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Background Research Questions and Analysis Method
e Students are increasingly using (Generative Al) GenAl independently to do RQ1: How do students seek information and regulate their use of an
learning tasks. However, little is still known about which interaction LLM tutor while learning a mathematical-modeling skill?

patterns / strategies can help rather than compromise their active learning.

RQ2: What features of these interactions impact their independent tasks

e For this use to be pedagogically useful, we suggest the need for outcomes?

epistemic proactivity during Al use:

— We use LLMs to code (cross-validated with

- Regulation of the Al towards one’s epistemic needs,
human-expert codes):

Codebook

DEDUCTIVE — theory-driven

- Help-Seeking strategies that seek to support
rather than replacement of cognitive work,

Coded only for turns judged TASK-RELEVANT

off-task turns receive no Function, Request, or modelling codes
v

- Presence of Self-regulation functions,
- Help-Seeking strategies content,
- Mathematical modelling activity

Function — Level 2
Zimmerman 2000 — SRL phases

- Domain-specific proactive engagement.

MONITOR

REQUEST EVALUATE

Request typology — only when Function = REQUEST
Nelson 1986, Aleven 2003; Graesser 1994
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Pre-test I Post-test

e They tended to start the interaction with high-quality help-seeking and

mathematical modelling strategies, but shifted toward more mathematical

Students who were able to keep a balance between epistemically-proactive and validation and executive answer-seeking towards the end (i.e less epistemic
reactive behaviors, across the whole session, or who were successful in developing proactivity).

such behaviors over time, were the ones with better performance scores.

| | | N | e These two temporal shifts were associated with their learning performance
— Temporal developments in help-seeking and domain-specific strategies should be post-interaction (OLS model: F= 8.98, adj-R? .3 =, p <.0001).

monitored during Al use, to better understand students’ Al-supported learning.
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