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Abstract

Generative Al has made programming homework harder to observe. A student can debug with a chatbot, revise
generated code, and submit a final program that hides the help-seeking path. Detection and penalties address
some integrity concerns, but they also create a data problem: students who expect sanction can move help seeking
outside course tools. We name this problem strategic missingness, missing process evidence produced by policy,
interface design, incentives, and trust. We argue for governed Al help-seeking traces as computing-education
data infrastructure: linked records of code attempts, run failures, help requests, support states, student reactions,
verification attempts, and follow-up practice. These traces make episodes of programming work and support
visible for interpretation. The contribution is a design and research agenda for studying Al help seeking with
process evidence governed for teaching, aggregate interpretation, and protection from automatic punishment.
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1. Introduction

Generative Al has changed what it means to observe programming homework. A student can write
code, ask a model to explain an error, request a hint, paste in a generated solution, revise it, and submit
final code that gives almost no trace of that path. The old record of work, final submission plus a few
timestamps, is now too thin. It cannot distinguish independent debugging from a conceptual nudge,
guided decomposition, or solution-level assistance.

Some course policies begin from uncertainty: detect Al use, then sanction it. That approach can be
necessary in assessment settings with explicit rules about unauthorized assistance. The trouble starts
when detection becomes the main design posture. Students who expect punishment have a practical
reason to move help seeking away from course tools, to use private chatbots, or to paste results back
into the assignment environment after the meaningful work has happened elsewhere. The course may
still receive a submission. What disappears is the process.

For programming education, useful evidence lies in the movement among coding, debugging, help
seeking, response evaluation, verification, and review. Strategic missingness names the loss of that
evidence when the learning environment gives students a reason to hide the process. It differs from
ordinary logging failure because course rules and interface choices can produce the missing data.

Unofficial help is not new in computing education. Students have long used friends, forums, office
hours, tutors, search engines, and copied examples, and EDM researchers have always interpreted traces
with that incompleteness in mind. Generative Al makes the measurement problem sharper because
help can be immediate, private, executable, and hard to see in the final submission. A large share of
interactive problem solving can move into an unobserved channel unless the course offers a trustworthy
alternative.

Computing education therefore needs trustworthy infrastructures for Al help-seeking traces. Such
infrastructures can make legitimate help available inside course contexts, represent Al help as a
learning-process signal, begin instructor analytics from aggregate teaching needs, and govern trace
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access carefully. The research object becomes the conditions under which help remains visible enough
to interpret.

Trust is not a notice box. Students may still avoid a transparent system if they think the trace
can later be used for grading, individual ranking, or misconduct investigation. A trace system must
therefore align incentives: authorized help should be useful, the policy should state what is not used for
punishment, and the default instructor view should support teaching rather than suspicion. Without
those social conditions, even a technically careful logging system can create missingness.

Al-era programming data are partly an artifact of the environment that records them. A course
that centers detection of final-product irregularities and a course that offers logged, bounded, course-
grounded help may produce different datasets from the same underlying student needs. Both datasets
can look orderly. The difference is whether the path remains visible: where students got stuck, what
help they asked for, how they evaluated it, and when they returned to work.

The missingness is unlikely to be random. Missing-data theory offers a useful reminder: inference de-
pends on the process that produced the observed record [1]. In this paper, missingness is a measurement
frame for trace infrastructure: it asks how policy and design shape what becomes observable before
any formal missing-data model can be trusted. Academic help seeking relates to students’ broader
learning strategies and achievement behavior [2]. Help avoidance can also be shaped by perceived
threat, competence, and classroom norms [3]. The students most likely to hide Al use may therefore be
those who are most anxious about policy, least confident in their own work, most dependent on outside
help, or most aware that a detector can be wrong. Those are precisely the cases where process evidence
would help instructors interpret need. A dataset shaped by fear can look cleaner while becoming less
valid. Fewer visible Al events may mean less observable help, not less AI help.

This makes trace completeness a design outcome. In ordinary process mining, missing events are
often treated as a technical limitation. In Al-supported homework, missing events can also be produced
by course language, interface defaults, grade incentives, and students’ trust in the institution. For a
field that studies programming learning through data, those conditions belong in the data-generating
process.

The position leads to commitments that appear throughout the paper: preserve situated help, read
silence as informative, keep support states non-punitive, and start analytics from teaching questions.
These commitments make the argument operational by specifying what must be captured, what cannot
be inferred from silence, and where governance has to be designed into the data system.

2. What Al changes in unofficial help

Programming courses already live with partial observability. A trace rarely captures a roommate’s hint,
a copied Stack Overflow pattern, a lab assistant’s explanation, or a student’s private reasoning. Prior
EDM practice has handled this by treating traces as evidence of interaction with a system, not as a
complete record of learning. Generative Al makes the gap larger and more structured. It can join the
work session at the point of error, explain the bug, rewrite the code, and suggest tests. If that work
happens outside the course environment, the missing events are no longer peripheral. They may be the
core help-seeking episode.

By enforcement-first policies, we mean systems or course routines whose primary purpose is to
identify unauthorized Al use and attach consequences. The framing is understandable. It draws a
boundary between acceptable and unacceptable work, and it matches the familiar academic-integrity
logic of detection, evidence, and penalty. Al use in programming homework, however, often appears
throughout the process of solving a problem, long before final submission.

The limits of detection are clearest in text settings, where model-output detection is vulnerable to
paraphrasing and attacks [4]. Tool performance also varies across systems [5]. Detectors can misclassify
non-native English writers [6]. Programming differs from prose, but the lesson carries over: a detector
is a weak proxy for learning process. Even a correct Al-use flag says little about whether a student
asked for a syntax explanation, used a hint to locate an error, requested a full solution, or verified the



answer afterward.

Surveillance also changes behavior. Dawson’s study of institutional surveillance technologies found
that students reported changes in browsing behavior, discussion topics, and writing style when they
perceived online learning activities as surveilled [7]. Academic-integrity work likewise points to
institutional culture alongside the threat of punishment [8]. Recent survey work on generative Al
in higher education finds that students navigate mixed messages, ambiguous use cases, and false
accusations when deciding how to use Al tools [9]. In Al-supported programming, enforcement may
push AI use elsewhere while leaving the amount of use unresolved. Once help seeking leaves the
platform, the remaining trace is a partial record shaped by fear, convenience, and policy interpretation.

For learning analytics, the loss is pedagogical as well as statistical. Programming education has long
benefited from process evidence and has an established data-mining and learning-analytics tradition
around programming traces [10]. Compilation histories help researchers reconstruct novice trajectories
from more than the final program [11]. Programming-process data formats make code snapshots
and events easier to export and compare [12]. Al assistance makes that trajectory more complex. If
the environment logs only final code or an Al-use suspicion score, it compresses a rich help-seeking
sequence into a compliance variable. Learning analytics needs context and purpose [13]. It also needs
privacy principles for collection and interpretation [14]. Trace-data reviews show that ethical risks
extend across the data lifecycle [15].

Assessment rules and process interpretation need separate interfaces. A system designed only for
enforcement makes students legible as possible violators. A system designed for governed help seeking
makes student work legible as a sequence that instructors can interpret.

High-stakes assessment still needs academic-integrity rules, restricted tool-use conditions, and ways
to investigate clear violations of stated policy. The focus here is ordinary programming homework
treated as learning evidence. The measurement problem appears when enforcement becomes the default
infrastructure for understanding that work. Evidence collected for sanction answers a different question
from evidence collected for teaching. A healthy course can keep those questions separate: what counts
as authorized help, what process evidence supports instruction, and what exceptional evidence belongs
in an integrity case.

3. Help seeking as the unit of analysis

Help seeking is already a learning process. Classic help-design work distinguishes productive help
seeking from unproductive patterns such as avoiding help when needed or seeking answers without
engaging the underlying task [16]. Metacognitive tutoring work models help seeking as a process that
can itself be supported [17]. Generative Al moves that distinction into a new interface. It changes how
help is requested and how much support a student can receive before another human sees the struggle.

Programming is a useful setting for this reframing because its work is already traceable. A session may
include edits, run events, compiler messages, runtime errors, pasted code, test failures, and revisions.
The question is how to connect those traces with Al help. A useful help-seeking trace links the code
state before help, the student’s description of being stuck, the kind of help requested, the support state,
the model response, the student’s reaction, later execution, and any follow-up practice.

A help-seeking trace is a linked event record. The unit of analysis is an episode in which a student
encounters a programming problem, seeks or receives support, reacts to that support, and either returns
to the task or moves elsewhere. That episode can include human help, Al help, platform feedback, and
silence where help likely happened outside the system. The design task is to represent help as situated
action rather than as an after-the-fact Al-use label.

A linked view lets researchers ask different questions. Did repeated run failures precede escalation to
stronger support? Did students verify Al feedback by running edited code later? Were solution-level
requests followed by conceptual review, or did they end the session? Did aggregate traces reveal a
class-wide misconception before office hours? A detector score leaves these questions out.

Recent Al systems in computing education already move toward course-grounded support and



Table 1
Strategic missingness as a measurement problem.

Design condition Missing process evidence Analytic distortion Trace response

Al use is framed mainly as  Help requests move to pri- Low visible Al use can be Measure trace com-

a detectable violation vate tools before code re- mistaken for low Al use pleteness and ask
turns to the course system where help seeking
occurred
Al logs are stored apart The code state before and af- Chat quality is inter- Link request, response,
from code work ter help is hard to recover preted without task snapshot, reaction, and
trajectory later run events
Support level is treated as  Students avoid weaker help  Escalation rates reflect Interpret support state
suspicion until they are already stuck policy fear as well as need  as a process signal, not
or use outside help instead a score
Dashboards open on indi- Instructor attention begins Class-wide misconcep- Start with anonymous
viduals with who looks risky tions remain secondary aggregate concepts, er-
rors, and support pat-
terns

instructor visibility. CS50’s Al tools show how generative Al can be grounded in course context [18].
HiTA centers educators in the instructional loop through retrieval-augmented course support [19].
Instructor-in-the-loop systems add escalation paths when Al help is insufficient [20]. AI code generators
can support novices while changing the learning task [21]. Prompt-based problem solving with Copilot
shows how natural-language interaction can enter CS1 work [22]. A computing-education working
group maps broader opportunities and risks from generative Al [23]. Visualization systems such as
Editrail show that instructors want to understand student-Al interaction during coding, before the
record collapses into after-the-fact inference [24]. These systems make governed process data a practical
design object. The frame here adds a measurement question to that line of work: why help-seeking data
disappear, and how code, help, reaction, verification, and aggregate teaching signals can be recorded
together.

4. Design commitments for governed traces

When trace infrastructure becomes a quiet monitoring layer, it inherits the same trust problem as
detection. Process traces are sensitive educational data, especially when they include code snapshots,
stuck descriptions, model responses, and timestamps. A governed trace system needs a design stance
before it needs a dashboard. Table 2 summarizes commitments that follow from the position.

These commitments recast tiered Al support. A support tier records how much help a student
requested and received at a point in time. It has no standing as an automatic score. A student who
moves from independent work to stronger help may be struggling productively, using the available
supports as intended, or seeking a shortcut. The trace only begins the interpretation. It does not
complete it.

The aggregate-first commitment matters because it changes how the data first become visible.
Learning analytics ethics research warns that educational data can be misread or over-classify learners
[13]. Privacy principles warn that analytics can become surveillance when institutional access is treated
as self-justifying [14]. Trace-data reviews show the same concern across digital education datasets
[15]. Data-protection work asks analytics designs to specify purpose, access, and proportionality, with
collection carrying a specific justification [25]. Instructors often need class-level signals first: which
concept is breaking down, which assignment causes repeated escalation, which error pattern appears
across many students. Individual traces may still matter, but the entry point is a teaching question, not
a default suspicion queue.

Aggregate-first does not mean aggregate-only. Class-level signals are computed from individual



Table 2

Design commitments for Al help-seeking trace infrastructure.

Commitment

Trace implication

Risk reduced

Make legitimate help us-
able

Represent support as pro-
cess state

Link code, help, reaction,
and verification

Start analytics from aggre-
gates

Treat off-platform Al as
missingness

Govern access and reten-
tion

Provide course-grounded help inside the
assignment workflow and record help
requests alongside code work.

Track independent work, hints, guided
scaffolding, and stronger rescue support
as states in a session timeline.

Use assignment, session, snapshot, re-
quest, response, reaction, and run identi-
fiers to connect events.

Show class-level concepts, repeated er-
rors, support distributions, and assign-
ment pain points before individual drill-
down.

Ask about and model outside Al use as a
threat to trace completeness.

Give notice about logging, viewers, re-
tention, deletion, de-identification, and

Fewer incentives to move learning-
relevant help seeking off platform.

Less pressure to treat support level as
a grade or misconduct score.

Chat logs and code histories do not re-
main separate fragments.

Instructor attention begins with teach-
ing needs before individual suspicion.

Missing data stays tied to design and
policy.

Trace collection is less likely to become
opaque surveillance.

limits of pseudonymization.

event records, but the system can delay or restrict individual drill-down until there is a teaching or
support reason to inspect it. For example, an instructor might first see that many students ask for
rescue-level help on loop bounds, then open representative de-identified sessions, and only later inspect
a named student’s trace for advising. This order matters because the same underlying data can support
instruction or surveillance depending on the default view.

5. An illustrative infrastructure pattern

A programming homework environment can instantiate this position without presenting itself as an
unrestricted chatbot. The basic pattern is an integrated coding workspace with run feedback, course-
material grounding, structured help requests, support states, student reactions, follow-up practice,
and instructor summaries. The substantive move is the event model that connects Al help to the
programming process.

Consider a student working on a list-indexing problem. The student runs code several times and
receives the same runtime error. They request a low-support hint and write, “I think my loop goes one
item too far” The system records the code snapshot, the error category, the help request, the support
state, the course-material excerpt retrieved for the response, and the model response. The student
marks the response as still unclear, asks for stronger guidance, edits the loop bound, runs the code
again, and later opens a short practice item on indexing. A linked trace can represent this as a sequence
of learning events. A detector would collapse the same episode into an after-the-fact judgment about
Al use.

A minimal exported trace for the episode might contain four linked records: a run event with
session id, snapshot id, error category, and outcome; a help_request event with the same snapshot
id, stuck text, support state, and retrieved course excerpt; a student_reaction event linked to the
response id; and a practice_opened event linked to the concept tag. The important feature is the
join across records. Each event keeps enough identifiers to connect help with the prior code state and
later verification.

Concretely, a system designer can start with a small schema: session_id, assignment_id,
snapshot_id, event_type,

support_state, concept_tag, student reaction,

verification_event, viewer role, and retention_class. These fields make the com-



mitments testable. They show whether help is linked to code, whether support state is treated as
process information, whether instructor views begin from aggregates, and whether access and retention
are explicit.

For research, the linked trace supports sequence-level analysis. Researchers can examine whether
repeated errors predict escalation, whether students evaluate Al feedback before editing, whether
later runs verify an Al suggestion, and whether targeted practice follows specific error categories. For
teaching, the same data can be aggregated into signals such as common stuck points, concepts needing
review, assignments generating rescue-level support, and patterns of unresolved confusion.

The pattern also handles students who use tools outside the platform. Off-platform use is not a
moral residue that invalidates all analysis. It is a missing-data mechanism. Surveys, interviews, and
lightweight self-report can help estimate when traces are incomplete, but they should not be treated
as exact ground truth. Self-report will be shaped by memory, policy fear, perceived anonymity, and
whether students believe the answer can affect grades. A better design treats self-report as one weak
signal, triangulates it with aggregate platform patterns, and reports the uncertainty. Perfect visibility is
the wrong target and carries its own ethical risks. A better target is enough trustworthy visibility for
instructors to teach from process evidence.

6. Research agenda

The first empirical question is trace completeness. When course-grounded Al help is available
inside the assignment environment, what kinds of help seeking remain on platform, and what still
moves outside it? Direct evidence about policy-driven displacement in programming homework is still
emerging, so displacement should be treated as a measurement target rather than a settled fact. The
answer will depend on policy, trust, task type, perceived usefulness, and the cost of asking for help.

Once some of that trace remains visible, sequence validity asks whether the event links support
meaningful interpretation. Researchers need to test whether linked code snapshots, run failures, help
requests, reactions, later executions, and practice records can distinguish different help-seeking patterns.
The point is to understand when Al support participates in debugging, when it replaces problem solving,
and when it leads to review.

Those links are useful only if instructors can read them carefully, so instructor interpretability
needs its own evaluation. Dashboards often present metrics before they establish what an instructor
can safely infer from them. Aggregate support distributions, common concepts, and repeated errors
may be useful for lecture planning and office hours. Individual drill-down may be useful for advising or
targeted support. These uses need separate evaluation because they carry different risks.

The same logic puts governance inside the measurement model rather than after the dashboard
is built. Trace infrastructures are socio-technical arrangements, not neutral pipes. Students need to
know what is logged, who can view it, how long it is retained, and what role it plays in grading or
support. Researchers also need to test how institutional language affects help-seeking behavior. A
course that says “Al use will be detected and punished” may produce a different dataset from one that
says “course-grounded Al help is available, logged, and interpreted as a support process.”

The agenda also needs interoperability, because trace designs will otherwise stay tied to single tools.
Programming-process datasets already have useful formats and conventions [12]. Al-help traces can
build on that work and avoid isolated chatbot logs. A useful schema would represent code states, run
events, help requests, support states, reactions, and follow-up activities in ways that can be exported,
inspected, and compared across tools.

These questions require more than log analysis. Studies need to report the course Al policy, the
wording students saw, the stakes attached to platform traces, and the alternatives students had outside
the system. Without that context, a low rate of visible Al help could mean compliance, distrust, poor
usability, or successful displacement. Policy language and interface defaults are part of the evidence
behind Al-era programming datasets.

A cumulative research program will need dataset context as well as event records. At minimum,



studies of AI help-seeking traces should report metadata about institutional rules, interface affordances,
interpretation, and missingness. Institutional context covers which uses of Al were permitted, discour-
aged, required, or punishable. Interface context describes what help was available in the course system,
how easy it was to access, and whether students could see how requests were logged. Interpretive
context identifies who could view individual traces, whether dashboards began from aggregate patterns,
and whether support states affected grades. Missingness context reports what off-platform tools stu-
dents were likely to use, how outside use was measured, and what the study cannot observe. Without
this layer, two datasets with similar event fields may describe very different classrooms.

7. Conclusion

Generative Al has made final-code records even thinner than they used to be. A course may receive
a correct submission and still know little about the path that produced it. Treating Al use mainly as
a violation to detect makes that path harder to see. Treating Al help seeking as a governed process
trace gives the field a better object: incomplete, sensitive, and interpretable only in context, but far
richer than final code or suspicion scores. When course policy teaches students to hide help seeking,
computing education loses the evidence it needs. The next task is to design environments where help
can remain visible enough to teach from and carefully governed enough to avoid automatic judgment.

Declaration on Generative Al

During the preparation of this work, the authors used large language model tools for grammar checking
and paraphrasing author-written content. After using these tools, the authors reviewed and edited the
manuscript and take full responsibility for the publication’s content.
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