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<E O-5> JAAXNGEY e &5
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i T A o ¥ wa 4w
. oj & W4 o ¥
RSMD
AHM
HO-DINA
MS-DINA
NIDA ]
RERUM H H A 2
BIN BIN
MCLCM MCLCM
o] B W Full NC-RUM Full NC-RUM
Recuced NC-RUM Recuced NC-RUM
DINO
NIDA
BIN
MCLCM HAA 73
GDM
H-GDM
LCDM
RSM
AHM
BIN BIN N N
MCLCM MCLCM MEyd 29
Full NC-RUM Full NC-RUM
Recuced NC-RUM Recuced NC-RUM
- e BIN BIN
e MCLCM MCLCM
GDM GDM
H-GDM H-GDM 3
LCDM LCDM EGICER
G-DINA G-DINA
G-RUM G-RUM
C-RUM C-RUM

Z2]: Rupp & Templin(2010)

1) RSM, rule-space method: AHM, attribute hierarchy method: BIN; Bayesian inference
network; DINA, deterministic inputs, noisy "and" gate: HO-DINA: higher-order
DINA":MS-DINA multistrategy DINA, G-DINA, generalized DINA: DINO, degerministic
inputs, noisy "or" gate: NIDA, noisy inputs, deterministic "and" gate: NIDO, noisy
inputs, determistic "or" gate: GDM, general diagnostic model;: HGDM, hierarchical
GDM; MCLCM, multiple classification latent class models; RIM. reparameterized
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3. A3 d (Machine Learning)

7h M A8y

Arthur Lee Samuel(1959)2 WAleldolgts TdojE Hx = AHEsE o,
AFEE 222 9& F dE 58S Fo3te WHo=
A ZRagEoR FojuA gL TS Fdste] ARE AEstE Wi
sl A7t Eokgta A9t Tom Mitchell(1997) w22 <] 7
S #A<d(task) S F383d+= A 5 (performance)©] 7 3 (experience)s %
FHE = Aom Ao, 7IA7 AP o2 St (learning)st¥ A
e 7 Aer = o v &3t dE &9, 7= (Google)e] HrSl

= (DeepMind)7F 71g vis 2 a8l &akii(Alpha Go)el 2] (task)

ol
e}

HE S F= Aoy, Ut A% =4A(performance measure) WH S &

2 Adtste Aoy, dutaivt 53 4+ AT 7 (experience)> HhH

th dutaie olgd BAH S F4e] wMESEA, A $ES SUAE &
%= 8}<5(learning) 3},

HAagYdolgdt HolHE EdH ~xam dH5ds zzads ou it
(Géron, A., 2018). =, dlelgel AR A& AFHF 222 Q1A=
Aoy, AEA T2 ade Afghoe] Ag 2o wet Ay gS AEdctd
Halelde Abdo]l AY TEA A Gol®: HAFEHIE ~xm et dAE
A ZRaT R A He s

e

o-2], [ O-3]¢F o] 8 5 vt AFEH= HolHoA a2
2

e za olE FAHGE FAHS HbEsEHA dolHE My & xds
A= At md(34)S e o2 A 7IE HoHE §3 stgowE
o7 22O S Ed(modeDolgta F2H, o]y R 2L dH
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28 HM

]

s
AX B Feature . .
LﬂlolEi-rul })L SH(EDA) J{EngineerinJ){ saa })t 2 Yt J){ 23 24 J

(29 T-4] wAleide mds 24

Haldde #HFYH Z2afol FHsE We wE Ax: sk
(supervised learning), H] A% 38}<5(unsupervised learning), 73} 3t

(reinforcement learning) Al 7}A| 2 &%t}

AL gFS oFo] Had WF(SHHEF, x)¢ Stz sk ¥
TEAF, )7 BF EAGE ARE AFES HAFHE FHATE B
o] tH(Géron, A., 2018). o =9 H Q3 WH4E 8 EA(input feature), <l
=3tz sl HFEE F2 EAX(output feature) T+ 2 (label)o] 2Fal

Bk %, st ool A 54w shue Y S0l AR AL olFE

2 Fadn. F5+ dolgrt oln Al S (class) 5 o= Ad &



il

ﬂmo

il

Tor

N
or
aze)

-

/ ?

&

30
ol
OH

&

/e
&= [y

v
S
=0

[ O-5] Ix A

A

olF= Y2 TAH gt
':q

do
T
o)
A
Tor
4

o

5‘34

371

D

AL AR (test data)] & El

-

T
Ny

W

o

1
1
1
1

A1
2
23
744

3

ks

J

o

3

o

3

=
[es

=
=
“

b1
i
i
3]

Tor

_28_
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3) 7% 3}38t % (Reinforcement Learning)

A3t g2 doJdEEHFH)E F¥S A As W ‘BAAS T &

22 gets Wy olth(Géron, A., 2018). Z, dlo]WELE 3 oz HE L
VeSS VRter FFS SFdr dojdEE SIS oy W wEde

24 AN Fs HA S stal BAS A3t sk WFoR SgetH o
gk HAel defs A A (policy)oletal F&

EAQ WHo 2= Q-Learning, SARSA, Deep Q Network 5] <
H, Asstas Fd wEolxl dEARl deAT ZRIPoR: F |
Rl =7 Jiet viE Q1FA 5l ¢l A Z(Alpha Go Zero)7F Utk &
i A 'me vbs g o] e off AL A Aol gle AEjel A wbs Al S (H

H

e wra Adg Aol dEs wA Hr &

k-0 ol%e Heasl 8 AR (rain data)® Adets PAow
Fot MEsd HAd et ARe AR FojAW k-HZH o

k-2 5 o] el Aol kel o= 7HE 77FR ol s v dh
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¥48 A E(train data)old M2 A5 ¥AEJ 71 77k k'Y ol %

(class)S &<elsla, 7+

’

filo
w
rir
pou
o,
v
4
AU
K
-~
=
Lo
o,
Yo
i
o,
o
St
it}
N,

ZFol ek 5 M NMEVF 28 JES dSFHgo R =g

(parameter) & 3L gk},

A, Az Abole] Agfeln. ol FAHstE WHE V|EA R I A
etk FEE Yt Ao ¥4 ok A(14)9F Zr)h v

o = BT 37MelA 57 Atel & AR&ETH kU 19 A goll= 7z

5 EE digh gaFHol AAT] witel dF HegAo] oA

o
< 4

a
BN
rl
i)
o
Yo
=2
>
rlr
i
)
<
N
)
X
=2
:\é
—h

o
Im
=2
=
_0|i"
o
099

o
o
P
i

dist(p,q) = /(p—a)’+ (=)' + - + (p,—q,)  (14)

2) YgA2 A Y F(Decision tree)
AgALA A YH-(Decision tree)x 9 AFA AT A (decision rule)S W+
(tree) = =X 33l BHF9 o=S g3t wrHoz v Aoy 3

Yol oy B wE £ vk FHol Ak GAAR YFelA 2

2 H tH(Géron, A., 2018).

AA A YoM = it (node)Ets §9& F2 AMEE midE 19
o YEE ou it BEuit(root node)gts A W 9o ¥ Eg F#
Z27F AZEE whE onstn Bt A4 AR2 FAE Qo 1
2] 31 F- R ult(parents node)= A& wit] el 9wy, 224w}t (child node)
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= gtye wio R RE RE o] uUik 27 o] widES ov|gith. &
t] (terminal node) T+ Awnlt](leaf node)= YWHF =719 ol A3t U
AL, A2 myzE gle vidE v gieh kA (branch)= FEvit 25 #
e 7bA] A2 " wie s ouety, Zlol(depth)= HeElvit=5EH EwndE
olF = F FE o

AALAA ol A HAA L AA AGAR FEET

19AlE A2 UFE vtes AR, 249 5A3 Zmd wepA
Ak 2] 7] = (spilt criterion) @ G A 91 #] (stopping rule)S ZrolA] SARA

4 UFE wEE Aot ®HUFold WE, F v E oS JFom

o
o

o
—_

mobd = E A et 948

i=]
5
s Aol w557 b gel FARES odd UrE F4sal w

oL

)
2
ox
oX,
(i,
)
1

o
=
O
2
Apx

(impurity) =

A

3 o MAIE] 238HE A5 B2 SASA A, oAAA Ui
g o] ZF o999 <+ %(homogeneity)’} <7}, &< % (impurity)”}t
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g o] =AY FAHEI =2 JfF (induction rule)S X &35t £ Qs
7S AA R EFFste DAt olE T AAFES WAL A EA

3TAE 172945 AAA EAX gAAAY UFo 8IS Hrtehe
GAZ, A58 AR(test data)E T3 THEAX A A YFE HIEsHA
=g

MA 4RAE A EdE 45D RS RsE WAl

o] A& EXwr EA ztgout & ZEd JtsAo] =k d™o] 9 o]
o e BAES A5 S8 54 mdo] GRS BEF AY Tox
E ol

3) A9 ¥ ¥ 2E(Random forest)

Ay YYAEE oA AA v S A oz oALAA U
= g3 Aot Uy TY2EE AEY How)S 7Htow A=
(sampling)3}+= 8] 4 (bagging) ¥ & A (feature) S 7]Wto =2 MZHsl+= Ay

3 A (random patch), 12]al oALAH yFE E¢ste] Abgste HAl#Y

Wolth, ¥ A H(train data)E WASA FEFo2H JAMEA UFE
e W 7 g A5z FEAvE Syt wEkA dd LY AEE

3l AEAdS SV eEN Hu dukst heAde] At FRlel Aot

(Géron, A., 2018).
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N

Lm = Z .Dm?,;[(km ((E,) = yi) (18>

i=1

5 2P YAE ¥ 2" (Gradient Boosting)

aYPHAE Barge 54 mdS B d3" g Ixresidua)E
gs 2dS FA dEFste JFAE F9Y7E residual fitting W o] o).
E

Hl A 7Fekslk okl 8k 7| (weak learner) AE 7| X @ (base model) & A}

&3e] 3, & AEsn Yo AAE g wdo BE Bi A3 olF

=

HhEstm kxS Al FoAUrbA HP Y A E(train set)E F AR
F AdE 2dS wrEA "o (Géron, A., 2018). .

ROl Tree2= Treeld 4o 2342 Amm L3 = d37h 470 9=
Aotk =, ol odFd e IAE vg BRES S d5TomA
A5 ZAYsbA ®trk Treel, Tree2, Tree3S 23k <5 7](weak
learner), Z1e]aL o] ZA¢F AS 3 57| (Strong learner)olebil =

o, oFF mElmE oA U

)
o

Ll
5%

o] AbgT).
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1. A+ A&
7. A A AAFAE (Real Data)
2 AFdAE AAXGH7F Haleld WHS H88t7] 915k, 2014
1 38 FAES o HAASE o g
g g8 2 HAF A5 IPA = oF 22,0007 o]
o

& T ZHF A2WAR016)e ARE AL

3ol ot
A F 18 Fo 2 FAFC glom PAY AEE 084608 7

Bt 82, REBA 4592 b
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E 283 DINA 2d 3 A&sto] F43 TdEF= <x M-4>9 2
om olE nitgom 18/ el e HPA 3000% e F vHeS AA

At ol & #ste], WinBUGSE &3 AAl Amd s 24 =4 3A
(g EFE AN A I A Bumn-In 9] =

_ﬁr
data)® AAFel ARZ R A Agaar 448 modE Ar:

@ F55(g) F59 27 B(s)
1 0.50 0.01
2 0.37 0.23
3 0.50 0.01
4 0.39 0.20
5 0.20 0.18
6 0.31 0.13
7 0.33 0.21
8 0.26 0.10
9 0.15 0.42
10 0.20 0.24
11 0.17 0.28
12 0.34 0.11
13 0.14 0.29
14 0.21 0.49
15 0.27 0.30
16 0.24 0.36
17 0.26 0.35
18 0.25 0.20
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HAgo o Ax A7 T ARV ZRIAE Lol A A9
7}

=719k e she] 100, 300, 500, 1000, 3000 % 57bx A& AAs A, o

A P53 Wudgor #4843 WP 24} DINA 2gol 4 )
47 w4 7he] AAEE BAHBoRA vy wHel AeAvAL B

1A A JAEE S o]o digk Q-FE S nlg e DINA 23S 4
&stol PR vy By dALs 59 oR s FAIAH

WAl AA HAA RS I A} S-S input feature® 3dFal, 19HA 9l
A DINA REo=® FAG FJFA THEFTE labelZ AF&3te] mAaleyd
s A&ty g ¥4 A
t}.

3eA: A7 S 100, 300, 500, 1000, 3000 & 57}A Z7o] wet AY F&
ate 7ZF & Av]|o] wEk FRS

4GdA: HAeds A4&35t7] fskd, 72+ A8E FH A E(train data) 2}

i

(train data)9} #H7} A= (test data)= F3&

rok

H7F A5 (test data) = - gTh(E SR & 70/30).
5@ Al:  k-nearest neighbor(KNN), Decision tree, Random forest,
AdaBoost, Gradient boosting WH < &8st #aled S 483}
=AM AFEE walEd W el sbo] ¥ 92l H (hyper-parameter)
Ao olgfe] <¥ M-6>3 zow, 1 99 3stolgzenes 72 #

(default)S zr=t}.
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<E M-6> tols] shebvle] 44

o R R slol | wetnH

k-nearest neighbor (KNN) n_neighbors=4

Decision tree (DT) random_state=0
Random forest (RF) n_estimators=100, random_state=0
AdaBoost(Ada) n_estimators=100, random_state=0
Gradient boosting (GB) n_estimators=100, random_state=0

2F5E old B wg F¥S A4S olF wae FA A=
(train data)= Abgste] WAy 4835n, A4 PFAARE F7h AR
(test data)® AFSF ey PHS stk o, ol 4H WS £

o Ag gL A gstel oA Y wg £9 And a7l 0t
QA en &9 oRe BR AAmd owd Aol dEAE 4w

o R4 4AE 7 AR vegd e 2.

197 AAk AE7F 8T8 5 9489 P BAE e Q-3

g5 veow, oA 3 ¥vg F3 S Input Feature® 3shal, Q1% AEj



£ Label® st= & 32709 o4 &3 w8 FFS 43T

iy

2Al 327 A L ae e o]} NI FESs Y HEE 59 F 3
7FAl 27132, 3200, 32000)¢] &% A} E(train data)E 473 ot

3974l k-nearest neighbor(KNN), Decision tree, Random forest,
AdaBoost, Gradient boosting WHS &&3le] HAlgdS A&t} 5o
¥ 3w} 2} u] ] (hyper-parameter) 242 o] A3} & <3}t

AGA: AA HAF AR E H7} A B (test data)E AFE-3Fe], o] AFA WES-H

g Abgste] FAd waled PT DINA Rgor 44 J34 %

Husste] AAEE Hu et

424y A Y 2R
D HMAGY Bdel e BF AFY 24

Haedel qax me #2494

shtl, Rolxtm = AAl HAF AE9 3 ES(geussing, slip)E Z8351o],
ZF Fgol thdk ¥ date] E wrS-S KA o] R AR E T
MYy e w A, ggxte] TEESA ZF QA Qs U 59

1A AA AARES o] DINA 23 & A &3sto] & = (geussing, slip)
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<% M-7> 5344

Predicted Positive Predicted Negative
Actual Positive True Positive (TP) False Negative (FN)
Actual egative False Positive (FP) True Negative (TN)

AA AR 2o AnE Haedon PAF Fo 1 AN

it e vAlel Eojdd Ame] vPA & weS A9 (nput

—

data) o= EU & %9 (output data, labe) 2.2 U} &= ClA 84 &4 o
o]

FE AERD, Ol ROMY AR AT oA vwat
s}

=
o oo] Bl AXElA] &= Ao]al, True Negative: WAlo] mj&ed g FA3&}
3}

gt olo] & dAFeM = dA AEE s

7] flske], Mol ntEAl AT Hles

True Positive®} True NegativeE TAH o2 H

7bel™, o] & A% (Accuracy)dti FEt

Aoz v 5, EFdE

A 8= (Accuracy) = (TP + TN) / (TP + TN + FP + FN)
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1. A4A AA A5 &4

7t A3 A7) WE DINA 2383 #Agygd dXE 24

24 Ay, Antd oz waegdor FAHI wds 249 DINA By
FAY APA vk 49s dAstes Ao dEEY 57 dALa
o &9 o FAHAE Hn 85%, o 100%°] 42 dALEE Hol= A

oz yeyton, AAGH FA dolM= Ha 656%, Hol 95%e] A

87.3%, 875%, 89.2%, 91%= <S7istdom, JAtZAA U (DT)= 87.2%,
92.3%, 93.3%, 94.3%, 95.6% S = UEwT dA=WHEE 283 AY 279
2EYRF) A== 77 988%, 94%, 95.1%, 96.4%, 97.2% % o1, o o]
R ~E(Ada)el A EEE 90.8%, 90.9%, 90.7%, 91.3%, 91.1% = }EFRETH
Al ete 2 O hAdE FA®(GB)Y AF¥EE 90.7%, 95.3%, 95.9%,

97.2%, 97.9% % M P4 F7F FoldsF AN wE FH FrhstA

i

Haey W T Haddow VM £ HeS H RS aYudE
B2~ ¥ (Gradient Boosting, GB)2. 2 YElWth BE 93z = ZHdoA 7}

% UAEE Hole Box e

o

e
flo
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<¥E NV-1> A5 A7) wE o

2] &=

olx  wWaA#d  (n=100) (n=300) (n=500)  (n=1,000)  (n=3,000)
Data
L4 T
A8 %= (Accuracy)
KNN 0.850 0.867 0.914 0.915 0.949
o DT 1.000 1.000 1.000 1.000 1.000
QU pZs
RF 1.000 1.000 1.000 1.000 1.000
axl
Ada 1.000 1.000 1.000 1.000 1.000
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04 DT 0.880 0.907 0.936 0.936 0.960
QU A
RF 0.910 0.957 0.964 0.972 0.977
Q22
Ada 0.940 0.963 0.944 0.951 0.955
GB 0.920 0.977 0.968 0.982 0.983
KNN 0.930 0.957 0.958 0.959 0.945
o4 DT 0.910 0.913 0.908 0.930 0.937
2l A
RF 0.940 0.957 0.954 0.960 0.965
Real Q23
Ada 0.960 0.953 0.970 0.976 0.976
Data
GB 0.920 0.947 0.946 0.969 0.974
KNN 0.920 0.937 0.924 0.943 0.960
04 DT 0.990 1.000 1.000 1.000 0.999
2l e
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21 E) DT 0.690 0.817 0.854 0.849 0.877
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GB 0.907 0.953 0.959 0.972 0.979
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0.784
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1.000
0.979
1.000
1.000
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0.794

1.000
1.000
1.000
1.000
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Data
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Test 1z MY train data=32 train data=3,200 train data=32,000

Data {4 H-t
A& % (Accuracy)
Ada 0.854 0.847 0.855
GB 0.861 0.861 0.861
KNN 0.974 0.880 0.880
DT 0.684 0.796 0.767
o1
RF 0.709 0.741 0.735
243
Ada 0.472 0.475 0.635
GB 0.554 0.554 0.554
KNN 0.787 0.590 0.543
DT 0.418 0.418 0.418
o1
RF 0.415 0.392 0.391
Q24
Ada 0.344 0.404 0.409
GB 0.418 0.418 0.418
KNN 0.906 0.666 0.879
DT 0.696 0.712 0.649
Q1 %]
RF 0.611 0.617 0.640
Qx5
Ada 0.544 0.603 0.522
GB 0.563 0.572 0.572
KNN 0.507 0.262 0.378
DT 0.437 0.243 0.313
Q1A
RF 0.234 0.229 0.216
Sl
Ada 0.456 0.487 0.487
GB 0.303 0.302 0.305
KNN 0.820 0.628 0.684
DT 0.604 0.593 0.588
Tt RF 0.540 0.538 0.541
Ada 0.534 0.563 0.582
GB 0.540 0.541 0.542
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<E IV-3> mAlEd el mE £F Ags

train data=32

test Q1] gy
data RERE W )
A8 % (Accuracy)
KNN 0.646
DT 0.803
Q1]
RF 0.803
{421
Ada 0.803
GB 0.803
KNN 0.849
DT 0.745
914
RF 0.687
Q42
Ada 0.824
GB 0.829
KNN 0.616
014 DT 0.543
Simulation o 23 RE 0.703
Ada 0.724
Data
GB 0.721
KNN 0.424
217 DT 0.697
RF 0.693
54
Ada 0.637
GB 0.697
KNN 0.667
217 DT 0.595
RF 0.664
245
Ada 0.640
GB 0.649
o1 %) KNN 0.507
DT 0.230
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train data=32

test Q1A RS RS
data RS IEAY H-H
A% (Accuracy)
RF 0.151
) Ada 0.158
GB 0.185
KNN 0.613
DT 0.596
3t RF 0.546
Ada 0.597
GB 0.616
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ABSTRACT

An Exploratory Study on the Usability of Machine
Learning for Cognitive Diagnosis: Focusing on

Data Size and Ideal Item Response Pattern

Jae Eun Heo
Department of Education
Graduation School of

Sungshin University

In this study, we wanted to apply Machine Learning, a research
method that has received much attention recently, to Cognitive Diagnosis
Assessment(CDA), which is part of the educational evaluation. By
comparing the DINA, one of the Cognitive Diagnosis Models(CDM), and
machine learning, we verified the performance of the examinees’ ability
parameter estimation, based on which, we explored the possibility of
using machine learning for CDM.

To proceed with the research, we organized two data analysis. First,
the real data(English test) of 3,000 examinees were used to analyze the
consistency between the DINA model and machine learning on the
estimation of the examinees’ ability parameters. The English test

consisted of 18 items and had five cognitive attributes, which are
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‘recognition’, ‘understanding’, ‘inference’, ‘assessing’ and ‘configuring’.
Second, the estimates of item parameters extracted from the real data
were used to generate simulation data for use as test data. The
simulated data showed 3,000 responses to 18 items in total.

The examinee’'s ability parameters, which are assumed by machine
learning, refer to the proficiency of each of the five cognitive attributes
and the pattern of mastering cognitive attributes. First, to check the
applicability of machine learning, we estimated examinees parameters
with real data by using the DINA model. And the results were used as
train data and test data to apply various machine learning and examine
the consistency between the DINA model and the examinees’ ability
parameter estimations of machine learning. According to the analysis of
real data, the larger the data size was, the higher the consistency
between the DINA model and machine learning was found to be at least
85% to 100%, indicating that the machine learning has a high potential
for utilization.

However, since it is difficult to secure item responses and estimated
examinees’ parameters as training data when trying to apply machine
learning for CDM after making tests at real education scenes, we
wanted to see if training data could be replaced by an ideal item
response pattern based on Q-matrix.

At this time, we studied whether the results of the examinees’ ability
estimations differ depending on the size of the ideal item response
pattern, which is the training data. As a result, it resulted that the size

of the training data does not have a significant impact on accuracy so
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that the number of combinations of theoretical cognitive attributes could
be used without artificially increasing the ideal item response pattern.

Finally, in order to verify the accuracy of estimating the examinees’
ability parameter according to machine learning, the simulation data were
used to confirm the restoration of the true ability parameters. After
analyzing the accuracy of each machine learning through simulation data,
it was found that k-nearest neighbors and gradient boosting are the
most suitable.

Existing CDM required large samples to estimate items and examinee
parameters, so there was a limitation in applying them to real education
scenes. However, the main significance of this study is if when a
reasonable Q-Matrix exists, individual students can be diagnosed based
on ideal item responses and machine learning without existing test data.
It 1s also confirmed that the results of the diagnosis using machine
learning are not much different from the estimates of the examinees’
ability parameters using the DINA model and that the resiliency of the
true ability parameters is similar. Given that most of real education
scenes are small samples, further research on the application of different
cognitive diagnostic models and various cognitive diagnostic assessment
context i1s needed in that machine learning models can be an alternative

to CDM.

Key Words: Cognitive diagnostic assessment, DINA model, Ideal item

response pattern, ability estimation, Machine learning,

Supervised learning.
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