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Abstract—This extended abstract profiles the highest-
performing behavioural cluster during the first milestone of a
Software Engineering course governed by an explicit artificial-
intelligence (AI) usage policy. Moodle traces from two post-
AI cohorts (n = 146) yielded three clusters: an integrator
group (n = 32), an intermediate group (n = 73), and an
at-risk group (n = 41). Integrators achieved a higher mean
milestone grade than at-risk students (6.37 versus 4.81; Hedges’
g = 0.92) and a higher pass rate (71.9% versus 44.0%). Their
profile combined access volume and anticipation: they accessed
theoretical materials, task specifications, rubrics, and modelling
tools more often, and reached theoretical materials about ten
days earlier. A logistic model based on theoretical-material
volume, task volume, and task first-access timing separated
integrators from the remaining students with an ROC AUC of
0.86. The results support first-month onboarding that introduces
rubrics and modelling tools early, triggers early task access, uses
analytics for positive recognition, and treats forum activity as
a complement rather than a substitute for task- and rubric-
anchored engagement.

Index Terms—artificial intelligence, computing education,
learning management systems, student profiles, self-regulated
learning, AI policy, onboarding

I. INTRODUCTION

Generative AI has encouraged institutions to adopt explicit
policies that allow its use when students disclose and docu-
ment it [1], [2]. In computing courses, such policies have been
associated with changes in engagement and grades [3], [4].
In the course studied here, students form distinct behavioural
clusters during the first milestone (M1), with the highest-
performing group averaging 6.37 on a 0–10 scale and the
lower-performing group averaging 4.81 [3].

This study asks what the top-performing students do differ-
ently during the first month and whether that profile can be
approximated using a small set of interpretable LMS features.

The purpose is to identify concrete practices that can inform
early onboarding.

II. CONTEXT AND METHOD

Software Engineering I is a second-year core course at
the University of Salamanca organised through project-based
learning. Since 2023–24, students have been permitted to use
AI tools provided that they document prompts, reasoning, and
outputs in their portfolios. The analysis includes the complete
2023–24 and 2024–25 cohorts (n = 65 and n = 81), giving
n = 146 students for behavioural analyses and n = 129 for
grade comparisons; 17 students had no recorded M1 grade.

Moodle activity was summarised by student and resource
type using access volume and timing indicators. Missing
behavioural values were set to zero when a resource was never
accessed; grades were not imputed. Following the previous
analysis of these cohorts [3], features were standardised,
projected onto two principal components, and clustered us-
ing K-means with K = 3. The highest-grade cluster was
labelled integrator (C0), with the others labelled at-risk (C1)
and intermediate (C2). Grade differences were tested with
ANOVA, Tukey HSD, and Hedges’ g; behavioural features
were compared through univariate ANOVAs and medians.
Logistic regression estimated integrator membership from
theoretical-material volume, task volume, and task first-access
timing.

III. RESULTS

The clusters contained 32 integrators, 73 intermediate stu-
dents, and 41 at-risk students. Grade differences were signifi-
cant overall (F (2, 126) = 6.42, p = 0.002, η2p = 0.093). The
main contrast was between integrators and at-risk students:
a 1.55-point difference (p = 0.001; Hedges’ g = 0.92).
The at-risk and intermediate clusters also differed significantly
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TABLE I
SELECTED OUTCOMES AND ACTIONABLE LMS MEDIANS

Measure Integrator At-risk

Students, n 32 41
M1 grade, mean (SD) 6.37 (1.67) 4.81 (1.66)
Pass rate 71.9% 44.0%
Theoretical-material TNA 91 36
Task TNA 21 1
Rubric TNA 4.5 0
Tool TNA 7.5 0
Theoretical ATFA, days 12.2 22.1

(g = −0.58, p = 0.036), whereas the integrator–intermediate
contrast was not significant.

The integrator profile combined volume and anticipation
(Table I). Integrators accessed theoretical materials 2.5 times
more often than at-risk students and task specifications 21
times more often. The median integrator opened the rubric and
modelling tools repeatedly, whereas the median at-risk student
never opened either during M1. Integrators also reached theo-
retical materials about ten days earlier. The most discrimina-
tive variables included tool TNA, theoretical-material ATFA,
rubric TNA, task TNA, theoretical-material TNA, and rubric
ATFA.

Forum activity did not distinguish the integrator cluster.
Announcements are forwarded automatically to institutional
email, so forum TNA represents deliberate returns to Moo-
dle rather than exposure to essential information. Deliberate
forum browsing without corresponding rubric, task, or tool
engagement was not associated with a grade advantage.

The logistic model achieved an ROC AUC of 0.857. A
conservative rule—theoretical-material TNA ≥ 91 and task
ATFA ≤ 10.1 days—had sensitivity 0.28, specificity 0.97, and
positive predictive value 0.75. It identified only a subset of
integrators, but most flagged students were true integrators.

IV. DISCUSSION AND IMPLICATIONS

The integrator profile is more specific than generic high
engagement: it reflects early, repeated interaction with the
artefacts that define the deliverable. In self-regulated-learning
terms, this is consistent with a stronger forethought phase [5],
[6]. Repeated rubric access may also have an AI-specific role:
students could use assessment criteria to formulate prompts
and evaluate AI-generated outputs. Because individual AI use
was not measured, this remains a hypothesis and may instead
reflect general conscientiousness or assessment strategy.

The profile supports four first-month actions from the full
study: introduce the rubric, AI-documentation requirements,
and modelling tools in week 1; require an early task that opens
and annotates the specification; use the high-specificity rule for
positive recognition; and pair forum scaffolds with rubric- and
task-anchored activities.

The study is observational and limited to one course at
one institution. LMS traces omit synchronous sessions, peer
collaboration, offline study, and direct AI-tool use. Replication

across disciplines and institutions, together with direct mea-
surement of AI use, is needed.

V. CONCLUSION

Across two post-AI cohorts, the highest-performing cluster
was characterised by early and repeated engagement with
theoretical materials and the artefacts defining the deliverable.
This profile was associated with a 1.55-point advantage over
the at-risk cluster, a nearly 28-percentage-point pass-rate gap,
and an interpretable three-feature model with an ROC AUC
of 0.86. The findings translate the behavioural profile into
concrete onboarding guidance while remaining cautious about
causal interpretation.
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