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Layer 2: knowledge monitoring

High
""""""""""""""""" PR Calibrated Mastery
Feedback example: | Aware of Limitations
Reinforcement & « Low testscore * High test score
strtegic helpsecking | g ) 2 (L] ,
Ideal KM state Layer 1: learning
performance
Low P High
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, e P iy Feedback example:
Feedback example: | Hllusory Confidence . chv ;5 scores < Consolidation &
Reinforcement & Ml o oo o R Con librati
Self-verification
strate ° LB p o
,,,,,,,,, 8Y  Liberal Criterion Feedback example:
; High test scores «— Consolidation &
T oowe Self-verification
Low + Tendency to judge ‘known
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FRT 5.

- 5L-04 -



5L-04

DEIM2026

FHEKIBR

BETEDHERS

NER (LT RE ]
FRUIDEX

| Week 14 - Question Breakdown

e T 2 N

—— o — m m Em mm m e e m mm mm m

Learning Performance (Test Accuracy) 1
Question  Knowledge Concept Result

@ Aware of Limitations @ Calibrated Mastery 1 ¢ Data Distribution 7 Correct
- Low Learning Performance - High Learning Performance @ Statistical Testing « Wrong
- High KM Abiliy (d') - High KM Ability (d') |

| a3 Edge Detection X Wrong
@ Hllusory Confidence @ Underconfident Mastery
- Low Learning Performance - High Learning Performance I s Averaging Filter v Correct
- Low KM Abilty (d) - Low KM Abilty (d) 1
- High False Confidence - Underestimates Knowledge
@ Liberal Criterion 1 Hit (A) False Alarm (8)
e Correct + Thought they knew Incorrect + Thought they knew
- Low KM Abilty (d') 1
- Rarely admit "don't know" i

/

|
|
|
|
|
|
|
|
|
1
|
\

a) SR
23 )0TA— >R
[E_E 7 RICA 2

Feed Up — Where am | going?

© Feed Back — How am | going?

CURRENT POSITION ~ LEARNING PERFORMANCE

Label: [ Calibrated Mastery Week 6

~7 Learning Performance: | Good © CorrectKcs

Greatest Common Divisor Problem  Bubble Sort
@ Knowledge Monitoring: [ Good
Heap Sort

R LEARNING GOALS ® Incorrect KCs
Computation Time Evaluation

Maintain | Calibrated Mastery
(D Incorrect KCs from Past Weeks

FOCUS AREAS Highly related to Week 6:

Counterfeit Coin Problem
7 Improve Learning Performance Medium Priority
Other:

Byte
@ Improve Knowledge Monitoring Z Low Priority

Continue refining both skils to maintain balanced excellence @ KNOWLEDGE MONITORING (WEEK 6)

Hit () Greatest Common Divisor Problem  Bubble Sort

Heap Sort
False Alarm (8) | Computation Time Evaluation
Miss (¢) | None

Correct Rejection (D) | V"¢

HIBE=SU>Y
BT KR

(b) 74— KSw 2 H

- 5L-04 -

Correct + Thought they didn't
know

Student 3051 | Progress uver ime
Cumulative
@ Course 86 1 Track test and knowledge monitoring accuracy week by weeky
48 questions answered
| = o - —— e
Calibrated Mastery I { I
| TestAccuracy ws00% Knowledge Monitoring Accuracy - 50.0%
Test Accuracy 875% | | eeicentoae of qvestions answered correcty Percentage of correctjudgments: (A+D)Tota 1
Knowledge Monitoring Accuracy 65.8% v L1 o 0 1
——————
e ——— | 1
7 o
Learning Category Position | 1
N
Laarning Performance vs. Knowledge Monitoring Ability © | 5 — 1
50- a7 . 50
. | _ |
' o= &z I
U i Vi s W v via e who Wit Wiz Wha Whe e W W Ve W e e Who Wi W Wi W | )

- e e e o o o o o o o o Em o Em Em Em Em Em Em = = = = =

——

Test:50.0%  KM:75.0%

Knowledge Monitoring

» Thought they knew *

© Thought they didn't know *
* Thought they didn't know *

o Thought they didn't know *

Miss (C) Correct Rejection (D)
Incorrect + Thought they didn't
know

e e e o = = o = =

N e —— = =

FEHFIV-IE RIREC L OFEREB S

7RIAR
SERk/ R

 Feed Forward — Where to next? ¥ Regenerate

~* LEARNING PERFORMANCE Medium Pvmm)

Set aside focused time to relearn and practice
Computation Time Evaluation, walking through multiple
example algorithms and manually counting operations to
solidify your understanding

2 Review the Counterfeit Coin Problem to see how
reasoning about comparisons and efficiency connects to
Computation Time Evaluation, and when you have extra
time, briefly revisit Byte to keep fundamentals sharp.

3 Challenge yourself by solving problems that combine

Computation Time Evaluation with Greatest Common
Divisor Problem, Bubble Sort, and Heap Sort, such as
comparing their time complexities on different input sizes

and justifying which algorithm is preferable in each case.

(d) KNOWLEDGE MONITORING 3 lePvmmy\

Because Computation Time Evaluation was a false alarm,
start by rating your confidence before each new problem
and then wr

\g a short self-explanation of your solution
and its time complexity, checking afterward where your
confidence matched or mismatched your performance.

For any challenging topic like Computation Time
Evaluation or the Counterfeit Coin Problem, ask yourself:
(a) Can | explain the idea in my own words without
symbols? (b) Do | know when and why to apply itto a
problem? (c) What are its limitations o tricky edge
cases? (d) How does it connect to sorting algorithms and
other efficiency concepts you've learned?

- e = = = == —

\

L |

Refflember: Effective learning combines mastering content and.
acflurately knowing what you know!
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O EFEFENHG T 2 E BT L ORT 2T, ¥EE
HHEOMBEOT L B TARE S ERINCHETE 2 L5
25 5.

4.2.3 BEXHE T F 7

TR MEERHFET=X ) vV EHREORRIIZE(LEITH
W77 7 TRRT S, DAR) E— FTRFBEOEE, TREE)
E— PTG > DRBELRTT 2. 777 LOER
DEEEIRT 2 22T, YHHOHMT —X2HRKRTES. £
RE- R AR (BEOE) r T8 CEHRE? 508
) YD BEXARETHS.

4.2.4 BERFMT—7 1

BR X N E O FHAERIEIC O WT, WG 2 HEES, 1E
MR, BruEEo M CRMR/IEEETEH) *
—EBRRTD. ZUCkD, FE=XV D4 HhTY
(kv b, ZANVRATF—24, IR, IFZEH) HREEAMCTHER
4.3 T14—FNYIEB

74— PNy ZHTIE, B3IETHIALL3IBEE 74— F
Ny ZETNMIHEDE, Feed Up - Feed Back * Feed Forward
D3trvarEitET 3 (K3b).

4.3.1 Feed Up : HEFER

YUBOBEOER, B TANEHERE, BIUREOE
FNEMFIRT 2. K2 1RO E, AL\ Lee=2y v
HBIOYS L2 BRENCHETNELZIHRT 5.

4.3.2 Feed Back : FIREER

HEBBZOBFIREHHL AL =R Y VRSO 2 BEL S
FECIR RS 5.

HIERL VOB T, YA CIER L2 Ae
FHEESZ VR FERRT S, 51, MET S 7 oBRMIC
HOE, BEIRELRD 5 5 Y% EONE & BRI
HOBEWD OEMH L, THE T 2 8E0MEME) © LTER
T3, BE=XRYVIOBETIE, 4073V IOHEINH
Wex zhehdend 5.

4.3.3 Feed Forward . 7 KN4 Z4R%

FRERER Y BURIIE U MBSt X iz 7 R4 2% 4
RFB. T EALRFHFLALA L&YV PTHED 2
HEIOHBREXNE., 7 P4 ZERICIE LLM 2#H3T 5.
¥EEHEOER, B - AEERE, BROERRIT 4 — Ry s
FeticEo %, FREOEMNRIUIE U727 R4 2B
3 5.

AEL

ERFM

Ry aR—FKiEWeb 77V r—>are LTHEELE.
71 Y T Y Rid React.js ZEFHHWTHEL, Ny 7Y Fik
Python (FastAPI) %7z, % 3 E TR HGNN IZ & %
BENRIREE OHERFSHE, BX U LLM R—2D7 F N4 R

4.4

DEIM2026

ERRREZ RS Lz, FEBEFAICBI 2L~ vB XU
HEkE=2V Y VRN OERAECE, &2 7 A0OHR{EE
MY LTHEAL?. 7 R4 RAERBICIE OpenAl GPT-5.2
API 2L, #EEORMIGLTary P rod=7Y
YA E D ERIRE LR ER L

5 &F i € 5%

BEMEEREDOHTERE (RQ1)

5.1.1 EBRFLE
BEEIYEa—2D5 75 R, & 684 ZHDFEENRL LT
F—Zey VRHEALE. a—2F 14 8MICHREY, HRE
i, WS, 73V X4, TS, EEEE R OB
2EWS. BEERSHERIC () BREBRO¥EE Y 7L
Yav, (2) FliT A MCHHELE. L3 WKT—XLy O
FHERERT. #LPS XIBENRRREIRE D

5.1

£ 3 T—Xtvy FOHEHER

\FCA FCp FCc FCp FCp
FAEK 109 181 101 148 145
STAMGIE H £ 48 38 43 42 50
# Es_ |6,349 10,128 6,908 9,396 6,918
# LPS 2,187 3,002 1,727 2,634 3,807

277 AW L HFBESE 211, # Ex_Kx = 226

T e LT, Random Guesser (RG), GCN, GAT, La-
bel Propagation (LP) ZHW/. RGIXV Y7 %25 XAl
FHFTE2R—-—F74 >, GCON & GAT IR 7 7 (Es—k
DAH) OIS 72—y b=, LPIXRES T 7
(Es—k & Ex—K) LOTFVOURIBETH 5. REFHIZ HAN
N—2DE@ESF7 7 =2 —F V% v s V=212 EINS 2HlAE
bELBDTH S, FHMIERZICIE ROC-AUC AL, &7
T 22OV T 80%ZHIRT — &, 20%% T A bF—&& LTH
FL, 30 HoRITOFGELHRET 5.

5.1.2 f& e

R A CETFEOMRELRERT. IRETFHREEY 7 A8V
THED AUCEZZER L, 19 85.21%D AUC TEAEAIRSR
KEZHEETE .

x4 HEERE (AUC%) DL

Fi& | FCu FCp FCo FCp FCp | ¥4
RG 50.00 50.00 50.00 50.00 50.00 | 50.00
GCN 7791 7697 79.18 79.53 76.45 | 78.01
GAT 75.44 7471 7581 77.18 73.89 | 75.41
LP 81.30 81.85 80.68 82.85 81.47 | 81.63
REFIE 86.52 85.17 84.81 87.23 82.33 | 85.21
w/o EINS | 76.52 76.49 7847 79.49 77.58 | 77.71

REFERIFEES S 7 %2 A0 GCN (78.01%) BX U GAT
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(75.41%) ZRUEC ERl-72. Z OfERIE, HIFREESE 0=k
1 - BEREIREGR (Ex—k) ZIEAT 2 Z 2 OEMMEERLTWS.
¥/, BT 72V LP (81.63%) X I#L T 3.58 R
4 FEVHEEZER L2, EINS OEAIZED 7.50 B >~ b
Ol EOHEERE N, FEEHPIRINCHE U - IEERRH e &
Bl LCIEM T % 2 e oEEEIRE N

5.1.3 % %=

RREFIEIE 85.21%D AUC ZERL, R—X 74 VFiE%E
LRIz BHIZ EINS I & % 7.50 KA ¥ bk, #EED
PR ECREZ AL L TERT2 2 e 0FEIMEERRLT
W3, Ziu, TEEL TORV) 2 W EHEORMY, 7
NDFEEZBWTHEERGERERE 22 e 2RB LTS

%72, A5 7F% (GCN, GAT) LB L CRES S 7
FiE (LP, BEFE) PEVEREEZR LI 26, MBS
MO EER - FEEERS BN TR OREE B TH 2
Z e DRI .

5.2 1—HRE (RQ2)

5.2.1 FEBHTLE

SRT ADZHEMEEFHET B 720, KL 36 BB X UHE
114, st47T BERRE LIz —FERPEML /-
EBRTFIEILTOEOTH S 1 (1) S RF 60 (Xya
R— FOBIEL ZHRROMERR) , (2) FHi7 > —b+ (74—
RNy 7 5VE 16 JHE, SUS 10 JHH, B 2 HE) .
5.2.2 & R

a) 74— KNy ZEE

ZBRET4— F Ny 7 OFHERERER 5 RS, FAERH
(M=4.19) , #ZEB (M=4.52) £ dICEWVAiZE-. &
IZ Feed Back (BIKEER) DFHMiaTE <, A% LS,
B3 2 BN RS U AR Ot R F b ATl X iz,

£ 5 74— PNy 7 ERHE (5 BRFE)

2P BE
krvay M SD| M SD
Feed Up 3.95 1.01]4.41 0.70
Feed Back | 4.39 0.81|4.59 0.61
Feed Forward | 4.06 0.93 | 451 0.61
BN 419 030452 015

b) YRFAI—FELVUT 4

System Usability Scale (SUS) 12 & % FMlifiiR % 3K 6 1~
3. WERHNI 70.68 HEER L7, AR 63.26 ML
Y% 2R - 7.

# 6: SUS xa7
¥ SD

63.26 14.37
70.68 17.45

4 (n=36)
HE (n=11)

DEIM2026

c) & M EF i

HHFLROIH 25, RDELEREIN-0E THE=X
V7o 4B TFIVEb) U5 #) THY, Hi 3 ER - R
EfR2c4 <, BOFHE: OflAE DY TEY OBLIEN %
DFRFTV VI ERMELNZ. ROT, HREICRE L
RIS e OBEMITR) (1210, MEEFEFER e RO a v
~v 7 (T PERIHEX 7.

WEEL L L, TUI/UXY B3 240 (10 fF) 2&D
%<, XEFARPHEOY) D B2 BECHETI2ERND 5 7.
/2, Ty by 174027 5—0) ZFOEMMHGEDTH»DIC
& (5 MfeHEnT-.

5.2.3 & %

T 4= RNy 7 BEEHE - BB b ICEVIFHlE 52
(M>4.0) . BRHFBRE=2V)V 7D 4 7TVl @
EOME  OEEMIRIEH X N, BES R T L0
DHEREDNZ A INTZ e BR LTV S,

—F, FARBED SUS Ra 73 FHE%E FEl- /2. HERD R
aryyEroEZREE LT, HEIIFEEINX Yy > 2aK—-FD
RS D D, FLlY 2T ANOBAMENE o7 2 L i
Z6N3. SHOLESR L LT, (1) Ul OffErdsE, (2) %
MAHED & W ERNBRRENOEEI BT 6N 5.

6 ¥ ¢ &

KT, FEEOHHEE=RY VRN ZHET 5720
DRI IR—ZADTIVL—LT—2 Y, FTOFMRICHE I HE
BT 4 — PNy 7R T A 2RE L. LLM IZ X 2 5055
S RES S IR XD, FEEOBENIRIREEY Y
YIUTPRMEE UTHET 2 FEEMRE L. £, JEkL~
NEHERE =R ) V ZREHN O TN X 2 HEEEUL Y, Feed
Up * Feed Back * Feed Forward D =& 7 1+ — KX w 7 %238
IRy a2 R— REFEHELZ. FHOERIC X DIBERTFED
AR EL, 2—FEBRICI D HFHE=X Y > ok
LBEOPE Y OBEMIE RN ERATH S Z e BRI 5%
&, oA mH, Ul otE, RN EMROMEEIZE
A Te.

El 3

AFZEE, JST CREST (JPMJCR22D1), JST AIP F %
LY, e JSPS BHfE (JP22H00551, JP25K21360,
JP24K16759) DX HE%EZIF CTEMI NI,

X [

[1] Ismail Aliyu, A Kana, Salisu Aliyu, et al. Development of
knowledge graph for university courses management. Inter-
national Journal of Education and Management Engineer-
ing, Vol. 10, No. 2, p. 1, 2020.

[2] Adam B Barrett, Zoltan Dienes, and Anil K Seth. Measures
of metacognition on signal-detection theoretic models. Psy-
chological methods, Vol. 18, No. 4, p. 535, 2013.

[3] Tony Blackwood.
monitoring accuracy: How much do they know about how

Business undergraduates’ knowledge

- 5L-04 -



5L-04

[4]

[5]

[6]

7]

[8]

[9]

(10]

(11]

(12]

(13]

14]

(15]

[16]

much they know? Teaching in Higher Education, Vol. 18,
No. 1, pp. 65-77, 2013.

Dejun Cai, Yuan Zhang, and Bintao Dai. Learning path rec-
ommendation based on knowledge tracing model and rein-
forcement learning. In 2019 IEEE 5th international confer-
ence on computer and communications (ICCC), pp. 1881—
1885. IEEE, 2019.

Li Chen, Gen Li, Boxuan Ma, Cheng Tang, and Masanori
Yamada. A three-step knowledge graph approach using llms
in collaborative problem solving-based stem education. In-
ternational Association for Development of the Information
Society, 2024.

Li Chen, Gen Li, Buxuan Ma, Cheng Tang, Masanori Ya-
mada, and Atsushi Shimada. Classifying knowledge nodes
and analyzing activation features: An integrated knowl-
edge graph approach for collaborative problem-solving. In
2025 IEEFE International Conference on Advanced Learning
Technologies (ICALT), pp. 107-111, 2025.

Penghe Chen, Yu Lu, Vincent W Zheng, Xiyang Chen, and
Boda Yang. Knowedu: A system to construct knowledge
graph for education. leee Access, Vol. 6, pp. 31553-31563,
2018.

Jiajun Cui, Hong Qian, Bo Jiang, and Wei Zhang. Leverag-
ing pedagogical theories to understand student learning pro-
cess with graph-based reasonable knowledge tracing. In Pro-
ceedings of the 30th ACM SIGKDD Conference on Knowl-
edge Discovery and Data Mining, pp. 502-513, 2024.

Tung Do Viet and Konstantin Markov. Using large language
models for bug localization and fixing. In 2028 12th Inter-
national Conference on Awareness Science and Technology
(iCAST), pp. 192-197. IEEE, 2023.

Jibril Frej, Neel Shah, Marta Knezevic, Tanya Nazaretsky,
and Tanja Kéaser. Finding paths for explainable mooc rec-
ommendation: A learner perspective. In Proceedings of the
14th Learning Analytics and Knowledge Conference, LAK
24, p. 426-437, New York, NY, USA, 2024. Association for
Computing Machinery.

John Hattie and Helen Timperley. The power of feedback.
Review of educational research, Vol. 77, No. 1, pp. 81-112,
2007.

Owen Henkel, Libby Hills, Adam Boxer, Bill Roberts, and
Zach Levonian. Can large language models make the grade?
an empirical study evaluating llms ability to mark short
answer questions in k-12 education. In Proceedings of the
Eleventh ACM Conference on Learning@ Scale, pp. 300—
304, 2024.

Stephen Hutt, Allison DePiro, Joann Wang, Sam Rhodes,
Ryan S Baker, Grayson Hieb, Sheela Sethuraman, Jaclyn
Ocumpaugh, and Caitlin Mills. Feedback on feedback:
Comparing classic natural language processing and genera-
tive ai to evaluate peer feedback. In Proceedings of the 14th
Learning Analytics and Knowledge Conference, pp. 55—65,
2024.

Priscilla Lee and Soohyun Nam Liao. Targeting metacog-
nition by incorporating student-reported confidence esti-
mates on self-assessment quizzes. In Proceedings of the 52nd
ACM Technical Symposium on Computer Science Educa-
tion, SIGCSE ’21, p. 431-437, New York, NY, USA, 2021.
Association for Computing Machinery.

Gen Li, Li Chen, Cheng Tang, Daisuke Deguchi, Takayoshi
Yamashita, and Atsushi Shimada. From reflections to mo-
tifs: A graph-based analysis of learners’ knowledge con-
struction. In International Conference on Artificial Intelli-
gence in Education, pp. 299-307. Springer, 2025.

Gen Li, Cheng Tang, Li Chen, Daisuke Deguchi, Takayoshi
Yamashita, and Atsushi Shimada.
learning to augment student performance analysis in higher
education. In International Conference on Knowledge Sci-

Llm-driven ontology

DEIM2026

(17]

(18]

(19]

[20]

21]

22]

23]

24]

[25]

[26]

27]

(28]

29]

30]

(31]

- 5L-04 -

ence, Engineering and Management, pp. 57—68. Springer,
2024.

Chien-Chang Lin, Anna YQ Huang, and Owen HT Lu. Arti-
ficial intelligence in intelligent tutoring systems toward sus-
tainable education: a systematic review. Smart learning
environments, Vol. 10, No. 1, p. 41, 2023.

Klaus Lingel, Jan Lenhart, and Wolfgang Schneider.
Metacognition in mathematics: Do different metacognitive
monitoring measures make a difference? ZDM, Vol. 51,
No. 4, pp. 587-600, 2019.

Hanxiao Liu, Wanli Ma, Yiming Yang, and Jaime Car-
bonell. Learning concept graphs from online educational
data. Journal of Artificial Intelligence Research, Vol. 55,
pp. 1059-1090, 2016.

Brian Maniscalco and Hakwan Lau. A signal detection theo-
retic approach for estimating metacognitive sensitivity from
confidence ratings. Consciousness and cognition, Vol. 21,
No. 1, pp. 422-430, 2012.

Lars-Peter Meyer, Claus Stadler, Johannes Frey, Norman
Radtke, Kurt Junghanns, Roy Meissner, Gordian Dziwis,
Kirill Bulert, and Michael Martin. Llm-assisted knowledge
In Work-
ing conference on Artificial Intelligence Development for a
Resilient and Sustainable Tomorrow, pp. 103-115. Springer
Fachmedien Wiesbaden Wiesbaden, 2023.

Lin Ni, Sijie Wang, Zeyu Zhang, Xiaoxuan Li, Xianda

graph engineering: Experiments with chatgpt.

Zheng, Paul Denny, and Jiamou Liu. Enhancing student
performance prediction on learnersourced questions with
sgnn-llm synergy. In Proceedings of the AAAI Conference
on Artificial Intelligence, Vol. 38, pp. 23232-23240, 2024.
Zilong Pan, Lauren Biegley, Allen Taylor, and Hua Zheng.
A systematic review of learning analytics: Incorporated in-
structional interventions on learning management systems.
Journal of Learning Analytics, Vol. 11, No. 2, pp. 52-72,
2024.

Stephanie Pieschl. Metacognitive calibration—an extended
conceptualization and potential applications. Metacognition
and Learning, Vol. 4, pp. 3-31, 2009.

Tricia R Prokop. Calibration and academic performance in
students of health sciences. Health Professions Education,
Vol. 6, No. 4, pp. 564-573, 2020.

T. Ullmann.
ing: Validating machine learning approaches. International
Journal of Artificial Intelligence in Education, Vol. 29, pp.
217-257, 2019.

Christopher A Was. Discrimination in measures of knowl-

Automated analysis of reflection in writ-

edge monitoring accuracy. Advances in Cognitive Psychol-
ogy, Vol. 10, No. 3, p. 104, 2014.

Kevin P Yancey, Geoffrey Laflair, Anthony Verardi, and Jill
Burstein. Rating short 12 essays on the cefr scale with gpt-4.
In Proceedings of the 18th workshop on innovative use of
NLP for building educational applications (BEA 2023), pp.
576-584, 2023.

Junrui Zhang, Yun Mo, Changzhi Chen, and Xiaofeng
He. Gkt-cd: Make cognitive diagnosis model enhanced by
graph-based knowledge tracing. In 2021 International joint
conference on neural networks (IJCNN), pp. 1-8. IEEE,
2021.

Yifen Zhou and Xian Yu. Multi-graph spatial-temporal syn-
chronous network for student performance prediction. IEEE
Access, 2024.

Barry J Zimmerman. Becoming a self-regulated learner: An
overview. Theory into practice, Vol. 41, No. 2, pp. 64-70,
2002.



