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Abstract
This two-part longitudinal study explored the integration of generative artificial intelligence
(GenAI) in mathematics education by examining the perspectives, knowledge, and
experiences of in-service and preservice secondary mathematics teachers. The study began
with a 7-item questionnaire completed by in-service secondary mathematics teachers in the
West South-Central region of the United States to identify their initial views and concerns
regarding GenAI. A volunteer subgroup then participated in an exploratory task-based
activity, completing one of eight structured mathematical problems using a GenAI tool.
Insights from this exploratory work informed the second part of the study: a case study
involving preservice teachers who engaged in open-endedmathematical modeling tasks with
GenAI. Analysis of the teachers’ engagement focused on their teacher-AI interactions, such
as the prompt types in communicating with the AI Tool (e.g., Ask, Affirm/Seek Validation,
Guide) and ways their interactions addressed concerns highlighted in previous research.
Further analysis provided a deeper awareness of teachers’ reactions and beliefs regarding
conceptual understanding that had been supported during the GenAI problem-solving
experience and related GenAI issues. This study concluded with the authors’ pedagogical
reflections regarding challenges, limitations, and plans for future use of AI tools.
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1 Introduction

Innovations in digital technology often impact teaching and student learning with implementation
varying in scope, depth, speed, and fidelity (Organization for Economic Co-operation & Development
[OECD], 2021; Timotheou, 2023). For example, the proper implementation of calculator use in
mathematics education continues to spark some element of debate after more than three decades
(Banilower et al., 2013; National Advisory Committee on Mathematical Education [NACOME],
1975; National Council of Teachers of Mathematics [NCTM], 1978, 1980; National Research Council
[NRC],1989; Paige et al., 2006; Ronau et al., 2011; U.S. Department of Education [USDOE], 2001).
However, society’s widespread adoption of a relatively new technological advance known as artificial
intelligence (AI) has rapidly expanded into our daily lives and mathematics classrooms (The School
Superintendents Association [AASA] et al., 2023; Chen, Chen, & Lin, 2020; Center on Reinventing
Public Education [CRPE], 2024b; Hwang & Tu, 2021; USDOE, 2023). AI, a branch of computer science
that engages machines in a powerful mimicry of human intelligence, has evolved for more than seven
decades (McCarthy et al., 2006; Mohamed et al., 2022; Turing, 1950). It is “not a single [technological]
innovation, but an umbrella term” (USDOE, 2023, p. 11). This article will share information about
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one type of AI that may be employed during mathematical problem-solving, interactions between the
learners and AI, cognitive demands on learners, and the need to actively explore AI tools without
the fear of making mistakes. Broadly, there are three main types of AI. Reactive AI (e.g., voice
assistants like Alexa, automated vacuum cleaners) typically responds with specialized functions or
tasks requested by a person or other entity (AASA et al., 2023; Alsharidah & Alkramiti, 2024; Milicevic
et al., 2024). Predictive AI (e.g., Netflix, early warning systems for flood-prone areas) typically makes
decisions about future use based upon data patterns gathered about habits of a person, group, or
other entity (AASA et al., 2023; Alsharidah & Alkramiti, 2024). Generative AI (GenAI) (e.g., ChatGPT,
Khanmigo, self-driving cars) typically seems to synthesize and learn from data to create new products
that previously could only be produced by humans (AASA et al., 2023; Adžić et al., 2024; Asamoah et
al., 2024; Baidoo-Anu & Ansah, 2023; Haddley & Ardito, 2024; Yoon et al., 2024). This article focuses
on GenAI as an area with the most potential and challenge for our mathematics classrooms (Asamoah
et al., 2024). Analysis of questionnaire responses and observations of teacher-AI interactions while
engaging in mathematical problem-solving tasks led to the following research questions:

RQ1: How do specific learner-AI interactions during mathematical problem-solving support or
challenge teachers’ concerns about using GenAI to do mathematical problem-solving in their
classrooms?

RQ2: What types of cognitive demand are exhibited by learners (prospective teachers, hereafter
referred to as PSTs) as they engage in different levels of cognitive engagement when interacting
with GenAI to do mathematical problem-solving?

2 Literature Review

Many teachers may be surprised that their students have more experience—favorable and
unfavorable—with today’s widely accessible GenAI tools than they do (AASA et al., 2023; Baidoo-Anu
& Ansah, 2023; CRPE, 2024a; Yonder Consulting, 2025). With all the power that GenAI brings, there
is often a dual nature associated with it: promising vs. potentially threatening, safe vs. unsafe, and
informative vs. misleading (Lim, 2023; Milicevic et al., 2024; USDOE, 2023). However, the prevalence
of AI in the everyday lives of society, combined with potential future impact on every aspect of our
lives, assures us that we can not go back to the pre-AI world (Cacho, 2024; Dykema, 2023; Fabijanić
Gagro, 2024; Lim et al., 2023). The ominous message delivered from the National Research Council
(1989) almost four decades ago seems more formidable now than then:

Priorities for mathematics education must change to reflect the way computers [technology]
are used in mathematics … establish[ing] new ground rules for mathematics education
… (T)he stable diet … will diminish under the assault of machines that specialize in
mimicry. (p. 63)

The magnitude of concerns for future use of AI regarding individual privacy, beneficence, autonomy,
fairness, bias, and transparency is concerning (CRPE, 2024a; USDOE, 2023). There is an urgency for
teachers, educational leaders, policymakers, and government officials to know AI well to ”harness
the good” to serve educational and societal priorities (USDOE, 2023, p. 2). Given these realities,
more proactive work lies ahead for international, national, and regional policymakers to involve all
stakeholders in preparing guidelines and regulations for proper use. Various professional educational
organizations released position statements challenging teachers to actively explore AI and to teach
students to be strategic users of AI while remaining current about AI trends to support student learning
(CRPE, 2024b; NCTM, 2024b; USDOE, 2023).
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We should move forward ”now to realize key opportunities, prevent and mitigate emergent risks,
and tackle unintended consequences” (USDOE, 2023, p. 3). Furthermore, to harness the power
of AI we must explore GenAI without fear of ”making mistakes as we learn and experience the
capabilities and limitations of AI tools” (AASA et al., 2023, p. 2). This study investigated a move
forward via unfettered exploration of GenAI and participants’ reflections upon its use while engaging
in mathematical problem-solving.

To explore how generative AI (GenAI) can support mathematical problem-solving, it is useful to
briefly revisit the historical evolution of problem-solving in mathematics education, the essential skills
required by human learners, pedagogical principles that promote effective problem-solving, and the
capabilities of AI to mimic human processes required to solve mathematical problems successfully.

Prior to 1989, mathematical problem-solving was often relegated to solving word problems using
arithmetic, algebraic, or geometrical procedures. Instructional models during this time often focused
on Polya’s (2014) four-step problem-solving model: understand the problem, devise a plan, execute
the plan, and reflect upon the solution. Educators taught students to rely on reading comprehension
and critical thinking to interpret keywords, symbols, and problem contexts—strategies that AI can
now replicate with remarkable speed and high incidences of accuracy. Since 1989, problem-solving
has been identified as a foundational process in mathematics learning beyond merely solving word
problems (NCTM, 1989, 2000, 2024a). Mathematical problem-solving requires learners to use a variety
of cognitive skills such as interpreting language (provided in words or symbols), evaluating solution
strategies, and communicating their reasoning, which are each within the domain of AI-powered tools.
However, the potential of GenAI must also be critically examined for alignment of pedagogical goals
to foundational instructional frameworks such as the Effective Mathematics Teaching Practices, which
highlight the pedagogical importance of “setting meaningful goals, implementing reasoning-based
tasks, … facilitating discourse, … developing procedural fluency from conceptual understanding, … and
using evidence of student thinking” (NCTM, 2024a, p. 3). The Standards for Mathematical Practice also
highlight pedagogical roles specifically for mathematical problem-solving: “making sense of problems,
reasoning abstractly, … [and] using tools [including AI] strategically…” (NGA & CCSSO, 2010, pp. 6-8).
AI should support—never replace—these essential competencies.

Effective problem-solving involves reasoning through mathematical situations, interpreting symbolic
language, evaluating the plausibility of solutions, articulating strategies, and making connections
to prior knowledge (Ahn et al., 2024; NCTM, 2000; Rane, 2023; Wardat et al., 2023; Yoon et al.,
2024). If GenAI tools bypass these processes by generating multi-step solutions without learner
interaction, their educational value diminishes (Ahn et al., 2024). Various GenAI tools (e.g., ChatGPT,
Claude.ai, Khanmigo, SNORKL, MagicSchool, Knowledgehook) are currently being used to support
mathematical problem-solving. Open-ended tools like ChatGPT may require more oversight to
ensure educational goals are met, while tutorial-based tools (e.g., Khanmigo, SNORKL) typically
offer structured scaffolding, feedback loops, and checks for understanding that mimic teacher-student
interactions (Ahn et al., 2024; Lawasi et al., 2024).

Prompt engineering—the ability to effectively communicate with AI—is a critical skill (Biton & Segal,
2025; Fagbohun et al., 2024). Superficial engagement with AI, in which students accept responses
without critique, risks mirroring the services of human tutors that lack either content knowledge or
pedagogical rigor (Ahn et al., 2024; Opesemowo & Ndlovu, 2024). Evidence suggests that students
using GenAI for practice may perform well initially, but without deeper understanding, long-term
outcomes may be no better—or worse—than those of students who practiced without AI (Bastani
et al., 2024). Learning gains are more pronounced when students question AI-generated feedback,
attempt problems independently, and reflect critically on solutions (NCTM, 2024a). Despite frequent
disclaimers about potential inaccuracies, users often ignore these warnings. Some GenAI systems can
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misinterpret problems, provide incorrect solutions, or alter problem statementswithout user awareness
(Ahn et al., 2024; Bang et al., 2023). Effective use of GenAI in mathematical problem-solving hinges on
three factors: (a) leveraging AI tools that support tutorial-style learning rather than simple answer
generation (Gilbert et al., 2015; Pepin et al., 2025), (b) training users to use prompts strategically
and critically (Park & Choo, 2024), and (c) fostering human oversight to ensure that AI serves
pedagogical—not just computational—goals (Authors et al., 2025; Gabriel et al., 2025).

3 Methodology

For this study, we employed a longitudinal design that collected data over the course of an academic
year. All procedures were approved by the first author’s Institutional Review Board, and informed
consent was obtained from all participants. Participants included in-service secondary mathematics
teachers from the West South-Central region of the United States and preservice teachers (PSTs)
enrolled at a Hispanic-Serving Institution in the same area. This study incorporated three key sources
of data, each building on the previous to investigate how educators engage with generative AI (GenAI)
in mathematical problem solving. Table 1 provides an overview of data collected and analyzed along
with the purposes for each.

Table 1. Data Overview

Data Source Participants Purpose
Teacher questionnaire
(Qualitative survey)

50 inservice Teachers Identify teacher concerns and guide
next steps

Exploratory task-based
interview (Qualitative
data)

Ten inservice teachers (One
featured in this paper)

Explore AI use in problem solving;
inform future design

Case Study (Qualitative
data)

22 preservice teachers (Two
featured in this paper)

Investigate deeper engagement and
adaptive supports

In the following sections, we provide detailed descriptions of the data collected and the corresponding
analysis techniques. Quantitative analysis methods used for the teacher questionnaire are described
within that section. For the exploratory task-based interviews and the case study, qualitative analysis
was conducted using a three-component prompt categorization framework, which is introduced prior
to the presentation of those findings.

3.1 Teacher Questionnaire

We designed and administered a 7-item questionnaire (see Appendix A) to gather perspectives and
experiences with AI in the mathematics classrooms of secondary mathematics teachers (𝑛 = 50). The
questionnaire examined participants’ familiarity with AI, including exposure to AI applications, use
of AI in the classroom, and awareness of AI curricula or tools. We included open-ended questions to
capture teachers’ views on AI in mathematics education, including concerns, benefits, and suggestions
for future use.

We used two stages of coding to inform our subsequent research cycle and develop targeted
recommendations for addressing teacher concerns. In the first cycle, analyticmemos and in vivo coding
(Saldaňa, 2012) were used to document patterns and identify emerging themes, especially around
teachers’ concerns on AI usage, such as potential decline in critical thinking, superficial engagement,
and accuracy of AI responses. In the second cycle, pattern coding (Saldaňa, 2012) was applied to
refine and group these themes. Through this process, individual concerns were organized into broader
categories and situated within the larger context of AI in teaching and learning. Some quotes were
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multi-dimensional in that certain parts of the shared insight were coded under multiple concerns.
Table 2 illustrates teacher concerns from the survey with examples for each concern.

Table 2. In-service Teachers’ Concerns about AI Use in Mathematics Classrooms
Concern Example Quotes
Superficial engagement with
mathematical concepts at the
expense of deeper conceptual
understanding (𝑛 = 11)

only see AI being used in my classroom by students as a quick way
to get answers for problems.
… “just give them the answers” without learning the concepts”

Potential exploitation of AI for
cheating (𝑛 = 8)

The kids who want to cheat, they are going to cheat, no matter
what, but like as a student who wants to learn, I think this
[Khanmigo] would be a useful tool.

Generation of mathematically
inaccurate responses (𝑛 = 2)

There were a couple of inaccuracies that it pointed me in the wrong
direction because I gave it incorrect instructions, and I recognize
that as a teacher. But I’m not sure the students would recognize
that…
It doesn’t start pointing you in the right direction until you prompt
it and push it a couple of times…I can tell you that the students are
gonna get frustrated…

AI Literacy (𝑛 = 7) Students “may not be prepared or educated on how to ask AI
questions, at least in this AI’s format”
There were a couple of inaccuracies that it pointed me in the wrong
direction because I gave it incorrect instructions, and I recognize
that as a teacher. But I’m not sure the students would recognize
that…

These findings directly guided the design of the exploratory task-based interviews, and the case study
specifically constructed to address the concerns identified by the teachers. While the task-based
interviews explore the engagement of in-service teachers with AI tools in a structured task-based
setting, the Case Study shifts the focus to PSTs who, despite having less exposure to AI, were also
tasked with mathematical problem-solving in a similar format.

3.2 Exploratory Task-based Interviews with Inservice Teachers

Of the 50 secondary mathematics teachers who completed the questionnaire, 10 volunteered to
participate in task-based interviews. These in-service teachers were asked to use Khanmigo, an AI
powered tool which assists in learning by providing personalized learning experiences, acting as a
virtual tutor that helps students understand complex concepts, practice problems, and giving real-time
feedback (Ofgang, 2023). Teachers engaged with Khanmigo for 45-60 minutes in an unstructured
setting to complete at least one problem from the set of eight problem-solving tasks (see Appendix B for
example tasks). Each task had a single correct solution and addressed topics such as algebra, geometry,
and number sense. The tasks were selected from a publicly available collection of rich mathematical
tasks developed by the Virginia Department of Education (VDOE, n.d.), which were designed to align
with the 2016 Mathematics Standards of Learning and promote reasoning, problem solving, and deep
mathematical thinking. Teachers engaged in think-aloud protocols (Lajoie, 2008) while interacting
with the AI. To facilitate natural use of the tool, the researchers provided no guidance or intervention
during real-time use of AI.

For discussion here, we present the Bake Sale Fundraiser task (see Appendix B), which is one of
the eight problem-solving tasks requiring multiple steps of numerical reasoning and interpretation
of contextual information. Conceptually, the task includes basic operations with common fractions,
including calculations with decimals and percents characteristic of the Numbers & Operations and
Algebra Standards (NCTM, 1989). The problem could be solved using a linear equation or informal
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arithmetic strategies, making it useful for observing teacher interaction with AI support during
real-world problem-solving.

3.3 Qualitative Data Analysis

In analyzing the interactions of both in-service teachers and PSTs with the AI tools, our goal was
to examine how these interactions either aligned with or diverged from teacher concerns (see Table
2), particularly regarding AI accuracy, engagement, and problem-solving. This layered approach
to data collection enabled us to capture how AI-supported problem-solving unfolded in practice,
highlighting specific ways AI tools can address or exacerbate concerns related to student engagement
and mathematical learning. To inform our approach to analyzing teacher-AI interactions, we reviewed
relevant literature in human-AI interaction (e.g., Baker et al., 2004; Holstein et al., 2019), dialogue
analysis in tutoring systems (Graesser et al., 1995), and teacher discourse practices (O’Connor &
Michaels, 2019). This literature helped us better understand common patterns of interaction and
consider how a frameworkmight capture different types of engagement. Drawing on these insights, we
examined the prompts generated during problem-solving and, through close reading and collaborative
discussion, identified recurring patterns. Focusing on the types of prompts the participants created
during their AI interactions, the prompts were categorized into three broad types:

1. Ask: The teacher restates the question, requests help with strategies or definitions or asks for
step-by-step assistance.

2. Affirm/Seek Validation: The teacher confirms the AI’s response, performs calculations, or agrees
with the AI’s output.

3. Guide: The teacher corrects the AI’s mistakes, proposes alternative strategies, or extends the
conversation with their own reasoning.

These categories emerged inductively as the researchers sorted prompts based on their function and
learner intent within the problem-solving process (See Figure 1). This coding scheme allowed us to
interpret how the teachers engaged with the AI, and how those patterns related to concerns about
accuracy, engagement, and critical thinking.

Figure 1
Examples for Each Prompt Type
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3.3.1 Task-based Interview Analysis with Inservice Teacher Jana

We feature the work of one teacher, Jana (pseudonym), whose response reflects a pattern we observed
across several participants. Jana approached the Bake Sale Fundraiser Task by breaking it into smaller,
manageable parts and sequentially asking the AI for help with each. Jana began by identifying key
details from the problem statement and posed a series of ask-type prompts to confirm these details.
We noticed that Jana relied on the AI to extract numerical information and perform calculations,
such as determining the total cost of ingredients or calculating revenue. Jana checked in with the
AI frequently after each step, often seeking confirmation before moving forward. Table D1 (Appendix
D) illustrates the type of prompts used and how they were used. We noticed that Jana approached the
problem tentatively and leaned heavily on the AI to validate and guide the solution process. We found
evidence of limited engagement with the underlying mathematics. Jana used the AI to move through
the task and followed its suggested steps without pausing to reason through or justify the approach.
This pattern was consistent across other participants in this study, where we observed that many
teachers were engaging with the AI tool in a pragmatic, task-focused manner. Their interactions often
followed a step-by-step pattern, with limited elaboration on strategy or conceptual reasoning. Based
on our findings from the task-based interviews with in-service teachers, we made several changes to
the Case Study to support more meaningful engagement for the PSTs. First, we introduced open-ended
mathematical modeling tasks that allowed for multiple strategies and interpretations. Second, we
facilitated a learning session to support PSTs in reflecting on how to engage with AI tools in more
meaningful ways, focusing on productive ways to engage with AI during problem-solving. Finally,
we allowed participants to choose Khanmigo or ChatGPT as the generative AI tool they preferred to
better reflect the kind of tools they might encounter or use in their own classrooms.

3.3.2 Case Study with Prospective Teachers (PSTs)

In this case study, we focused on PSTs (𝑛 = 22) who engaged AI with mathematical modeling
tasks. The PSTs, mostly sophomores and juniors, were enrolled in mathematics content courses and
were majoring in mathematics to obtain certification to teach middle or high school mathematics.
These PSTs had not yet completed any methods courses related to teaching and had little to no prior
experience using AI in their mathematics coursework.

To support deeper engagement with mathematics and AI, we intentionally chose mathematical
modeling tasks because they support sense-making, allow for multiple correct solutions, and promote
generalizations. While our initial selection was not explicitly guided by the Effective Mathematics
Teaching Practices (NCTM, 2014a, 2024), the modeling tasks we used align with several of those
practices, including supporting productive struggle, facilitating meaningful mathematical discourse,
and using and connecting mathematical representations (NGA & CCSSO, 2010). The PSTs worked
with the How to Store Task (Erbaş et al., 2016; see Appendix C), which was designed to encourage
creative problem-solving to find the most cost-effective way to store 175 cylindrical cans. A table
identifying varying sizes and rental costs of storage cabinets was included with the task. The objective
was to minimize costs while ensuring the cans were stored upright for safety. The PSTs were
instructed to attempt to solve problems independently before consulting AI for alternative approaches
or suggestions, then use AI as a collaborative thinking partner rather than merely a tool for generating
answers. The PSTs were instructed to choose ChatGPT or Khanmigo based on their preferences. This
flexibility provided insight into how the different tools impacted the problem-solving process. The
goal was to explore how PSTs, with little to no prior experience with AI, navigated mathematical
problem-solving with an AI tool. To illustrate how the mathematical engagement with the AI tool
developed after we adapted the task design, we share two examples from a case study (featuring PSTs
with pseudonyms of Pari and Vira). Both PSTs used ChatGPT to engage with the modeling task.

Ohio Journal of School Mathematics, Issue 101, Fall 2025 37



Naresh, Yilmaz, DeLoach Johnson, & Cockerham

3.3.3 Analysis of Preservice Teacher Pari’s Engagement with ChatGPT

Pari input the task, including the table, unchanged, into ChatGPT, prompting it to find a solution. The
table indicated the width, length, and rental cost per month for each storage unit, but did not specify
the height of the unit. ChatGPT, in response, calculated the volume of each can using the cost per
month as the height, albeit incorrectly (referred to as an AI hallucination; Bang et al., 2023). Pari did
not challenge this mistake.

Excerpt:

• Pari: If one of the can’s volume is 9424 cm and there are 175 cans to store. What is the “way?”
• ChatGPT: Responds with cost per unit volume based on flawed cabinet volume calculations.

During the interaction, Pari did not question the generated response but proceeded to the next step,
prompting, ”What would be the cheapest way to store 175 cans?” In response, ChatGPT suggested
a strategy focused on calculating the cost per unit volume and comparing it for each storage unit.
Without questioning the AI’s assumptions or identifying the flawed cabinet volume calculations, Pari
carried out calculations based on the suggested strategy and concluded that Storage Unit 3 would be
the best option to minimize cost.

Excerpt:

• Pari: So, Number 3, the best price?
• ChatGPT: Affirms conclusion.

Toward the end, Pari shifted focus slightly, askingmore open-ended questions related to future business
decisions and cost volatility, like “Do you think the price will change?” and “In the future, would you
think they should use the same company or change?” Table D2 (Appendix D) provides examples of the
categorization of the various prompts that Pari provided AI.

This interaction unfolded into a dialogue shaped by the learner’s trust in the AI’s authority. Pari
followed the AI’s lead, used its strategy without question, and rarely pushed back. The exchange
was mostly linear: Pari asked, the AI responded; and Pari moved forward based on the AI’s advice.
However, in the last few prompts, we notice a shift from procedural problem-solving towards more
strategic engagement characteristic of business decision-making.

3.3.4 Preservice Teacher Vira’s Engagement with ChatGPT

Vira initiated the interaction with ChatGPT by summarizing the task information. “There will be
three columns. The first column will be called width, the second column will be called length, and the
third column will be called rental cost per month. Table D3 (Appendix D) shares the categorization
of examples of the various prompts that Vira communicated to AI. Vira’s interaction with the AI tool
indicates a trend from basic inquiry to deeper cognitive engagement. Early in the conversation, Vira
primarily used Ask-type prompts, entering task details and requesting calculations or strategies (e.g.,
asking how to determine the best cabinet or how much space a can occupies). These prompts reflected
an information-seeking approach typical at the beginning of problem-solving.

Vira progressively shared additional information from the task, guiding the AI tool in constructing
a table collaboratively. This approach, distinct from foundational engagement, demonstrated that
the learner was taking an active role in shaping the engagement by making sure that all relevant
information was included in the table. We noticed a brief Affirm/Seek Validation phase where the
student accepted the AI’s reasoning and proceeded with calculations.

A specific prompt used by Vira was, “The height of each storage cabinet is 100 cm. Therefore, we can
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add an extra column to the front of our table titled ‘height’.” This proactive approach prevented the
ChatGPT from generating a response using an incorrect height. Notably, in this instance, Vira assumed
ownership of directing the mathematical engagement. When Vira posted the following prompt, “We
need to determine which storage cabinet would be the most cost-effective to store these cans. How
could we do this?” ChatGPT responded by calculating the cost per can for each cabinet. During this
process, Vira actively checked the mathematical accuracy of the calculations rather than assuming
their correctness. Upon review, Vira discovered that ChatGPT had incorrectly calculated the volume
of one can as 3,140 cm³ instead of the correct value, 9,420 cm³. Despite this discrepancy, the AI initially
determined Storage Unit 3 to be the most economical choice, overlooking 175 as the number of cans
to be stored.

Midway through the interaction, a notable shift occurred: Vira began to reframe the problem. Instead
of comparing all cabinet volumes, Vira guided the discussion toward identifying the cheapest cabinet
that could still store 175 cans. This is whereGuide-type prompts and higher-order engagement prompts
began to happen. Vira further clarified their objective, proposed simplified criteria, asked about
long-term cost implications, and took ownership over the problem-solving process. To summarize,
Vira’s AI-interaction shows a progression from passive information gathering to active problem
solving.

4 Discussion

This study explored two central research questions:

RQ1: How do specific learner-AI interactions during mathematical problem-solving support or
challenge teachers’ concerns about using GenAI to do mathematical problem-solving in their
classrooms?

RQ2: What types of cognitive demand are exhibited by learners (prospective teachers, hereafter
referred to as PSTs) as they engage in different levels of cognitive engagement when interacting
with GenAI to do mathematical problem-solving?

To address these questions, we analyzed the interactions of three participants—Jana, Pari, and
Vira—who engaged with GenAI tools during mathematical problem-solving tasks. Their varied
approaches offer insight into both the instructional affordances and limitations of AI-supported
problem-solving, particularly in relation to teacher concerns and learners’ levels of cognitive
engagement. Table 3 provides a comparison of the three participants’ interactions with key patterns
of engagement. Additionally, it demonstrates the varied cognitive demands the participants placed on
AI based on their engagement types, and it provides insight into how those interactions either support
or challenge teacher concerns regarding AI’s role in mathematical problem-solving. We draw from
prior research on an analysis of learner engagement with AI (Authors et al., 2024b, 2024c) to categorize
each participant’s level of engagement with AI. This allows for a nuanced exploration of how various
learners and teachers engage with AI.
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Table 3. An Overview of Teachers’ Engagement with GenAI tools
Dimension Jana Pari Vira
Prompt Type Mostly Ask-type

prompts
Primarily Ask-type,
with some validation
prompts

Mix of Ask, Affirm, and
Guide prompts

Cognitive engagement Surface-level,
basic task-oriented
engagement

More task complexity
and validation, but
remained procedural

Some depth, but mostly
focused on procedural
steps with occasional
reflection

Follow-Up on AI’s
Responses

Minimal follow-up or
questioning

Moderate follow-up,
seeking confirmation

More active follow-up,
with occasional shifts in
direction

Exploration One related problem
posed (but still directed
at AI)

Exploration in form of
validation and planning

Some exploration, but
still procedural in nature

Level of Engagement
(Authors et al., 2024a)

Foundational
(task-focused,
procedural)

Foundational, but
moving towards
constructive (more
elaborate task-based
interactions, a greater
need for validation due
to task complexity)

Constructive (reframes
problem, awareness
of task constraints,
changes strategies based
on newer insights)

These comparisons provide direct insight into RQ2 by illustrating the range of cognitive demands
exhibited during AI engagement.

4.1 Task Design and Learner Engagement

This section directly addresses both research questions by examining how task structure shaped
AI interactions (RQ1) and how these interactions revealed varying levels of cognitive engagement
(RQ2). Jana’s reliance on AI to guide each step in solving the problem reflects the procedural nature
of her engagement. This type of engagement may have been influenced by the well-structured,
single-solution task. In contrast, both Pari and Vira encountered tasks that were more complex and
required deeper decision-making. While Pari sought validation at various stages of the task, indicating
a foundational engagement, this was partly due to the task’s complexity, which elicited need for more
AI-based verification. This alignment between task structure and engagement style is consistent with
findings that task specificity can lead to more foundational interactions, where learners focus on
applying known procedures rather than conceptualizing or exploring alternative strategies (Authors
et al., 2024b; Baker et al., 2022).

Moreover, for straightforward or routine tasks, our participants saw little need to interrogate or expand
on the AI’s responses. This pattern echoes earlier findings where learners engaged with AI tools
primarily for convenience, specifically when teachers perceived the framing of the task or classroom
norms as emphasizing correct answers over reasoning (Holmes et al., 2019; Khosravi et al., 2022).
Jana’s engagement style may reflect contextual affordances rather than a limitation in her reasoning
abilities. This highlights the importance of designing AI-integrated tasks that explicitly support and
invite deeper conceptual engagement.

4.2 Task Facilitation and the Learning Environment

To further explore RQ1, we consider how changes in the learning environment and scaffolding
influenced the nature of teacher-AI interactions, either reinforcing or challenging teachers’ concerns
about GenAI use. Our findings suggest that the structuring of the AI-engagement influenced how
teachers engage with AI tools during mathematics tasks. In Jana’s case, she worked on single-solution
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tasks with minimal scaffolding. By contrast, Pari and Vira were introduced to modeling tasks along
with a brief orientation session on interacting productively with AI. Vira’s engagement demonstrated
a constructive approach where he adapted AI’s suggestions and critically reflected on the proposed
solutions, adjusting his strategy throughout the task. This type of engagement could be viewed as a
productive struggle (Boaler, 2016). It highlights the potential for AI to support constructive learning
by enabling teachers to generate alternative solutions and rethink strategies based on emerging
information (Author et al., 2025).

While the study focused primarily on foundational and constructive engagement, the lack of creative
engagement in the task warrants attention. Creative engagement with AI involves learners using
the tool to explore new ways of problem-solving and to generate innovative solutions (Author et
al., 2024), which were not evident in this study. In future work, it would be beneficial to rethink
the structuring of the learning engagement to allow for more open-ended problems that encourage
exploration, experimentation, and creative use of AI tools.

4.3 Gaps in AI Literacy

This theme intersects with RQ1 by illuminating gaps between teachers’ concerns and their own
interactions with AI, and with RQ2 by highlighting missed opportunities for deeper cognitive
engagement. One consistent theme across all three teachers’ interactions was the reliance on AI for
validation and problem-solving, with limited engagement in verifying the AI’s logic. This points to
a critical gap in AI literacy, as the teachers, especially Jana and Pari, did not consistently challenge
or verify the AI’s outputs. As Ng et al. (2021) argue, AI literacy involves not only using AI tools
effectively but also critically assessing the responses generated by these tools. In the cases of Pari
and Vira, this lack of verification highlights the need for targeted professional development on how to
interact meaningfully with AI (Walkington, 2025).

Interestingly, many teachers expressed concerns about students using AI in procedural ways. Yet their
own interactions often mirrored the same approach. This points to a clear need for intentional AI
literacy–based professional development (Sperling et al., 2024; Walkington, 2025). This must focus
more on how to use it effectively during mathematical problem-solving. Understanding how to frame
productive prompts and engage in iterative conversations with AI tools is still emerging (Fagbohun
et al., 2024; Jatin, 2024). These early findings signal the need to explore how prompt engineering and
AI-supported reasoning can be taught and modeled in ways that go beyond answer-seeking.

5 Implications

While our observations revealed that participants—such as Jana—often engaged with the AI tool in
a procedural, task-focused manner, we hesitate to conclude that this reflects a general devaluing
of conceptual understanding among teachers. Rather, we believe several contextual factors shaped
this pattern of interaction. First, the AI platform was unfamiliar to many participants, and their
engagement may reflect a cautious, exploratory approach rather than deliberate avoidance of deeper
reasoning. Second, the research setting (working independently in a constrained time frame without
student-facing instructional goals) may have influenced how teachers interacted with the tool,
prioritizing task completion over in-depth exploration. Some teachers may still be developing
understanding of how GenAI might support conceptual thinking and thus defaulted to procedural
exchanges. These factors suggest that limited conceptual engagement in this study reflects the
early and evolving nature of teacher-AI interactions, rather than lack of commitment to conceptual
understanding in their broader teaching practice.
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Nonetheless, our findings highlighted in the discussion strongly support the recommendation for
teachers to explore AI freely without fear of mistakes so they can learn the “capabilities and limitations
of AI tools” (AASA et al., 2023, p. 2). The findings inform the following implications for future
practice and future research regarding AI-supported mathematical problem-solving experiences: (a)
task design and learner engagement, (b) task facilitation and the learning environment, (c) gaps in
AI literacy, (d) learner engagement is developmental, and (e) learner engagement—whether teacher or
student—highlight similar issues and concerns.

With regards to task design, we found support for addressing the specific learner objectives as
they relate to conceptual understanding and procedural fluency of the mathematical engagement
(NCTM, 2023). Single-solution tasks compared to multiple-solution tasks will require different levels
of engagement between the learner and AI. Task design should support goals for both conceptual
understanding and procedural fluency to avoid under-utilizing the capabilities of AI and fueling the
old fears about technology undermining student thinking. More open-ended and complex tasks will
provide an avenue for exploration, reflection, and decision-making to offset the learner’s tendency to
simply permit AI to find answers for them.

Tasks should be structured to facilitate an engaging learning environment that involves learners in
divergent thinking. An introduction to productive AI prompts as a component of AI literacy can
support goals for critically considering responses provided by AI, for using prompts that support
more meaningful AI responses, and for enticing AI to respond with more depth to support human-AI
interaction. With appropriate scaffolding and guided reflections, learners become more enabled to
mine AI for what it can offer. Future practice should explore more comprehensive support for creating
better prompts, both when using AI as well as during the teacher-classroom learning experiences.
When teachers engage AI as learners, they will gain hands-on experience with AI similar to the
experiences that lie ahead for their students. The beliefs and concerns teachers had prior to preparing
AI experiences for their students will be informed by their experiences. As teachers’ experience
evolves, so will their beliefs and their knowledge and skills for preparing productive AI experiences
for their students.

5.1 Conclusion

When learners engage in well-designed mathematical problem-solving tasks, the effective prompts
used will support productive AI interactions. Teachers should explore various aspects of AI
interactions, such as constructing tasks and solutions themselves, engaging AI as a collaborator rather
than merely as an answer provider, and critically questioning the responses provided by AI. Although
our study did not explicitly focus on ethical issues, we recognized that as AI literacy develops over time,
through experience, teachers will becomemore aware of the possible openings for breaches of integrity
and ethical concerns. Whereas the potential for good from AI use in mathematical problem-solving
is great, the potential for harm is more serious than any other technological innovation that has
approached our classrooms. Professional development for teachers, free exploration of AI meant to
bring discovery of capabilities and limitationswithout fear ofmakingmistakes, should support learning
about the safe and potentially unsafe realities for the mathematical classroom.
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Appendix A

Participant Questionnaire

1. What uses of AI have you learned about or observed others using?

2. Are you aware of the development or implementation of an AI curriculum/tools for math in any
grades K–12 in your school district?

3. Have you received any professional development/training on AI tools, uses, or methodologies
in classrooms? Yes/No

4. What teaching methodologies are emphasized in using AI tools that you either have in your
curriculum and/or have learned about? Check all that apply.

• Lecture or instruction
• Blended learning (e.g., Learning takes place partly face-to-face and partly online)
• Remote learning
• Group work
• Project-based learning (e.g., Learners leverage their skills and competencies in
interdisciplinary collaborations. They work together to identify and/or respond to a
real-world challenge over an extended period of time.)

• Activity-based learning (e.g., activities are facilitated by teachers; learners progress through
activities at their own pace.)

• I do not use AI tools

5. What AI tools, if any, do you currently use for teaching math in your classroom?

6. What are your thoughts on the use of AI in mathematics classrooms? Please discuss questions,
concerns, and potential benefits for enhancing learning.

7. Do you have any additional information and/or questions on the use of AI tools in
teaching/teaching mathematics that you would like to share?
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Appendix B

Example Task for In-Service Teachers

The Bake Sale Fundraiser Task1

Brady and Jaquan were selling cupcakes together at a bake sale. They hope to make $100 so they can
both go on the band field trip to New York City.

In the first hour, Brady sold 1
3 of the cupcakes and Jaquan sold 3

8 of the cupcakes.

• During the second hour, they sold two cupcakes.
• During the third hour, they sold 75% of the remaining cupcakes.
• During the fourth hour, they sold the remaining 3 cupcakes.

If they sold each cupcake for $2.75, will they make enough money to go on the field trip? If so, how
much money would be left over for spending money? Explain how you know.

Appendix C

How to Store Task2

A company that produces canned food needs short-term storage to store the cylinder-shaped can it
produces. The companywants to do this with the least possible cost. Each of the right circular cylinders
can be kept 10 cm in radius and 30 cm in height. The company plans to store 175 cans for two (2)
months. There are three (3) different sizes of storage cabinets that the company can store. The rental
costs are shown in Table C1 according to the dimensions of base of the storage cabinets, each of which
is 100 cm high.

Table 4. Size of the Storage Cabinets and Costs

Width (cm) Length (cm) Rental Cost per Month ($)

110 110 100
110 220 150
110 330 200

a. If you were the company owner, in which way(s) would you use which storage cabinet to
minimize the cost?

b. The company may need to store different numbers of cans in future productions. For this, would
it be appropriate for the company to always use the same type of storage cabinets? What do you
suggest? Why?

Please note that keeping the cans in an upright position is important for the safety of the storage.

1Taken from Virginia Department of Education (VDOE). (n.d.). Rich mathematical tasks. https://www.doe.virginia.gov/
teaching-learning-assessment/k-12-standards-instruction/mathematics/instructional-resources/rich-mathematical-task

2Taken from Erbaş, A. K., Çetinkaya, B., Alacacı, C., Çakıroğlu, E., Aydoğan Yenmez, A., Şen Zeytun, A., Korkmaz, H.,
Kertil, M., Didiş, M. G., Baş, S., & Şahin, Z. (2016). Everyday life modeling questions for high school math subjects. TÜBA,
Turkish Academy of Sciences.
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Appendix D

Analysis of Participants-AI Interactions

Table 5. Prompt Analysis for Jana’s Engagement with AI

Type Contextual Info with Prompt Explanation

Ask He made 120 and sold 3/4 of them,
how many did he sell?

The learner is seeking a direct answer from the
AI, showing foundational engagement where the
AI is the primary source of information.

Affirm Ok, so he sold 90? The learner asks for confirmation of their
calculation, validating the AI’s response without
doing the cognitive work themselves.

Ask How much would he sell one of them
for to make $60 profit?

The learner is asking a question that still relies on
the AI to provide an answer without fully
engaging in the reasoning process.

Ask Can you explain that logic to me? The learner asks for further explanation but
doesn’t show much ownership in trying to
engage with the solution independently.

Ask So I divide 150 by 90? The learner asks for confirmation of a step in the
solution, showing dependence on the AI for
guidance.

Ask Right. But then what do I subtract? The learner asks the AI to continue guiding the
process, rather than actively thinking through the
next step themselves.

Table 6. Prompt Analysis for Pari’s Engagement with AI

Type Contextual Info with Prompt Explanation

Ask Pari restates the original questions in
simplified form and asks, “What
would be the cheapest way to store
175 cans?”

Asks the AI to work towards a solution

Ask Pari provides additional information:
“If one of the cans’ volume is 9424 and
there are 175 cans to store. What is
the cheapest way?”

Seeks step-by-step help using can volume to
compare storage costs.

Ask After Pari gets a response, he asks:
“So which one the bes[t] price?”

Requests clarification or confirmation from
previous steps.

Affirm/Validate So, Number 3, the best price? Checks if they followed the AI’s logic correctly.

Affirm/Validate Do you think the price will change? Seeks agreement about the price (trusts AI)

Guide In the future, would you think they
should use the same company?

Moves toward planning based on emerging
understanding.
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Table 7. Prompt Analysis for Vira’s Engagement with AI

Prompt
Type

Contextual Info & Prompt Explanation

Ask After entering the cabinet data, Vira
asked, “We need to determine which
storage cabinet would be the most
cost-effective to store these cans. How
could we do this?”

Seeks a strategy from the AI rather than
proposing one — early-stage reasoning
support.

Ask Once the can size was established, Vira
asked, “How much space does one can
take up?”

Procedural question relying on the AI to
compute cylinder volume.

Ask After that, Vira followed up with, “So
what would the volume be for each of the
cabinets?”

Step-by-step inquiry prompting ChatGPT to
complete the calculation.

Affirm/Validate After the AI suggested computing can
volume, Vira responded: “Okay, I see
what you’re thinking! Let’s say we have
175 cans with the dimensions I had
mentioned earlier…”

Shows affirmation and willingness to follow
the AI’s proposed strategy.

Affirm/Validate After the AI begins computing the total
volume, Vira says: “I see you already
have an idea… Let’s go ahead and
perform that calculation.”

Vira endorses the plan and invites the AI to
proceed (validation + calculation).

Affirm/Validate After concluding which cabinet is most
efficient per volume, Vira asks: “Would
this still stand if they held them in
storage for 2 months?”

Confirms the earlier conclusion holds under
different conditions.

Guide After the volumes are known, Vira
changes direction: “We might not need
the extra space since we only have 175
cans. How many cans would you predict
each cabinet can hold?”

Introduces a new constraint, shifting from
efficiency to capacity.

Guide Vira then asks: “Considering that we
don’t need to hold that many cans, just
175, which cabinet would be the cheapest
to fit all the cans in?”

Reframes objective: cost minimization based
on sufficiency, not per-unit efficiency.

Guide Vira clarifies: “Let’s say we don’t care
about the cost per can… Which one
would be the cheapest in this case?”

Dismisses the earlier idea and provides a new
suggestion.
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