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2.1. IHB/RIGIESE (Item Response Theory : IRT)
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3.1. Deep-IRT( Tsutsumi 2021)
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0

| H Heamra B SRR F¥5 RMSE Pearson Kendall
DeeplRT 0.376 0.929 0.802
50 (500) IRT 0.426 0.909 0.760
100 (1000) DeepIRT 0.393 0.923 0.811
5 (455) IRT 0.805 0.750 0.543
500 (5000) DeepIRT 0.372 0.930 0.810
IRT 1.044 0.454 0.282
DeepIRT 0.392 0.914 0.798

1 1
- 000 (10000) IRT 0.923 0512  0.342
50 (500) DeepIRT 0.635 0.798 0.599
IRT 0.782 0.694 0.489
100 (1000) DeepIRT 0.408 0.916 0.785
0 (500) IRT 0.612 0.812 0.532
500 (5000) DeepIRT 0.421 0.891 0.765
IRT 0.598 0.822 0.495
DeepIRT 0.411 0.901 0.785
— 1000 (10000) IRT 0.602 0.829 0.498

t =zt
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3.4, £F— S TOFANEE, (EBIEDLLS

Dataset VMethod RMéE Pearson Kendall

Dataset Method RMSE Pearson Kendall
Information 1 IRT 0.466  0.891  0.685 IRT 0.753  0.716 0.525
DecpIRT 0.514 0867  0.687 TIMSS DeepIRT 0.753 0.716  0.523
Information 2 IRT 0.562  0.841 0.668 . . IRT 0.394  0.920 0.643
?;;pIRT ‘1)'(‘?;5 g'f;f’ g'gf: Information Ethics - IRT 0.382 0.925  0.712
Critical Thinking 1 OIRT 1.025 0.474  0.327 Engineer Ethics 1o 0044 0.850 0403
pee e T DeeplRT 0.517 0.865  0.313
Program 1 DeepIRT 0.864 0.622  0.417 Classi_Physics IRT 1.053 0444 0299
s T DeepIRT 0.943 0.554  0.403
Program 2 DeepIRT 0.720 0.737  0.475 Classi Chemistry 0 1077 0420 0.297
DeepIRT 0.923 0.574  0.439
Practice Math IRT 0.589 0.748  0.533 o IRT 1.020 0475  0.326
DeeplRT 0.744 0.723  0.514 Classi_Biology DecplRT 0.748 0717  0.531
Practice_Physics ;R(;ZPIRT 3'534 8'56;)59 3'31214 Average IRT 0.764  0.680 0.451
' : ' DeepIRT 0.742 0.707  0.495*

IRT 0.875 0615  0.435

ECPE ¥ p<0.05
DeeplRT 0.874 0.618  0.440

10



4. Knowledge Tracing
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4.2. Deep-IRT with Temporal Convolutional

Network (Tsutsumi, Nishio, Ueno 2024 )
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4.2. Deep-IRT with Temporal Convolutional

Network (Tsutsumi, Nishio, Ueno 2024)
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4.3. LB

F—Atw NEH B FIEDEYF
Dataset No. students No. skills No. Items Rate Correct Learning length Data set JEE | kiase
ASSISTments2009 4151 111 26684 63.6% 52.1 ASSISTments2009 | 5 3
ASSISTments2017 1709 102 3162 39.0% 551.0 ASSISTments2017 | 8 2
Statics2011 333 1223 N/A 79.8% 180.9 Statics2011 3 7
Junyi 48925 705 N/A 82.78% 345 Junyi 8 2
Eedi 80000 1200 27613 64.25% 177 Eedi 8 2
Dataset metrics | DeepIlRT-KT | AKT DeepIRT-HN |l DeepIRT-TCN
AUC 82.09+/-0.28 82.20+/-0.25 81.98+/-0.54 82.95+/-0.30
ASSISTments2009 |, | 77414/-053 | 77.304/-055 |  77.154/-055 | | 77.60+/-0.56
AUC 73.56+/-0.27 74.54+/-0.21 75.13+/-0.20 75.49+/-0.36
ASSISTments2017 |, 69.78+/-0.41 | 69.834/-0.06 | 70.69+/-0.60 | | 70.85+/-0.50
statics2011 AUC 81.15+/-0.37 82.15+/-0.35 81.57+/-0.50 82.02+/-0.39
Acc 80.01+/-0.92 80.41+/-0.67 80.11+4/-0.92 80.40+/-0.80
Eedi AUC 78.93+/-0.12 77.58+4/-0.21 78.97+/-0.10 79.14 +/-0.11
Acc 73.38+/-0.17 72.35+/-0.21 73.38+/-0.13 73.55+/-0.13
Junyi AUC 77.92+/-0.41 78.13+/-0.39 77.91+/-0.37 78.14+/-0.43
Acc 86.79+/-0.15 86.79+/-0.17 86.65+/-0.15 86.85+/-0.14
Average AUC 78.73 78.92 79.11 79.60 ||
Acc 77.47 77.54 77.60 77.81

DeeplRT-HN%Z L [6] 3 FiRIFEE & iZ K
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4.5. Deep-IRTOFE &L
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Shouta Sugahara, Koya Kato and Maomi Ueno: Learning Bayesian Network Classifiers to Minimize Class
Variable Parameters. In the 38th AAAI Conference on Artificial Intelligence (AAAI 2024) 19
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5.5. FABEDLEE(RF S5 LTA L X . DL ZEFH)

Sample Proposed
No. Dataset Variables sicze SPP RF DL BFS
13 Heart 14 270  1.22x107° 0.8296 0.8185 0.8037
14 HTRU2 9 17898 1.56x1073 0.9797 0.9793 0.9788
15 Congressional Voting Records 17 232  1.77x1073 0.9567 0.9478 0.9569
16 Solar Flare 11 1389 3.72x1073 0.8294 0.8402 0.8431
17 Glass 10 214  6.63x1072 0.6310 0.6541 0.6946

18 Contraceptive Method Choice 10 1473  2.66x1072 0.4772 0.4970 0.4912

19 Hayes-Roth 5 132 2.29x10~' 0.8088 0.7725 0.8258
20 Balance Scale 5 625 3.33x107! 0.8287 0.9840 0.9904
21 Lenses 5 24  3.33x10~! 0.8167 0.7667 0.8750
22 Iris 5 150  6.17x10~' 0.9333 0.9400 0.9333
23 LED7 8 3200 2.50x10° 0.7269 0.7369 0.7334

24 Banknote authentication 5 1372 2.72x10° 0.9432 0.9403 0.9406
Average accuracy for datasets with large SPP (Nos. 13-24) 0.8134 0.8231 0.8389
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5.6.93

*AMERDHETERE DLLER

 BEODMEDILI\YW IS AT5—

Sample

Network size RF DL Proposed BFS
100 8.49 x 1072  5.29 x 10~ 2.70 x 102
Cancer 1,000 5.33 x 1072 4.85 x 1072 2.67 x 1072
(Structure (1)) | 10,000 | 1.88x 1073 838 x 1073 1.27 x 1073
100,000 | 2.73 x107* 511 x 1073 8.46 x 1077
100 1.23x 1071 1.51 x 107! 4.40 x 10~2
Asia 1,000 1.82x 107t 231 x10°! 6.38 x 1072
(Structure (2)) | 10,000 | 5.62x 1072  3.11 x 10~* 2.46 x 1072
100,000 | 3.26 x 1072 1.92 x 1072 2.72 x 10~*
100 2.73 x 10~ 1.16 x 10~! 8.18 x 10~2
Markov net 1,000 1.38 x 10t 7.86 x 1072 6.63 x 1072
(Structure (3)) | 10,000 | 1.30x 107!  1.36 x 10~* 4.43 x 10~*
100,000 | 1.17 x 107! 144 x 107! 7.94 x 107°

- HEFE : RF, DL < IEEFE

« EOTETILIRAZT2RY ND—=TOTRUVEE(Structure (3)) CTEIREFECK DO THEEIND

HERFIEODMICUIERL T




6.1 BEILHESZHMNITS AT

Probability-based scaffolding system for discrete mathematics

FHE(C—ATIERIIRWANILDREZS X, #RlITD
Prove that the function f : N -+ IN; f(z) = 3z — L(whenx s odd), f(z) = 7 (when x s even), is surjective (onto). 73\ t“ 5 b\ (_l—_E EEID . 5 (: Td: 5 J: 5 (:) g\\ D g\\ D O)
::::: essy:tem predicts you can solve this problem if you ponder the problem with some perseverance. Believe in yourself and try t > I\ % % Z 5 /ZT A

Hint 1: Generally, for a mapping g : U+ V; g(w), 'g' is called as a 'surjective’ from U to ¥ when 'for all y within V, there exists
& within U such that 'g(z) = y (vyeV,axeUs.t.g(x)=y)' holds.

i e el e ke 2) = e v * Maomi Ueno and Yoshimitsu Miyasawa: Probability Based

Hint 3: When expressing 'z’ that makes f(z:) = g using 'y', there are two patterns: £ = 2y (x is an even number) and

== L isanoddnumben, Scaffolding System with Fading, Artificial Intelligence in
o o S Education — 17th International Conference, AIED 2015, 237-

”EN'% 246
i”) 2~ * Maomi Ueno, Yoshimitsu Miyazawa: IRT-Based Adaptive

Hints to Scaffold Learning in Programming, |IEEE
Transactions on Learning Technologies, IEEE computer
Society, Vol.11, Issue 4, 415-428 (2018)

Since y is an element of natural numbers I, it follows that  is also an element of natural numbers M.
Regarding i which is an element of the set of natural numbers M.
There exists an = such thatz = 2y.

Therefore, the mapping function f is surjective.

25



6.2. Sliding Bayesian network

Knowledge Tracing

Sliding Window B .
(B R DB~ DRI IRTICKBDIERTFE : IEEX 0.61

REFE  IEEER  0.53

o |
< — — |RT-based hints
2 — Proposed
©
— O
=
miESgIA LIRS O KIDERE %
1SR
eo
1IRZFEDIFES T AUC0.8236 g
Deep-IRT AUC 0.8212 o
IRT 252 3H| AUC 0.752 5 | . . .
DI1EEEFHI AUC0.75 S . . - -
Weeks
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6.3. Sliding Bayesian network

Knowledge Tracing

Group Graded hints|{IRT-based hints|Proposed
No. examinees 31 30 39
Avg. Pre-test 34.00 50.00 45.90
(12.24) (19.07) (49.90)
GPA 2.23 2.40 2.45
(0.48) (1.14) (1.26)
Avg. Post-test 57.03%* 61.18%* 69.33
(8.92) (12.79) (11.90)
[PW-Adjusted Avg. Post-test| 58.75%* 60.48%* 74.99
(7.21) (12.51) (13.54)
ATE -T.46%F -T.45%* 10.43
(1.97) (1.98) (1.83)
Avg. Difference abilities 0.116* 0.120* 0.373
(0.465) (0.423) (0.280)
Avg. Attempt 1.814% 1.538 1.352
(0.349) (0.221) (0.191)
Avg. Response time (s) 243%* 230%* 305
(219) (215) (377)

Significant difference from the proposed method: *5%, **1%) .
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[1] M. Ueno, “An extension of the IRT to a network model,”

Behaviormetrika, vol.29, no.1, pp.59-79, 2002. MDA T(IEIE (IS -



7.2. {BSHEETE
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logBF (G4, G,) = BIC(G,) — BIC(G,)

G1,G,  RAZT 22y NIJ—JIRTOWEIE
NAST 224y NI—DIIRTDBIECDBIC

BIC(G) = log[ L(U|G, %MAP, 0)f (6)dO —*logN

k:I,s /\JX — L, N : 9;751
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7.2. 7)LdUX

EHE
BOARA ST 2%y ND—JIRT(, “ “
WRR (A ST >Ry ND— O DEEFBIC LB IS TDENTS T

C72B.

[SE1E%PE ]
NRAZT 2y NI—DDEEFE(CKDEHTSMIIOT Y = HIBR
[ 5B 2E5BE ]

BICIC K BBFERVBCIT A MEHFHAATERA ST >Ry N D—2
IRTODHIHIN— RS 22

30



N =L

SHMESR ==L —>32E0E

27 2F%w RIJ—=JIRTICHWT, BIEHIRDOVLITNH.

Z31L—33>DEHDEDRA
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2. FRIEENMN1DHSD (0.
3. HIEEN 2D (0.
X FEIMAOEF (SERHER

- HIER(Z, HZIEEXIDRIICHESNIZEDNS S 4 LAITEAN.
e a:loga~N(0,1) (J=/ZU, 03 <a<25)

* b
(DBREEERHRVNES
b~ N(0,1)
(FIEEZ R DHE
ROMERZH by, d ZFINVTHRE/ (S A—FREH.
by . ~'N(0,0.25),d;r ~ N(ug,0.01)
SMIBESCICES by, — djy
BIAB(C1 D TERE by +dy
Kiug  RFHORSERG ) \A)—)(S5A—5.

31



Sample g — 1.95 g — 1.00
size . ILS IS ILS o ILS ILLS ILS
m= HR~—= 551 (0.05) (0.10) mR H~—= 501 (0.05) (0.10)
J =5
100 1.6 1.9 2.8 2.7 2.5 1.6 1.9 4.2 2.0 2.0
(1.50) (1.81) (1.25) (1.19) (1.28) | (1.11) (1.04) (1.89) (1.67) (1.48)
500 1.0 1.4 2.7 2.3 2.7 0.6 1.5 2.8 1.6 1.7
(1.10) (1.36) (1.19) (1.42) (1.19) | (0.66) (1.20) (0.98) (1.02) (1.27)
1.000 0.8 0.9 2.3 2.4 2.5 0.5 0.6 2.5 1.3 1.9
’ (0.87) (0.94) (1.27) (1.43) (1.28) | (0.81) (0.80) (1.12) (1.27) (1.37)
5.000 0.5 0.6 1.8 2.2 2.5 0.5 0.2 1.8 1.4 1.9
’ (0.67) (0.80) (0.87) (1.33) (1.28) | (1.02) (0.60) (1.40) (1.28) (1.30)
10.000 0.6 0.6 2.0 2.2 2.5 0.3 0.2 1.9 1.3 2.0
, (0.92) (0.92) (1.00) (1.33) (1.28) | (0.64) (0.60) (1.45) (1.19) (1.26)
20.000 0.3 0.4 1.9 2.2 2.5 0.2 0.3 2.0 1.4 1.9
’ (0.46) (0.49) (1.04) (2.50) (1.28) | (0.60) (0.64) (1.41) (1.28) (1.37)
J = 10
100 3.0 4.6 7.8 6.8 7.2 4.2 4.5 10.5 6.1 6.2
(1.73) (2.62) (2.32) (1.94) (1.94) | (1.78) (2.77) (5.18) (1.97) (1.99)
500 1.8 3.8 6.1 6.7 6.9 1.9 3.6 9.1 4.9 5.9
(2.23) (2.68) (2.51) (1.62) (1.58) | (1.76) (2.87) (6.01) (1.87) (2.02)
1.000 1.7 5.3 5.3 6.4 6.8 0.8 3.4 4.6 6.0 6.1
’ (1.68) (2.33) (2.233) (1.43) (1.54) | (0.63) (2.76) (6.07) (2.33) (1.73)
5.000 1.8 5.3 4.3 6.3 6.8 2.0 3.8 5.1 4.9 6.1
’ (1.78) (3.58) (1.95) (2.05) (2.27) | (1.79) (1.89) (3.33) (1.76) (2.02)
10.000 1.1 5.9 3.5 4.2 6.7 0.8 6.6 3.7 4.4 6.1
, (1.14) (3.11) (2.01) (1.83) (1.90) | (1.17) (3.50) (2.00) (1.80) (1.81)
20.000 0.5 4.5 4.9 6.3 7.0 0.8 8.3 3.8 4.4 6.0
’ (0.67) (2.42) (2.34) (1.80) (1.61) | (1.08) (3.87) (1.60) (2.11) (1.90)
J = 50
29.7 65.7 44.6 42.2 32.7 58.7 44.7 44.5
100 (7.28) N/A (9.73) (1.62) (2.19) | (8.17) N/A (10.42)  (4.62) (5.31)
16.3 70.4 42.5 41.4 19.1 61.1 43.0 43.1
500 (8.25) N/A (8.59) (1.47) (1.72) | (6.20) N/A (9.54) (6.77) (5.37)
11.7 70.3 41.5 41.0 17.8 64.2 41.5 42.8
1,000 (5.62) N/A (10.48)  (1.83) (1.62) | (8.70) N/A (10.07)  (5.75) (5.57)
7.5 70.5 38.3 39.7 9.3 68.1 40.6 421
5,000 (3.56) N/A (8.52) (1.90) (1.47) | (4.24) N/A (12.64)  (5.49) (6.18)
6.5 70.9 38.4 39.5 9.6 65.0 40.3 41.7
10,000 (3.14) N/A (8.55) (1.90) (1.62) | (5.33) N/A (12.86)  (5.46) (5.82)
7.0 67.9 38.3 39.4 6.3 65.7 38.3 41.6
20,000 (4.31) N/A (10.63)  (1.60) (3.29) | (3.61) N/A (13.68)  (5.76) (6.11) 32
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1. ﬁﬁﬁ%iﬂﬂ*ﬁfg EFRFRM % 5= 9 Deep-IRT: Deep Learning + IRT
BeNZE bz U 7zKnowledge Tracing®7zsbdDDeep-IRT

3. I"""EET%/HIVZ{%DE@“Z;Ba esian network Classifier (BNC) &Sliding
window Bayesian network Knowledge Tracing

4. Bayesian network IRT
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