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Abstract
AI programming tutors provide scalable support, yet lack the be-

havioral context human tutors rely on to adapt support to learners’

needs. We present TutorTrace, a dataset and behavioral abstraction

pipeline that makes learners’ behavioral context visible and com-

putable in real time from low-level IDE telemetry. Across four de-

ployments in two introductory Python courses (N=480), TutorTrace

captures approximately 180K telemetry events, 13,633 behavioral

segments, and 27 continuously computed metrics. From this foun-

dation, we derive a taxonomy of learner activity before the first

AI query, between consecutive queries, and across the full session,

enabling systems to respond not just to what learners say, but to

what they have done leading up to the help-seeking moment. In a

preliminary classroom evaluation, behavior-aware prompts were

associated with a decrease in intervals between queries with no

independent work from 50.0% to 20.7%. As an additional demonstra-

tion of downstream utility, we evaluate TutorTrace on two held-out

prediction tasks: whether a learner will query within the next 60

seconds (AUROC=.726) and whether an upcoming query reflects

guided or dependent help-seeking (AUROC=.717). Together, these

findings show how behavioral context can enable adaptive AI tu-

toring at scale.
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1 Introduction
Large Language Models have improved personalized computing ed-

ucation by providing learners with near-instant, in-depth responses

built on a knowledge base no single tutor can compete with [34].

Yet, one-on-one human tutoring remains the gold standard for

improving learner outcomes [5]. One key reason is that human

tutors respond not only to what learners explicitly say, but also to

what their observable behaviors suggest they implicitly need [7, 36].

Consider what this could look like at scale.

Imagine if every student in a 400-person programming

course had a tutor sitting beside them, observing what

they do and where they struggle. One who knows when

to push them harder and when to slow down and offer

support. One who could tell the difference between a

student who is struggling and one who hasn’t put in the

effort. Achieving this vision requires systems that can

infer learners’ evolving behavioral context in real time

from fine-grained interaction data, a capability and data

resource not yet available to our community.

The human tutor’s comparative advantage lies in the behavioral

context that precedes the learner’s help-seeking moment. Current

AI tutoring systems are typically limited to the question itself,

missing the struggle or lack thereof that preceded it. To bridge this

gap, systemsmust be able to programmatically detect the behavioral

patterns that human tutors observe intuitively.
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Table 1: Comparison of TutorTrace with existing CS education and AI-assisted programming datasets: the 2nd CSEDM Data
Challenge [9, 10], ProgSnap2 [28], CodeAid [20], and CodeWatcher [3].

Property CSEDM ProgSnap2∗ CodeAid CodeWatcher† TutorTrace (ours)

Real classroom deployment ✓ ✓ ✓ ✗ ✓

Longitudinal coverage (semester) ✓ ✓ ✓ ✗ ✗

Raw IDE telemetry ✗ ✓ ✗ ✓ ✓

AI query & response logs ✗ ✗ ✓ ✗ ✓

Task outcome data ✓ ✓ ✗ ✗ ✓

Behavioral classification (expert-validated) ✗ ✗ ✗ ✗ ✓

𝑁 students 819 varies 563 3
†

480

𝑁 AI interactions — — 7,003 — 1,386

∗
ProgSnap2 is a data format specification; student counts vary by adopting institution.

†
CodeWatcher is a telemetry-collection tool (demonstration); 𝑁 reflects an illustrative use case with three developers, not a released dataset.

This requires datasets that expose fine-grained student program-

ming behavior at scale. Most existing datasets capture only sub-

sets of the learner’s programming process, such as static code sub-

missions or AI interaction logs. Few provide the continuous, fine-

grained interaction telemetry required to enable full-fidelity replays

of learner programming sessions (Table 1). Systems that do capture

interaction at this granularity [27, 38] were not built to release

classroom-scale datasets.

Prior work shows that the behavioral context surrounding a

help-seeking moment is associated with learning outcomes [24],

and specific interaction patterns distinguish effective from ineffec-

tive AI use [24, 31]. Students who invest independent effort before

receiving instruction learn more from it [19, 32], and a student’s

behavioral context directly informs the tutor’s pedagogical strat-

egy for intervening [13]. Yet current AI tutoring systems typically

respond to the information learners explicitly provide rather than

the behavioral process that preceded it. As a result, two learners

with similar code, errors, and questions may receive similar support

despite arriving at that moment through fundamentally different

processes.

We present TutorTrace, a dataset and automated behavioral ab-

straction infrastructure designed to make this context visible and

computable. The dataset comprises fine-grained IDE telemetry from

480 students across four deployments in two introductory Python

courses. An automated pipeline transforms this telemetry into con-

tinuously computed observable metrics and behavioral sequences.

Unlike existing datasets that capture only what learners submit

or ask, TutorTrace captures the story of how they got there, mak-

ing each learner’s evolving behavioral context programmatically

accessible in real time.

To demonstrate the utility of TutorTrace for future research

and system design, we examine how its representations of behav-

ioral context can support adaptive AI tutoring. First, we derive a

three-window behavioral taxonomy that organizes learner activity

before the first AI query, between consecutive queries, and through

recurring re-querying patterns across the session. Next, we con-

duct a preliminary comparison examining whether behavior-aware

prompting is associated with changes in learners’ observable activ-

ity between queries. Finally, we demonstrate additional predictive

utility through two tasks: predicting whether a learner will ini-

tiate an AI interaction within the next 60 seconds and whether

an upcoming query will reflect guided or dependent help-seeking.

Together, these capabilities enable systems to detect, respond to,

and anticipate learner behavior surrounding AI interactions. We

make the following contributions:

• TutorTrace Dataset: A publicly available dataset
1
from 480

learners across four deployments in two introductory Python

courses, comprising approximately 180K fine-grained IDE teleme-

try events mapped to 13,633 automatically classified behavioral

segments, along with 27 continuously computed observable met-

rics surrounding 1,386 AI interactions.

• TutorTrace Classifier: An automated behavioral classifier that

transforms raw IDE telemetry into labeled behavioral sequences

in real time. The classifier is grounded in expert-developed rules

and validated against expert labels and student self-reports, with

overall pairwise agreement ranging from 78% to 87%.

• TutorTrace Taxonomy and Downstream Utility: We demon-

strate how the representations provided by TutorTrace can sup-

port adaptive AI tutoring through:

– A three-window behavioral taxonomy comprising ten profiles

that characterize activity before the first AI query, between

consecutive queries, and through recurring re-querying pat-

terns across the session.

– A preliminary classroom comparison in which behavior-aware

prompting was associated with a decrease in Passive inter-

query windows from 50.0% to 20.7% and greater observable

activity between queries.

– Two held-out prediction tasks demonstrating that observable

metrics support prediction of query imminence within 60

seconds (AUROC=.726) and guided versus dependent help-

seeking (AUROC=.717).

1
https://github.com/divadbaroon/TutorTrace_dataset_and_benchmark/tree/uist

https://github.com/divadbaroon/TutorTrace_dataset_and_benchmark/tree/uist
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2 Related Work
2.1 Prior Taxonomies in CS Education
Taxonomies typically organize distinct, non-overlapping categories

across one or more dimensions while also revealing relationships

among the taxa [16]. Past studies in CS education have employed

educational taxonomies to design learning objectives and assess

learning effectiveness [33], though researchers have argued that

general-purpose frameworks such as Bloom’s taxonomy and SOLO

do not fully capture the distinctive characteristics of computer

science learning, particularly in programming-related contexts [12].

After the rise of LLMs, behavioral analysis of programming

interaction has become more important and complex. Copilot, an

LLM-based code generation tool, can produce correct solutions

to many introductory programming problems, raising questions

about how its presence reshapes student work [35]. In CS education

specifically, LLM-based programming assistants support students

during coding tasks while also reshaping their interaction patterns,

problem-solving processes, and reliance on AI assistance [14, 20,

22]. As a result, programming sessions generate large amounts

of human-AI interaction traces not easily described by traditional

educational taxonomies alone [2, 27]. To address this gap, Mozannar

et al. [27] proposed a taxonomy representing AI-assisted coding

sessions as timelines of transitions across programmer activities,

while Barke et al. [2] showed that Copilot use also reflects broader

interaction modes, such as acceleration and exploration.

Despite these developments, taxonomies specifically designed

to characterize student behavior in LLM-assisted programming

contexts remain rare. In this work, we introduce a taxonomy of

learner behavioral profiles for AI-assisted programming education,

aiming to make student–AI interaction patterns more visible and

interpretable in educational settings.

2.2 Help-Seeking Quality and AI Dependency
With the advancement of AI, students increasingly rely on them to

complete assignments rather than as learning aids, raising concerns

about over-reliance and reduced independent problem-solving [17,

23, 37]. Recent work in CS education has developed tools that

leverage LLMs for scaffolded hint generation while incorporating

guardrails to prevent solution delegation [14, 20, 22]. However, even

when system-level constraints limit the model’s output, students

bypass them when given the option: Kapoor et al. [18] deployed

an AI TA with an optional “See Solution” control that disabled the

guardrails, and 50% of 885 students used it on at least one problem,

with 14% using it on all three.

To mitigate these behaviors, several approaches shape or qual-

ify student queries before they reach the underlying LLM. Code-

Help [22] replaces a single free-form box with structured fields for

language, code, error message, and issue description, and runs an

LLM-based sufficiency check that returns a clarification request

when a query lacks critical information. CodeAid [20] similarly

offers feature-specific input templates that scaffold how students

frame a request. However, these approaches intervene based on the

content of the query itself, not the behavioral context that preceded

it. A student who spent five minutes debugging independently be-

fore asking and a student who re-queried immediately after the last

Figure 1: The student interface with task description, code
editor, terminal, test cases, and AI chat window.

response may submit identical questions, yet require fundamen-

tally different pedagogical responses. TutorTrace addresses this gap

by making the behavioral context surrounding each query visible

and computable, enabling interventions grounded not in what the

student says, but in what they did before saying it.

3 System
TutorTrace is a task-based IDE platform with LLM support, similar

in structure to LeetCode
2
and HackerRank

3
.These platforms share

a fixed layout containing a task description, test cases, code editor,

terminal, and AI chat window, constraining student activity to a

well-defined interaction space, making fine-grained behavioral ob-

servation within this environment both feasible and reproducible.

As students complete programming tasks, TutorTrace passively cap-

tures and translates low-level telemetry into behavioral sequences

and observable metrics in real time, providing programmatic access

to the behavioral context that human tutors observe intuitively but

that existing AI tutoring systems do not see.

3.1 Telemetry Capture
TutorTrace captures fine-grained user interactions within the inter-

face, recording 37 event types across six source regions (Table 2).

Events are captured continuously on the client side and batched

to the back end every five seconds with no impact to the student’s

workflow. Each recorded event includes a millisecond timestamp,

source region, and payload. A student’s full stream of telemetry

events enables a full-fidelity replay of their session in the Behav-

ioral Labeling Interface (Appendix A, Figure 4) and serves as the

foundational input to our behavioral abstraction pipeline (Figure 2).

A complete schema of all 37 event types with example payloads

is provided in Appendix C, Table 10

3.2 LLM Integration
Our system is integrated with GPT-4o

4
, accessible via the chat

window panel. The prompt is grounded in prior literature on ped-

agogical prompting strategies for AI tutoring and is structured

2
https://leetcode.com/

3
https://www.hackerrank.com/

4
https://openai.com/index/hello-gpt-4o/

https://leetcode.com/
https://www.hackerrank.com/
https://openai.com/index/hello-gpt-4o/
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Table 2: Telemetry events captured by TutorTrace, grouped
by source region.

Region Example Events Example Payload

Code Editor TYPE, DELETE, PASTE, Characters, cursor

(11 types) COPY, CUT, UNDO, position, selection

REDO, SELECT, INDENT range

Terminal RUN, OUTPUT, ERROR, stdout, error type

(6 types) RESULT, SELECT, COPY and message, test

pass/fail counts

Chat QUERY, RESPONSE, Message content,

(9 types) TYPE, DELETE, PASTE, length, latency,

SELECT, COPY sender ID

Task/Tests SELECT, COPY Selected text,

(4 types) source region

Global MOUSE_CLICK, Coordinates, active

(5 types) TAB_STATE, region, tab

WINDOW_RESIZE, visibility, panel

PANEL_RESIZE, dimensions

MOUSE_MOVE

Session START, END Window dimensions,

(2 types) duration

around three escalating levels of scaffolding [19, 29, 36]. It was

iteratively refined through pilot testing until the LLM consistently

adhered to the following principles (Appendix D):

(1) Socratic Questioning:Guide the student toward the answer
through targeted questions rather than direct explanation.

Avoid revealing solutions [20].

(2) Conceptual Hint: Provide a high-level conceptual nudge
identifying the relevant concept or approach without speci-

fying implementation [22].

(3) Concrete Scaffolding: Provide direct, specific guidance

using pseudocode and blanks when the student has demon-

strated sustained effort without progress [19].

4 Behavioral Classification
While prior work often derives behavioral labels from heuristic

rules alone, we ground ours in the judgment of four domain-expert

annotators, each with teaching and research experience in CS ed-

ucation. To label learner sessions, annotators used the Behavioral

Labeling Interface (Appendix A), which presents a replay of the

learner’s session, a session timeline, and a behavioral codebook

for annotating observed behavior directly onto the timeline. An-

notators independently coded replays of learner sessions and met

weekly to reconcile disagreements in their classifications.

4.1 Codebook Development
We derived our initial behavioral categories from prior literature

on programming behavior and help-seeking [4, 27]. We iteratively

refined the codebook through 10 pilot labeling sessions drawn from

a preliminary deployment in an intermediate Python course at our

institution. During this phase, four domain-expert annotators in-

dependently segmented and labeled 10 pilot sessions (each 5–13

minutes of learner activity, mean 9 minutes) using the Behavioral

Labeling Interface (Appendix A). The annotators met weekly to

reconcile disagreements over segment boundaries and behavioral

classifications, updating the codebook as needed (Appendix B, Ta-

ble 9). The finalized codebook, presented in Table 3, served as the

basis for the segmentation and classification rules used by our

automated behavioral classification pipeline.

Table 3: Behavioral codebook used by domain-expert annota-
tors to label learner sessions. The table lists each behavior, its
subtypes and definition, and the corresponding automated
segmentation and classification rule derived through anno-
tator consensus except where noted.

Behavior Subtype Definition Derived rule

Implementing — Writing new

code

CODE_EVENT with no un-

resolved terminal error

Debugging — Fixing an er-

ror

CODE_EVENTs while an un-
resolved error or failed

test exists

Testing
†

— Executing

tests

Automatically marked

at each TERMINAL_RUN
event

Thinking

Task Reading the

task

≥3s inactivity before any

CODE, TERMINAL, or

CHAT EVENT

Code Reviewing

code

≥6s gap between code

edit events

Error Reading an er-

ror

≥3s inactivity after

TERMINAL_ERROR

Pre-query Formulating

query

≤5s pause before

CHAT_QUERY (stored as

metadata)

Response Reading AI re-

ply

CHAT_RESPONSE when

the preceding segment

was chat input

Seeking

Help

— Typing query

to AI

CHAT_TYPE, CHAT_QUERY
events

Idle — No activity No events of any type for

>15s

Off-Topic — Unrelated ac-

tivity

Input unrelated to task

Unknown — Cannot clas-

sify

Unknown telemetry

event

† Testing was not manually annotated. Because test execution is directly observable,
each TERMINAL_RUN event was automatically inserted as a run marker on the Behavioral
Labeling Interface timeline.

4.2 Behavioral Segmentation
The most challenging aspect of manual annotation was determining

precise segment boundaries. Across the pilot sessions, annotators

generally agreed on which behavior was occurring but differed

in the exact timing of its start and end. The mean discrepancy in

boundary placement across annotators was 2.3 seconds. During
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Table 4: Pairwise agreement among learner self-reports, ex-
pert annotations, and the automated classifier across six user-
study sessions. Cohen’s 𝜅 [8] and raw percentage agreement
are reported for each behavior and overall.

Self vs Expert Expert vs Auto Self vs Auto

Behavior 𝜅 Agr. 𝜅 Agr. 𝜅 Agr.

Implementing 0.93 97% 0.95 98% 0.98 99%

Debugging 0.76 96% 0.88 98% 0.71 94%

Seeking Help 0.90 98% 1.00 100% 0.90 98%

Thinking:
Task 0.92 96% 0.96 98% 0.95 98%

Code 0.64 87% 0.34 82% 0.32 78%

Error 0.54 87% 0.42 84% 0.42 79%

Pre-query 0.50 97% 1.00 100% 0.50 97%

Response 0.50 89% 1.00 100% 0.50 89%

Overall 0.79 83% 0.83 87% 0.73 78%

weekly reconciliation meetings, we found this stemmed from the

cognitive load of continuously watching session replays rather than

any conceptual disagreement on what constituted a behavioral tran-

sition. Annotators reported that identifying the behavior itself was

straightforward, whereas pinpointing the exact time of transition

required sustained attention that naturally degraded over longer

sessions.

To address this, the first author reviewed all independently an-

notated boundaries and synthesized them into proposed consensus

segment boundaries. To verify these, all annotators then rewatched

each session while the first author verbally announced each bound-

ary as it occurred. This reconciliation process yielded consensus on

all segment boundaries.We used the resulting consensus boundaries

to derive the automated segmentation rules described in Appen-

dix F, Algorithm 1.

4.3 Validation
We validated the pipeline in two stages. First, we established inter-

rater reliability among human annotators across the 10 pilot ses-

sions to confirm the codebook was sufficiently stable before scaling.

Second, we conducted a user study with 13 participants who com-

pleted two Python programming tasks and then self-labeled their be-

havior using the Behavioral Labeling Interface. Our domain-expert

annotators independently labeled six of these sessions, allowing us

to triangulate agreement across three sources: learner self-reports,

expert annotations, and the automated classifier. Testing was ex-

cluded from the agreement analysis because test executions were

directly observed from TERMINAL_RUN events rather than indepen-

dently annotated. Across the three pairwise comparisons, overall

Cohen’s 𝜅 ranged from 0.73 to 0.83, and overall raw agreement

ranged from 78% to 87% (Table 4).

We also found several recurring edge cases that raw IDE teleme-

try could not differentiate alone. For instance, after receiving an

error, a learner might ignore it and continue implementing a sep-

arate feature, making Implementing difficult to distinguish from

Debugging. In the same vein, Thinking about Code may be difficult

Table 5: The 35 candidate observable metrics grouped by
observable area, drawn from prior IDE-based learning an-
alytics literature [4, 27]. Metrics marked † were excluded
during pruning.

Observable Area Metrics

Code activity code_edits code_edit_rate
chars_inserted chars_deleted
code_deletes net_code_growth
delete_type_ratio code_pastes†

Terminal activity terminal_runs terminal_errors
max_consecutive_errors mean_time_between_runs_s

Error recovery error_self_fix error_reading_time_s
error_to_edit_s failed_test_to_edit_s
failed_test_self_fix

Time distribution time_in_editor_s time_in_terminal_s
time_in_chat_s time_in_task_s
time_in_tests_s longest_idle_s
tab_hidden_time_s†

Chat behavior thinking_time_s seeking_help_time_s
duration_s response_reading_time_s
chat_to_code_latency_s

Interface events tab_switches† copy_events†

paste_events† undo_events†

redo_events† select_events†

†
Excluded during pruning: sparse metrics (> 80% zeros) and metrics capturing

activity outside the instrumented workspace.

to distinguish from Thinking about Error. For these situations, se-
mantic understanding is needed to differentiate the behavior. We

discuss further in Section 9.

5 Observable Metrics
While behavioral sequences capture the temporal progression of

learner behavior, they do not provide insights into the learners’

aggregate activity within these temporal windows, such as the fre-

quency of code edits, terminal runs, and character deletions. To

capture this aggregate activity, we compute observable metrics that

convert raw IDE telemetry into intuitive measures of the amount,

frequency, and distribution of learner activity within a specific

temporal window. Together, behavioral sequences and observable

metrics provide complementary perspectives on the temporal evo-

lution and aggregate characteristics of learner behavior within the

programming environment.

We compute 35 candidate observable metrics drawn from prior

IDE-based learning analytics literature (Table 5). These metrics cap-

ture complementary dimensions of code activity, terminal activity,

error recovery, time distribution, chat behavior, and interface events.

After excluding sparse metrics (> 80% zeros) and metrics capturing

activity outside the instrumented workspace, 27 observable metrics

remain. Together, the retained metrics provide general-purpose

aggregate representations of learner activity.

6 Deployments and Dataset
We deployed TutorTrace across four deployments in two introduc-

tory Python courses at our institution (Table 6). Deployments 1

and 2 were conducted with Instructor A using a task focused on

list indexing, slicing, and in-place manipulation with a 15-minute

time limit. Deployments 3 and 4 were conducted with Instructor B
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Figure 2: TutorTrace behavioral abstraction pipeline. Raw telemetry events (A) are aggregated into window-specific observable
metrics (B) and auto-segmented into behavioral sequences (C). Observable metrics support assignment to the behavioral profiles
derived in the TutorTrace Taxonomy (D), while behavioral sequences preserve recent ordered activity. These representations
can be incorporated into an AI tutor prompt to support behavior-aware adaptation.

using a task focused on nested lists and iteration. Full task descrip-

tions and test cases are provided in Appendix I. Due to scheduling

constraints in the second course with Instructor B, students in De-

ployments 3 and 4 completed the task under a 10-minute time limit

rather than the 15 minutes used in Deployments 1 and 2, which may

have contributed to the lower completion rates in those sessions.

The predictive models reported in Section 7.4.5 were trained on

Deployment 1 (Instructor A, morning, 𝑛 = 190) and evaluated on

held-out Deployment 2 (Instructor A, afternoon, 𝑛 = 113), provid-

ing a cross-cohort evaluation under the same instructor and task

but at a different time of day. Deployments 3 and 4 supported a

preliminary classroom evaluation examining whether behaviorally

aware prompts could support changes in learner behavior at scale

(Section 7.3). Deployment 3 (Instructor B, morning, 𝑛 = 70) served

as the baseline condition, while Deployment 4 (Instructor B, af-

ternoon, 𝑛 = 107) served as the intervention condition, in which

the AI tutor’s prompts were informed by each learner’s behavioral

profile.

Table 6: Deployment context across four sessions.

Deployment 1 2 3 4

Instructor A A B B

Time limit 15 min 15 min 10 min 10 min

Task Playlist Playlist Grade Book Grade Book

Total students 190 113 70 107

Used AI 94 90 48 85

AI Interactions 428 540 190 228

Task completion 87.2% 82.3% 34.7% 44.3%

Together, these deployments yield the TutorTrace foundation

dataset, comprising approximately 180K raw telemetry events, 27

continuously computed observable metrics, and 13,633 automati-

cally classified behavioral sequences (Layers A–C in Figure 2).

7 The TutorTrace Taxonomy
While our real-time behavioral abstraction pipeline enables sys-

tems to be behaviorally aware, making this awareness actionable

requires identifying the recurring behavioral signatures that are

both distinct and associated with differences in task outcomes.

We’re interested in both distinct behavioral signatures and task

outcomes because learners who are performing poorly with high

effort, and those that are performing well with low effort, each re-

quire fundamentally different pedagogical responses. We therefore

derive the TutorTrace Taxonomy, which organizes learner activ-

ity surrounding AI help-seeking into recurring behavioral profiles,

their respective outcomes, and expert-informed interventions that

are provided to the AI tutor’s prompt.

7.1 Taxonomy Construction
We organize the analysis across three temporal windows, each cap-

turing a distinct stage of the help-seeking cycle: learner activity

before the first AI query (Window 1), activity between consecutive

queries (Window 2), and recurring inter-query patterns across the

session (Window 3). We truncate each session at its first all-pass test

result, which marks the end of task-directed activity and prevents

post-completion behavior from influencing the profiles. For learn-

ers who do not complete the task, we retain activity through the

observed session end. We also exclude individual windows contain-

ing more than 30 seconds of tab-hidden time to limit the influence

of unobserved off-platform activity

Windows 1 and 2 follow an outcome-guided clustering procedure

intended to identify behaviorally distinct profiles that also differ

meaningfully in task outcomes. We first separate observations with

no observable programming effort, defined as zero code edits and

zero terminal runs, into rule-defined profiles. These observations

represent a qualitatively distinct state rather than simply a low-

activity version of active behavior, and including them in K-means

could cause the zero-inflated observations to dominate the resulting

clusters.

For the remaining active observations, we construct a window-

specific candidate metric pool so that clustering uses only measures

meaningful within that stage of the help-seeking cycle. We exclude

metrics that are inapplicable to the window or zero-valued in more

than 80% of observations because they provide little discriminative

information and may produce unstable or artifact-driven clusters.

We exhaustively evaluate every three-metric combination from

the resulting candidate pool. For each combination, we standard-

ize the metrics and apply K-means [26] with 𝐾 ∈ {2, 3} using 10



TutorTrace: A Dataset and Taxonomy for Classifying Learner Behavioral States during AI-Assisted Programming Education UIST ’26, November 02–05, 2026, Detroit, MI, USA

Window 1. Before First Query

Profile Description

Cold Start


No prior attempt before first query

Oriented

Intervention

Scaffold task entry. Offer pseudocode 
with blanks. End with a “Try:” starter.

31 (20%)

N(%) Think

72 s

Runs

0.0

Err.

0.0

Comp.

97%

Acknowledge the attempt. Unblock the 
specific error or gap. 100 (66%) 98 s 1.2 0.7 92%

Made a genuine attempt, moderated code and effort

Struggling

Extensive effort but no resolution with high runs, errors, edits

Window 2. Between Queries

Profile Description

Passive


Zero new effort since last AI response.

Iterating

Diagnose the misconception. Explain 
why the approach fails. Give a precise 
redirect.

Intervention

Try a different angle. Require student 
action before answering.

318 (46%) 18 s

21 (14%)

N(%) Think

165 s

Runs

4.2

0.0

Err.

2.5

0.0

Comp.

67%

81%

Validate the approach. Nudge toward 
the next step 290 (42%) 31 s 1.0 0.5 84%

Light effort One run, some edits, low error count. 

Steady progress.

Debugging

Recognize the effort. Name the error.

Escalate scaffolding

56 (8%) 57 s 3.7 2.8 79%

Multiple runs and errors
Spinning

High thinking and edits but barely tests. 

Writing without executing.

Window 3. Session-Wide Behavioral Patterns

Profile Description

Passive Re-querying

Interrupt the loop. Direct to run code 
now. Explain why and how testing 
reveals the issue.

Intervention

22 (3%)

N(%)

149 s

Passive

1.8

Tested

0.6

Comp.

50%

Repeatedly re-queries with

little observable coding or execution.

Active Testing

Require a concrete action before 
another response, such as editing or 
running the code.

47 (42%) 70% 22% 79%

Use the latest test result to identify the 
specific error and guide the next step. 31 (28%) 20% 77% 81%

Regularly edits and executes code between queries.


Untested Editing
Prompt the learner to run the current 
code and inspect the result before 
further explanation.

34 (30%) 35% 23% 88%

Writes code but often skips testing before asking

Thinking Implementing Seeking Help Debugging Testing

Figure 3: The TutorTrace three-window behavioral taxonomy. Each window captures a distinct moment in the help-seeking
cycle, characterized by different behavioral signals and requiring different intervention strategies.
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initializations. We discard solutions containing fewer than 15 obser-

vations in any cluster. For each remaining solution, we calculate its

silhouette score [30] and the spread between its highest and lowest

task-completion rates. Candidate solutions are ranked according

to:

score = silhouette × completion-rate spread.

We perform clustering using behavioral metrics only. Completion

rates are used to select among candidate solutions that produce

behaviorally distinct groups. Because completion informs the se-

lection of the final solution, the resulting differences in completion

rates across clusters are descriptive rather than confirmatory. After

selecting a solution, we assign profile names based on the behav-

ioral patterns represented by each cluster centroid.

7.1.1 Window 1: Before the First Query. In Window 1 each learner

contributes one set of aggregate metrics capturing their activity

before their first query. Learners with zero code edits and zero

terminal runs during this period are assigned to the rule-defined

Cold Start profile (𝑛=31). The remaining 121 active learners are

included in the exhaustive search.

The highest-ranked solution uses time_in_editor_s, time_i
n_terminal_s, and time_in_chat_s at 𝐾=2 (𝑠=0.420; completion-

rate spread=25.3 percentage points). Based on their behavioral

centroids, the resulting clusters are labeled Oriented (𝑛=100) and

Struggling (𝑛=21). Together with Cold Start, these profiles distin-

guish initial help-seeking that follows no observable programming

attempt, a moderate active attempt, or an extended period of un-

successful effort.

7.1.2 Window 2: Between Consecutive Queries. In Window 2, each

interval between consecutive AI queries contributes one set of

aggregate metrics capturing the learner’s activity after one AI re-

sponse and before their next query. Learners may therefore con-

tribute multiple Window 2 observations and may exhibit different

profiles at different points in a session.

Inter-query windows with zero code edits and zero terminal

runs following the preceding AI response are assigned to the rule-

defined Passive profile (𝑛=318). We combine eligible post-response

and subsequent-effort metrics into one candidate pool and apply the

shared exhaustive search to the remaining 368 active windows. Each

interval inherits the task-completion outcome of its corresponding

session.

The highest-ranked solution uses time_in_editor_s, thinki
ng_time_s, and error_self_fix at𝐾=3 (𝑠=0.547; completion-rate

spread=33.8 percentage points). Based on their centroids, the result-

ing clusters are labeled Iterating (𝑛=290), Debugging (𝑛=56), and

Spinning (𝑛=22). Together with Passive, these profiles distinguish

repeated queries made without observable programming activity

from queries following brief iteration, active error recovery, or

prolonged activity with limited execution.

7.1.3 Window 3: Session-Wide Re-querying Patterns. Whereas Win-

dow 2 characterizes individual inter-query moments, Window 3

summarizes whether particular forms of inter-query behavior recur

across the session. We aggregate each learner’s valid Window 2

intervals and retain learners with at least two such intervals, en-

suring that the representation captures a recurring pattern rather

than a single observation. This yields 112 eligible learners.

We assign each inter-query interval to one of three mutually

exclusive behavioral categories: Passive, containing no code edits

or terminal runs; Tested, containing at least one terminal run; or

Active Untested, containing code edits but no terminal run. We

then represent each learner using four session-level measures: the

proportion of Passive intervals, the proportion of Tested intervals,

the proportion of Active Untested intervals, and the longest con-

secutive Passive streak normalized by the learner’s number of valid

intervals.

We standardize these four measures and apply K-means for 𝐾 ∈
{2, 3, 4, 5, 6} using 100 initializations. As in the preceding windows,

we exclude solutions containing fewer than 15 learners in any

cluster. Unlike Windows 1 and 2, task completion is not used for

either clustering or model selection; we select the eligible solution

with the highest silhouette score.

The highest silhouette score occurs at 𝐾=3 (𝑠=0.399), producing

the Passive Re-querying (𝑛=47), Active Testing (𝑛=31), and Untested

Editing (𝑛=34) profiles. The assignments are identical across 20

random seeds (ARI [15]=1.000).

7.2 Characteristics of Behavioral Profiles
The three windows capture complementary aspects of AI help-

seeking: activity before a learner’s first query, activity after an

AI response and before the learner’s next query, and recurring

re-querying patterns across the session. Because task completion

informed the exploratory selection of the Window 1 and Window

2 clustering solutions, their completion rates are reported as de-

scriptive characteristics rather than as independent evidence of

profile validity. Task completion did not inform the construction or

selection of the Window 3 profiles; its completion rates are likewise

reported descriptively.

Window 1: Before the First Query. Cold Start learners comprised

20% of the Window 1 population (𝑛=31). These learners made no

code edits or terminal runs before their first query, although their

pre-query periods averaged 72 seconds. The corresponding sessions

had a 97% completion rate. Oriented learners (𝑛=100, 66%) exhibited

moderate pre-query activity and had a 92% completion rate. In

contrast, Struggling learners (𝑛=21, 14%) spent substantially longer

before querying, averaging 165 seconds, 4.2 terminal runs, and 2.5

errors. Their corresponding sessions had a 67% completion rate.

These profiles complicate the assumption that greater pre-query

effort necessarily signals better progress. In which, Cold Start learn-

ers completed the task at high rates despite making no observable

programming attempt, whereas Struggling learners invested the

most time and encountered the most errors but completed at the

lowest rate. Rather than implying that low effort is beneficial, this

contrast suggests different pedagogical needs: Cold Start learners

may require prompting to engage independently, while Struggling

learners may have exhausted their current strategies and require

more direct scaffolding. An adaptive tutor should therefore respond

not only to the amount of prior activity, but also to what that

activity indicates about the learner’s progress.

Window 2: Between Queries. Passive behavior accounted for 46%

of valid inter-query windows (𝑛=318). In these windows, learners

issued another query without editing or executing their code after
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receiving the preceding AI response. The corresponding sessions

had an 81% completion rate.

Among active windows, Iterating was the most common pro-

file (𝑛=290, 42%). These windows involved relatively brief thinking

periods and modest execution activity, and their corresponding

sessions had an 84% completion rate. Debugging windows (𝑛=56,

8%) involved more frequent execution and error recovery, averag-

ing 3.7 terminal runs and 2.8 errors. Their corresponding sessions

had a 79% completion rate. Spinning windows (𝑛=22, 3%) involved

substantially longer thinking periods, averaging 149 seconds, but

comparatively limited execution activity. Their corresponding ses-

sions had the lowest completion rate among the Window 2 profiles

at 50%.

Because learners may contribute multiple inter-query windows,

these percentages characterize help-seeking moments rather than

fixed learner types. Together, the profiles distinguish repeated

queriesmadewithout observable programming activity from queries

following iteration, active debugging, or prolonged activity with

limited execution. These contexts could help an adaptive tutor deter-

mine whether to prompt independent work, support error recovery,

or help a learner move beyond an unproductive pattern.

Window 3: Session-Wide Re-querying Patterns. Passive Re-querying
learners comprised 42% of the Window 3 population (𝑛=47). On

average, 70% of their valid inter-query intervals contained no code

edits or terminal runs, 22% included code execution, and 8% in-

cluded editing without execution. The corresponding sessions had

a 79% completion rate.

Active Testing learners comprised 28% of the population (𝑛=31).

Their sessions were characterized by regular code execution: on

average, 77% of their inter-query intervals included at least one ter-

minal run, while 20% were Passive and 4% involved editing without

execution. The corresponding sessions had an 81% completion rate.

Untested Editing learners comprised the remaining 30% (𝑛=34).

On average, 43% of their inter-query intervals included code edits

without a subsequent terminal run, compared with 35% Passive

intervals and 23% Tested intervals. The corresponding sessions had

an 88% completion rate.

Whereas Window 2 characterizes behavior within individual

inter-query intervals, Window 3 summarizes which forms of inter-

query activity recur across a learner’s session. Together, the three

windows provide complementary context about when learners

request AI assistance, what they do between requests, and whether

those behaviors persist across the session.

7.3 Preliminary Evaluation
TutorTrace enables systems to detect and understand behavioral

context in real time. The natural next question is whether acting on

this information is associated with changes in learners’ observable

behavior. We therefore deployed the baseline system in a morning

session (Deployment 3, 𝑛=48 eligible AI users) and a treatment

version in an afternoon session (Deployment 4, 𝑛=85 eligible AI

users) for the same course and task.

In the treatment condition, the system appended a behavior-

aware intervention block selected from the learner’s recent activity

to the AI tutor’s prompt at each interaction (Appendix G). We

subsequently applied the revised Window 2 taxonomy to both

deployments to examine whether their profile distributions and

observable activity differed. This preliminary evaluation does not

measure learning gains or establish a causal effect.

Passive inter-query windows accounted for 50.0% of valid win-

dows in the baseline deployment and 20.7% in the intervention

deployment (−29.3 pp). Iterating windows accounted for 39.1% and

56.0%, respectively (+16.9 pp). The overall Window 2 profile dis-

tribution differed between deployments (𝜒2 (3)=27.55, 𝑝<.0001).
Because learners could contribute multiple windows, we also com-

pared each learner’s proportion of Passive windows. This learner-

level comparison was likewise significant (𝑈=1533, 𝑝<.0001).

The intervention deployment also exhibited more code edits

per valid inter-query window (23.7 vs. 11.7), more terminal runs

(2.1 vs. 1.0), and longer periods of activity between queries (74.9 s

vs. 47.0 s). Completion among eligible AI users was 33.3% in the

baseline deployment and 43.5% in the intervention deployment.

This difference was not statistically significant (𝑝=.273) and remains

confounded by the between-session design.

These exploratory findings indicate that behavior-aware prompt-

ing was associated with less Passive re-querying and greater ob-

servable activity between queries. However, the nonrandomized,

between-session design does not establish that the intervention

caused these differences.

7.4 Demonstration of Downstream Utility:
Prediction Tasks

The preliminary evaluation demonstrates how behavioral profiles

can support reactive adaptation during an AI interaction. We next

examine whether the telemetry and behavioral abstractions pro-

vided by TutorTrace support two additional predictive decisions:

query imminence, whether a learner will submit an AI query within

the next 60 seconds, and help-seeking type, whether an upcoming

query reflects guided or dependent help-seeking. Guided queries

articulate a specific need, question, or concern, whereas dependent

queries offload identifying the problem or determining the next

step to the AI.

Together, predictingwhen a learner is likely to query andwhether

that query will be dependent could allow systems to intervene pre-

emptively and encourage behaviors associated with more guided

help-seeking. For example, 96.7% of Cold Start queries were depen-

dent, compared with 30.9% and 28.6% for Oriented and Struggling

learners, respectively (Table 8).

7.4.1 Prediction Tasks. For query-imminence prediction, the
system maintains a 30-second observation window that advances

in 5-second steps. Each window is labeled according to whether

the learner submits an AI query within the following 60 seconds.

For help-seeking-type prediction, each query is paired with

the learner’s activity during the 15 seconds before submission. The

model predicts whether the query is guided, articulating a specific

goal, concept, problem, or misunderstanding, or dependent, offload-

ing identification of the problem or next step through a vague

request, completion directive, or code without a specific question.

This distinction parallels adaptive and unproductive help-seeking

in prior tutoring research [1, 25].

We use GPT-4o to label all queries offline as guided or dependent.

For each query, the model receives the query text, the learner’s
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Table 7: Held-out AUROC for query imminence (query within 60 seconds) and help-seeking type (guided vs. dependent within
15 seconds) across nested feature representations. Models were trained on Deployment 1 and evaluated on Deployment 2
(𝑛=113). Δ is relative to raw telemetry; bold indicates the best result.

Raw Telemetry +Observable Metrics +Behavioral Sequences

Prediction Task Description AUROC Δ AUROC Δ AUROC Δ

Query imminence Will the learner submit an AI query

within the next 60 seconds?

0.689 — 0.726 +0.037 0.719 +0.030

Help-seeking type Will the learner’s upcoming query

reflect guided or dependent help-

seeking?

0.690 — 0.717 +0.027 0.705 +0.015

Table 8: Guided and dependent help-seeking by behavioral
profile. Percentages are calculated within profiles.

Profile Labeled 𝑛 Guided Dependent

Window 1: Before the First Query

Cold Start 30 3.3% 96.7%
Oriented 97 69.1% 30.9%

Struggling 21 71.4% 28.6%

Window 2: Between Queries

Passive 318 25.8% 74.2%
Iterating 290 32.4% 67.6%
Debugging 56 35.7% 64.3%
Spinning 22 36.4% 63.6%

code at submission, and the preceding chat history. The full labeling

prompt is provided in Appendix H. Two human raters indepen-

dently classified 97 queries and achieved substantial agreement

(𝜅=.897) [21]. Agreement between GPT-4o and the two raters was

𝜅=.709 and 𝜅=.690, respectively.

For the prediction tasks, semantic labeling inputs were excluded.

Both tasks omit query-composition events (CHAT_TYPE, CHAT_DELETE,
CHAT_PASTE, and CHAT_QUERY), query text, source-code content,

chat history, and the subsequent AI response. This prevents query-

imminence models from detecting query composition, while help-

seeking-type windows end immediately before submission. The

models therefore rely only on preceding behavioral telemetry to

predict when help-seeking will occur and what form it will take.

7.4.2 Feature Representations. For both tasks, we compare three

nested feature representations to evaluate whether the higher-level

abstractions produced by TutorTrace provide predictive value be-

yond raw telemetry. Features are computed strictly within each

task’s observation window: 30 seconds for query imminence and

15 seconds for help-seeking type.

• Raw telemetry: counts of each telemetry event type within the

task-specific window.

• +Observable metrics: adds the observable metrics of Section 5,

computed within the same window.

• +Behavioral sequences: adds features derived from the auto-

classified behavioral sequences: time in each behavior, the cur-

rent and preceding behavior, and counts of transitions between

behaviors.

7.4.3 Experimental Protocol. For each task and feature represen-

tation, we train a Random Forest classifier using Deployment 1

(Instructor A, morning, 𝑛=190) and evaluate it on held-out Deploy-

ment 2 (Instructor A, afternoon, 𝑛=113; Table 6). Deployment 2

instances are excluded from model fitting and hyperparameter se-

lection.

We report area under the receiver operating characteristic curve

(AUROC) [11] as the primary measure of predictive discrimina-

tion. AUROC measures how consistently a model ranks positive

instances above negative instances across classification thresholds.

7.4.4 Profiles and Help-Seeking Type. Table 8 reports guided and

dependent help-seeking across behavioral profiles. In Window 1,

96.7% of labeled first queries from Cold Start learners were depen-

dent. In contrast, first queries fromOriented and Struggling learners

were more often guided (69.1% and 71.4%, respectively). Learners

who queried without first editing or executing code therefore ex-

hibited a markedly different help-seeking distribution from those

who engaged in observable programming activity before their first

query.

Differences were less pronounced in Window 2. Queries follow-

ing all four inter-query profiles were more often dependent than

guided, with rates ranging from 63.6% for Spinning to 74.2% for

Passive. Because learners may contribute multiple Window 2 ob-

servations, these percentages describe profile–query pairs rather

than independent learner groups. We therefore interpret them as

descriptive associations between the activity preceding a query and

the form of help-seeking that follows.

7.4.5 Prediction Results. Table 7 reports held-out AUROC across

the three nested feature representations. For query-imminence

prediction, raw telemetry achieved an AUROC of 0.689, while the

full representation including behavioral-sequence features achieved

0.719. Observable metrics alone performed best at 0.726, an absolute

improvement of 0.037 over raw telemetry.

A similar pattern emerged for help-seeking-type prediction. Raw

telemetry achieved anAUROCof 0.690, while the full representation

including behavioral-sequence features achieved 0.705. Observable

metrics alone performed best at 0.717, an absolute improvement of

0.027 over raw telemetry.

Across both tasks, observable metrics provided the largest gain

over raw event counts. Behavioral-sequence features remained

above raw telemetry but did not improve on observable metrics in

this Random Forest [6] evaluation. Together, these results suggest
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that window-level summaries of learner activity capture useful

signal about both the timing and form of help-seeking; Appendix J

reports window-size sensitivity, complete feature contributions,

and profile distributions.

8 Discussion
Our findings motivate a central design question: when an AI tutor

can see that a learner has been consistently passive, anticipate that

a query may be approaching, and estimate that the request will

reflect dependent help-seeking, how should it respond? TutorTrace

provides a foundation for educational system designers to build

around this question. By making learner behavior observable and

computable in real time, TutorTrace enables a new class of support

that guides learners toward the behavioral states where productive

AI use can emerge as a natural byproduct rather than as an explicit

goal.

Prior approaches to AI overreliance have emphasized AI lit-

eracy [24], restrictions on system use, and guardrails on model

responses [14, 18, 20, 22]. Our findings suggest a complementary

direction: supporting the learner’s behavioral process. In which,

rather than asking only how students should be taught to use AI,

we ask how can adaptive systems support the behaviors that make

productive help-seeking a likely outcome.

8.1 Design Implications
Interpret a query through the behavior that preceded it. In
Window 1, 96.7% of labeled first queries from Cold Start learners

were dependent, compared with 30.9% for Oriented and 28.6% for

Struggling learners. Although these associations do not establish

causality, they demonstrate that the query alone provides an in-

complete account of the learner’s needs. Tutors should incorporate

evidence of prior editing, execution, thinking, and error recovery

when deciding how to respond.

Scaffold the learners behaviors. Learners who repeatedly

query without editing or executing code may benefit from an inter-

vention that prompts a concrete action before further assistance,

whereas learners who edit without testing may benefit from be-

ing prompted to run and inspect their code. In our preliminary

comparison, behavior-aware prompting was associated with a re-

duction in Passive windows from 50.0% to 20.7% and increased

observable activity between queries. Because this comparison was

nonrandomized, it provides initial evidence rather than a causal

estimate.

Match support to the learner’s demonstrated effort. The
taxonomy suggests that uniform scaffolding is unlikely to serve

every learner equally. A Cold Start learner may require orientation

toward an initial step, a Passive learner may need encouragement to

act independently, and a learner engaged in extended unsuccessful

effort may require more direct support. The goal is therefore not

simply to restrict assistance, but to provide the level and form of

support appropriate to the learner’s current behavioral context.

8.2 Broader Implications
Toward behaviorally aware learning systems. This work en-

ables a new class of behaviorally aware systems that respond not

only to what learners say, but also to how they have worked leading

up to a help-seeking moment. By incorporating this process-level

context, such systems can create conditions for learners to succeed

by preserving productive struggle, supporting learner agency, and

providing scaffolding appropriate to their recent behavior.

9 Limitations and Future Work
Our data were collected during short introductory programming

tasks at a single institution, limiting generalizability across courses,

tasks, populations, and learning environments. The preliminary

evaluation compared a morning baseline deployment with an after-

noon intervention deployment without random assignment. Cohort

composition, time of day, or other unmeasured factors may there-

fore contribute to the observed behavioral differences. Future work

should evaluate the taxonomy and interventions across institutions

using randomized studies.

The Window 1 and Window 2 profiles were selected through

an exploratory procedure partly informed by task-completion dif-

ferences. Their completion rates should therefore be interpreted

as descriptive characteristics rather than independent validation.

Guided and dependent help-seeking labels were generated by GPT-

4o and validated against two human raters on a subset of queries.

Despite substantial agreement, these labels remain approximations

rather than direct measurements of learners’ cognitive engagement.

Our system also uses a single tutor model, GPT-4o. Behavioral

patterns and intervention effects may differ across models with dif-

ferent capabilities, response styles, or scaffolding strategies. Future

work should test whether the profiles and prediction tasks remain

stable across models.

Finally, the rule-based auto-segmentation pipeline lacks seman-

tic understanding of learner code and intent. For example, it may

classify edits as Debugging while an unresolved error remains even

when the learner is implementing an unrelated feature. Future work

should combine behavioral telemetry with lightweight semantic

code analysis and test whether reduced Passive re-querying im-

proves knowledge retention, transfer, and long-term help-seeking

behavior.

10 Conclusion
We presented TutorTrace, a dataset and real-time behavioral ab-

straction pipeline that makes the context surrounding learner–

AI interactions computable. Across 480 learners in four introduc-

tory Python deployments, TutorTrace captures approximately 180K

telemetry events, 13,633 auto-classified behavioral segments, and

27 observable metrics validated against expert labels and student

self-reports.

We derived a three-window taxonomy characterizing activity be-

fore the first AI query, between consecutive queries, and across the

session. In a preliminary between-deployment evaluation, behavior-

aware prompting was associated with a reduction in Passive inter-

query windows from 50.0% to 20.7%. Observable metrics also im-

proved held-out AUROC from 0.689 to 0.726 for query imminence

and from 0.690 to 0.717 for help-seeking type.

We release the TutorTrace dataset, taxonomy, classifier, and code

through the repository linked in the Introduction to support AI

tutors that respond not only to what learners say, but also to what

they do.
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A Behavioral Labeling Interface

Figure 4: The Behavioral Labeling Interface used by expert labelers to annotate student sessions. The interface presents a
session replay, a timeline for placing segment boundaries, and the behavioral codebook for classification.

B Codebook Change History
The behavioral codebook was iteratively refined across 10 pilot labeling sessions through weekly reconciliation meetings. Table 9 documents

each revision with the corresponding date and specific change.

Table 9: Codebook revision history across the pilot labeling phase, derived from platform configuration changes.

Date Change

Feb 2 Initial codebook: Implementing, Debugging, Think-

ing (with subtypes: Task, Code, Error, LLM Re-

sponse), Idle, Off-Topic, Unknown.

Feb 3 Added Seeking Help (“Typing a query or reading

LLM response”).

Feb 9 Revised Seeking Help description to “Typing a query”
only, removing “reading LLM response” to resolve

overlap with Thinking: LLM Response subtype.

Feb 10 Added Testing (“Running code and reviewing re-

sults”).

Mar 11 Removed Testing from manual labeling codebook

(captured by auto-segmentation rules). Added

Thinking: Pre-query subtype (“Asking LLM”) to cap-

ture formulation pauses before chat queries.

Mar 11 Codebook finalized. All labelers confirmed agree-

ment on category definitions and segmentation

rules.
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C Telemetry Event Schema

Table 10: Full telemetry event schema with example payloads from live deployments. Each event includes a millisecond
timestamp, source region, and event-specific payload. Long event names and payloads are abbreviated for space.

Event Type Description Example Payload

Code Editor (11 types)

CODE_TYPE Typed characters {code:"l", changes:[{to:0, from:0, text:"l"}],
raw_action:"input.type"}

CODE_DELETE Backspace/Delete {code:"...grade_boo", changes:[{to:101, from:100,
text:""}], raw_action:"delete.backward"}

CODE_DELETE_SEL. Deleted selection {code:"", changes:[{to:145, from:0, text:""}],
raw_action:"delete.selection"}

CODE_PASTE Pasted content {code:"...append([78,84,91])", changes:[{to:75,
from:75, text:"[78,84,91]"}], raw_action:"input.paste"}

CODE_COPY Copied to clipboard {selected_text:"grade_book = [[88,92,75],...]"}
CODE_CUT Cut to clipboard {code:"", changes:[{to:186, from:0, text:""}],

raw_action:"delete.cut"}
CODE_UNDO Ctrl+Z {code:"...append()", changes:[{to:88, from:76,

text:""}], raw_action:"undo"}
CODE_REDO Ctrl+Y {changes:[...], raw_action:"redo"}
CODE_SELECT Highlighted text {selected_text:"print(grade_book)"}
CODE_INDENT Tab key {code:"...for grade in grade_book:\n ", changes:[{to:96,

from:96, text:" "}], raw_action:"input.indent"}
CODE_UNKNOWN Unrecognized edit {code:"...li", changes:[{to:57, from:57, text:"i"}],

raw_action:"input.type.compose"}

Terminal (6 types)

TERMINAL_RUN Clicked Run Tests {code_length:180}
TERMINAL_OUTPUT stdout printed {output:"95"}
TEST_CASE_RESULT Test results {passed_count:2, total_tests:3, passrate:66.7,

detailed_results:[{passed:true, test_name:"Test Case
1"}, ...]}

TERMINAL_ERROR Runtime error {type:"UnknownError", message:"Traceback...IndexError:
list assignment index out of range"}

TERMINAL_SELECT Highlighted output {selected_text:"IndexError: list assignment index out
of range"}

TERMINAL_COPY Copied output {selected_text:"IndexError: list assignment index out
of range"}

Chat (9 types)

CHAT_TYPE Typed in chat {text:"h"}
CHAT_DELETE Deleted in chat {key_used:"Backspace", text_before:"...command fr",

text_after:"...command f", cursor_position:34}
CHAT_PASTE Pasted into chat {pasted_text:"IndexError: list assignment index out of

range"}
CHAT_QUERY Sent message to AI {text:"hi", length:2}
CHAT_RESPONSE AI response {content:"Great start! Let’s tackle this step by

step...", length:322, latency_ms:2495}
CHAT_SELECT_INPUT Highlighted input {selected_text:"what would code be"}
CHAT_SELECT_HIST. Highlighted history {selected_text:"what should I do?"}
CHAT_COPY_INPUT Copied from input {selected_text:"..."}
CHAT_COPY_HIST. Copied from history {selected_text:"what should I do?"}

Task / Tests (4 types)

TASK_SELECT Highlighted task {selected_text:"[78, 84, 91"}
TASK_COPY Copied from task {selected_text:"[78, 84, 91]"}
TEST_SELECT Highlighted test {selected_text:"New"}
TEST_COPY Copied from test {selected_text:"Print all scores"}

Global (5 types)

MOUSE_CLICK Clicked in workspace {x:0.588, y:0.183, region:"CODE_EDITOR", tag:"DIV",
className:"cm-content"}

MOUSE_MOVE Mouse position (50ms) {x:0.384, y:0.272, region:"CODE_EDITOR"}
TAB_STATE Browser tab switch {visible:false}
WINDOW_RESIZE Browser resized {width:1588, height:901}
PANEL_RESIZE Panel resized {panel:"left", newSize:456}

Session (2 types)

SESSION_START Entered workspace {window_width:1588, window_height:901}
SESSION_END Left workspace {duration_ms:542000}
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D LLM System Prompt
The system prompt provided to GPT-4o for every student interaction is shown in Figure 5. The prompt implements the three-level scaffolding

framework described in Section 3.2. The behavioral context blocks referenced in its final paragraph are reproduced in Appendix G. These

blocks could override the default escalation order by directing the model to begin at a higher scaffolding level, but did not override the

prohibition against providing runnable code.

Role: You are a supportive programming tutor embedded in an educational

coding environment. Your role is to help students develop problem-solving

skills through guided inquiry, not to solve problems for them.

Task Context: You will be provided with the task description, the

student’s current code, their test results, and the conversation history. Use

the conversation history to track escalation level and whether the student

has made progress.

Core Approach — Three-Level Scaffolding:
Level 1 — Socratic Questioning (default): Ask one targeted question that

directs the student’s attention to the relevant part of their code or problem.

Do not provide hints at this level.

Level 2 — Conceptual Hint: Name the relevant concept or method without

showing syntax, then ask a follow-up question.

Level 3 — Concrete Scaffolding: Provide a pseudocode skeleton with blanks

for the current step only. Never show the structure of the full solution. All

specific values, indices, and strings must be replaced with ___.
Absolute Rules:

(1) Never write runnable code in any programming language. When

showing patterns, use only pseudocode with blank placeholders

(___).

(2) Never scaffold more than one step at a time.

(3) Never skip escalation levels. Escalate exactly one level at a time.

(4) When the student moves to a new step or concept, always reset to

Level 1.

Escalation Rules: Start at Level 1 for each new concept. After each

response, assess whether the student made progress. If the current level did

not result in progress, escalate one level. Only one escalation per response.

If the student has no code and expresses uncertainty, begin at Level 2 with

a conceptual hint about the first step only. When the student completes a

step and moves to a new concept, reset to Level 1.

Response Guidelines: Keep responses concise (2–4 sentences plus one

question). Ask only one question per response. Reference specific lines,

variables, or test failures from the student’s actual code.

Behavioral Context Override: If a behavioral context block is present, it

describes what the student was doing before they asked. Use it to adjust

scaffolding approach and escalation pace. The behavioral context never

overrides the rule against writing runnable code; it only changes how

scaffolding is delivered (e.g., starting at a higher level, trying a different

angle, acknowledging effort).

Figure 5: The LLM tutoring system prompt provided to GPT-4o for every student interaction, implementing three escalating
levels of scaffolding with a behavioral context override.

E Foundation Dataset Structure
Table 11 summarizes the abstraction layers of the released foundation dataset and its overall scale.

Table 11: Foundation dataset structure. Layers A–C comprise the TutorTrace foundation; Layer D is derived in the TutorTrace
Taxonomy.

Layer Representation Scale

A: Raw Telemetry Timestamped IDE events ∼180K
B: Observable Metrics Effort intensity per window 27 features

C: Behavioral Sequences Auto-classified segments 13,633

D: Behavioral Profiles Clustered profiles 10 profiles

Student sessions 480

AI interactions 1,386

Queries 840
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F Auto-Segmentation Algorithm
Algorithm 1 presents the seven-step auto-segmentation pipeline that translates raw telemetry events into labeled behavioral sequences. Each

step corresponds to a rule derived from expert-labeler consensus during codebook development (Section 4.1).

Algorithm 1 Auto-Behavioral Classification Pipeline

Require: Events 𝐸 = [𝑒1, . . . , 𝑒𝑛 ] with timestamps relative to session start; session duration 𝐷

Ensure: Ordered list of behavioral segments 𝑆 , each with behavior label and thinking subtype

Step 1: Build Major Segments
1: Classify each event by category: Code, Terminal, ChatInput, ChatResponse

2: Group consecutive same-category events into segments

3: if two consecutive Code events are separated by ≥ 6s, split into two segments

4: Assign initial behavior: Code→ Implementing, Terminal→ Testing, ChatInput→ Seeking Help, ChatResponse→ Thinking

Step 2: Fill Gaps with Thinking
5: for each gap between consecutive segments do
6: if gap ≥ 3s then
7: Insert Thinking segment spanning the gap

8: else
9: Extend the preceding segment to close the gap

10: end if
11: end for
12: Apply same logic to gaps before the first segment and after the last segment

Step 3: Merge Short Testing Segments
13: for each Testing segment with duration < 1.5s do
14: Absorb into the adjacent segment (prefer next; fall back to previous)

15: end for
Step 4: Absorb Pre-Query Pauses

16: for each Thinking segment of duration ≤ 5s do
17: if preceded by Implementing or Debugging and followed by Seeking Help then
18: Store pause duration as metadata on the Seeking Help segment

19: Extend the preceding segment to cover the pause

20: Remove the Thinking segment

21: end if
22: end for

Step 5: Apply Error State
23: Maintain flag hasUnresolvedError← false

24: for each segment in chronological order do
25: if segment contains TERMINAL_ERROR or a failed TEST_CASE_RESULT then
26: hasUnresolvedError← true

27: end if
28: if segment contains a TEST_CASE_RESULT where all tests pass then
29: hasUnresolvedError← false

30: end if
31: if segment is Implementing and hasUnresolvedError then
32: Relabel segment as Debugging

33: end if
34: end for

Step 6: Classify Thinking Subtypes
35: for each Thinking segment in chronological order do
36: if no code, terminal, or chat activity has occurred yet then
37: Label as Thinking: Task ⊲ Reading the task description

38: else if preceding segment was Seeking Help then
39: Label as Thinking: Response ⊲ Reading AI reply

40: else if most recent terminal run produced an unresolved error then
41: Label as Thinking: Error ⊲ Reading an error message

42: else
43: Label as Thinking: Code ⊲ Reviewing own code

44: end if
45: end for

Step 7: Post-Process
46: Fix any remaining unlabeled segments (terminal events→ Testing; otherwise→ Thinking)

47: Merge consecutive segments with the same behavior label

48: Re-index all segment IDs

49: return 𝑆



TutorTrace: A Dataset and Taxonomy for Classifying Learner Behavioral States during AI-Assisted Programming Education UIST ’26, November 02–05, 2026, Detroit, MI, USA

G Behavior-Aware Intervention Prompts
In the treatment condition (Section 7.3), the system appended one of five behavior-aware context blocks to the student’s query. Cold Start was

used for a learner’s first query when no code edit or terminal run had occurred. For subsequent queries, the system selected among Passive,

Iterating, Debugging, and Spinning using online activity rules derived during system development. These deployment-time rules used the

same profile names as the later taxonomy but represented precursor heuristic states rather than assignments from the revised clustering

procedure. The prompts below reproduce the exact intervention text used during deployment. The revised taxonomy was subsequently

applied to both deployments to compare their Window 2 profile distributions.

Cold Start
This is the student’s first time asking for help. They have not written or run any code yet. Give them something concrete to start with — a pseudocode

scaffold with blanks to fill in. End your response with a single sentence starting with “Try:” that gives them that pseudocode starting point so they know what

to write next.

Passive
This student received help but has not written or run any code since. Try a different angle from your last response — do not repeat the same explanation.

Do NOT escalate your scaffolding level — stay at the same level but approach it differently. If the student asks “how to fix” or requests the answer directly,

acknowledge, redirect, and re-ask with pseudocode. If the student has just completed a step and is asking what to do next, start at Level 1 for the new step. If

the question is purely conceptual, answer it naturally. Otherwise, end your response with a single sentence starting with “Try:” that gives them one concrete

next action using pseudocode with blanks if code is involved.

Iterating
This student wrote some code but has not tested it. Do not give more explanation. If their current code would produce meaningful output (e.g. contains a

print statement, an expression, or enough logic to show a result), end your response with a single sentence starting with “Try:” telling them to run it. If

running it would produce no output, end with a “Try:” that asks them to add a specific print statement first so they can see what their code is doing.

Debugging
This student has been coding, testing, and hitting errors. They are engaged and struggling. Recognize their effort. Name the specific error and the

misconception behind it so they can read errors independently. Escalate to Level 2 or 3 immediately. End your response with a single sentence starting with

“Try:” giving them the targeted fix as a pseudocode pattern with blanks.

Spinning
This student has run their code many times and keeps hitting errors. They do not need encouragement — they need to be unblocked. Name the concept or

method they need, explain briefly why their current approach fails, and escalate to Level 3 immediately. End your response with a single sentence starting

with “Try:” that gives them the precise pseudocode pattern they need, with blanks for the specific values.
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H Help-Seeking Type Labeling Prompt
The system prompt shown in Figure 6 was provided to GPT-4o to classify each student query as guided or dependent. The model received

the student’s query, current code, and preceding chat history. These semantic inputs were used only to generate the offline help-seeking

labels and were excluded from the prediction models described in Section 7.4.

You are an educational assistant analyzing student help requests in

introductory programming courses.

Given a student query, their current code, and chat history, classify the

query as either GUIDED or DEPENDENT.
GUIDED — The student demonstrates independent thinking. They have

identified what they need help with and are actively steering their learning.

This includes:

• Asking a specific question about a concept (“What is a nested loop?”)

• Identifying a specific problem or confusion (“I’m not sure what to put in

the print statement”)

• Describing what they tried and what went wrong (“I tried using a for

loop but it only prints the first item”)

• Asking how to approach a specific step (“How do I iterate through each

student’s grades?”)

• Requesting clarification on a specific point from a prior AI response

(“What do you mean by iterating over the inner list?”)

• Answering the AI’s question with specific information (“The error is

IndexError on line 5”)

The key indicator: the student has done some cognitive work to formulate

what they need. The query communicates a specific need, question, or

confusion, even if brief.

DEPENDENT — The student is offloading cognitive work to the AI with

minimal independent effort. This includes:

• Pasting code with no question or description of the problem (implicit “fix

this for me”)

• Vague requests with no specifics (“help,” “it doesn’t work,” “idk”)

• Pure acknowledgments that delegate next steps (“ok do that,” “yeah,”

“sure,” “go ahead”)

• Empty or near-empty messages (“?,” stray characters)

• Requests that ask the AI to do the work (“can you just write it for me,”

“give me the code”)

• Repeating the assignment prompt or pasting instructions without any

attempt or question

• Answering the AI’s question with no effort (“idk,” “I don’t know,” “you

tell me”)

The key indicator: the student has not done cognitive work to identify

what they need. They are asking the AI to do the thinking for them.

Boundary cases — apply these rules:

• “I don’t know how to do X”→ GUIDED (they identified what they do not

know)

• “I don’t know” or “I’m stuck” alone, with no specifics→ DEPENDENT
• “Is this right?” with code→ DEPENDENT
• “Is this right? I’m not sure if my loop handles the last element”→ GUIDED
• Code pasted with “Why does this print the whole list instead of individual

scores?”→ GUIDED
• Code pasted with no question→ DEPENDENT
• “What about edge cases?” in the context of an ongoing conversation→
GUIDED
• “Ok,” “Thanks,” or “Got it” alone→ DEPENDENT
• “Ok, but how does that work with nested lists?”→ GUIDED

Confidence:

• high: clearly guided or clearly dependent

• medium: leans one way but has some ambiguity

• low: genuinely on the boundary

Return only a JSON object:

{
"queryEngagement": "guided" or "dependent",
"rationale": "1 sentence explaining why",

"confidence": "high/medium/low"
}

Figure 6: The help-seeking type labeling prompt provided to GPT-4o to classify each student query as guided or dependent
from the query text, the student’s code at submission time, and the preceding chat history.
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I Task Descriptions
Full task descriptions and test cases are reproduced below as presented to students.

Students were given a pre-populated list of song names and asked to complete four list manipulation steps within 15 minutes.

Deployments 1–2: Playlist (Python, 15 min)
You are given a list of song names called playlist. Complete the following steps:

(1) The song at index 4 was added by mistake. Replace it with “Purple Rain”.

(2) Remove the last 3 songs from the playlist using slicing.

(3) Reverse the playlist in place.

(4) Print every other song in the playlist using slicing with a step value.

Test cases:
1. "Purple Rain" in playlist→ True
2. len(playlist)→ 5
3. playlist[0]→ "Purple Rain"
4. playlist[::2]→ ["Purple Rain", "Imagine", "Bohemian Rhapsody"]

Students were given a nested list of test scores and asked to complete three list manipulation steps within 10 minutes.

Deployments 3–4: Grade Book (Python, 10 min)
You are given a list of lists called grade_book, where each inner list contains a student’s test scores. Complete the following steps:

(1) A new student joined the class with scores [78, 84, 91]. Add their scores to grade_book.
(2) The first student’s third score was entered incorrectly. Update it to 80.
(3) Using a nested for loop, print every individual score in grade_book, one per line.

Test cases:
1. len(grade_book)→ 4
2. grade_book[3]→ [78, 84, 91]
3. grade_book[0][2]→ 80
4. Nested loop prints all 12 scores, one per line.
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J Prediction Breakdowns: Observation Windows, Feature Contributions, and Profiles

Table 12: Held-out AUROC across observation-window sizes for both prediction tasks and all three feature layers. The 30-second
query-imminence row and 15-second help-seeking-type row correspond to Table 7; bold marks the configuration reported in
the subsequent tables.

Task Window Test 𝑛 Positive Raw +Obs. +Seq.

Query imminence 15 s 11,160 37.4% 0.657 0.690 0.707

30 s 10,825 38.2% 0.689 0.726 0.719

45 s 10,492 38.7% 0.701 0.734 0.720

60 s 10,165 39.1% 0.700 0.730 0.713

Help-seeking type 15 s 499 33.1% 0.690 0.717 0.705

30 s 499 33.1% 0.696 0.680 0.694

45 s 498 33.1% 0.691 0.674 0.696

60 s 495 33.3% 0.678 0.649 0.667

Table 13: Complete feature-contribution list (Random-Forest importances, all features with importance > 0) for query immi-
nence at its reported configuration (30 s window, observable layer).

Feature Imp. Feature Imp.

metric__time_in_chat_s 0.1465 metric__error_to_edit_s 0.0060

metric__longest_idle_s 0.0761 raw__TERMINAL_OUTPUT 0.0058

raw__event_density_per_s 0.0575 raw__CODE_SELECT 0.0057

metric__time_in_editor_s 0.0573 metric__failed_test_to_edit_s 0.0053

raw__event_count 0.0573 raw__TEST_CASE_RESULT 0.0043

raw__MOUSE_MOVE 0.0525 metric__max_consecutive_errors 0.0040

raw__CHAT_RESPONSE 0.0507 raw__TERMINAL_ERROR 0.0038

metric__time_in_terminal_s 0.0452 metric__terminal_errors 0.0037

raw__MOUSE_CLICK 0.0435 raw__CODE_PASTE 0.0028

metric__thinking_time_s 0.0393 raw__CODE_UNKNOWN 0.0027

raw__TAB_STATE 0.0278 raw__CODE_COPY 0.0026

metric__net_code_growth 0.0276 raw__PANEL_RESIZE 0.0026

metric__chars_inserted 0.0263 raw__CODE_DELETE_SELECTION 0.0020

metric__time_in_task_s 0.0248 raw__SESSION_START 0.0020

raw__CODE_TYPE 0.0247 metric__failed_test_self_fix 0.0020

metric__delete_type_ratio 0.0240 raw__CODE_INDENT 0.0019

metric__code_edit_rate 0.0236 metric__error_self_fix 0.0017

metric__code_edits 0.0230 raw__TASK_COPY 0.0016

metric__chars_deleted 0.0218 raw__TASK_SELECT 0.0014

metric__time_in_tests_s 0.0198 raw__CHAT_SELECT_HISTORY 0.0013

raw__CODE_DELETE 0.0152 raw__CHAT_SELECT_INPUT 0.0011

metric__code_deletes 0.0148 raw__TERMINAL_SELECT 0.0007

raw__TERMINAL_RUN 0.0072 raw__CODE_UNDO 0.0007

metric__error_reading_time_s 0.0070 raw__TERMINAL_COPY 0.0003

metric__terminal_runs 0.0069 raw__CODE_CUT 0.0002

raw__WINDOW_RESIZE 0.0069 raw__TEST_SELECT 0.0001

metric__mean_time_between_runs_s 0.0062



TutorTrace: A Dataset and Taxonomy for Classifying Learner Behavioral States during AI-Assisted Programming Education UIST ’26, November 02–05, 2026, Detroit, MI, USA

Table 14: Complete feature-contribution list (Random-Forest importances, all features with importance > 0) for help-seeking
type at its reported configuration (15 s window, observable layer).

Feature Imp. Feature Imp.

metric__longest_idle_s 0.1442 raw__TERMINAL_OUTPUT 0.0064

metric__time_in_editor_s 0.0984 metric__max_consecutive_errors 0.0054

raw__event_count 0.0922 raw__WINDOW_RESIZE 0.0050

raw__event_density_per_s 0.0881 raw__TERMINAL_ERROR 0.0049

metric__time_in_chat_s 0.0868 raw__TERMINAL_SELECT 0.0048

raw__MOUSE_MOVE 0.0786 metric__terminal_errors 0.0045

raw__MOUSE_CLICK 0.0625 raw__CODE_SELECT 0.0042

metric__time_in_terminal_s 0.0501 raw__CODE_COPY 0.0039

raw__CHAT_RESPONSE 0.0422 raw__TERMINAL_COPY 0.0036

metric__thinking_time_s 0.0361 raw__TASK_COPY 0.0025

metric__time_in_task_s 0.0173 raw__TASK_SELECT 0.0025

metric__code_edit_rate 0.0170 raw__TEST_CASE_RESULT 0.0024

metric__code_edits 0.0154 metric__error_reading_time_s 0.0022

raw__CODE_TYPE 0.0137 metric__mean_time_between_runs_s 0.0010

metric__net_code_growth 0.0132 raw__CHAT_SELECT_INPUT 0.0009

metric__chars_inserted 0.0123 raw__CHAT_SELECT_HISTORY 0.0005

metric__chars_deleted 0.0118 raw__PANEL_RESIZE 0.0004

metric__code_deletes 0.0109 raw__CODE_DELETE_SELECTION 0.0003

raw__CODE_DELETE 0.0109 metric__failed_test_self_fix 0.0002

metric__time_in_tests_s 0.0100 raw__CODE_PASTE 0.0002

metric__terminal_runs 0.0084 metric__error_to_edit_s 0.0002

metric__delete_type_ratio 0.0083 metric__error_self_fix 0.0001

raw__TERMINAL_RUN 0.0082 metric__failed_test_to_edit_s 0.0001

raw__TAB_STATE 0.0071

Table 15: Distribution of behavioral contexts among held-out query-imminence observation windows at the reported window
(30 s), with each context’s positive rate. Profiles are evaluation strata from the deployment-1–2 taxonomy models.

Behavioral context Windows Share Positive rate

W2: Iterating 1,837 17.0% 80.8%

After last query 1,787 16.5% 0.0%

No query this session 1,600 14.8% 0.0%

W2 context (invalid interval) 1,289 11.9% 21.5%

W1: Oriented 1,072 9.9% 52.6%

W2: Passive 1,061 9.8% 91.3%

W2: Spinning 607 5.6% 25.5%

W2: Debugging 566 5.2% 55.1%

W1: Struggling 436 4.0% 27.5%

W1 context (excluded from population) 327 3.0% 14.7%

W1: Cold Start 243 2.2% 82.7%

Table 16: Distribution of behavioral profiles among held-out help-seeking-type queries at the reported window (15 s), with each
profile’s guided rate.

Preceding profile Queries Share Guided

W2: Passive 186 37.3% 22.6%

W2: Iterating 166 33.3% 33.7%

W1: Oriented 47 9.4% 72.3%

W2: Debugging 28 5.6% 35.7%

W2 (invalid interval) 25 5.0% 36.0%

W1: Cold Start 20 4.0% 0.0%

W2: Spinning 13 2.6% 46.2%

W1: Struggling 10 2.0% 60.0%

W1 (excluded from population) 4 0.8% 50.0%
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