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ABSTRACT
The increasing use of AI coding assistants in programming
environments is transforming how learners approach prob-
lem solving, particularly under time-constrained conditions.
While prior research has examined perceptions and perfor-
mance outcomes, there is limited understanding of how learn-
ers interact with AI tools at a behavioral level. This doctoral
research adopts a data-driven approach to model learner-
AI interaction in programming tasks, grounded in the the-
oretical framework of Self-Regulated Learning (SRL). The
study collects fine-grained interaction logs from undergrad-
uate and early-graduate computer science students complet-
ing algorithmic programming tasks with an AI coding assis-
tant under both timed and untimed conditions. By captur-
ing sequences of learner actions and AI queries, the research
aims to (1) characterize AI usage patterns using process
mining and sequential analysis, (2) model how time pres-
sure alters behavioral transitions between coding, debug-
ging, and AI-assisted activities, (3) identify distinct learner
profiles through clustering of interaction features, and (4)
develop and validate behavioral proxies for cognitive en-
gagement and help-seeking using convergent analysis with
self-report measures and qualitative examination of interac-
tion sessions. Preliminary studies indicate a shift toward
outcome-oriented behaviors and varied reliance on AI un-
der time pressure, motivating the need for systematic mod-
eling of interaction processes. The expected contributions
include new representations of learner-AI interaction, val-
idated methods for operationalizing learning constructs in
AI-mediated environments, and empirical insights into how
time constraints shape AI-assisted programming behavior.
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1. INTRODUCTION

The increasing integration of generative artificial intelligence
(GenAI) tools into programming environments is transform-
ing how learners approach problem solving. AI coding as-
sistants now provide real-time support for code generation,
debugging, and explanation, enabling learners to complete
tasks more efficiently [4, 14]. While these tools offer clear
productivity benefits, their impact on learning processes re-
mains insufficiently understood, particularly in time con-
strained contexts such as competitive programming, techni-
cal interviews, and timed assessments, where learners must
balance speed, correctness, and depth of understanding un-
der pressure. Time pressure interacts with AI availabil-
ity in ways that may fundamentally alter learner behavior.
Preliminary evidence suggests that under time constraints,
learners shift toward outcome-oriented strategies, using AI
to generate or regenerate complete solutions rather than en-
gaging in systematic reasoning [9]. However, these observa-
tions are based primarily on self-reports and outcome-based
measures. The fine-grained behavioral dynamics of how
learners integrate AI assistance into their problem-solving
processes - when they seek help, how they transition be-
tween independent work and AI-assisted activity, and how
they regulate these decisions, remain largely unexamined.
This gap is particularly significant for the Educational Data
Mining (EDM) community, where understanding learning
processes through behavioral data is a central concern [2].
This doctoral research addresses this gap by developing a
data-driven approach to modeling learner-AI interaction in
programming tasks, grounded in the framework of SRL [16].
The study collects fine-grained interaction logs from com-
puter science students completing algorithmic programming
tasks with an AI coding assistant under both timed and un-
timed conditions. Using process mining, sequential analysis,
and clustering techniques, the research aims to characterize
AI usage patterns, model temporal dynamics of assistance-
seeking, identify distinct learner profiles, and develop val-
idated behavioral proxies for constructs such as cognitive
engagement and help-seeking.

2. RELATED WORK
2.1 Learning Analytics in Programming
EDM research has extensively used fine-grained interaction
logs, code edits, compilations, submissions, and error events
to model learner behavior in programming environments.
Techniques such as sequence mining, process modeling, and
clustering have been applied to identify problem solving
strategies, detect learning patterns, and predict performance
[6, 10, 12, 13]. These studies demonstrate the value of be-
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havioral data in uncovering latent learning processes beyond
final outcomes. However, this body of work assumes envi-
ronments where learners interact primarily with compilers,
editors, and instructional resources. The emergence of AI
coding assistants introduces a fundamentally different form
of interaction, where learners can offload core cognitive tasks
such as code generation and debugging to an AI system, ne-
cessitating new analytical approaches that account for AI-
mediated actions within behavioral sequences.

2.2 AI-Assisted Programming and Learner Be-
havior

Recent studies have examined AI coding assistants in pro-
gramming education, finding that such tools can reduce task
completion time and lower barriers to entry, but may also en-
courage over-reliance, superficial engagement, and reduced
opportunities for deep learning [4, 11, 14]. Learners fre-
quently use AI to generate complete solutions or iterate
through alternatives, especially under performance pressure
[9]. While valuable, these findings are largely based on self-
reports, controlled experiments, or outcome-based measures.
Comparatively little work captures and analyzes fine-grained
interaction traces between learners and AI systems during
programming tasks, leaving the micro-level dynamics of how
learners integrate AI assistance into their problem-solving
processes insufficiently understood.

A growing body of EDM research has begun addressing
learning in AI-mediated environments more broadly, em-
phasizing challenges in representing complex interaction se-
quences, distinguishing productive from unproductive AI us-
age, and operationalizing constructs such as engagement and
self-regulation from behavioral data [3, 15]. However, these
efforts have not specifically examined learner-AI interaction
in time-constrained programming contexts, where the in-
terplay between time pressure, AI availability, and learner
strategies may fundamentally alter regulatory behavior.

2.3 Research Gap
Prior work has (i) established log-based behavioral analysis
as a productive approach to studying programming learning,
and (ii) identified the growing influence of AI assistants on
learner behavior. However, a critical gap remains in the
data-driven modeling of learner-AI interaction sequences,
particularly in contexts where time constraints shape decision-
making and strategy use. Existing studies do not provide
representations that integrate Integrated Development En-
vironment (IDE) actions and AI interactions into unified
behavioral traces, nor do they offer validated operational-
izations of learning constructs such as cognitive engagement
and help-seeking in AI-mediated environments. This re-
search addresses this gap by applying sequential and process
mining methods to model learner-AI interaction under both
timed and untimed conditions, identifying distinct learner
profiles, and developing behavioral proxies grounded in the
SRL framework described in Section 4.

3. RESEARCH OBJECTIVES
The research is guided by four objectives, organized progres-
sively from behavioral characterization to construct opera-
tionalization.

Objective 1: Characterize learner-AI interaction behaviors
using log data — This objective focuses on identifying how
learners integrate AI assistance into their programming work-
flows. By analyzing interaction logs, the study aims to un-
cover patterns in AI usage, including frequency, timing, and
the sequencing of actions such as code edits, compilation,
and AI queries. This objective provides the descriptive foun-
dation upon which subsequent analyses are built.

Objective 2: Model temporal and sequential patterns of AI-
assisted problem solving — Building on the behavioral char-
acterization from Objective 1, this objective applies process
mining and sequential modeling techniques to understand
how learners transition between activities such as coding,
debugging, and seeking AI assistance, and how these transi-
tions differ under timed versus untimed conditions. The goal
is to identify recurring behavioral structures and to exam-
ine how time pressure reshapes the dynamics of AI-assisted
problem solving.

Objective 3: Identify distinct learner profiles based on AI
usage strategies — Learners may differ significantly in how
they use AI assistance, ranging from minimal reliance to
heavy dependence. This objective aims to group learners
into meaningful profiles based on features derived from in-
teraction sequences and aggregated metrics, enabling a com-
parative understanding of diverse approaches to AI-assisted
problem solving and their associations with task performance.

Objective 4: Develop and validate data-driven proxies for
learning-related constructs — Direct measurement of con-
structs such as cognitive engagement and help-seeking is
challenging in programming contexts. This objective focuses
on operationalizing such constructs using observable behav-
ioral indicators derived from interaction data, and validating
these proxies through convergent analysis with self-report
measures and qualitative examination of selected interac-
tion sessions. This objective represents the primary concep-
tual contribution of the research, bridging learning science
constructs with computational analysis of learner-AI inter-
action.

Together, these objectives form a progressive arc from em-
pirical groundwork (Objectives 1-2) through learner varia-
tion (Objective 3) to theoretically grounded construct vali-
dation (Objective 4).

4. THEORETICAL FRAMING
This research is situated within the theoretical framework of
SRL, which describes how learners plan, monitor, and adapt
their strategies during problem solving [16]. SRL provides
an integrative lens that encompasses two constructs central
to this work: cognitive engagement and help-seeking behav-
ior. Rather than treating these as independent constructs,
this research models them as observable manifestations of
self-regulatory processes within AI-mediated programming
environments. Cognitive engagement , the extent to which
learners invest mental effort in understanding problems [5],
is typically reflected in iterative refinement and systematic
debugging in programming contexts. However, AI assistance
may shift effort distribution toward faster but less effortful
strategies. From an SRL perspective, engagement reflects
the learner’s monitoring and control processes: whether they
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actively evaluate their understanding or passively accept AI-
generated outputs. Help-seeking, a key SRL strategy [1],
reflects when and how learners seek external support. Prior
research distinguishes adaptive help-seeking (targeted and
strategic) from maladaptive patterns such as over-reliance or
avoidance [1]. In AI-mediated environments, AI queries rep-
resent a form of help-seeking whose cost and accessibility dif-
fer fundamentally from traditional sources such as instruc-
tors or peers, potentially altering regulatory decisions, par-
ticularly under time pressure, where learners must balance
speed benefits of AI assistance against learning benefits of
independent effort. Time pressure introduces an additional
regulatory demand that interacts with both constructs. In
time-constrained settings, learners must continuously allo-
cate limited time across competing activities, e.g. coding,
debugging, testing, and seeking AI assistance, making SRL
processes particularly visible through behavioral traces. The
temporal distribution of these activities, and the transitions
between them, provide a window into how learners regu-
late their problem-solving process under constraint. This
integrated framing directly informs the methodological ap-
proach adopted in this research. Specifically, SRL theory
motivates the use of sequence analysis to capture regulatory
transitions between activities (Objective 2), the operational-
ization of cognitive engagement and help-seeking through
behavioral indicators rather than self-report alone (Objec-
tive 4), and the identification of learner profiles that reflect
distinct regulatory strategies (Objective 3). By ground-
ing computational representations in SRL theory, this work
bridges learning science constructs with data-driven analy-
sis, enabling interpretable modeling of learner-AI interaction
in time-constrained programming tasks.

5. METHODOLOGY
This research adopts a data-driven, mixed-methods approach
to model learner-AI interaction behaviors in programming
environments. The methodology focuses on collecting fine-
grained interaction data and applying analytical techniques
to uncover behavioral patterns, temporal dynamics, and learn-
ing relevant indicators.

5.1 Data Sources and Instrumentation
Data will be collected from undergraduate and early-graduate
computer science students engaged in timed programming
tasks at an Indian technical university. Participants will be
recruited from students with prior coursework in program-
ming and familiarity with AI coding assistants, ensuring a
baseline level of competence. A target sample of approx-
imately 60-80 participants is planned across multiple data
collection sessions to support meaningful clustering and se-
quence analyses. Participants will complete a set of algo-
rithmic programming tasks in Python or C++ within fixed
time limits (30-45 minutes per task), designed to reflect
the structure and difficulty of competitive programming and
timed assessment scenarios. Tasks will span multiple diffi-
culty levels to elicit variation in problem-solving strategies
and AI usage. To examine the role of time pressure, a sub-
set of sessions will include a comparison condition where
participants complete equivalent tasks without strict time
constraints, enabling analysis of how time pressure shapes
interaction behaviors. The programming environment will
be instrumented using a combination of IDE-level logging
and AI interaction capture. Participants will use a standard

code editor (e.g., VS Code) integrated with an AI coding
assistant (e.g., GitHub Copilot or a GPT-based interface),
configured to log all interactions. The primary data sources
include: (i) IDE Interaction Logs capturing code edits, com-
pilation attempts, execution events, error occurrences, and
associated timestamps; (ii) AI Interaction Logs recording
prompts submitted by learners, AI-generated responses, ac-
ceptance or rejection of suggestions, and the timing of each
exchange; (iii) Task Performance Data including task com-
pletion status, correctness of solutions, time-to-completion,
and number of submission attempts; and (iv) Self-Report
Measures administered before and after sessions, including
survey instruments for perceived cognitive load, AI reliance,
and self-regulated learning strategies, used both for triangu-
lation and for validating behavioral proxies developed under
Objective 4.

5.2 Data Representation
Learner interactions will be represented as time-stamped se-
quences of discrete events, integrating IDE actions and AI
interactions into a unified trace. Each learner session will
be modeled as an ordered sequence of state transitions (e.g.,
edit → compile → error → AI query → edit → submit),
preserving both the order and timing of actions. These
sequences serve as the primary input for the process min-
ing and Markov modeling described in Stage 1 of the anal-
ysis. In addition, higher-level features will be extracted
from these sequences to support the clustering and profil-
ing in Stage 2, including transition entropy (capturing regu-
larity of behavior), dominant n-grams (capturing recurring
micro-strategies), temporal features (such as mean inter-
action intervals and time allocation across activity types),
and AI dependency ratios (such as the proportion of de-
bugging episodes that involve AI queries versus independent
resolution).

5.3 Data Analysis
The analytical approach is organized around three comple-
mentary stages, each aligned with specific research objec-
tives.
Stage 1: Sequence and Process Analysis (Objectives 1 and 2)
— Learner interaction sequences will be analyzed using pro-
cess mining techniques, specifically Directly-Follows Graphs
and fuzzy mining algorithms implemented in tools such as
ProM or PM4Py, to visualize and compare dominant behav-
ioral pathways across learners [3]. Additionally, first-order
Markov models will be fitted to learner action sequences to
estimate transition probabilities between states such as cod-
ing, compiling, debugging, and AI querying. These transi-
tion matrices will serve as compact representations of in-
dividual problem-solving processes and will be compared
across timed and untimed conditions to examine how time
pressure alters behavioral transitions.

Stage 2: Clustering and Learner Profiling (Objective 3) —
Feature vectors will be constructed for each learner ses-
sion, combining sequence-derived features (e.g., transition
entropy, most frequent n-grams, proportion of time in each
activity state) with aggregated interaction metrics (e.g., to-
tal AI queries, mean time between AI requests, ratio of AI-
assisted to independent code edits). These feature vectors
will be used as input to clustering algorithms. Agglomer-
ative hierarchical clustering will be applied initially to ex-
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plore the natural grouping structure, followed by k-medoids
clustering for robustness to outliers. Cluster validity will
be assessed using silhouette scores and domain-informed in-
terpretation. The resulting profiles will be characterized in
terms of their AI reliance patterns, temporal strategies, and
association with task performance outcomes.

Stage 3: Construct Operationalization and Validation (Ob-
jective 4) — Behavioral proxies for cognitive engagement
and help-seeking will be derived from interaction data. Cog-
nitive engagement will be operationalized through indica-
tors such as the duration of sustained independent cod-
ing episodes, the ratio of self-initiated to AI-delegated de-
bugging, and the presence of iterative refinement cycles.
Help-seeking will be operationalized through the timing of
AI queries relative to task progression, the specificity of
prompts (classified through manual coding of a subsample),
and the dependency of subsequent actions on AI outputs
(e.g., accepted verbatim, modified, or discarded). These
proxies will be validated through convergent analysis with
self-report measures and stimulated recall interviews with a
subset of participants.

6. WORK DONE SO FAR
The proposed research builds on three preliminary studies.
First, a survey-based study of learner perceptions [7] found
that learners view AI tools as performance enhancers while
expressing concerns about over-reliance, and that they dif-
ferentiate between practice and evaluative contexts, directly
motivating the inclusion of varied task conditions in the pro-
posed design (Section 5.1). Second, an empirical study of AI
interaction behaviors during programming tasks [9] revealed
outcome-oriented strategies and iterative AI-dependent de-
bugging under time pressure, providing the behavioral evi-
dence that motivates the sequence analysis under Objectives
1 and 2, and generating preliminary interaction traces that
will serve as pilot data for the analytical pipeline. Third,
an analysis of competitive programming workflows [8] iden-
tified fragmented toolchains as a barrier to capturing coher-
ent behavioral data, directly informing the decision to use
a controlled, integrated programming environment rather
than observing naturalistic but fragmented settings (Section
5.1). Together, these studies provide the empirical founda-
tion , from perceptions through observed behaviors to envi-
ronmental constraints, upon which the proposed modeling
builds.

7. EXPECTED CONTRIBUTIONS TO EDM
This research aims to contribute to the EDM community
across methodological, empirical, and conceptual dimensions.

1. Unified representations of learner-AI interaction — Ex-
isting learning analytics approaches in programming
typically model learner interactions with compilers and
editors, treating the programming environment as a
closed system. This work contributes new representa-
tional approaches that integrate AI interactions, prompts,
responses, acceptance and rejection of suggestions into
unified behavioral traces alongside IDE actions. These
representations extend the analytical vocabulary avail-
able to EDM researchers studying any environment

where learners interact with intelligent systems, not
only programming.

2. Validated behavioral proxies for learning constructs in
AI-mediated contexts — A persistent challenge in EDM
is operationalizing theoretical constructs through be-
havioral data. This research contributes proxies for
cognitive engagement and help-seeking that are specif-
ically designed for AI-mediated environments and val-
idated through convergent analysis with self-report in-
struments and qualitative examination via stimulated
recall. By grounding these proxies in the SRL frame-
work and demonstrating their validity, the work pro-
vides a reusable methodological template for researchers
seeking to measure learning-relevant constructs in set-
tings where AI tools are embedded in the learning pro-
cess.

3. Empirical evidence on the role of time pressure in learner-
AI interaction — By comparing interaction behaviors
under timed and untimed conditions, this research pro-
vides the first controlled empirical evidence of how
time constraints shape AI usage patterns, behavioral
transitions, and learner regulatory strategies in pro-
gramming tasks. These findings contribute to a broader
understanding of learning under performance pressure
and have direct implications for the design of timed
assessments in AI-enabled environments, where the in-
teraction between time constraints and AI availability
raises unresolved questions about what such assess-
ments actually measure.

4. Learner profiles for AI-assisted programming — The
identification of distinct profiles based on interaction
patterns and AI usage strategies provides a basis for
differentiated instructional approaches, enabling resear-
chers and system designers to respond to meaningful
variation in how learners integrate AI assistance.

8. FEEDBACK SOUGHT
This doctoral research seeks feedback from the EDM com-
munity on four aspects of the proposed work. (1) Sequen-
tial modeling choices: whether first-order Markov models
and process mining are sufficient to capture learner-AI in-
teraction complexity, or whether higher-order models (e.g.,
hidden Markov models) or alternative representations (e.g.,
epistemic network analysis) would be more appropriate, and
how to balance model complexity against interpretability.
(2) Construct validation: the adequacy of the proposed con-
vergent validation design combining self-report measures and
stimulated recall interviews, including guidance on sample
size for stimulated recall and whether additional validation
sources (e.g., think-aloud protocols, expert coding of traces)
should be considered. (3) Productive versus unproductive
AI usage: how to distinguish strategic AI use from depen-
dency under time pressure using behavioral features beyond
frequency alone, such as prompt specificity, degree of modi-
fication of AI output, and timing relative to independent at-
tempts. (4) Generalizability: strategies for assessing whether
findings from a controlled programming environment trans-
fer to naturalistic contexts such as coursework and compet-
itive programming.
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