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Work-in-Progress: Investigating Novice End-User Programmers’ Problem-Solving
Through Student—-GenAl Interaction Patterns

This work-in-progress report presents findings from a pilot study examining how novice end-
user programmers solve problems through interactions with their preferred generative artificial
intelligence (GenAl) platform in a first-year engineering (FYE) course. We introduce the term
“novice end-user programmers” (abbreviated as NEUPs) to describe learners at the early stages
of acquiring programming skills to address problems within their specific domains. This term
extends the concept of end-user programmers described in the literature as non-computer science
(CS) individuals who engage in programming activities but do not aim to become professional
programmers or software developers. FYE students are a typical example of NEUPs, as they
participate in computer programming education designed to teach them to solve engineering
problems using specific programming languages. As GenAl tools increasingly facilitate learning
in programming education, understanding how students communicate, reason, and develop
solutions during GenAl-supported problem-solving is highly important. Guided by our student—
GenAl interaction patterns framework, this study analyzes students’ prompt logs from their
GenAl chat histories as they completed an in-class programming assignment. While quantitative
content analysis was used to measure the descriptive distribution of students’ prompt-engineering
techniques, qualitative content analysis was employed to identify interaction patterns and
behaviors. Findings suggest various characteristics of students’ interactions with GenAl,
including iterative feedback on GenAl’s output and varied interaction patterns and behaviors.
This ongoing work offers insights into improving our instructional design and the subsequent
phases of data collection and analysis in our larger project, which is expected to inform educators
and decision-makers at the college level in managing GenAl integration into engineering
educational environments.

Keywords: generative Al, problem-solving, novice end-user programmers, chat log analysis,
prompt engineering, first-year engineering education.

Introduction

GenAl tools have demonstrated their potential to provide personalized, comprehensive, and
immediate feedback. Prior work shows that such feedback supports students’ learning across
technical and conceptual programming tasks, from code generation and debugging to core
fundamentals such as algorithmic problem-solving [1], [2], [3], [4]. However, these studies focus
on novice programmers enrolled in introductory computer science (CS) programming courses
(e.g., CS1 and CS2) who aspire to become professional programmers or software developers.
This leaves a gap in understanding how GenAl can support novice end-user programmers
(NEUPs).

NEUPs are individuals who engage in programming tasks to address domain-specific problems
rather than pursuing careers as professional software developers. Examples include first-year
engineering (FYE) students who use programming languages like Python and MATLAB to solve
engineering problems. They face similar cognitive and technical challenges to their CS
counterparts. Cognitive challenges cover the abstract nature of programming, syntax and
semantics, as well as algorithm design, while technical difficulties include debugging and error



diagnosis [5], [6], [7], [8], [9], [10]. Beyond these shared challenges, NEUPs often lack formal
CS training, leading them to rely on modifying existing code in ways that degrade code quality
and erode their confidence in identifying themselves as programmers [11], [12]. To address these
challenges, Myers et al. [5] suggested using a form of programming by demonstration (PBD). It
is a system that often incorporates Al techniques to generalize user examples into reusable
programs. They contended that PBD can make programming learning easier for NEUPs by
providing structured guidance that minimizes complexity during programming tasks. GenAl
tools can serve as a PBD system by providing accessible, on-demand assistance. Therefore,
integrating GenAl into formal learning environments may help FYE students mitigate cognitive
and technical programming difficulties.

This work-in-progress (WIP) paper reports findings from a pilot investigation of how novice
end-user programmers interact with GenAl tools during problem-solving activities in a FYE
course. Specifically, our pilot investigation aims to characterize interaction patterns that emerge
in students’ prompt logs as they work through a programming assignment to solve a complex
problem (requiring multiple logic constructs within an algorithm). In addition, this pilot study
addresses a gap in the literature that has predominantly focused on GenAl use in CS-related
fields. Ultimately, this pilot study provides insights into our larger, ongoing research, improving
our instructional design and subsequent phases of data collection and analysis.

Conceptual Framework

We propose a conceptual framework to characterize novice end-user programmers’ interaction
patterns with GenAl. We ground our framework in empirical studies from CS contexts [13], [14],
[15], [16], recognizing that novice end-user programmers face many of the same programming
challenges as novice programmers, and given the limited evidence on how GenAlI supports
programming learning in first-year engineering contexts. This framework is a mid-level
component of our broader conceptual framework on GenAI’s peer-like roles and scaffolding
mechanisms in GenAl-mediated programming learning. In this WIP paper, we refer to this mid-
level component as the student-GenAl interaction patterns framework because it foregrounds
students’ prompting, refinement, and evaluation of GenAl responses during help-seeking in
programming. Although we applied the framework deductively as an initial analytic lens, we also
documented any emergent patterns that did not fit within the framework to inform its future
refinement in our larger project. Fig. 1 illustrates the framework, which delineates three levels of
interaction patterns with GenAl: low, moderate, and high. In our larger project, these interaction
patterns are interpreted alongside our theoretical framework of GenAl-Mediated Learning, which
is informed by Social Constructivism [17], Cognitive Load Theory [18], Self-Regulated
Learning [19], and Human-Al Interaction Guidelines [20].

We define each interaction level shown in Fig. 1 as follows. The low-level interaction refers to a
pattern of minimal engagement in which students use GenAl passively and superficially, treating
it as an answer provider that helps them find quick solutions to their problems. This interaction
level is characterized by writing short prompts and copying and pasting task descriptions from
instructors. In addition, students often accept GenAl’s responses without further follow-up to
verify their accuracy, relevance, or alignment with the task requirements. These characteristics
reflect limited cognitive engagement or problem-solving effort, which can result in shallow



learning and a limited understanding of programming concepts, and may lead students to
overreliance on GenAl.

Levels of Interaction Patterns
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Fig. 1. Students-GenAl Interaction in Programming Learning.

Then, at the moderate level, students maintain a balanced level of engagement with GenAl by
writing more detailed prompts, paraphrasing the assignment instructions, and engaging in
iterative help-seeking behaviors (e.g., clarifying GenAI’s answers with other sources or
alternative GenAl platforms). This level reflects a procedural approach to learning, in which
students apply trial and error to refine their understanding and solutions. We further classified
this interaction level into two behaviors, as defined by Prather et al. [15], namely shepherding
and drifting. The former refers to iterative attempts in guiding GenAl to generate the intended
output. Students exhibit three characteristics: (a) slow accept, where they carefully review
GenAlI’s suggestions, typing characters one by one or making incremental changes rather than
accepting the output immediately; (b) backtracking, which is characterized by students accepting
GenAlI’s suggestions but then deleting or modifying them upon realizing they are incorrect or
unhelpful; (¢) adapting is characterized when students accept GenAl’s suggestions and actively
modify them to better align with their needs or task requirements. In contrast, the latter behavior,
drifting, reflects a repeated process of adapting the generated suggestions throughout the solution
development process. There are two characteristics of drifting: first, deciphering, which
characterizes students spending time understanding unhelpful or incorrect GenAl responses; and
second, accept and adapt, in which students repeatedly accept, modify, and delete GenAl



suggestions through cycles of trial-and-error revisions without fully understanding the
underlying logic.

Finally, the high level of interaction reflects deep, strategic engagement, in which students write
detailed, context-rich prompts as they verbalize their thoughts after thoroughly reading the task
descriptions, mirroring professional programming workflows. Students also engage in iterative
prompt writing to critically evaluate GenAlI’s outputs. Additionally, they outline their problem-
solving approaches (e.g., algorithms, pseudocode) and the existing code when requesting further
explanation of the underlying logic. Such interaction patterns help students build robust
programming skills, critical thinking, and computational literacy, while gaining confidence to
work independently with GenAl as a supportive tool to enhance their productivity in developing
solutions.

Methods

We collected data for our pilot study in Fall 2025 from a first-year engineering course
comprising 90 students at a Midwestern public university. We asked students to use their favorite
GenAl tools to solve a programming problem using MicroPython for a micro:bit (nRF52
processor). To prevent students from copying the assignment description, the instructor provided
the problem instructions verbally. Students then interacted with GenAl tools and submitted links
to their chats via Gradescope at the end of the class session.

We retrieved 78 submissions containing URL links to ChatGPT, Claude, Copilot, Gemini, and
Purdue GenAlI Studio. After cleaning the data and removing duplicate submissions, we obtained
61 submissions. We then accessed each link, saved the accessible chats by submission ID, and
documented their accessibility status. This process yielded 41 eligible prompt logs after
excluding 16 inaccessible links and four submissions without usable prompts.

We then conducted quantitative and qualitative content analyses following the guidelines of
Krippendorff [21] and Schreier [22]. Prompt logs were first segmented into turn-level units. For
quantitative content analysis, we treated each user turn (student-written prompt) as the unit of
analysis. Within each submission ID, we counted the number of student prompts. We then
computed prompt length as the average word count per prompt to normalize for differences in
the number of prompts students wrote. Subsequently, we quantified the number of iterative
prompts (i.e., prompts — 1, minimum 0). Finally, we summarized these submission-level metrics
across the dataset to report overall averages.

For qualitative content analysis, prompt logs were analyzed deductively using the student-GenAl
interaction patterns framework. Each interaction episode in the prompt log was then coded as
low, moderate, or high based on observable features specified in the framework (e.g., minimal
versus elaborated task context, evidence of iterative refinement, and the extent to which prompts
reflected strategic engagement during problem solving). When a prompt was ambiguous, we
checked adjacent turns to understand its context before coding. Additionally, for each moderate
level of interaction pattern, we further coded the unit of analysis into shepherding or drifting.
Shepherding reflected instances in which students actively steered the interaction toward
convergence (e.g., backtracking, adapting constraints, and revising prompts after evaluating prior



outputs), whereas drifting reflected accept-and-adapt cycles with comparatively limited evidence
of critique or convergence-oriented checks in the prompt text. Ultimately, we quantified the
frequency and percentage distributions of coded interaction patterns and behaviors.

The analysis in this WIP paper was primarily deductive and focused on applying the student-
GenAl interaction patterns framework. Although we also documented potential patterns not
captured by the framework codes, this WIP paper reports only the deductive codes aligned with
the conceptual framework. These codes directly support the study’s focus on interaction patterns
and behaviors.

Results
Quantitative Findings

A total of 41 accessible links were included for final analysis. Table I summarizes the
quantification of prompt log datasets and students’ interactions with GenAl. For prompt logs, it
reports the average number of prompts per submission (6.95), average word count per prompt
(27.56), and average number of iterative prompts (5.95). As for interaction patterns, the
distribution of prompts across interaction levels shows that most students exhibited a moderate
level of interaction, with relatively few high-level prompts. Lastly, more students performed
drifting behaviors when interacting with GenAl.

TABLE I
PROMPT LOG METRICS AND CODED INTERACTION PATTERNS AND
BEHAVIORS

Average Prompts | 6.95 | Percentage of Low- | 40.7 | Percentage of | 31.7
Per Submission Level Interaction Shepherding
Average Words 27.56 | Percentage of 53.7 | Percentage of | 68.3
Per Prompts Moderate-Level Drifting
Interaction

Average Iterative | 5.95 | Percentage of High- | 5.6
Prompts Level Interaction

Qualitative Findings

To contextualize the quantitative distributions reported in Table I, we classified the coding
scheme for both interaction patterns and behaviors, as described in Tables 1T and III. Table II lists
the operational criteria used to classify students’ interaction patterns based on their prompt texts.
For low-level interaction, prompts were typically short and straightforward, often asking for an
immediate solution or explanation without providing context or expected outputs. Prompt
patterns indicating moderate-level interaction often included additional context and clarification
but lacked evaluation or iteration. Finally, high-level prompts elicited more active interaction,
including iterative refinement, rejection or revision of prior suggestions, breaking the problem
down into smaller steps, and verbalizing understanding.



TABLE 11
INTERACTION PATTERNS CODING SCHEME

Interaction Level Operational Indicators Typical Prompt Purposes
Low e Simple/direct request ¢ Quick solution for fixing
(minimal context) code and error meaning
e Copy/paste task prompt e Direct code generation
without steering request
e Few/no constraints ¢ One-shot explanation

(inputs/outputs/tests)
e No critique or revision

language
Moderate e Adds some task context or | e Constraint-based generation
constraints ¢ Debugging with partial
e Paraphrases requirements context
e Clarifying question(s) e Explanation + example
e Limited evidence of request
evaluation/iteration
High e [terative refinement (e.g., “I | ® Debugging with
tried..., still...”) testing/verification intent
o Critique/rejection of output | ¢ Decomposed problem
(“not quite...”) solving
e Backtracking (“revert...,” e Comparing alternatives /
“previous version...”) checking correctness
e Decomposition/stepwise
planning

e Verbalized understanding
(“I think... so0...”)

Table III contrasts two interaction behaviors—shepherding versus drifting. It illustrates how
students directed, revised, and verified GenAl outputs. Shepherding sessions were characterized
by students directing over multiple turns, such as going back when their outputs did not satisfy
the instruction requirements, changing the constraints or inputs, and using language that
suggested evaluation. In contrast, drifting sessions featured recurrent accept-and-adapt cycles
with fewer critique statements. Additionally, students frequently requested further modifications
without explicit verification or a statement of why a prior output was insufficient.

Discussion

The results indicate novice end-user programmers (i.e., first-year engineering students in this
study) interact with GenAl at varying levels of autonomy and evaluative control. While most
students’ prompts included some context or constraints, the behavior sessions indicate that such
information does not necessarily translate into convergence-oriented problem-solving. Drifting
behavior often reflects repeated accept-and-adapt cycles with limited language for critique or
verification. The following excerpt exemplifies drifting behavior in a student’s sequence prompt



log, in which the interaction progresses by adding new requests rather than diagnosing
mismatches or checking requirements.

Initial prompt: “Generate Python tilt sensor code.”

Follow-up prompt: “Now generate Python code that can detect tilt ...”

Subsequent follow-up prompt: “Now generate a code that mimics something like ...’

b

TABLE III
INTERACTION BEHAVIORS CODING SCHEME
Interaction Behaviors Behavioral Moves Prompt Language
Sessions
Shepherding e Slow acceptance o “Itested..., still fails...”

(conditional/qualified e “That doesn’t meet X
uptake) requirement...”

e Backtracking after a e “Let’s go back and...”
mismatch e “Can you verify/check...”

e Adapting
constraints/inputs

e Convergence checks
(verify/test/confirm)

Drifting e Accept-and-adapt cycles | e “Ok,now do ...”

e Limited critique e “Modify this to...”
language e Minimal “why/verify/test”

e Few/no explicit cues
verification steps

e [teration without
convergence markers

In contrast, shepherding behavior showed more strategic monitoring, as students reported
outcomes, backtracked when solutions violated constraints, and refined prompts based on results.
For example, one student moved from an initial request, “Create a code script that will make a
...,  to a refinement prompt, “Add so that it will do diagonal arrows as well,” and then to a
backtracking prompt, “Ok, so let’s revert back to the below code because ....” This sequence
reflects active steering toward convergence, in which the student extends requirements and then
explicitly backtracks (“let’s revert back...”) to correct course. That backtracking/revision move
is a concrete indicator of strategic monitoring rather than simple accept-and-adapt use.

Taken together, findings from the interaction patterns and behaviors highlight a potential
misalignment between students’ immediate goals (e.g., obtaining error-free code quickly) and the
disciplinary practices of programming, such as testing, error interpretation, and requirement
validation. This suggests that the primary distinguishing factor may not be prompt length or
specificity alone, but whether students externalize evaluative moves, such as error interpretation
and requirement checking, within the GenAl dialogue. This distinction is also evident across
interaction levels as shown in the excerpts below.

e Low interaction level: “Generate Python tilt sensor code.”



e Moderate interaction level: “For a 5x5 micro:bit display, make a code that ...” (adds
context/specifications)
e High interaction level: “Ok, so let’s revert back to the below code because ...” (explicit
backtracking/revision)
These results motivate instructional supports that make verification and reflection apparent in the
interaction. Also, the results provide an empirical basis for refining the proposed conceptual
framework of how agency, critique, and convergence behaviors shape GenAl-mediated problem-
solving in first-year engineering programming contexts.

Conclusion

In this work-in-progress study, we explored how novice end-user programmers (NEUPs) interact
with generative artificial intelligence (GenAl) tools to solve programming problems in a first-
year engineering (FYE) course. Guided by our conceptual lens of student-GenAl interaction in
programming learning, we analyzed students’ prompt-log submissions to identify interaction
patterns (low/moderate/high) and, at the moderate level, interaction behaviors (i.e., shepherding
and drifting). Our findings revealed that most students engaged in moderate-level interactions,
with drifting being the predominant behavior. This suggests that while students use GenAl tools
to address programming challenges, their interactions often lack evaluative moves such as
verification and critique, which are essential for effective programming problem-solving.

These insights highlight the need for instructional strategies that emphasize critical thinking,
iterative refinement, and verification in GenAl-mediated problem-solving. By fostering these
skills, educators can help NEUPs develop a deeper understanding of programming concepts and
improve their confidence as programmers. Furthermore, the findings provide a foundation for
refining the instructional intervention design and further data collection and analysis of our larger
project, which can guide future research and inform the integration of GenAl tools into
engineering education. Future work will focus on expanding the dataset, exploring additional
interaction patterns using a hybrid coding approach, and investigating the impact of targeted
instructional interventions on students’ learning outcomes and experiences.
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