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Abstract
Educational NLP systems are typically evaluated using enga ent metrics and satisfaction surveys, which are a
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gap belween researchers’ assumplions aboul educational LLM use and students’ real practices.
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This paper merits recognition for evaluating

LLM use in education in situ, moving beyond
standard benchmark-based evaluation and
toward a richer understanding of how these
systems are actually used by students. Its
careful experiments and strong theoretical
framing illuminate an important gap between
researchers’ assumptions about educational
LLM use and students’ real practices.

RimN (. ZENRNRD FI—D(CED < FHTmDZ4E 4
X, HBIRZICHITBLLMOFI % EER (ST U .
FH(CKDEEROFIHERD K DEVIBFEN ERHIAA
E;ﬁf%(#ﬁﬁéﬂéﬂgfﬁﬁo TRERIRSEER & nd &R
IBRIIRMEAZE D C. HBICHBITBLUMFAIARICET D
WMREBOEEE. ZEOEROMABITENEDORIICTFETS

k%%%&ﬁﬂﬁ%%ﬁcéﬂtm5o

/

« f1(CH Honourable Mention (top 1.5-2.5% of accepted papers) / SAC Highlight & DEE&#k (https://jkk.name/pubs/)

2


https://jkk.name/pubs/

SRR 5

« BTDACLORAB LMY 104 9 ORI B RERE & BB
Cd S EHRCAHLL T\ BH 1 — B SHEEHEE CRrn % 5

« HEALLMEARZ (CHEEMF UL D (CEODNTNDDH ?

« ERALLMOEEEN (Sa> TEDI TV ERI D6 DDIEIREZIRE
* SDDHBARAT —IHNSE100x45E. 712,650 A v tz—=2 04

s FEEDOHGLFEDERROHAICERERF VT
s FE(IFTFHMNIFENE LD BEERZRFDTHICLLMZFIF I S8R




FHE-AIXERZ M I D6 DDITENEIR

1. LOI: Learning Orientation Index
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4. ADR: Assignment Dependency Ratio
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LOI: Learning Orientation Index

CES: Conversational Engagement Score
SRS: Scaffolding Resistance Score

ADR: Assignment Dependency Ratio
CMI: Crisis Mode Indicator

UCI: Usage Concentration Index
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Human validation on 248%:%
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LOI CES SRS ADR

r Exact +1] r Exact #+1 T Exact +1 r Exact =1
GPT 4.1-mini Turn 0.62 66% 97% 042 50% 95% 0.64 56% 88% — — -
GPT 4.1-mini Whole 0.33 16% 449, 0.21 10% 58% 0.25 39% T75% 022 48% 65%
GPT 5 Turn 0.72  72% 99% 059 4% 92% 0.67 63% 91% — — —
GPT 5 Whole 0.47 19% 63% 046 34% 81% 049 47%  T79% 031 38% 54%
Rule-based - - - — — - - - ~ 0.35 82% 85%
Human-Human' 0.58 59% 100% 0.67 55% 88% 0.64 60% 85% 0.65 75% 82%

Table 1: Model-human and human-human agreement. r = Pearson correlation (top 5 rows), and weighted Cohen’s
kappa (bottom row). =1 = off-by-one accuracy. { row is based on 100 conversations, while the others are based on
248. GPT-5 turn-by-turn achieves highest correlations and consistently outperforms whole-dialogue analysis.
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3. MEDS2004
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1. EngagementhE < TE
learning-oriented & (PR 5780

ADR
LOI CES SRS Rule LLM CMI UCI
DrMattTabolism 33 35 16 3 41 20 o4

Dataset

DrNucleicAlice 38 72 33 2 39 13 67
MEDS2004 13 67 27 2 72 14 74
OLiMent 34 70 16 5 26 18 67
StudyChat 15 71 22 12 358 - 39

Table 2: Summary of pedagogical misalignment met-
rics by dataset. All values are scaled 0-1 and shown
as percentages (%). Higher values indicate: CES =
conversational engagement, SRS = scaffolding avoid-
ance, ADR = detection of assignment content, CMI/UCI
= crisis-driven usage. For LOI, lower values indicate
answer-seeking behaviour.

Platform AS E M

Constrained (n=400) 66.5 155 18.0
StudyChat (n=100) 920 20 6.0

Table 3: Learning Orientation Distribution by Platform
Type. Answer Seeking, Exploratory and Mixed. All
values shown are percentages (%).
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ADR
Dataset LOI CES SRS Rule LLM CMI UCI
DrMattTabolism 33 35| |16/ 3 41 20 o4

0 13 en « DrMattTabolism&

DrNucleicAlice 38 [72) 33 2 _ _ - e
MEDS2004 13 67 27 2 72 14 74 DrNucleicAliceldiEEDFIZ 13
OLiMent 4 70 16 5 26 18 67 AL N

StudyChat 15 71 22 12 358 - 39 ODT %/_-_73\ Eé?g (H%,Hﬂ(j:gfdté)

Table 2: Summary of pedagogical misalignment met-

rics by dataset. All values are scaled 0-1 and shown o ERASIIN TS5 57 XN ER

as percentages (%). Higher values indicate: CES = ANE . = —
convcrsalioﬁal cngagcmgm, SRS = scaffolding avoid- — EEE(JE < ;(\j- DE E?_(er\é -
ance, ADR = detection of assignment content, CMI/UCI — scaffoldin g/\d)j:‘iﬁilﬂ‘:5’5[,“’\J 21':'

= crisis-driven usage. For LOI, lower values indicate
answer-seeking behaviour.



3. Optional ALIFEERRIDCrisis tool(C/RD

ADR
Dataset LOI CES SRS Rule LLM CMI UCI
DrMattTabolism 33 35 16 3 41 20 64

DrNucleicAlice 38 72 33 2 39 13 |67
MEDS2004 13 67 27 2 72 14 |74
OLiMent 34 70 16 5 26 18 |67
StudyChat 15 71 22 12 58 - 39

Table 2: Summary of pedagogical misalignment met-
rics by dataset. All values are scaled 0-1 and shown
as percentages (%). Higher values indicate: CES =
conversational engagement, SRS = scaffolding avoid-
ance, ADR = detection of assignment content, CMI/UCI
= crisis-driven usage. For LOI, lower values indicate
answer-seeking behaviour.
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+ Brender et al., Who's Helping Who? When Students Use ChatGPT to Engage in Practice Lab Sessions (AIED 2024)

« Ghimire & Edwards, Coding with AI: How Are Tools Like ChatGPT Being Used by Students in Foundational Programming
Courses (AIED 2024)

< Liu et al., Understanding Student Engagement with Large Language Model-Powered Course Assistants (AIED 2025)
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