagogical support strategies. MAXQDA (2025) facilitated a structured and
systematic approach to organizing and interpreting the data, supporting the overall analysis of how participants engaged with the
Al tool in solving mathematical word problems. The coding process followed a consensual qualitative approach (Kuckartz &
Rédiker, 2022). Two researchers independently analyzed the interview data, assigned text segments to codes, and developed
inductive categories. After this independent phase, the coders compared their results to identify agreements and discrepancies.
Disagreements were discussed in light of the theoretical framework to refine category definitions and achieve shared
understanding. In each case, a consensus could be reached. Intercoder reliability was assessed based on the percentage of
agreement, yielding an overall agreement of 90.20%. Agreement levels across individual codes ranged from 84.21% to 97.67%,
indicating high and acceptable reliability of the coding. The in-depth discussions and negotiated consensus among coders are
considered appropriate to ensure validity in the qualitative content analysis conducted, as the aim was to develop theoretically
grounded, context-sensitive interpretations, rather than to test a predefined coding scheme.

Table 1. Code system-Categories and brief descriptions

Code Definition Examples from transcripts
Processing of the task by ChatGPT
ChatGPT gives a mathematically and conceptually
accurate answer.
ChatGPT provides a response that lacks a final answeror ~ “The snail climbs 3 meters per day ...” [but no conclusion
stops mid-way. is given].
Error An incorrect solution or flawed reasoning by ChatGPT.  “It takes 6.67 days, so the snail reaches the top on day 7.”
Reaction and guidance of prospective teachers
The prospective teacher points out that the solution is not
correct.
The prospective teacher explicitly refers to a specific error
in the solution.

The prospective teacher makes a general suggestion
without revealing the answer. For example, they might ~ “What happens at the end of each day? Let’s look at each
advise decomposing the problem or provide reasoning step.” or “Are you sure that’s correct?”

prompts (overarching level).

The prospective teacher provides a specific prompt

toward the correct answer.

Correct solution “The snail reaches the top on day 6 before sliding back.”

Incomplete solution

Error reference (general) “Unfortunately, this is not correct. Try again.”

Error reference (specific) “That’s not correct, the snail doesn’t fall back on day 7.”

Solution hint (General)

Solution hint (Specific) “Does the snail slide back after reaching 20 meters?”

Providing solution The prospective teacher provides the correct solution. “I tell you the solution ... How can you explain it?”

Other

Emotions Emotional expressions (positive or negative) from the “With pleasure, we are a good team.”
prospective teacher. “Are you even listening?”

For RQ3, the individually collected quantitative data were analyzed using IBM SPSS statistics (version 29) (IBM Corp, 2022).
The responses of the prospective teachers to the five items (see section data gathering) were analyzed descriptively based on the
absolute frequencies. The absolute frequencies provide a clear understanding of the distribution of responses, showing how many
participants agreed, disagreed, or selected a neutral option for each item. This descriptive analysis helps to illustrate the overall
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trends and patterns in the responses, offering insights into how the prospective teachers perceived the usefulness, motivation,
and authenticity of their interactions with ChatGPT in the context of teacher education.

Given that the study relied on a single word problem task, a short one-session implementation, and a convenience sample,
the design necessarily offers an exploratory rather than a comprehensive perspective on prospective teachers’ interactions with
ChatGPT.

RESULTS

RQ1. Likeness of ChatGPT’s Responses to Those of the Learners

In our study, ChatGPT provided incorrect answers in all cases except one. Upon analyzing its solutions, the following primary
error strategies can be identified:

Aggregated daily progress approach

In this strategy, a simplified average daily progress of three meters is assumed (5 meters climbed during the day minus 2
meters slid back at night). This value is then used in a division or multiplication operation to determine the total time required to
reach 20 meters. Although this algorithm is mathematically valid regarding average calculation, it is conceptually flawed. The error
lies in the assumption that only 3 meters of the distance are covered each day, without considering that, on Day Six, the snail has
already climbed 5 meters per day to reach 20 meters before sliding down at night. For example, the following approach was taken:
progress = 3 meters per day, 20 meters + 3 meters/day = 6.67 days - implies that the snail reaches the top on the seventh day.

Step-by-step daily progress approach

This strategy involves a detailed, incremental analysis of each individual day and night. The progress is cumulatively
calculated, including the nightly slippage, by considering every day and night cycle separately. While this method allows for a
more systematic examination, it remains susceptible to conceptual errors, specifically in estimating when the nightly regression
occurs. Acommon misconception is the belief that the snail slides back at the end of day six, even though it has already exited the
well by that point. For example:

e Day 1: climbs 5 m, night: -2 m > 3 m total
e Day 2: climbs5m, night: -2 m > 6 m total

e Day 6: climbs 5 m, night: -2 m > 18 m total (the well is exited before any nighttime slippage)
e Day 7: climbs5m - reaches 23 m, finish

These two strategies were also identified in learners’ solutions in previous research. For example, Schreiber (2010) describes
how several learners approached the task by conceptualizing the total distance as a series of equal-length segments, thereby
employing a strategy aligned with the aggregated daily progress approach. In this method, learners relied on the assumption of a
fixed daily progress rate and used this value as a divisor to estimate the total duration required to reach the goal. In addition,
another group of learners demonstrated a different strategy, working with pairs of numerical values that represented the snail’s
position at the end of each day and night cycle. The number of days needed was then inferred from the number of recorded
position pairs. This approach aligns with what we refer to as the step-by-step daily progress approach, as it entails a sequential,
day-by-day reconstruction of the scenario, based on cumulative distance tracking.

RQ2. Behavior of Prospective Teachers When Guiding ChatGPT Through Solving Word Problems

As stated above, ChatGPT provided incorrect answers to the given tasks, prompting participants to provide appropriate
prompts for support. Table 1 shows the inductively derived categories of ChatGPT “s processing of the task and the reactions and
guidance of the prospective teachers, created through MAXQDA (2025) coding. The code system captured the different aspects of
the interactions between prospective teachers and ChatGPT. The coding categories reflect content-related themes such as error
identification, problem-solving strategies, instructional prompts, and the emotional or linguistic characteristics of the dialogue.
Table 1 presents the code categories and brief descriptions with examples.

Based on the inductively determined coding, three different types of guidance could be identified from the conversation
management and the response patterns of the prospective teachers.

Co-constructive guidance

This type of guidance demonstrates a stimulating approach that encourages further work and reflection. During the
conversation, the teacher facilitates the problem-solving process by promoting reflection and independent thinking instead of
providing direct answers. Thoughtful questions support learning and help learners find solutions through their own thinking.
Typical for the co-constructive guidance are suggestions such as “Go through each step individually” or “Think again: Does the
snail only move 3 meters further each day or are there days when it also moves higher?”

Five of the 21 documented conversations could be assigned to this type of conversational guidance.
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Directive guidance

This approach determines the learning process by pointing out errors and suggesting specific paths to the correct answer. For
example, the answer is formulated as a question that only needs to be confirmed by the learner (here, by ChatGPT), or the solution
is given down to the very last step so that it is now relatively obvious to the learner.

In this study, the directive guidance included questions such as “Doesn’t the snail reach the end on day 6? When it no longer
sleeps but crawls out directly at the top of the well when it arrives” or statements such as “But the snail arrives on the 6th day
before night falls. So, it doesn’t have to slide down anymore” are particularly striking.

Nine of the 21 documented conversations could be assigned to this type of conversation management.
Non-responsive guidance

This type is characterized by providing unresponsive and task-unspecific hints. Often, the conversation ends before a correct
solution to the task is found, leaving the solution provided by ChatGPT incorrectly and largely unedited.

A teacher who provides non-responsive guidance is one who lacks persistence, providing initial stimulation but withdrawing
before a complete solution is reached, especially if progress is slow.

Four out of the 21 documented conversations could be assigned to this type of conversation.

In addition to the three established guidance types, three exceptional cases were identified that could not be categorized into
any of the three types for various reasons. In two of these cases, ChatGPT came to a solution too quickly to identify the type of
guidance: Once immediately, with the first response, and once after only a single prompt. The third case showed/exhibited
characteristics of all three types and could therefore not be assigned to one.

RQ3. Prospective Teachers’ Perceptions on the Use of ChatGPT

RQ3 was divided into two parts for the analysis: On the one hand, the authenticity of the dialogue with ChatGPT was focused
on, and on the other hand, motivational aspects and benefits for the later profession. Figure 2 shows the exact distribution of
responses on the 6-point Likert scale for the two relevant items (see section data gathering for the specific formulation of the
items).
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Figure 2. Distribution of responses (Source: Authors’ own elaboration)

The authenticity of the dialogue with ChatGPT was evaluated using the two items “realistic” and “learner-like”. Overall, the
responses paint a mixed picture, which is also reflected in the qualitative statements made by the prospective teachers (see
statements below).

In response to an open-ended question about the authenticity of interacting with ChatGPT, the participants made statements
such as:

“The solution steps and the descriptions of the calculation methods.”
“The results provided by ChatGPT.”
- “ChatGPT gives answers based on errors that | could imagine occurring in a real-world context.”

At the same time, some participants expressed a critical view of the realism of ChatGPT’s responses, as illustrated by the
following statements:

- “ldon’tfind ChatGPT very learner-like because it offers many complex solutions.”
- “You’re talking to a computer, it’s hard to imagine that a child is behind it.”

- “I think learners would phrase things differently and have more emotions than ChatGPT, which also needs to be
particularly considered.”
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Motivation and support were assessed using the items “helpful”, “meaningful”, and “motivating” (Figure 2).

Positive comments about motivation and support mainly refer to the opportunity to gain insight into the learners’ perspective,
to see where problems may arise, and to get new ideas and try out ways of addressing them.

In response to the associated open-ended question, participants primarily noted that they gained new insights into potential
forms of assistance and ideas for continuing their work:

- “New ideas on how to guide learners toward the correct solution.”
- “Adjusting questions and feedback to suit children and their errors.”

- “You learn to give helpful support [...]. By experimenting with ChatGPT, you can find the best way to offer help, which can
be applied to children who struggle with solving word problems.”

Additionally, it was mentioned that interacting with ChatGPT can help anticipate potential comprehension barriers:

- “By interacting with ChatGPT, you can recognize which tasks are difficult to understand. You can also observe different
solution paths from ChatGPT and see where errors are made in the tasks. This can help guide lesson preparation and offer
support.”

At the same time, these participants acknowledged the limitations of conversations with ChatGPT, which primarily address
the lack of emotion and irrational reactions from learners. This is evident, for example, in the following comments:

“One has to be careful not to forget that it’s an Al, which always acts logically, while learners don’t necessarily behave that
way.”

“However, | think it’s important to note that every child is also individual and emotions play a role.”
“On the other hand, emotions are not an issue with ChatGPT, even after repeated corrections.”

The comments from the prospective teachers highlight both the potential of ChatGPT dialogues and the challenges and
differences when compared to conversations with learners. These insights align with findings from previous research on the use
of Al in teacher professionalization (Kortenkamp & Dohrmann, 2023; Schorcht et al., 2023).

DISCUSSION AND CONCLUSIONS

Implementing ChatGPT as a didactic tool for the professionalization of mathematics teachers provided valuable insights into
the opportunities and limitations of using generative language models in teacher education.

ChatGPT-Based Error Situations

The analysis revealed that ChatGPT’s problem-solving approaches closely mirrored common learners’ strategies, notably the
aggregated daily progress and step-by-step daily progress strategies. These findings align with prior research by Schreiber (2010),
who documented similar solution patterns among learners tackling analogous word problems. This resemblance suggests that
ChatGPT can effectively approximate learners’ reasoning processes and errors, offering a valuable opportunity for teacher
education focused on diagnosing and supporting learners in problem-solving contexts. Analyzing the support strategies of the
participating prospective teachers in more detail, three distinct types of guidance were identified: co-constructive guidance,
directive guidance, and non-responsive guidance. These categories align with established patterns of instructional responses
described in previous research on teacher-student interactions and feedback (e.g., Hattie & Timperley, 2007; Mercer & Littleton,
2007).

The co-constructive type reflects adaptive error management behavior as described by Tulis (2013), where teachers engage
learners in reflective dialogue, promote metacognitive questioning, and emphasize the learning potential of errors. Similarly,
studies by Anderson et al. (2004) and Heimbeck et al. (2003) have linked such reflective practices to enhanced conceptual
understanding and learner autonomy.

By contrast, the directive guidance identified in this study mirrors less adaptive, but still prevalent forms of error management
found in classroom research. Comparable to the direct correction described by Oser and Spychiger (2005) and Santagata (2005),
this type of response emphasizes teacher control and immediate remediation of learners’ errors. While such behavior may
efficiently clarify misconceptions, it risks constraining learners’ cognitive engagement and limiting opportunities for self-
correction (Hattie & Donoghue, 2016). Finally, the non-responsive type, characterized by limited or absent follow-up to learner
errors, echoes the ignoring category found in classroom observations by Hiebert et al. (2003) and Oser and Spychiger (2005).

Notably, the identification of these three types of guidance in our study suggests that established patterns of teacher reactions
to learners’ errors can be replicated even within an artificial, simulated learning environment. Although the interaction with
ChatGPT did not involve real learners, the error scenarios elicited similar instructional behaviors to those observed in real
classrooms. This indicates that Al-based simulations can capture essential features of pedagogical decision-making and thereby
serve as a valuable proxy for real-life teaching practice in early stages of teacher education.

The use of Al as a simulated practice environment thus holds particular promise for teacher education. As Steuer (2014) and
Tulis (2013) argue, developing a constructive error climate requires explicit reflection and practice in responding to errors.
However, this is often limited by the rarity of observable errors in real classrooms (Oser & Spychiger, 2005; Santagata, 2005) and
the infrequency of practical training phases. Integrating Al-generated classroom discourse into teacher education allows
prospective teachers to encounter, analyze, and respond to typical learners’ misconceptions in a low-risk environment.
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Importantly, this approach enables engagement with non-adaptive strategies, such as overly directive or non-responsive
reactions, at an early stage of professional development, without risking negative consequences for actual learners.

However, despite this promising alignment, ChatGPT’s frequent provision of incorrect answers underscores the model’s
conceptual limitations. This emphasizes the necessity for critical engagement by prospective teachers when utilizing Al tools, as
uncritical acceptance may reinforce misconceptions about Al (for an overview of existing misconceptions, Dilling & Hermann,
2024). Therefore, while ChatGPT can serve as a valuable didactic tool, its use must be accompanied by reflection on the function
of Al tools.

Prospective Teachers’ Perceptions of ChatGPT

Participants expressed ambivalent views regarding the authenticity and utility of ChatGPT. While many regarded the tool as a
meaningful and motivating way to practice dialogic guidance, others questioned its resemblance to genuine classroom
interactions. Echoing findings by Gislason (2023), the absence of non-verbal cues and emotional responsiveness limited the
naturalness of the exchanges, which in turn reduced the perceived realism of the simulated discourse. Furthermore, the
participants’ limited teaching experience likely influenced their perceptions of ChatGPT’s learner-likeness and instructional
relevance. Consistent with research on technology acceptance in education (Venkatesh et al., 2003), individual differences such
as prior knowledge, technological self-efficacy, and attitudes toward Al (Koehler & Mishra, 2009; Lenz, 2024; Thurm et al., 2017)
likely shaped these divergent evaluations, ranging from enthusiasm to scepticism.

However, the perceived learner-likeness of ChatGPT must be interpreted with caution. Because the dialogue unfolded within
a single continuous session, the model’s later responses were unavoidably shaped by its earlier errors and by the interventions of
the prospective teachers. What appeared to participants as persistence or misconception-driven reasoning was, in reality, a form
of statistical recall rather than genuine cognitive continuity. ChatGPT does not learn across turns in a human sense; it generates
text conditioned on prior context. As a result, its apparent learning trajectory reflects contextual patterning, not developmental
change. This distinction is pedagogically crucial: prospective teachers must recognize that Al systems simulate cognition through
linguistic probability, not through understanding or conceptual reasoning. Without this awareness, there is a risk of
overattributing cognitive or emotional depth to Al behavior, thereby reinforcing misconceptions about Al and learning processes
(Dilling & Hermann, 2024).

Limitations and Future Research

The present study also faces limitations, each of which suggests directions for further research.

First, the sample constituted a relatively small convenience sample of 26 prospective teachers, the majority of whom were
female. In addition, no further covariates were collected that could have provided insight into participants’ prior school
experience, levels of digital literacy, familiarity with or affinity toward Al technologies, or underlying teacher beliefs and
pedagogical knowledge. As a result, differences in instructional guidance types cannot be meaningfully linked to individual
characteristics or levels of teaching expertise. Future research should therefore aim to recruit larger and more diverse samples,
including greater gender diversity, and incorporate systematic measures of digital competence, teaching experience, and
pedagogical orientations to examine potential moderating effects.

A further methodological constraint concerns the use of the browser-based version of ChatGPT, which limits reproducibility
because key technical details, such as the underlying model and parameter settings (e.g., temperature, top-p, and context length),
are not disclosed and may change over time. Consequently, identical prompts may yield different responses, which should be
considered when interpreting the findings. Beyond these technical constraints, particular caution is also required when
interpreting ChatGPT’s perceived learner-likeness. Because each interaction unfolded within a single continuous dialogue session,
the model’s later responses were necessarily conditioned by its earlier outputs as well as by the interventions provided by the
prospective teachers. What participants may have interpreted as persistent misconceptions or stable reasoning patterns was, in
fact, a function of statistical context retention rather than genuine cognitive continuity. ChatGPT does not learn across turnsin a
human sense; instead, it generates responses probabilistically based on prior textual context (cf. section "Prospective Teachers'
Perceptions of ChatGPT"). This limitation underscores the need for caution when attributing learner-like cognitive processes to
current generative Al systems.

At the same time, the findings must be situated within the rapidly evolving landscape of Al development. Generative language
models are continuously refined, with ongoing improvements in training data, reasoning accuracy, and adaptive feedback
mechanisms. Consequently, the types and frequencies of conceptual errors observed in this study may change in future model
iterations. The present results therefore represent a snapshot of a dynamic technological moment rather than a stable
characterization of Al behavior. One notable limitation of the present study is the absence of multimodal interaction. At the time
of data collection, it was not feasible to integrate visual or diagrammatic representations into the Al-mediated dialogues.
However, research in mathematics education has long demonstrated the value of heuristic tools and visual representations, such
as sketches, for supporting problem-solving processes (Hembree, 1992; Sturm, 2018). Recent advances in Al applications now
make the incorporation of multimodal inputs-such as images, visual models, or diagrams-increasingly feasible. Future studies
should therefore explore how multimodal Al-supported simulations and advances in Al capabilities affect interactional patterns,
perceived learner realism, and instructional decision-making, potentially enabling closer alignment with authentic classroom
practices.

Finally, while Al-mediated simulations offer promising opportunities for teacher education, their pedagogical relevance
ultimately depends on their relationship to real teaching contexts. Future research should therefore combine Al-assisted training
environments with longitudinal designs and live classroom observations to examine whether patterns observed in simulated
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interactions translate into actual instructional practices. Such research would contribute to a more nuanced understanding of
how generative Al can be meaningfully integrated into teacher education while respecting both its current limitations and its
evolving potential.
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