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Abstract
Programming became mandatory in the Norwegian mathematics curriculum (K–12) in the 2020 reform, to 
support exploration of mathematical properties, algorithmic thinking, and working with data. This study  
examines how GenAI is integrated into such programming-based mathematics activities, and how this 
shapes the role of AI in classroom interaction. We analyse video data from a 9th grade middle school class 
working on geometric figures (right-angled triangles and trapezoids) with Python turtle. The students first 
solved tasks without AI and then used the school-provided chatbot Cody to generate or explain code. Using 
thematic analysis informed by a conceptual framework of AI scaffolding strategies, articulated at both latent 
and semantic levels in the students’ utterances,  we identify three enacted roles for Cody: (1)  tool, when 
students copy, run, and sometimes edit Cody’s code in their own environment; (2) conversational partner, 
when they negotiate prompts, and iteratively refine and reflect on Cody’s responses; and (3) tutee, when 
they  describe  and  supply  missing  geometric  constraints.  The  unanticipated  tutee  role  suggests  that 
conversational AI in a constructionist mathematics‑programming classroom not only tutors students, but 
also is customized and corrected by them as a light form of end‑user development.
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1. Introduction

In research on meta-design and End-User Development (EUD), learners are increasingly seen as co-
designers  who  shape  socio-technical  environments  through  their  own  adaptations,  including 
programming activities [1]. Generative artificial intelligence (GenAI) is one domain where EUD is  
now being applied [2]. In our case, we treat the AI assistant and the surrounding classroom practices 
as a meta-designed environment: municipal actors and teachers configure a school-provided AI 
chatbot and the initial task structure [3], and students later iteratively correct its suggestions during 
their geometry work. This learner-driven adaptation shows how meta-design also emerges as a  
student practice, as they reflectively adjust prompts and tasks constraints to reshape their own 
learning environment from within.

Our study examines how Cody, a locally adapted version of ChatGPT 4.o for learning elementary 
programming, can act as an AI assistant for middle school students working on geometry-related 
programming tasks in mathematics. 

We are inspired by Schön’s [4] notion of designing as a “reflective conversation with the materials 
of a design situation,” extended here to include code, its outputs, and AI responses as materials of 
empirical inquiry, and by recent studies that treats computational thinking, as learning to program 
through empirical inquiry [5, 6, 7], where students iteratively “converse” with their code and its 
runtime environment, asking what the program does, observing its behaviour, and revising their  
ideas in response to outputs and errors [5, 4]. 
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Building  on  this  inquiry  perspective  on  learning  to  program,  set  within  a  constructionist 
programming learning environment [8], we analyse classroom episodes in which students negotiate 
mathematical meaning with Cody and with each other. We therefore address the following research 
question:  How  is  the  school-adapted  chatbot  Cody  enacted  as  an  AI  assistant  in  middle  school  
mathematics programming activities?  

To address this question, we first provide a brief review of related work and introduce our 
analytical  framework,  drawing  on  programming‑as‑empirical‑inquiry  and  conversation 
perspectives. We then present our data collection and empirical methods, followed by our results, 
where we use selected data excerpts to illustrate and analyse different enactments of Cody. Finally, 
we discuss  our  findings in  relation to  the existing literature  and suggest  directions  for  future 
research.

2. Related work and analytical framework

2.1. AI in education

Language  use  is  fundamental  to  teaching,  learning,  and  knowledge  development  [9].  The 
introduction of AI in education presents both challenges and opportunities, as these systems can 
automate educational tasks for both students and teachers [10]. However, simply making tasks easier 
or more automated does not necessarily support learning, which depends on students engaging in 
substantive cognitive and collaborative work with developing ideas rather than offloading it to AI 
[11, 12]. Kasneci and colleagues [13] discuss the educational potential of large language models 
(LLMs),  suggesting that using GenAI systems can enhance cognitive abilities and technological 
literacy, but they also stress the need to align AI use with existing teaching methods, classroom 
activities, and writing practices. When LLMs such as ChatGPT are integrated into curricula, this  
entails incorporating new pedagogical practices, such as prompt creation and automated feedback, 
into lessons [14].

A recent study comparing two AI systems with respect to how their automated feedback aligns  
with educational practice distinguished between AI as teaching assistant and AI as learning partner 
[3]. In the former, the AI agent takes on a teacher-like role by providing feedback that extends the 
teacher’s capacity to evaluate student writing and guide learning, reinforcing a traditional model of 
teacher authority. In the latter, the AI acts as a learner partner, inviting students to interact with the 
chatbot in ways that foster collaboration, reflective thinking, and student initiative.

2.2. Programming in mathematics education

Constructionism developed by Papert, Resnick, and colleagues [8, 15] emphasizes the active role that 
students can take in constructing their own learning through hands-on activity with physical or 
visual objects. A constructionist approach to geometry learning entails reconstructing the shape of 
a geometric figure by drawing it with an on-screen turtle, tracing its angles and sides as correct as  
possible [16, 8]. Key aspects of such pedagogy are design failure and sense making, which on our 
case is supported by teachers’ instruction and scaffolding for task completion [17, 18], and AI-assisted 
scaffolding can complement teachers’ scaffolding across a wide range of student tasks [19, 20].

Misfeldt and colleagues [21] show how the relationship between mathematics and programming 
is realized differently in Denmark, England, and Sweden. In one case, programming is treated mainly 
as a separate technical skill with few explicit links to mathematical ideas. In another, programming 
serves  as  a  tool  for  expressing  algebraic  concepts,  though  coding  challenges  can  overshadow 
mathematical  goals.  In  the  third,  mathematical  and  programming  structures  (e.g.,  statistics,  
modelling, problem solving) are explicitly juxtaposed, so students encounter programming as an 
integrated way of working with mathematics. Across the cases, the authors illustrate how curricular 
intentions and task design shape whether programming appears as separate, tool-like, or integrated 
with mathematics.



Fojcik  [22]  studied  Norwegian  mathematics  teachers’  conceptions  of  programming  in 
mathematics education, independent of programming language choice (block-based or text-based) 
and  found  that  teachers  are  generally  positive,  but  also  severely  underprepared  and  lacking 
institutional support, pointing to clear needs for professional development, shared language, and 
support structures for integrating programming into mathematics.

In summary, previous work on AI in education has largely framed LLM‑based systems as tutors 
in the intelligent tutoring systems (ITS) tradition. At the same time, research on constructionist 
mathematics environments has examined students’ sense‑making and design activities with code 
and turtle graphics as tools for exploring geometry, but without an AI agent in the loop. Our study 
differs  by  analysing  how  a  school-adapted  chatbot  is  practically  used  in  ordinary  classroom 
programming, showing how students enact Cody not only as a tool or tutor-like conversational 
partner, but also in a way where the interaction itself becomes an object of investigation in their  
geometry work (e.g., iteratively testing and revising Cody’s suggestions in a design conversation 
that resembles EUD).

2.3. Analytic concepts for AI assistant strategies

Work on ITS has long shown that AI can approximate the effectiveness of human tutoring for 
stepwise guidance and feedback in well‑structured domains, but also that such systems tend to 
narrow learning activity into highly scripted interactions [10]. More recent GenAI-oriented work 
broadens this view by distinguishing different types of AI assistance, including more open-ended 
“partners” that co-construct solutions with learners [23], and by emphasising hybrid human–AI 
constellations [24]. These typologies, however, still focus mainly on how AI delivers instruction or 
optimizes performance.

In contrast, we build on Fischer’s [25] three-level typology of learning strategies in guided, open-
ended socio-technical and social media design environments. This perspective aligns with our view 
of  programming as  empirical  inquiry,  where  error  messages,  system feedback,  and  observable 
runtime behavior are resources for sense-making through reflective conversation rather than merely 
obstacles to be removed [4, 5]. Fischer’s [25] three learning strategies (Fix-it, Reflect, Tutorial) were 
adapted to conceptualize the roles of AI assistance in our 9th grade mathematics classroom, using 
Tool, Conversation partner, and Tutee as follows:

1. Tool  (Fix-it). Cody is  treated as  a  time‑saving instrument that  “fixes”  code or  produces 
ready‑made solutions so that students can keep working, with limited demands on their own 
conceptual understanding.

2. Conversational partner (Reflect). Cody is used to extend students’ ongoing empirical inquiry: 
they predict what a program will do, ask Cody for an explanation, compare Cody’s answer 
with their own, and reflect on the differences to refine their prompts-based reasoning about 
code and geometry properties.

3. Tutee (Tutorial). Cody becomes an object of inquiry that the learner actively “teaches” by 
correcting its mistakes in drawing geometric shapes, adding missing constraints, and refining 
its output and explanations through dialogue.

The third learning strategy is where our data diverges from Fischer’s original expectation of a 
tutorial role: instead of Cody tutoring the students, students sometimes position Cody as a tutee that 
they correct and constrain.

3. Methods

3.1. Task, participants, data collection, and data sampling

Data were collected over two days in two middle school mathematics classes (8th and 9th grade) that 
were working with programming.  In both classes, the classroom was arranged so that students 



worked in small groups at clusters of desks with one laptop, and they were encouraged to use Cody 
as support on selected tasks (Figure 1).

Figure 1: Classroom setting with the observed group of boys (left and right).

Before data collection, we held an online planning meeting with both teachers to agree on the 
lesson structure and when Cody should be introduced. On day 1, students used Python turtle to 
program different figures (a right-angled triangle, a right-angled trapezoid, a regular polygon using 
loops, and a self-designed polygon). They were asked to first develop a solution themselves, then ask 
Cody for  help,  and finally  compare  Cody’s  solution with  their  own.  The teachers  encouraged 
students to ask Cody for help and to explain its suggestions, but they did not explicitly frame Cody 
as a tutee and were not told to correct Cody’s suggestions. On day 2, students interpreted a given 
Python turtle program, explained what happened when it was run, and then modified it to draw a 
multi-faceted polygon.

Data were collected by two master’s students, one PhD student, and one researcher using video-
based observation and interviews. Three groups of students were video recorded each day, for 
approximately two hours per group, yielding about 12 hours of primary video data. In addition, we 
conducted ten semi-structured interviews afterwards, including interviews with both teachers. The 
video recordings covered the whole lesson, from the teacher’s introduction to the end of the task.  
The  interviews  were  used  as  supplementary  data  and  combined  with  the  video  material  for 
methodological triangulation [26]. For reasons of space, we focus primarily on the video data in this 
paper.

We  made  two  strategic  sampling  decisions  for  the  video  data.  First,  following  teacher 
recommendations, we selected one 9th‑grade all‑boy group and one 8th‑grade all‑girl group, as these 
students were expected to be communicative and engaged. When the girl group later withdrew, we 
focused on the boy group because it  provided a continuous dataset across both days,  enabling 
repeated, fine‑grained analysis of interactional episodes [27]. This also means our primary data come 
from an all-boy group.

The  study was  approved  by the  Norwegian data  protection authorities,  which require  that 
participants give free and informed consent before inclusion. Students were informed about the 
project  and  received  a  consent  form  that  had  to  be  signed  by  their  parents.  Most  students  
participated; those without consent attended the mathematics lesson in a different room with another 
teacher.

3.2. Transcription and thematic analysis

All interviews and video excerpts were automatically transcribed using the university’s transcription 
service (based on Whisper, OpenAI). The authors then checked and corrected the transcripts against 



the  videos  to  ensure  accuracy  and  consistent  representation  of  participants’  utterances,  as 
recommended in qualitative methods literature on thematic analysis [28].

We used thematic analysis to identify and analyse patterns in the data [28]. Our coding combined 
inductive (bottom‑up, data-driven) and deductive (top‑down, theory‑informed) approaches. In an 
initial inductive round, we developed three broad themes: students collaborate when interacting with 
AI, AI as support, and students’ understanding of mathematics and programming. For the workshop, 
we focused on subcategories of “AI as support” for a more in-depth (deductive) analysis, using our  
adaptation of Fischer’s [25] three AI assistance strategies, Fix-it, Reflect, and Tutorial, operationalized 
in our analysis as Tool, Conversation partner, and Tutee. Figure 2 shows parts of the coding protocol. 
In both rounds of coding, we based our thematic analysis of the students’ utterances on two levels: 
semantic (explicit meaning) and latent (implicit meaning) [28, p. 35]. In the data presentations below, 
researchers’ comments are parenthesized.

Figure 2: Part of the coding protocol developed during thematic analysis.

4. Findings (data and analysis)

The students’ inquiry process over the two days was partly shaped by the teacher’s task design and 
guidance, and partly by the students themselves as they gradually learned to interact with Cody, 
which included (1) using it as a tool, (2) improving joint understanding, and (3) modifying Cody’s 
behaviour when its suggestions did not match their own programs or the intended geometric figures. 
We use the modified version of Fischer’s framework to organize our analysis.

4.1. Cody as a tool

Cody knows a lot about programming and could answer all questions but sometimes they would not 
be understood, or the students would interpret it wrongly. A common pattern is to use Cody to 
generate code, copy the code Cody and paste into Tricket, the code editor, before running it to see 
the result (a geometric figure visible on the screen). 

4.1.1. Extract 1 (19:50-20:40, day1) - code-producing tool

This data extract is part of a prompt issued to Cody read out loud and occurs about 20 minutes into  
the class on the first day. The three boys have created turtle code to draw a right-angled triangle and 
now they ask Cody to do the same:

Boy left: “We’re a group of two … we need a bit of help … making a right-angled triangle with  
Python Turtle … the base is 150 and the height is 50.”



In Extract 1, the boys are not yet “doing mathematics” or “doing Turtle,” but mainly working on  
how to talk to Cody by prompting. They are collaboratively constructing a prompt and use Cody to 
get it done: “we need a bit of help ... making a right-angled triangle,” rather than “help us reflect on or 
debug our own code.” This shows that the students are treating Cody primarily as a code‑producing 
tool while still doing important framing and representational work in how they formulate their 
prompt  in  terms  of  basic  vocabulary  in  programming  and  geometry.  However,  mathematical 
reasoning becomes secondary.

4.1.2. Extract 2 (34:18-34:52, day 2) – look-up (one-shot) query

The teacher had instructed the students to use Cody for different purposes, and here the suggestion 
is to use Cody much like a search engine. This use is proposed by the teacher because it invites  
“talking  geometry”  by  stressing  that  naming  the  observed  shapes  will  trigger  conceptual 
understanding:

Teacher: “You’re just drawing lines in the figure, right? But write it in words when it comes to 
this one, the pentagon. It’s correct that it’s a five-sided figure, but what kind of pentagon? Think 
about the angles.”
Boy left: “72 degrees.”
Teacher: “72 degrees for all the angles.”
Boy middle: “Yeah.”
Teacher: “So it’s a special kind of pentagon. Ask Cody: what kind of pentagon has equal angles  

of
72 degrees?”
Boy left: “Okay.”

In Extract 2, Cody is positioned as a lookup tool: (“Ask Cody: what kind of pentagon has equal 
angles of 72 degrees”) rather than to reason about its properties. The conceptual work on geometry 
(that a regular pentagon has interior angles of 72 degrees) is still strongly guided orally by the 
teacher, while the students’ role is reduced to confirming a label that can then be “pasted in” to the  
written answer. This one‑shot, non‑iterative use contrasts with later episodes where Cody’s outputs 
and errors become objects of empirical inquiry.

4.2. Cody as conversational partner

In this mode the interaction with Cody is visibly dialogic: greetings, contextual self-presentations, 
iterative back-and-forth (turn taking), complaining, joking. Typical interactions were how to react 
to output students do not understand and how to fix code received from Cody when its turtle 
behavior does not compare with their own prior work. During these interactions, Cody sometimes 
helps to narrow the gap between code and geometry, and sometimes widens it. Below, we present 
an instance of the latter when they go into dialog with output that they find “weird shapes”.

4.2.1. Extract 3 (22:13  23:26, day 1) – iterative, playful talk (widening the 
gap)

(They get a new piece of code from Cody and copy it.)
Boy left: But this here is just … (runs the code)
Boy right: It’s pretty much the same, isn’t it? (the figure is like before)
Boy left (pointing at the screen): The base is 150 …
Boy left: …what are we even supposed to call this shape, like, and you …
Boy right: You’re making a masterpiece.
Boy left (typing to Cody): You’re making …
Boy right: .. weird shapes.
Boy left (finishes typing): You’re making weird shapes.



Boy right: Just say “can we…” we could try making a right-angled triangle.
Boy left: There are probably people who don’t even know what a right-angled triangle is, so you 
look it up here and then you’re like, “Oh yeah, that’s a right-angled triangle.”

In  Extract  3,  Cody  keeps  producing  new  versions  of  code  that  do  not  yield  the  intended 
right‑angled triangle, thereby widening rather than narrowing the gap between code and geometry. 
The boys engage in iterative copy–paste–run loops and switch back and forth between Cody and  
Trinket, but without systematically relating the “weird shapes” on the screen to specific commands 
or angle/length choices in the code, so little of the geometric reasoning emphasized elsewhere in the 
lesson is taken up here. Their activity still constitutes a form of empirical inquiry, where they explore 
and respond to the behaviour of code and AI output as a “reflective conversation” with the runtime 
display on the screen (geometrical shapes). However, because the focus of that reflection is on getting 
something to “work” rather than on why the geometry is wrong, Cody’s persistent errors here lead  
to characterizing the output as “weird shapes” rather than to deeper geometric understanding. In this 
episode, Cody’s code is syntactically correct but misaligned with the intended geometry; the main 
difficulty lies in how the students interpret and specify constraints, not in model hallucination.

4.3. Cody as tutee

In the last category, students move to a higher level of abstraction by interacting with Cody as an 
object of inquiry; they compare Cody’s output with their own code and with the task, so that Cody’s 
suggestions and explanations themselves become objects of empirical inquiry. Still working within 
a conversational frame, they approach the geometry domain by invoking geometric properties (e.g., 
side  lengths  and angles)  to  diagnose  and “help”  Cody,  aligning with a  inquiry  perspective  on 
programming but with a new twist. We illustrate in the next extract:

4.3.1. Extract 4 (23:41 26:26, day 1) – critique and modify (narrowing the 
gap)

(Boy left copies Cody’s code, goes to Python, deletes what was there and pastes in the new one.)
Boy left: “Yeah, then we’ll just delete all of that again. Why is he making it so complicated?”
Boy right: “Yeah, I don’t get it, what is he even doing?” (They go from Tricket back to Cody.)
Boy left, typing to Cody: “Start over” (talks while he’s typing, but it’s unclear).
Boy left: “Now I feel like we’re the ones teaching Cody here…”
Boy right: “…he didn’t even do the height.” (commenting on the code execution)
Boy left: “Ah, right… we have to ask him kind of concretely…”
Boy right (takes the Chromebook): “…can you make a simple code for a right-angled triangle…” 
(prompting Cody)
Boy left: “No, you have to explain that that, what do you call it, that top, and his top angle was 
pointing the wrong… way.” (commenting on the code execution)

In Extract 4, the boys position Cody as a tutee rather than an all‑knowing helper: they critically 
inspect his long codes (“why is he making it so complicated?”), predict errors before running them, 
and identify specific missing geometric properties such as the height and the top angle (“he didn’t  
even do the height, and his top angle was pointing the wrong… way”). Instead of simply accepting 
or rejecting Cody’s output, they use their own understanding of the intended right‑angled triangle 
to correct Cody’s reasoning (“now I feel like we’re the ones teaching Cody here”), reformulating the 
prompt  to  ask  for  a  “simple  code”  and  to  specify  the  problematic  angle  more  precisely.  This  
interaction thus narrows the gap between code and geometry because they use domain-specific 
properties such as base, height and top angle in increasingly explicit ways. Here, Cody’s code again 
produces  a  geometrically  incorrect  shape  relative  to  the  task,  which  the  students  identify  by 
comparing it with their own expectations about a right-angled triangle.



Across  the  four  excerpts,  our  results  show  that  students  enact  Cody  in  three  different  but 
intertwined ways. First, students sometimes use Cody as a tool—like a search engine or black‑box 
code generator—to obtain names, facts, or ready‑made code with minimal follow‑up, so the intended 
geometric  ideas are only weakly engaged.  Second,  in more extended,  conversational  uses,  they 
iteratively prompt Cody, copy–paste–run its suggestions, and comment on the “weird” or “correct” 
shapes that appear; this can either narrow the gap between code and geometry or widen it. When 
the students focus mainly on getting something to work, are deeply engaged, but do not listen to the 
teacher, the gap is widened as we showed in Extract 3. However, when they are helped by the teacher, 
the gap can be narrowed. Third, in the most advanced cases, students narrowed the gap themselves 
by moving to a higher level of abstraction by comparing Cody’s code with their own and with the  
task, treating Cody’s output and explanations as objects of empirical inquiry. The students become 
more comfortable and begin to “help” Cody by supplying precise geometric information, extending 
working from human–computer interaction to code–>AI–>domain object modification, which we 
interpret as a light form of conversational EUD as we elaborate below.

5. Discussion and conclusions

In this paper, we ask: How is the school‑adapted chatbot Cody enacted as an AI assistant in middle 
school mathematics programming activities? Based on our selected episodes, we identified three 
intertwined roles for Cody—tool, conversational partner, and tutee/object of inquiry—articulated 
both implicitly and explicitly in students’ talk (e.g., “now I feel like we’re the ones teaching Cody 
here”, “we had to help Cody with the angles”), and we use these roles as an analytic lens rather than 
as a complete typology of all AI use in the classroom [28, 27]. In the discussion, we compare these 
roles across four cross‑cutting themes derived from the literature: (1) how the roles relate to existing 
typologies of AI assistance, (2) how they shape the relationship between code and geometry, (3) how 
they extend an inquiry perspective on programming, and (4) how they open possibilities for end‑user 
development in the tutee role.

Our three Cody roles compare with and extend existing typologies of AI assistance in education. 
Holmes and Tuomi’s [24] categories of AI for content delivery, tutoring, and orchestration capture 
Cody’s tool role, but not the way Cody becomes a problematic collaborator or object of inquiry when 
students treat it as conversational partner or tutee. Design‑oriented work on GenAI support [13, 23] 
consider AI as a largely beneficial scaffold for cognitive and metacognitive processes, whereas our 
data show how such support can oscillate, sometimes requiring students and teacher to “scaffold the 
AI”  instead.  Finally,  in  contrast  to  studies  that  emphasise  productivity,  feedback,  or  access  in 
AI‑supported writing and coding [14], our analysis foregrounds students’ situated enactments of an 
AI assistant in code–geometry work, including moments where Cody itself becomes the target of 
diagnosis and repair rather than a stable source of help.

Our  analysis  of  students’  dialogs  around  code,  turtle  figures,  and  Cody  echoes  computer-
supported collaborative learning (CSCL) work on collaborative exploration of dynamic geometry, 
where  fine‑grained interaction analysis  shows how geometric  meanings  are  negotiated  in  and 
through tool‑mediated conversation [17]. In our case, this conversation includes an AI agent that can 
either compress or expand the distance between code and domain concepts, depending on how it is  
used. This raises an instructional design question: when do additional mediating tools (turtle, code,  
AI)  help  learners  experience  direct  interaction  with  geometric  ideas,  and  when  do  stacked 
representations risk a permanently wide gap where tool handling displaces domain understanding 
[16, 8, 21]. A concerns is that programming tools can displace mathematical focus [22, 21], which 
identify an area for further work on programming in mathematics education. 

Our findings extend Litherland and Kluge’s [5] view of programming as empirical inquiry by 
showing how the “conversation” with code becomes triadic once an AI assistant is in the loop. In 
Schön’s [4] terms, they engage in a reflective conversation with the “materials” of the situation, 
where those materials now include text responses and logged interactions as well as code and turtle 
figures. This aligns with Fischer and Lemke’s [29] call to shift attention from human–computer 



interaction to human problem‑domain communication:  when students talk about Cody making 
“weird shapes” and work to fix them, they are really negotiating what counts as an acceptable  
triangle or polygon in geometric terms, using buggy outputs as occasions to articulate and refine 
their understanding of the problem domain. Over time, such work can help students connect these  
activities  to  more advanced geometric  concepts,  formulas  (e.g.,  the Pythagorean theorem),  and 
trigonometric functions (e.g., the cosine rule).

A design tension appears when some of the more active students try “helping Cody” rather than 
focusing in on geometric content. We did not anticipate the tutee role for Cody: we expected students 
to use the chatbot primarily as an interactive tutor or teaching assistant [3]. Thus, while the tutee 
role was enabled by the instructional design (open-ended tasks and invitations to “talk with Cody”), 
the specific ways in which students positioned Cody as someone they were “teaching” emerged in 
their own interactional work (e.g., Extract 4). What the students did with Cody when it acted as a 
tutee is an in‑situ kind of tailoring. Students do not modify the underlying model nor create a locally 
trained version, but they iteratively customize Cody’s visual behaviour within a single chat thread 
by specifying domain-knowledge constraints (angles, side lengths, shape properties), and rejecting 
unhelpful suggestions at both semantic (explicit) and latent (implicit) levels in their utterances. 

This collective adaptation work starting in a school municipality and including a teacher and 
some of  the  students  echoes  Fischer  and colleagues  meta‑design view of  end users  shaping a 
socio‑technical environment through ongoing adaptation on multiple levels and roles [25, 1, 30]. We 
recognise that students working with Cody in the classroom engage in “lightweight EUD:” their 
changes are local and ephemeral, and the threshold for participation is very low. Precisely this easily 
reached but narrow scope, however, points to a design space that current overviews of EUD for AI 
[2] largely leave open. In our case, EUD takes the form of a conversational, classroom‑embedded 
“micro‑tailoring,” where learners gradually learn to teach and correct an AI assistant as part of their 
domain inquiry using natural language interaction, without ever using explicit developer tools.

This constitutes a light form of EUD at the  interaction level because students cannot change 
Cody’s underlying model, but they do shape its behaviour within a session by specifying domain 
constraints  and  rejecting  unsatisfactory  outputs,  which  in  turn  has  consequences  for  their 
mathematical sense-making. We therefore distinguish between model-level control (which students 
lack) and interaction-level control over Cody’s suggestions, which is where their agency is exercised 
in our classroom data.

The AI-as-tutee dynamic therefore reflects genuine, but bounded, user agency, students decide 
which outputs to accept, how to re-specify constraints, and when to reject Cody’s suggestions, while 
ultimate control over the model remains external. For learning, this creates opportunities for students 
to articulate geometric constraints through experimentation and reflective conversation, activities 
aligned with constructionist pedagogy, but also the risk that effort is spent on “helping Cody” rather 
than consolidating mathematical ideas, a design tension we identified above.

5.1. Limitations of the study and directions for further work

Our qualitative design involved selective sampling of episodes rather than a comprehensive account 
of  all  classroom activity.  Like  Litherland and Kluge [5],  who use carefully  chosen excerpts  to 
foreground ways of “conversing” with code rather than to represent a whole population of learners, 
we  selected  interaction  sequences  that  made  Cody’s  three  enactments  (tool,  partner,  tutee) 
empirically visible and analytically tractable. This means that our material highlights illustrative and 
sometimes  exceptional  moments  of  Cody  use,  while  less  articulate,  shorter,  or  more  routine  
interactions  are  under‑represented.  Moreover,  our  data  come from a  small  number  of  lessons 
occurring over two days in one Norwegian middle school context in an all-boy group, and prior work 
suggests that gender can shape experiences and participation in programming activities, so our 
findings may not capture possible gender-related differences. 

Furthermore, some of the conversational episodes with Cody are only partially recoverable due 
to noisy classrooms and students forgetting to turn on screen recording or invertedly delete their  



data, which may bias the analysis toward episodes where interaction and sense‑making were more 
visible in the available records. Our analysis would have benefited from more persistent digital traces 
of interaction (full Cody logs), like the rich records used in CSCL studies of collaborative dynamic 
geometry [17]. Moreover, we did not systematically distinguish between model hallucinations and 
student  misinterpretations  of  Cody’s  output,  which  future  work  could  address  by  combining 
classroom video with full  Cody logs.  Future work should explore how Cody‑like assistants are 
enacted  across  different  tasks,  subjects,  teachers,  schools,  municipalities,  and  countries  to  test 
whether our tentative hypothesis of three types of GenAI assistance holds.
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