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This study examines students’ cognition during high demand mathematics tasks when an Al tool
is available. Using video recordings, we analyze 20 undergraduates’ cognitive demand on a task
involving a nonroutine roller coaster application of domain and range. Our findings show wide
variability in how students approach the task, how and how often they elected to use ChatGPT
(half chose to use it, half did not), and the levels of cognitive demand that students exhibit in
their solutions and thinking. Students that solve the task with high demand tend to grapple with
its nonroutine aspects and challenge Al output, while students that solve with low demand give
decontextualized prompts, struggle to use Al output, and/or trust Al despite hallucinations. We
discuss implications that undergraduate mathematics researchers and educators might consider
to preserve opportunities for students to experience high demand problem solving.
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Artificial intelligence (Al) tools are becoming commonplace in higher education. Although
the notion of using computers to support, transform, or even replace mathematical thinking is not
new (Kaput, 1992; Pea, 1985), Al tools present a new frontier for teachers and students as they
can mimic human reasoning at most stages of problem solving. Prior and recent works that have
studied Al in mathematics education have reached varying conclusions. For instance, Al can
serve as a helpful scaffold when used deliberately (Yoon et al., 2024) and in ways that preserve
human demand for thinking. On the other hand, Al tools can stunt learning opportunities when
students use them in ways that disable their ability to master mathematics on their own (Bastani
et al., 2024). Regardless, findings from these works suggest that ignoring the impact of Al tools
on students’ thinking and learning opportunities will pose serious detriments to researchers and
mathematics practitioners. It is our goal to draw attention to this phenomenon by studying the
nature of students’ mathematical thinking when Al tools are made available to them.

Examining how students think with Al tools matters because Al prompting is a cognitive
activity. When querying an Al chatbot, a student must envision what it is they need to know and
write a query that will likely generate the information that they need to reach resolution
(Subramonyam et al., 2024). At present, we lack research that details the extent to which
students (a) engage with mathematical envisioning as they create Al prompts, and (b) how the
presence of Al impacts their own cognition as they reason mathematically on demanding tasks.
This study addresses both of these gaps. Using video analysis and attending carefully to students’
thinking during Al interactions (e.g., Stein & Delaney, 2025), we observed 20 undergraduate
students solve high demand tasks when given access to ChatGPT. We ask, what is the nature of
the cognitive demand when students solve a nonroutine mathematics task with AI?

Theoretical Framework
We examine the changes in cognitive demand during a mathematics task and the interactions
between students and Al throughout its enactment. Stein and colleagues refer to a mathematics
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task as “activity, the purpose of which is to focus students' attention on a particular mathematical
idea” (note: we omit the “classroom” aspect of their definition as our study was conducted with
individual students) (1996, pg. 460). Historically, mathematics tasks have been considered in the
context of what students are expected to produce with a given set of resources (Doyle, 1983). Al
tools may potentially change this conception, since they function as general-purpose cognitive
resources that remove the need for focused student attention, depending on how they are used.

High demand tasks have functioned as a primary source from which students can learn
(Shavelson et al., 1986). These tasks demand cognitive processes, such as identifying key
information and activating prior knowledge that is useful for constructing solutions (Doyle,
1983). High cognitive demand tasks require students to make conceptual connections, generate
nonalgorithmic solutions, and consider multiple solution strategies (Boston, 2012; Stein &
Smith, 1998). Again historically, technologies have influenced mathematical activity and
cognition, including the cognitive demand of tasks (Hollebrands, 2003; Sherman, 2014).
However, technologies’ potential to mediate student learning has been contingent on students’
knowledge about how to use them productively toward the task’s goals (Delaney & Kinsey,
2021). As students can use Al tools without sophisticated knowledge of how they work, it is not
yet known if, for whom, and to what extent Al tools will influence students’ cognitive demand as
they solve rigorous math tasks.

Methods

Four researchers with expertise in undergraduate lower-division mathematics education and
Al tool integration designed and collected data for this project in spring 2025. Our goal was to
investigate the nature of students’ mathematical thinking and reasoning when ChatGPT-40 was
made available to solve a mixture of closed-form and non-routine questions. The questions were
given to students in three separate 20-minute tasks. In this paper, we analyze 20 students’
responses to one component of the algebra task (see Figure 1), and the ways in which students’
uses of ChatGPT impacted the cognitive demand of the task as they solved it.

We recruited students via physical campus advertisements. To participate, students needed to
have taken a mathematics course in the past 12 months to reduce the likelihood that they would
be completely unfamiliar with the tasks’ mathematics concepts. We also collected information
about students’ academic year, major, and undergraduate math courses. We recruited from a
variety of majors, and 9 of the 20 participants were not explicitly STEM students, although some
listed 4-5 math intensive courses on their screener survey. They studied biology, geography,
liberal studies (2), marketing, business management, economics, food/nutrition, and psychology.

During a 10-minute pre-task interview, one researcher asked participants additional questions
about their typical Al use on school assignments, beliefs about Al, and the extent to which their
instructors demonstrated or encouraged Al use in their courses. A detailed account of students’
Al beliefs and practices can be found in (Delaney et al., 2025). Following the pre-interview, each
participant was instructed to “think aloud” as they solved the math tasks on an iPad screen that
recorded their responses temporally. A lead interviewer reminded students to think aloud, asked
open-ended questions (e.g., “what are you noticing right now?”’) during problem solving, and
assured participants that we were primarily interested in studying their thinking and reasoning. A
second researcher managed video and audio recordings, kept time during the sessions, and took
field notes that captured instances where the student appeared to be grappling with the
mathematics. We concluded with a post-task 10-minute debrief.
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The Roller Coaster Task

Below you will find a graph comparing the horizontal and vertical distances of a portion of the roller coaster
track, with key points labeled. Consider the point A to be the beginning of the roller coaster track. Also

consider curves that look like parabolas, are parabolas (assume the curves are smooth).

| Distance (Meters)

1. What is the domain and range of the function?
2. Find the intervals where the function is decreasing and increasing. How did you know?

3. Where would you scream? Describe your ride as you travel the roller coaster. Include in your
description your trip from point to point, whether you are moving up or down, and discuss

at that point?

what is happening to your speed

4.Write the equation of the first “scream™! Find the equation of the first hill - the complete curve
up and down again, from point A ~ C. Explain your work.

5. The amusement park engineers are thinking of installing a *scream camera” on the first hill,
after the roller coaster has traveled 20 meters horizontally.

a. How high off the ground should they install it, based on your findings from part 5?

b. How does the height from your calculations compare to the actual height of the roller coaster

c. What real-world implications might the discrepancy between the predicted and actual height
have for the engineers?

Figure 1. The roller coaster task, adapted from the Virginia Department of Education.

Data Analysis

We focus on the domain and range subcomponent of the Roller Coaster task because it is a
routine question ( “What is the domain and range of the function?’) with a nonroutine solution.
We conjectured that if students maintained the cognitive demand of the task, they would attend
to the ambiguous right-side of the graph (a high demand feature), which continues despite a fifth
point labeled “E” at around (4, 55). We further hypothesized that students’ in situ experiences
with roller coasters would enable them to reason about its domain and range holistically, rather
than anchoring on canonical domain/range representations and processes from math courses.

The first and second authors analyzed the Roller Coaster task video recordings (Derry et al.,
2010) of each student using the Mathematics Task Framework (Boston, 2012; Stein & Smith,
1998). We contextualized the Mathematics Task Rubric to the Roller Coaster task, first solving it
ourselves and mapping students’ solutions to definitions from the original framework (see Table
1). We individually rated students’ cognitive demand as they gave their solutions, noting that
some students experienced higher levels of cognitive demand as they were thinking about
domain and range compared to their demand as they wrote down their domain/range solution.
After giving our initial ratings, we collectively compared ratings, discussed our interpretations
with respect to the framework, and resolved disagreements. For example, we determined criteria
for “complex, nonalgorithmic thinking” and reviewed the ratings we gave iteratively to ensure
that we were interpreting them consistently. Once initial agreement was reached and ratings
stabilized, the first author reviewed all ratings one final time to check for internal consistency.

Table 1. Cognitive demand rating of the roller coaster task, adapted from the Mathematics Task Rubric

Definition

Domain Definition and Example

Range Definition and Example

0 - Not applicable
Guessing, non-math
thinking

Guessing without procedures or
mentioning previously learned
domain facts, rules, definitions.

Guessing without procedures or
mentioning previously learned
range facts, rules, definitions.

1 - Memorization
Reproducing
previously learned
facts, rules, or
definitions.

Reproducing previously learned
values for the domain.

Example: “1 would say negative to
positive infinity...it was 100% on
the AP Calc test.”

Reproducing previously learned
values for the range.

Example: “1 can remember from
high school...range just keeps
going, unless it ends at zero.”
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2 - Procedures
without
Connections
Focused on correct
answers without
connecting to

underlying meaning.

Finds values for the domain
without connecting to underlying
meaning or ambiguity of where the
track ends.

Example: “So the domain is like
the x, so it goes from 0 to 60
meters.”

Finds values for the range without
connecting to underlying meaning
or grappling with multiple local
nonzero minima.

Example: “The range is the y, so it
goes from zero to...34? 32.5? This
is the maximum, it’s not quite 35.”

3 - Procedures
with Connections
Procedures for the

Reasons about domain by
connecting to ambiguity about
where the track ends.

Reasons about both range values
(starting and ending) in the context
of the graph’s min. and max.

purpose of Example: “...Assume it starts at Example: “It looks like the lowest
developing deeper zero, there’s a closed endpoint point is at 5 meters, and the
le";“ of ...and it goes up until 60? 55? ’'m  highest is at the peak, point B,
understanding going to say infinity, because it which looks like 32 meters. So
of mathematical . . » »

goes on with nothing else. yeah, 5 to 32.
concepts.
4 - Doing Reasons about the domain in the Reasons about the range in the
Mathematics situated context of a roller coaster.  situated context of a roller coaster.
Complex, Example: “It says consider point ~ Example: “B is the highest peak
nonalgorithmic A to be the start. But the track has  on the graph. There could be a

thinking, use relevant

knowledge and
experiences.

to connect with this, eventually,
come around to point A.”

higher peak beyond there, but at
least on this graph, the peak is 33.”

Findings

Students’ strategies, ChatGPT uses, and cognitive demand varied drastically. Most students
spent 0:30-4:00 minutes solving for domain and range, although some grappled with its meaning
for 4-10 minutes and one aerospace engineering student spent all 20 minutes on it. Figure 2
shows students’ cognitive demand, the time they spent, and whether or not they used Al. Table 2
shows students’ written responses to the task, if they used Al, and how many prompts they used.
Completely coincidentally, 10 students used ChatGPT and 10 did not.

Table 2. Students’ written solutions to the domain and range portions of the roller coaster task. Students who chose
to use ChatGPT are listed in the left two columns with number of prompts given in parentheses. *Indicates STEM.

Student (no AI) Written Solution Student (used Al) Written Solution
Student 1 D: (=0, o), R: [5, 30] Student 4 (1) D:n/a,R:3<y<32
Student 2 D: (0, 55), R: (5, 32) *Student 5 (1) D: [0, 55], R: [4, 32]
Student 3 D: (0, ), R: (5, 32) *Student 6 (5) D: (0, 55), R: (5, 30)
Student 9 D: (0, 60), R: (0, 35) Student 7 (3) D: [5, 10], R: [5, )

*Student 10

*Student 11
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D: (0, 63), R: (5, 32)
D: [0, o), R: [4, 32]

Student 8 (3)
Student 13 (2)

D: (0, ), R: (5, 32)
D: (—, o), R: (4, 32)
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*Student 12 D: {x|x>0),R:{y|y=0) *Student 14 (1) D: [0, ), R: [3, 33]

*Student 15 D: [0, »), R: [3, 32] *Student 16 (1) D: (0, ), R: (5, 32)
*Student 18 D: [0, 60], R: [0, 32] Student 17 (8) D: [5, 55], R: [-5, 35]
*Student 20 D: [0, 62.5], R: [4, 32] *Student 19 (1) D: [0, «0), R: [0, 32]

Cognitive Demand: Domain vs. Range by Time Spent
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Figure 2. Cognitive demand (domain and range), time spent solving, and Al use of 20 student participants. The
numbers in the figure indicate the student ID number (as listed in Table 2).

High Cognitive Demand

9 of 20 students maintained high cognitive demand for both domain and range (a 3 or 4 on
the Mathematics Task Rubric, Stein & Smith, 1998), indicated by the green shaded region in
Figure 2. A majority of these students (6 of 9) did not use ChatGPT to assist them with domain
and range. Rather, they tended to remember what domain and range were and had ideas about
how to apply them in the novel roller coaster setting. If they did use ChatGPT, it was typically a
single prompt to remind themselves which axis domain or range corresponded to (e.g.,
Student 14 prompted, “Does range measure the y axis? ). They noticed at least one discrepancy
between the plotted points (A-E) on the roller coaster track, the track visually continuing beyond
the figure boundaries, and they generated questions pertaining to the domain’s ambiguity about
where the track ended (and if'it ended). To illustrate, Student 8, a business management major
who first used ChatGPT to recall domain and range concepts, said:

“But you can see it continues this way. But [in the problem statement] it says consider

point A to be the beginning of the roller coaster track. But this (gestures to the track) has

to connect to the beginning eventually...come around to point A. So this makes me think

that the domain is all real numbers. But at the same time, a roller coaster is not infinite.”

Here, Student 8 explained her struggle to find a reasonable endpoint for the domain of the
roller coaster. She knew it could not be positive infinity, because the roller coaster “has to
connect eventually”, yet she was uncertain what number would make sense, apart from numbers
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visualized on the graph itself, which could not be the domain’s endpoint because the roller
coaster continued past them. The nature of her struggle showed high demand thinking (level 4,
doing mathematics) because she grapples with non-algorithmic solution strategies, such as
attempting to visualize the rest of the non-infinite roller coaster.

Student 8 and others struggled to generate a reasonable endpoint for the roller coaster’s
domain. As shown in Table 2, students created one of three responses: 55 (the x-coordinate of
point E), 60-63 (“some point beyond 55”), or positive infinity, even though many students who
wrote oo stated aloud that the roller coaster could not go to infinity. Student 16, a mechanical
engineer, explained this discrepancy in terms of how she would approach it in her major:

“I know that the roller coaster does not go on forever, but I have no information to

suggest where it will end. So I mean, in the context of engineering, if this goes on

for...65, 60 meters of it, and it’s a 1000-meter roller coaster, you theoretically would

consider that infinity, because it’s so much higher. But I just don’t have that

information.”

Low Cognitive Demand

11 of 20 students solved the task with low cognitive demand for domain, range, or both
(typically it was domain - see Figure 2). Of these 11, 5 were STEM majors and 6 were not,
suggesting that students with more math exposure through coursework did not appear to solve
the task while maintaining higher cognitive demand than their non-STEM peers.

Students who solved with low cognitive demand tended to not grapple with the situated
ambiguity presented by the roller coaster. For instance, Student 18 (an electrical engineering
major) spent only 39 seconds on the task, reading the graph and immediately declaring, “So the
domain is x, and it goes from 0-60 meters. The range is y, and it goes from 34? 32.5 meters.
Because this is the maximum.” He did not explain where 60 meters came from, but rather
scanned the graph and selected domain values (level 2, procedures without connections).
Student 13 (a biology major), on the other hand, spent almost nine minutes puzzling about the
domain, before concluding, “Am I allowed to guess on this? My guess would be from negative
infinity to infinity...it was 100% on the AP Calc test...if you were given a parabola and had to
determine all these things about it.” (level 1, memorization).

7 out of 11 students used ChatGPT to solve the task, but only three used it in ways that led
them to generate a high demand answer for either domain or range (Student 4 and 13 for range,
and Student 16 for domain). The others, and in particular Student 6, Student 17, and Student 7,
struggled to obtain helpful information about the task via time intensive back-and-forth
interactions with ChatGPT. Their struggle to use ChatGPT productively originated from one of
three potential causes. First, they did not know how to make use of the information ChatGPT
gave them, because it gave generic facts and examples about parabolas’ domains and ranges in
response to students’ generic questions (Student 13’s prompt: “determine domain and range on a
parabola.”). Student 13 struggled to relate ChatGPT’s hints about utilizing a function in vertex
form, to the roller coaster, which did not give a function equation:

“It gave me the equation of a parabola, then it put it into vertex form...and then h and k is

the vertex...And then it tells me the domain, based on, plugging in x and getting any real

number. | mean, it’s kind of clarifying, but I don’t have the, like, function for it.”

Other students, such as Student 7 (a food and nutrition major), interpreted ChatGPT’s hints
incorrectly. Student 7, reading from ChatGPT, inferred that domain is, “where it starts and
where it finishes,” but applied this definition in such a way that she obtained two answers, “and I
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want to say that the domain would be x=5 and x=10.” Her response reflects an understanding
that a domain is discrete values, which she explained came from ChatGPT’s illustrative example.
Finally, although hallucinations did not appear to occur frequently, Student 17 struggled
when ChatGPT gave her negative range values after she prompted it with a screenshot of the
roller coaster from the task. Student 17, a liberal studies major, realized that the graph
visualization did not contain negative values, but did not know how to prompt ChatGPT in such
a way that it would produce positive range values:
(reading Al output) ““y is the line that goes up and down, from the lowest point to the
highest, drops as low as -5 meters and climbs to 35 meters. (stops reading). No it doesn’t.
Because, right here (points to B, vertex), looks like it’s maybe 32. So, wrong, incorrect.”
However, Student 17 was unsure how to find the domain and range absent a visually logical
response from ChatGPT. After about 9 minutes and eight prompts, she resigned, “Okay, I’ll just
say what it tells me” (see Table 2), even though she suspected that ChatGPT’s response was
incorrect (“I don’t know what -5 has to do with it””) and had her own emerging ideas about how
to find the range without Al (*“ positive) five is on this line, at the same place as zero”).

Discussion

Consistent with prior work that has studied technology as a mediator of cognition (e.g.,
Hollebrands, 2003; Sherman, 2014), our findings suggest that Al tools do not, in many cases,
deterministically lower or raise cognitive demand. Rather, how students solve the task depends
on how they interpret it, construct prompts that bridge their understanding with what they need to
learn, and evaluate Al output in response to the task’s goals. Importantly, we observed that
evaluating Al involved students’ willingness and ability to challenge ChatGPT as a technological
form of authority. Student 8 did so successfully, using it to remember domain and range then
moving toward the demanding, ambiguous aspects of the task herself, while Student 17 did not,
writing down ChatGPT’s incorrect solution as her own even though she did not agree with it.

What students wrote down as their domain/range solution did not unilaterally represent their
thinking during the task. Many students, for instance, did not know how to turn “this roller
coaster cannot go on forever” into a domain statement even though they exhibited high demand
thinking. Furthermore, ChatGPT did not tend to provide clarification because it gave canonical
parabola domain examples that did not apply to the roller coaster. Rather than follow up with
prompting that alluded to a need to envision a roller coaster as a function (Subramonyam et al.,
2024), students with low demand thinking translated ChatGPT’s generic output into ideas they
believed were usable, often subverting qualities that made the task high demand in the first place.

These findings hold implications for the undergraduate mathematics education community.
First, we hope that our findings illustrate that some students need to learn how to use Al tools
productively to solve problems by becoming more attuned to their own sense-making and
discernment. Second, educators must help students learn how to navigate open-ended,
ambiguous problems, particularly as Al tools become more accurate in solving routine math
problems (Pardos & Bhandari, 2024). Finally, as our study was conducted with individuals
outside of any course they were enrolled in, future work should explore the nature of students’
cognition and Al use within courses, where their Al use habits may have a stronger impact on
their grades and eventual career trajectories. Future work might also consider how to design
student-Al interactions, particularly with frontier AI models that students use on a regular basis,
so that student thinking is amplified rather than automated.
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