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e T AT 4 Y 7eIX, BRIMETHERINSG T AN, A—HBEORHELERERZaFa—&T 2
FDZETHB. e TAT 4V I7EHAVEZET, FA—RENOZBRENRLZ T A MEZBHLTH[E—
CRBRAED DB, ZDIDIZ, ZEREDE—FEE CHEEEOZEMNREL 2 5. M b4 A S Z2 7D
ZEDHHNTWS [22].

BHENCBOVT S HRUIREAM SRR 1T SRR — by [26] , BEERILHRE 23] F2e T AT 4 7
ETfbihiTnd. F/2, KREAFRBCABERBCTOEA DM INTED, 5#%ike TRAT 4 V7
DEEVPEGELZENPRIAENS.

e T AT A YT TN “FHT AN LIEEINS, &7 A MNCEENIHEHEEIZR L 20, FH
BT A MHEPERENS. BIZIX, ERGREBRECIIEEOHZENEL LD X511, 7 A MOfatiztk
B, BESM, ERES—ETRIRERESRN. ThET, FEF R MIT R MNEHEORER L #ic
IDMREINTELD, e TRAT 4 Y OB, TR 2 HBRT 2 FEIBZ BRI ATVWS
[1, 2, 6, 14, 18, 19].

—IZ, e TRT 4 YT, TRAVDEBEHEL LTT7A TNV IZHERPHVWOLNS. 74 T LY
7 e BT 28 (U, HEMER) OHESECHET T — X FR L T0WE T —ZR=ZADZ LT
B2, ZDT7ATINYIPLEDT A N OWE R TTHHOHAGOEEZHEMCIDHERTZ 2
L%k T A MOEHBRERKE R,

Z O HEMERIIBERELRE Y LTrh s, K1 IEFEET A PEBERKOMERTH 2. —iic
eTAT 4 YT DEBTZAMERIIT A TN Ih0, EVCRBEREOTHARAENEE L 25 X512
B2 HHOMHABDLEZYIET S, ZHUTKD, F—BIOZBENERLZ ST A M2 THE—DFR
i e MFEEX NG, HATHSE Y LT, Songmuang and Ueno (2010) (1 &od b8 0 FRZRTFIED
—DT»H 5 Bees Algorithm Z W TT X MERZITS FIEZRE - L TW5. ZOFEIFHEHRUERL
ittEiRBRZ X U e LT, BOEOEFEREE CEFICHA I TV S [26].

AH 5 (2014) BE5RoNTA T LNV D - BEGEHFIIBEWT, R ZLOFHETA N 2MKT 52T
ERRELR [24). ZOFREIT A MERMER 75 7 L TERINIEARZ ) —JWECRESES. B
HINIZEZ DN T A T LN 7« 7 A MEBSHFCHRNATRER 2 TO T A b RTHR, =207 A bH%E

Test Form

A I

Uniform Test Forms based on
Test Information Function

X 1: AT LN I E0FEE T X MER



Hho, Hld 2HEHOBMG—ERATTH25EICTEHR (FA L) BICAzZ5 W/ I 706, 71V —2
CHINDEROTHRDBEE L TWE 77 7S 2 RRT 2 Z L THE T X MERZITS.

ZOFRFHRNCIRABOEFE T 2 MEREZRIET 22, WRATGERETCOT A MNREHEE T35
TG, MAGDEBEMIKEL RED, BRIV —I2HFETIILe, V7 7MEETEXEY
FIRET 2 BREETHZ. 200, AHS (2014) 77 728008577 7% 5 v X LIl
HLU, SIhORAZ Y —7HREGEVIRET KD, 79 72RORK7 ) — 27 2N ER T 5 F
EERRRELL 8. AFEICED, HFOBHFMILEI D S 10~100 5L EZ DT X 2 HR T E 7.

LoL, RRZV—FHRIZV—2% CTrL, REEMOERKRS V-7 HEFE[12, 16) THWVT
b, O(C|?) DLERFHERE DR L HMEL T 570, GEHODOFEMIRET) RATI0 DT A%
WS 2 ZeBRRTHo7-. 22T, fAHS Q017 3HFERPDZ Y —27 C DLTEA g T 2 TEM
BREGHHEZ VT, BRINCEHEE T 2 22T, FAHEICRERZEREREESR O(|C)) NB S8 2 FiEziR
KU [10,25]. ZAUTKD, 10 FE2BR2HHET A M EMRTES L5 .

722U, COFETHHFEET A N ORBREBHHEMT 21200 T, BEGHIEDOHERIFHE M T 2 729,
KRIETABBOFET A P EERTETOARY. FlZIF, BUCHEET R b23EA ST 2 TH R
BB TR 20 TAMEZZELTWS. £/, BERLCEEZHET 2 Z 2 IZEERBO Y 27 21
K2, ZOHEHORMEAHLOREICKR 2 Z e BHIHNTWS [20]. ZOMERET 27201, FHT A b
WE10 JT~$0100 HERREREK S 2 Z e ERINE. ZOBERDT, XDZLDOTAMEERTESF
EOBRIAHTH 5.

A TIRERP O ) — 7 ORTHR e Bk S 2 HR 2 WHNCHRRT 2 FEZREL, EREIh 27
MIERENEE 5 27, BHS (2017) TIRIBEGHEIECRDLHEAZHERFT OV — 21383 5%, il
RIS RFIEM LR F IR S R0. Z207D, O BEEEHEED MBI ROGIIGAEEZZEHL, i)

RINEEBETETEDfRZBIML, BEREDS—EL 22 ETHRDIET. 2 OREIEEGETEZEORKSENG 22
HEFWATA D70, WHHLTE S, 72720, BHEREATOERIIFERTO I ) -7 ORTHEMA e BEL
TWBD, FASBEIDHWICEERE L TV AL, 207D, BMESAESORrORAZ ) —2%
HHL, chzHERhoz v —27 128N 5.

ZORBRFHRIC L D IERTFE TR D FM 2 2 LT 2 G L CIEA 2 BRI E N3 2 WU 2 i 5]
b33 2T, FERFEMZKIBICHDTE 2. X512, WHIHLERTE S EHTESESOEZED HAYE
BOMEE BRI ROBEGHEETO FIRMEE 2 ), HRE2 LD E#LTE 3.

AL CIEREFEOEISEES I 2L —Ya vy T —R e R T —XEAVWTURLZ. BERMIERA TR
KFETEREINS T A MED 194575 fHTH o 7=DIH L, RRFETIX 438950 I 7 2 MERE R B
e,

2 HEHARIGIE

—ffnc, FETA ML, UTORFEEHLTTAMVEAL LTERT S (HIZIR, [5,8, 24]) .

1) ZhZho7 R P TOZBFERROTHFRENFETH 5.
2) ZhEhoT R FHEOHEHEERS—EMEMUTTH 5. (LU, THEBEEBENF IR

ZIT, ZBER/ROTHRRAZT X o BEESICE S 2858 (121, [1, 2, 6, 14, 18, 19]) TiI,
HH KGR (Item Response Theory:IRT) (3, 13] £ FHIN 2 BEE T ICEIT 5 7 A MMEHE CRHi S
NTW3. IRT L IIZBEDHENDEFMRERZET UL DTHS. Tk, BR2EE»HM
REND TR N %ZF 7B EORES & R —RE LTt X 5.

IRT TIEEE i(=1,..n) KNT2ZHE j(=1,....,m) ODRIG u;; ZATO XS5 12RT

1 i ZHOEBICZERE j BIES
U; 5 =
0 Fhbist



AR TIXIEBRIGEROFTRD K {HFbhTW2 2/BHR I R T 1v 7EF /L (2-Parameter Logistic
Model:2PLM) ZMHW2. ZOETILTIEREIME 0; € (—oo,00) ZFFOZERE j HIHH i ICIEE T 2R
pi(0;) ZLTD XS WTERT 5.

pi(0;) = pui; =116;)
- : &
1+ exp(—1.7a;(0; — b;))
72721, a; € [0,00],b; € [0,00] WZNZN i BHOEEDBASI AT X — &, FEEE S X — % LI
NBEEHNRTGX—RTH5.
IRT TEH 2BV T, X (1) ZHVWTGHE L7 1y >y —EREZHEERE L(0) MY, DIF
DEIWCERT 5.

L;(0) = 1.7%a7p;(0)(1 — ps(0)) (2)
T/, TAMCEEFNZ2HEEBOHBEREORMNEZ 7 A MEHRE LTS, UTDX5I1THRT.
10)= " 1,00) 3)
ieT

CZTC, TRTAVIEIFNBHEHOESTHS. ZDT7 A MEREDWE D ZERE R HEEE DML
BUCIORS 2 Z e B FIH T3 [22].

772L, TAMOHEERTETE WX, (1,26, 14, 18, 19) TE7 X MEHRBRICBY 2 ZBED
BENINRT A=K 0, %0 ={01,....08, ... 0k} DEDWIHOPDHTH YTV V7L, BRIV ->TWVW3.

3 FETALOESREMTILIIIL
REICIIRET R B2 5 5 FHREMNT 5.

3.1 HEEBHFAMDEHORAII—IBE

A5 (2014) 1Z7 A MERE 7T 7 L TERINZERAZ )V —JMEIRET S Z 8T, BMECHRK
BOFHET A NEMRT 2 FEERE L [24]. 22T, 7V -2 3EEO_THALBHEL T3 75 7
BiETH 5.

AFETIEREN AT X =R O ={0,...,01,...0k} ZH YTV T, FHILIZT A MEHRED L TR
Hil# (UB(0), LB(0y) %REL, £2ToOLETRENZHZ T 7T R b 2ZBEFESOTHENFETH
2255,

BlzIE, B21%, R1LWRLET A MEREDO L TR Z X7 oMK TH 5. MHFD f1~14
IR T A b OTEHREBEKTH 5. 11,42 13 2 oflo L TRZMHZLTBD, FHTHS. —/4T, 13
AR ETREZMHZLTEL T, FETHR.

x 1 7 A MERED L TROHA

=-20|60=-10|6=00|6=10|6=20
0.0/0.2 | 0.1/0.3 | 0.1/0.3 | 0.1/0.3 | 0.0/0.2
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Test Information 1(6)

Ability 8

B 2: 7R MEREAD LR TROHA

T/, ERENE T A MEHELUTOZ S 7RG AL, 77 78EDOHHIRAZ ) — 27 O - il
HZ2iT5 2T, FETAMZHKT 5.
JBE 7 A OSSR, G007 A TNy 7 ERARER T 2 b (LI, 72 Mkl

W oD T A M HBE EERMF M THE, OO0 K (FA ) Hicdz5(<.

ZD7 77 DERDOTERIET A MERSEMFZ#Z L TWS. 51, 7V —27HOERED “THRIIBHE L
T, HEHERESM 2T, LdoT, 2027V —27FDEMSHIET 57 A MIZWZNFHT
HYH, ZOPTHHFEDBRERDZ V) — 27 3HRRKOEET X MEL R 5.

R LCHEHET A MERIIIEA 2 Z7 7 G = (V,E) 2 HROBRESGV LIUOERZ F e Lzt &, X
DEIWEAMTES.
variables C CV
maximize |C]|
subject to
Yo,Yw € C,{v,w} € E
* where,{v,w} € E means the vertices pair of v, w is connected
(lvNw| > (upper bound of the number of overlapping items)).

CORRZ YV — 7 MEZ BEICHE 2ok D, HERIICRABMERIELAFHT X M 215 5.

BIZiE, K3IET A MERZ 7 7 o/RR7 ) — 27 2L THEET X P 2T 202 RLTW05.
3HNCIX 6 DDTER (7R L) CIHHERBGR 2 TARIARD 5. HIZIE, T5 & T6 ZZzhzhT
A MBS Z 7 T A MET, HEHERBSM 2729, UTHIENTWS. 2077 7H0kK
RKZV—=21F{T1, T2, T3, T4} THhH, ZhoDTF A el T2L, GRAONITA T LAY IDD
MR TEZ2RABOFET A MRS,

vertices : test form
D

' 2 Extract
maximum clique

Edge :

The maximum
Two test forms are equivalent and number of uniform
satisfy the overlapping constraint test forms

3: FHHT A MERD DD 75 T HEE



ZOFHRIBBICRABMDT A R TE 2 71T XL THSH, 02V, O(V[?) DK - 22/
HEEEZMNEY T3, FETRANDEE, V7 7OHEERIET A TN 15T A ORERSE #%ﬁt
T AN I DD, ZORIIT A T LNV 7 OHEEK n 1L T, HASOEBEINHEMT 2. ©
2, BHEEEIN TV EIBEE ~ TULEDT7A TNV I OEH T A N O EREIITOZ
REETH 5.

3.2 ELRE

INODFEaAX N EEMT 2720, AHS (2014) ERAZ Y —ZHERETIEL T LT XL %2R
R U7z [8] (LUFE, RndMCP B MER) . 2 OFEIZNLEIOTFIE [14, 15, 18] & HERL T, 10~1000 £5
PEZL DT A EZHRTE 3.

3.1 THIN L7k [24] ORERIIHFE 7 X MERBIHENT 22, 79 70K EMPERe k5
TH5. ZD/zH, RadMCP IETIET A MERMZ T 72 o850 72 7% 7 Y XL, 22,5
BRIV - BRBEEVIRETI LT, 77 72K0ORKZ ) — 27 2RBINCHERT 5.

BAREICIE Algorithm1 2 & D, 7R MERETTS.

Algorithm 1 #LIRE
Require: 74 7 Y7, 7R MERSSMF
Ensure: SH 7 A M

1: procedure RndMCP(Ly, L2, CT)

2 C:=0,Crae =10

3 ST := current time

4 while (current time — ST) < CT do

5: /* Stepl */

6: Vi=LADOT A %25 & LR

7 > JHEEEBEE LN S Lo T X b
8: /* Step2 */

9: G=(V,E) 7’5 7H5

10: > ZTHADEEHBRGE M- T5E, ']
11: /* Step3 */
12: C = MCP(G,LQ)

13: > G DIRKT VU —2 ZRME L7200 HR
14: if |Cmaz| < |C| then
15: Crmaz =C

16: end if
17: end while

18: Cmaa:

19: end procedure

Stepl~2 Tl 7 A MERSHOEE BERHGHELAN R T L HOTEMR (7R ) 2807 X MeZs
FIDEHR T T 7 %7 XL TS, 7272, L dFa—=or IR X—=XTHD, XEY LIEE
TEIEAMO LRZHEBRRICEDE TRET 5. Step3 TIEMH LD 77 70RKI ) — 7R

ZETEREME Ly 721317 5. Stepl~3 RETERR CT 2@ X 2 FTHDIRL, Step2 THROLNIZED I 7D
BRIV —7DH P oRRKOBDEHTIT .

AFRIIRAZ V-7 RO - ZRGIHRE2 2h2h, O(Ly), O(L?) T 2. ZhesDnrRT
X — ZIIFHEBRRTCEDE TERICHRETE 5. Z0Okd, 3.1 THEN LIFIE 8] O - 22/t H &
021, O(|V]?) 5t L THBIH .

ZAC KD, —RINZREREE (500~2000 SHERREE) D7 A4 T LNV 7 6RKT 10 HERED T 2 - %
LR TE 7=,



3.3 BESEZEZRAVIEERIU—I7IILIVIL

RndMCPEZZ V=2 % C & Lt BT, BIRORKZ ) — 7 HRTFHE(12, 16]) ZFHWTH, O(|IC12) D
ZERFTREEEZ DR L IREL T 5720, 10 HEREDT A MRS LR TH-7-. 22T, AHS (2017)
X2 OZEMEIEEL RN T 5729012, BEGHEEZ WA FEZIRE L (10, 25] (DI, HybridRBP &
CIER) .

HybridRBP {ETIEHIEREF D 7 V) — 27 C ORTEA & BT 2 THRZ AT OBKEHHE L FHWT, BX
TR T 5. ZAUCE D, FIEICRERZERGFIEREE O(|C|)) NBAYXE 3. =721, ZOHERIZO(|0]-2")
DRI AEEZNEL 35720, RadMCP EORK 7 V — 7 HRROKHEHER O(Ly) ICKIEICH 2. 22
T, RndMCP ETEHEEREDO XY ORROTHRE L) 280275 7h b K7 V) — 7R EZTo Th
5, BHGHEEZ W2 HIRICYIDEZ 2 28T, HRMERERET 3 (10, 25).
variables

{1@%E®ﬁaﬁ%xbmaihé
€r;, =

0 Zhlt
maximize
=1
subject to
dowp = M(7RMHEAK) (5)
=1
LBy, < Y ILi(0x)z; <UBy, (6)
=1
(k=1,..,K)
> Xiqw; < OC(HHEM LRE) (7)
=1
(r=1,...1CY)

1 i HHOEED
Xir = CHorEFHOTAMIEENS
0 Zhlist

22T, N(i=1,2,...,n) AN [0,1) OEfE— DD O OEETH D, REELE»ND 7
KZVH IV I7xhbdbDeT 5.

FFIGRFZ IV =2 C ORTHREBHET 27.0D%MNTH 5. £z, HWEEICEEN S )\ 3HE
RS 2EAMITHY, BES VX LHAEDEDT A BRI NS. bbb, \ I3JEH z; O
JEML L2222 b TES. ZOERIZ Belov[d] THWSNZ T ¥ X AT 2 MEEAT 5 BEEGTHETE
ANDERLETEHEEBEHICOWTRIL LD DTH 5.

BARINICIE Algorithm2 12 & D 7 R MEKZIT .



Algorithm 2 BHEIHEZ HWRAZ ) — 7R
Require: 74 74XV 7, 7 MRS

Ensure: FH 7 X Mt

1: procedure HybridRBP(L1, L2, CT’, AddCnt, o, CT)
2: ST = current time

3 /* initialize */

4: global C = RndMCP (L1, Ly, CT")

5: global Crae = C
6
7
8

while (current time — ST) < CT do
/* add step */

: count :=0
9: while count < AddCnt do
10: Sol = IPSolve(C) > X (4)~R (7) 2fE<
11: if Sol # () then > IP 2SR 72355
12: C:=CUSol
13: count + +
14: if |Cinaz| < |C| then
15: Chmaz = C
16: end if
17: else > IP DT I WiGE
18: break
19: end if
20: end while
21: DeleteStep(AddCnt, o)
22: end while
23: Cinaz

24: end procedure
25: procedure DeleteStep(AddCnt, )
26: /* delete step */

27: count =0

28: while count < (AddCnt x «) do

29: C:=C\{ceC} >eld T U & LIGER
30: count + +

31: end while
32: end procedure

AR7ZNTY X LIEKEL “initialize 7, “add step 7, “delete step ” I3 TWVW5.

“initialize” "Cl& RndMCP I & D X BV ORFOTHEI L 2F> 77 7 h o m Ko7V —78HEKL, Z
NEPHEE 5.

“add step ” TR U 7 BBEHHETE TR O N2 BHERKRF O 7V -2 C BT 52T, 7V —
IERIKT S, Tk AddCnt [BI#E DR T, BEBGEGHEIED BT R 725 £ TITS.

“delete step ” TIRIRERERF DI V) —7 CHhoI7 VXL T AN RHIRT 2 2 2T, B (MK
V—2) NPCRT 22 ®MEEEL TV, FHEBGED S OGBS 2 525 ERER CT Kiio5a
¥ add step NRB. LD oT, A7V XLZERFD 7 Y — I ATHEDBN - HIRZE#EDIKRIT Z 2
T, KO RERIZV I ZEZS T 2RHEEKE (ocal search) &> TW3.

AFEORHFERIZ O(CT), ZEMEHHEREIX, WNETHAT 2 BEGHHEOZEMEIRE A TE 5 &
$3%, O(C)) ¥ 4%, AUXEMFHEREEINED O(C2) 75 O(|IC) KL TWa. LEsoT, i
PUEL LT, ERRATRER T A D ERAKREC RS, Zhuc kb, SHRETIE 10 HED T R MRS
LRTH o723, W13 TEDT R R T E 7.

L L, AFRSEHGHEEOBEREMSKE WD, SHERMOEZHRERREFD ) -2 C B
BT I2HADOERNEDTED, RETDLREMOFEE T A AT E TV,



4 FETANMBROI-HOBYFEEZAVRAKIZ)—IJBEADOT7ILI) X LLFHE
AL CTRIERNERENET 272012, FRPDZ VY — 7 ORTEM L BT 2 HA2FFERT 2 Fik
IR T 3 [27). HybridRBP A CIXEEEGIETLE CROFTEHSZ BRI O 7 ) — 2 1BINT 2, Hlfsert
EHTIABMURF IR S0, ZD70, BOEBEGHEEDO MBS ROHKISGEEZE L, MHILH

BORGTEEOMZEML, EREDP—E LR 2 ETHDIRT. ZOHEIIRBEGHEEOHINGE AT T
WITR S 70, WiHHbTE 5. 2L, BHEAERSTOERIERITO IV -7 DRHFEBEEL TV
B, ZUSHEENEWVICEERE L TV A HREXEN. 20779, BEHESESORLSHRAZ ) — 27 2
L, ZhzHRFDI7 V-7 I1EMT 5.

I XD, HybridRBP {EThx d R 2 2 LT 2 BEGHETE T IESUZ BRISEN$ 2 L 2 1 5k
T3 LT, FREMEZREICHEDTE S, X512, WHHLERTE SN EMIESESOEZE O BRI
DIl % BRIV R DEEFETEIETO TR &b, RE I @b Tx 3.

( Current Clique C \ ([ S(IP Solved)

Vertex 1
% Repeat

[:-> Vertex 2 Parallel

. . solve
from V/C, . .
search vertices . .

connected to

all vertices in C Vertex P

Construct
a graph from S
update C= Cu MC

LSS

L

mcC
Qearch maximum clique from S\y

M 4: RRBERTEOE

K4 I RERRTFEOMETH 2. HRTDI7 ) -7 C ORTEHL L BHET 2 AR BEGHEEICEK D P
EHRR L, BRHENES S OBEHREL T2, JORRIEBHBEIEEOHIISGM 2 EHE T I/TX 5729, P
WEHHLTE 2. 2% |S| 23Sy B2 ETHEDIRT. Zor %, WHHLHEERTE SN EHIERREEGDE
RO BB DEDSBRIN R OBEGHETETO TREL 20, HRE2 I EELTE 5. 2Dk, Vse S
BERFTDZ V-7 C OLTESLEEEL TV, 2056 HERHWIZEEE L TV A REEZ N,



Algorithm 3 BEGHEEZ AWK 7V — 7R DUFHE

Require: 74 74XV 7, 7 MRS
Ensure: FH 7 X Mif

1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

29:
30:

procedure PIPMCP(L1, Ly, CT', Sug, D1, P,CT)
/* initialize */
global C = RndMCP (L1, Ly, CT"), Craz == C
while (current time — ST) < CT do
S = (Z)
/* search step */
while |S| < Syp do

Sol =10
parallel for p:=1... P do
Soly, = SearchIP(S)
end parallel for
if Sol # 0 then
S :=S5USol
else
DeleteStep(D1)
break
end if

end while
if S # 0 then

/* mcp step */

SV = (S, E)

MC = MCP(SV, L)

C:=CuUMC

if |Cmaz| < |C| then
Cmae =C

end if

end if
end while

Cmaz
end procedure

31: function SearchIP(S)

32:
33:
34:
35:
36:
37:
38:
39:
40:
41:

42:
43:
44:

if 0 < |S| then
for j:=1...]S] do

T = Sj

val = >0 it

if [b < val then
Ib == val

end if

end for

& rsove(c, i)

end function

45: procedure DeleteStep(D1)

46:
47:
48:
49:
50:
51:

/* delete step */

count := 0

while count < D, do
C:=C\{ceC}
count + +

end while

52: end procedure

> IP 23f# ) 7= 555

> IP 2SR WG E

b 1 (4) O BRI

> (4~ (7) % 1b % FIRIEE LTHES

> cldT v & LITER

D, WERFEIDBZLDTA I E2ENTES.

BARIIZIE Algorithm3 12 & D, 7R MEKRZEITS.

ZD7D, BMERES SOFroRAZ V-2 2/t L, fRPD2Y -2 ClTBMT 2. Zhuck

AR TIE Z DIREFIEEL PIPMCP 7% (Parallel



Integer Programming Maximum Clique Problem Method) & FEAR.

AR7ZNTY X LIEKEL “initialize ”, “search step ”, “mep step ”, “ delete step ” 12PN TN 5.

“initialize ” "Ci& HybridMCP % & F#£12, RndMCP iE% AW THIHEZ KD 5.

“search step” TIXERFPD 7V — 7 ORTES L BHE T 2THEES R IRMESES S L L, BEHD Sus
Y725 FCREBGHEEDRZBMS 5. HybridRBP {E TR BEEEHEE DS R OHIRISM 2 £ H 5
2780, WHHLBNETDH o 7. BEFETIREMIERES S 2HHT 2 22T, BEGHEEOHIRISM:
REBERETIATADD, WIHLNTE 2. 51T, 0<|S| 261X, ROBEKGEETED BB Z ki
T5seS%KRD, ZDME% THRIE D & T 20K REEEZHOTERZ1TS. I Vs € S il %z
Mi7z5zr, BNBEBDPEEINS 2D N\ VYTV IPMfThbhs728) REENELRS Z & %F
HALTWS., ZOXSFHTREEREE X2 22T, DHEEREIC K 2 ERNEOHIBIHAFTE 3.

“mep step” TIXMEMIESES S OBEXZELA L LI 7025, RudMCP EE FREICRAKZV —2%
L, BRPOZ Y -2 CNEMT 5. 2, BEHEARSTOEREIERPD I Y -7 D0LTHA L
BERE LTV 523, ZNHHEPEWICHEHEL TV ARAEDS R W ZDIZITS.

%I, “delete step” TIXRFTE BKZ V) —2) NNKHT 2 Z e Z2OlT 272012, 72K LIHERF
DIV —=7 CHhLEEZHIRLTWS. LERoT, KOKRERIV—IEHEELS T 2REZRE (local
search) 72> TW\5.

5 FHMRER

REFiE (PIPMCP %) OFMMZ R OFHEERZ1TS. BARMAIIRRTFEORRI R OFHliz
177 0 7:#%, HybridRBP ¥ [25]) & D7 X MERECZ I L7z, 723, FEITEREIX Ubuntu 18.04.2 2 OS
¥ ¥ 55 (CPU:Intel Core i9-9900X 3.50 GHz, RAM:128GB) T 3.

R 2% ETATFLINY DM

Item Bank Parameter a Parameter b
Size Range Mean | SD Range Mean | SD
978 0.12~3.08 | 043 | 020 | —4~4.55 | —0.22 | 1.16

£ 3 TAIMERDID DT A MEHESM O TIRE/ LIRME

0=-20]0=-10|6=00|6=10|6=20
2.0/2.4 3.2/3.6 | 3.2/3.6 | 3.2/3.6 | 2.0/2.4

AEBRIIZ=Z2DS I 2l —Yar—DDRF—RIZEETA TN ZEFAVE. ¥Ial—vay
1% 500, 1000, 2000 EHDIEE%#5H, FHEEOHAN I 8T X —& a % logya ~ N(0,12), REEE T X —
Zb%b~N(0,1%) E LTRAESEL., /2, EF-XIIBHEHEZ D OEBRIHAIATWET A4 T 4
N 7RV, ZOT7ATLAANYZDOFMEIR2DEBEITH 3.

T A MOBBGEHIETIR L7 A TNy I s, R3DT A MERESMEZMIZFT 25 HHDO T A M
e Uiz, REMHIFEBRGEH SN e TAT 4 Y 27I2BT 27 A MERRSHETH D, BIES X2 B
TOWRT A MEREFRL T3, 72721, HEERHSESE (00) 1Z0C ={0,1,...,10} D 11@D D5
HIC & > CEHli$ 5.

73, HybridRBP i [25] , #REFE (PIPMCP ) OBHEHHEDOHRRIE CPLEX([7] Z W, LP#%
HEEE OfREX vy T e T TEHELZIBYI-% (F7r 0 AT ay). ¥z, CPLEXHDY
AN=ZEZAHN D7 L) ZLBEENTVWE =D, FHEBERRICEDE T, CPLEX TH#EHT3 2L v
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RO ERZ 10 2 L7z 72720, WiFHb3 20 P icE&bET, 1ICHEAT 2Ly FEO LR%H
BL, TakyIhHaLliznk oLz flziE, P=20#%4, CPLEX THHT 2 ALy FED FIR
52 L, 1M»PEDEKS ALy N T 2 B OBEETEEE MHN N7

1RHHIERE S DER D LR DT

IEHTEAEAEDOERD LRI Syp DEERET 2728, Sug D7 A MERBICEH X 2 BRI 5.
BARNCIEEB D 7 2 MEREMFICB VT, Sy DEZELIELLE, YO X517 X MERBDZL
TEDESNT S.

PIPMCP D85 X — &3 Dy =100, P =1, CT = 9hr ¥ L, dMFHLEITHRVL. X512, 0 < |S|
DFEITHB VT, BEGHHZED FTREIZS 230, THbld Sy D52 3 HEDAERIET 27-0TH 5.
¥ 72, FIHMERR O RndMCP EETHW 285 X — &% L, = 100000, L, = 3hr, CT' =3hr ¥ L, JHH
EEBEUDFR CEFOLEE, RUAHHEEZ AW, 2, 20703V XLA8PHIEO K E X125

MERZI50, TAEOT 2 MEREARLZ Y, 713 ) XADFHEAES TR WD TH
%, LI, FIHHMEIC RndMCP %% W3 HybiridRBP 3% « PIPMCP E TR I OSHEE WS, D&M
DT, EMTESESD EREE Syp = {10,100,1000} ¥ Z{bX, 7R MERECE LKL L 72

5.1

2% 4: SUB K. J: 5%!%%&%%‘3

It Proposal
tem
Bank oc Syp = 10 Sup = 100 Syp_= 1000
Size No.test Avg.search Avg.search No tosts Avg.search Avg.search No.tosts Avg.search Avg.search
©-vests time (MCA) [s] time (IP) [s] ) time (MCA) [s] time (IP) [s] . ) time (MCA) [s] time (IP) [s]
0 34 0.0003 54.19 34 0.812 46.30 34 430.430 36.20
1 264 0.0001 57.30 267 0.697 21.07 262 175.246 18.26
2 1220 0.0002 20.47 1225 0.036 11.86 1171 180.073 10.20
3 6345 0.0001 4.45 6233 0.001 3.96 5957 173.329 2.13
1000 4 20787 0.0001 1.88 21955 0.001 1.76 20477 171.324 1.65
5 50800 0.0001 4.47 51048 0.001 4.28 51044 169.302 3.97
6 91381 0.0001 10.23 92773 0.001 8.01 92825 0.061 7.69
7 101349 0.0001 10.45 101486 0.001 10.15 101333 0.052 10.64
8 101953 0.0001 10.68 101999 0.001 10.38 101887 0.051 10.83
9 101974 0.0001 10.76 102028 0.001 10.50 101987 0.049 10.68
10 101969 0.0001 10.83 101980 0.001 10.53 101923 0.050 10.87
Item bank size=1000, test items=25, OC=4
T T T T T T T T
20000 |~ Sug=10
Syg=100
Syg=1000
I%) 15000 —
17}
L
el
<o
£
g 10000 [—
(7}
12}
<
H*
5000 —
0 |

Calculation time [hr]

X 5: Syp IC & %7 A FMEREOHEE

R Z R 41277, No.tests 17 R MEREL, Avg. search time (MCA) [s] i& Syg DEKZ UV —27 DI
ERRINE, Avg. search time (IP) [s] IZEEEGEHEE 1 Bl H 72 D ORI ZRLTW5S. Syg = 100
DEE, BHZLDTRAMEHBRTEIGENZVI exbhr%. 72, M5 LD, Syg =100 ¥ ZhlL
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ATHRIERGR E ¥ BICT A MERBODOENKELL RoTW3., £4 XD, OC=6UTDL &, Syg DIEE
X E 2 mKRKI ) — 7 L BEGHETE DO FIGHRRMEIC b L — R A 7035 5. BARIVICIE Sup DIEE K
EL T2 emAT Y — 7 OHRRERNIEIN S 2 2 EEGHEEORBRE# R L, Sup OEE/NXL T3
YWORRICRS. 2L, OC=TUETRID L —FAT7DEAVINIL RS, DlEo ML —FF
TEL T, KD Sy DEFITBWTIE Syg =100 D &, 7 MERBDZL R 3G5E1PRDZ
Molz. LlhoT, KX Tl& Sup = 100 ZEMHEMAESD LREE LTRAT %

5.2 EHFTEIED TRIEIC & 3 RERMEOFH

WHHEERERE TR oM BERTHRE G O ER O HIVBEB O EI B RINC R OREEGETEIETO TRMEE 2D,
BRrLhEERbTcE2 2 B2RT

PIPMCP {ED 85 X — &% D; =100, Syg =100, P=1, CT =9%hr & L, iFl{bE{ThZWv. ZD
SMFEOT, BEGHEED FRMEZ 5 22 WEE (without LB) ¥ 5 %7284 (with LB) 7 X MR
L 7.

3

i

& 5 FPIRIEIC X 257>

+

Ttem Proposal
Bank | OC without LB with LB
Size No. tests | Avg. search nodes | Avg. search time [s] | No. tests | Avg. search nodes | Avg. search time [s]
0 34 204322.9 46.30 34 204132.9 45.21
1 267 111387.3 21.07 264 107970.2 20.94
2 1225 52855.7 11.86 1194 50272.5 11.74
3 6233 8378.2 3.96 6317 8199.2 3.73
1000 4 21955 558.2 1.76 25571 492.5 1.06
5 51048 257.4 4.28 54146 203.4 2.43
6 92773 195.4 8.01 94127 146.4 5.09
7 101486 176.4 10.15 102853 131.7 5.74
8 101999 158.2 10.38 103430 115.8 5.77
9 102028 176.3 10.50 103449 126.3 5.33
10 101980 192.5 10.53 103431 135.7 5.39

ltem bank size=1000, test items=25, OC=4

26000 S —
24000 |-  withoutLB - a
22000 - with LB |
20000 | i
18000 [~ }
16000 [~ ]
14000 o |
12000 [~ ]
10000 [~ 8 ]

No. assembled tests

Calculation time [day]

6: TERIEIC & 2 7 2 MR D LR

AR TR 5 1TRT. No.tests 1d7 A MEREL, Avg. search nodes, Avg. search time [s] I3 Z I ZNEEE
FHHEIVE 1 [ 7: D OFGEREK 7 — PR, PIEERRIGR] [s) Z7RLTWwa. X5 XD, OC=3MEicks L
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IIHBREDRIRDK E L 12570, BEGHHEOHRRGHAWE SN, 72 MERBEEML TV, K6
X 0C =4 (FRIEE G ZRVEE L 5225507 2 MERBOEI RO KEWEE) Ok =12, Milz
FHERRE, HCTRIEZ G2 RWEE L 5ALBEDT A MERBZRLTWS. K6 kb, RfHiE#E e
EHITTRRMEIC X B2 DHBREDMRENKEL RoTWB e dbhb. LiL, R5ICBITS0C=2LTF
DHLETIETRIEZ G2 TH 7 A MEBEICHEDN A SRV, ZHUIDEIRE ORRIVNE ) BRG]
FEOBRRBEIWHEZINTORVWIEEZRLTWS. iR L X512, BEFRIEREHEED HrIRI
B2 N CEBEZHWTED, 7AMERBICEXSDEZ04E T 5. ZOE6DXICXD, HREEDR)
ROPNZVE ZWZWETREZSEZTORWINREZ 2 XD b T A MERBDZ 2o TLESILEDDH 5.
C DEENC X 2B RS 272012, ITRIREDFRIVNEZ W OC = {0,1,2} DEMFITOWT, [FHkDSHE
Bz 5 [TV, 72 MR O FIEEE R L. fERIETREZ HWRWEED OC ={0,1,2} TOT R
N RERER DD {33.8,264.4,1216.0} TH 7Dt LT, TRIEZ FAW23555 {34.0,264.8,1217.2}
CEPICRWMEZR L. DR, BRFEITREZAWTT X MERETS

5.3 MiFMLIC & B ERERNER D F

WHHLIC & BEERMRZ MM T 3. 7238, PIPMCP D85 X —&1% D, =100, Syg = 100 ¥ L, if
UL E P = {1,2,5,10} e &b X ¥, 72 MMERECE L 7=,

& 6: MHIHRRIC &L 270%

Item Bank ocC Proposal
Size P=1 P=2 P=5 P =10
0 34 34 34 34
1 264 265 267 261
2 1194 1194 1205 1194
3 6317 6288 6179 6058
1000 4 25571 28714 | 30350 28517
5 54146 58908 64616 66704
6 94127 96825 | 100323 | 102125
7 | 102853 | 105296 | 108356 | 110046
8 | 103430 | 105879 | 108829 | 110579
9 | 103449 | 105898 | 108888 | 110498
10 | 103431 | 105884 | 108785 | 110500

FRER6ITRT. OC=3 L TDHEICT A MERBOZENDV/NZ VOIE, BEGHETEDBRRRR & f
TUEEL P D L — FA 7R E L, WHIHLL THEONZMOBBIEDL LR VWD EEZ LN, L
L, OC=4METEZDO ML —=FAT72/NELRD, WHHLE P 2 L7015 50 2 ROKREDZ
{BBeEZOLND. ZHTE5.2 TRLAEEIIE, TRIEZSZ2MEDIRELRZ I HBFRLTVWS
rEILNS.

L7zh o T, AFREFEREERAER W MHE S AIEETH 253, HK 272132 < O E IS L T
RN T T D EBAEINIF DN D RO L B T ZIRL TV 5.

72720, 7R NOEESFICEDLE T, Ryt P 2UEST 5 Z 2 IXAEZ TIdRWv. filZiX, Koch
et al.[11] 12 X AU, BHEGEHEIETHWS ALy FEISHE U T, —HHCIERER T 2 0 BEs R E X
NN ZEBRINITRLTWS, LEdoT, ZOML—FF 73 0COERBFIKELTVWE EEZ LN
379, WUIRMEIEE SRV, 2D, OC =4 ETT A MERBOEMDEE TH -7 P = {5,10}
ZRHWT, XETIIERFIEL OHLEEITS.
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5.4 RERFLEEDLER

REFE (PIPMCP i) OAMEZRT 729, ERFE (HybridRBP i% [25])) & 7 R MR H
L7.

BFEOFERMIE 24hr £ L, HybridRBP #%I121& AddCnt = 1000, « = 10%, CT = 24hr, PIPMCP
KIZIE Dy =100, Syp =100, CT = 24hr, AFLE P id P = {5,10} & 2 HEHDEMFTITR o7

7K 4 T LN 712857 2 MR R

Item Bank Hybrid Proposal
Size 0C RBP
P=5 P =10
0 17 17 17
1 47 42 41
2 267 237 240
3 1144 773 730
500 4 5032 3471 3348
5 12550 14874 14331
6 29207 54955 49837
7 67969 98026 97792
8 98406 121916 | 122378
9 104991 126649 | 127229
10 105002 126987 | 127149
0 34 34 34
1 318 266 264
2 1892 1284 1240
3 7557 6891 6771
1000 4 20653 37831 35731
5 55024 93212 97492
6 96527 119923 | 125324
7 | 106834 120046 | 131966
8 | 107942 127159 | 131579
9 107735 127253 | 131948
10 | 107672 127432 | 131300
0 70 70 70
1 1531 1035 988
2 6963 7662 7569
3 25364 54168 51401
2000 4 72520 101780 | 108165
5 103354 124055 129257
6 | 106362 125991 | 131791
7 | 107434 126863 | 132273
8 107774 126685 132090
9 107998 126245 133550
10 | 107783 126532 | 140700
0 35 35 35
1 348 298 286
2 1844 1340 1334
3 6960 7236 7050
978 4 14866 34031 31724
5 52126 80430 73693
6 93704 | 113039 108935
7 | 104339 | 121503 118165
8 105823 | 122167 119797
9 105805 | 122258 119758
10 105956 122681 124200

FRERTITORT. REBTFEZ OC DENREL LD L, RACAEMEDTNS. BIZIE, 74 T LN
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74 1000 DEE, OC 34D LIk 2 L IREBEFEIRDIZLDT A MK TS. 72720, OCH

3LITICH %, HybridRBP IEDRDZL DT A M EMK L TWVWE. 2, IBEFEIMEMEAES
DRAKZ V=7 ZBINT2RENRH 2720, 7)—2 CIZEMULEZVEESRDTNE/-0THS. K,

T 2 MDD IR0 (OC VNI W) TIRHMBEHTEREAEFORKI V=7 DREINIWED, 7
)—27 CIGBMUABWEBOEIERAKE W, FlZIX, 74722794 X500, HEHBEERESM 0C=3
DEMFITBNT, RETEIFIERAIERGIETE TR D - BOREE TR 2 ¥, HybridRBP %D 921 12
LT, 1305 (P=5), 1230 (P=10) & EHE->TWED, ZOWN, 7V —27 C BN N RO
598 (P=5), 568 (P=10) ¥ 50%AKMTHo7=. Liho>T, ZD&DREHFITBWTIX HybridRBP
EDXSIZ—D2FORERDTIZ Y —2 CITBMUESED, TR MEREEZL 5.

REFIRIE T A MEREDKREWEGEEIC, BEPEZFICHNS. 22T, (FA TNV IH A4 X, &
BIHBESM) = (2000,5) OEMFIZBWT, FHEKRRZ 672hr (28 HH) TR L L 2D PIPMCP
1Y Hybirid 50 7 2 S ERECE LLEg L 7-.

HybridRBP -
400000 = Proposal
350000 —

300000

250000

200000

No. assembled tests

150000

100000 £ | l | | L

0 5 10 15 20 25

Calculation time [day]
X 7: BHAERFHE 672hr (28 HRE) DIRZRFiE L HybridRBP ED 7 A MR

X 7 3T A MIDHER L Tay N L7z DTH S, KFHOHHED HybridRBP 15, SERRETF LY
RLTVWE, K70rBh, BEFEIFERE L © $12, HybridRBP £t 7 X MEREDZEDILD 5.
F72, 672hr (28 HE) TWET A MERBDICGR Lis o 72720, FIHERMZHECT T, X5IT A
D FZEDILD B ATREMED B 5. HIKIIC HybridRBP B4R L5 7 2 M A 194575 I TH - 72D
WAL, IREFHETIZ 438950 Ely, 7R MEREDH 2.2 5127 A MESEZEH Lz, TAUIER 20 5
ANBLEDZER LT 2 IR A & BT & EH A RER 7 X MRS ORI TH 5. IREFIEIX
HybridRBP (%723 4 #2222 % 7 X MR E 1 EBE S 3 THERTE, ftRKHZSETE L. 2L, 2
RFHRE 5.1 MEMESESOERD FRFOFHI ) TRU Syg DHEIC K 2K V) — 7 ¥ BEGHHED
SEIGEBRRRE R R 0 5.3 THEAINEIC & 2 BRERAIR DR T/R U7 BEGHEE O BRI [ & A FI LI P icDwn
TOPL—FRA7ORBEICIFET 3. THASDSMITFEEC XD REREE KD 2 0EHH D, SRR
WHRIET 2 Z 2B L TUELL.

6 LIYV

AL T e TRAT 4 Y7 BI2EET A MERDT=DDRAZ V) — 7 HFEREITHUH 7 NLTY X L%
RBEL. ATRIEMESESZEAL, BRPDOZ Y -2 ORTEM L HET 2 THAZWIIERT S
CTHRBRMBLWE L. 2012, BRIEAEGOEREZRICH S BEGHEEO TIRIEL 32 Z & THRE
EEROE#EIL L. Zhuckh, PR TR VEOEREBED 5 L EOEZHFICB O TIIERFIEICE
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SR HBE e EYIal—yaryT—&X c EF—XEHWTRLAE. 72720, 430000 [EREED 7 2 b
B 4Bz BT 5720, 5%S X OMERNRFEZHAET 20E3D 5.

¥/, AFETOMET X MEIciE, HEOZH (HEEED RO HP4ET 5. FEEIC, 438950 B 7 A
FEETIE D BIEEDH 10000 D 7 2 MIZE&ERTWBE—5T, 200 DT R MZLhEEA TR
HHbH 5. HlZX, BHIZVWHBEZBRER THEIALT L, BEHITORBD, ZOHEHOEH
MHERRDONR TV [20]. Z2D7D, ZOBEHIECTE 2 FEEMETT 5. iz, Ishii and Ueno (2015)
TIEHERBDORA L R 2HEDS 7 A MRS D 2HE RS 2 FEPREIN TV S [9).

B, FETAMIFESHT A MHAWSZ LT, TAMOEIREHOBHBEZRIRT 2 Z L2355
NTW3 17, 21]. LR TR b 2k, ZEBREOREN ZBXINHEE L, ZORENIGU THIERBED & D
BWEHHZHES 2 2 2 TZBRIFESCEBRERBTCE 220 Ya—% - TRA7 4 Y OHEEATH 3.
ZD &S, EALOBEICIOVWTOMRETT 5.
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Algorithm 1 000

Require: 00 00000O00DO0ODOODOO
Ensure: 000000

1: procedure RndMCP(L1, L2, CT)

2 C = (Z), Cmaz = @

3 ST = current time

4 while (current time — ST) < CT do

5: /* Stepl */

6 V. =0,,000000000000 >O0000000000000 L,OOoOoao
7 /* Step2 */

8 G=(V,E)yooooo >O0000000000b0o0o0obobooooboa
9: /* Step3 */

10: C = MCP(G, L2) >GUO00000000D0 LO0O0ODO
11: if |Cinaz| < |C| then

12: Cmaz = C

13: end if

14: end while

15: return Ch,az

16: end procedure
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Algorithm 2 000000000 OCOOOOOOOO

Require: 00 00000O00DO0ODOODOO
Ensure: 000000

1: procedure HybridRBP(L1, L2, CT’, AddCnt, o, CT)
2: ST := current time

3 /* initialize */

4: global C = RndMCP (L1, Ly, CT")

5: global Crae = C

6 while (current time — ST) < CT do

7 /* add step */

8
9

count := 0
: while count < AddCnt do
10: Sol .= IPSolve(itemBank, C') >004000070000
11: if Sol # 0 then >IPOOOOOO
12: C:=CU{Sol}
13: count + +
14: if |Cinaz| < |C| then
15: Chaz = C
16: end if
17: else >IPOOOOOOO
18: break
19: end if
20: end while
21: DeleteStep(AddCnt, o)
22: end while
23: return Cy .z

24: end procedure
25: procedure DeleteStep(AddCnt, o)
26: /* delete step */

27: count =0

28: while count < (AddCnt x «) do

20: C:=C\{ceC} >c00000000
30: count + +

31: end while
32: end procedure

00000000000 ”initialize” O ”add step”d ”"delete step”0 0 000000

“initialize’0 0 RndMCP OO0 0O0OO0OO00ODOOOOOO L,OOODOOOOOOOOOOOOOOO
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Algorithm 300000000000 O0O0O0O0O

Require: 00 00000O00DO0ODOODOO
Ensure: 000000

1: procedure lowltemExposure(L1, L2, CT', o, CT)
2: ST = current time

3 /* initialize */

4: global C := RndMCP(L1, L2, CT)

5: global Ceandidate = 0
6
7
8
9

while (current time — ST) < CT do
/* add step */

Sol == IPSolve(itemBank, C') >004000070000
: if Sol # () then >IPO00O0O0O0O
10: C:=CU{Sol}
11: Ccandidate = Ccandidate U {C}
12: else >IPO0OOO0O0O0O
13: DeleteStep(|C|, @)
14: end if

15: end while
16: / * output */
17: Cres i=C

18: for Crang In Crandidate dO

19: if 7gres < [feand then

20: Chres = Ceand >O00000000000000000
21: end if

22: end for

23: return Ces

24: end procedure
25: procedure DeleteStep(cliqueSize, «)
26: /* delete step */

27: count :=0

28: while count < (cliqueSize x a) do

29: C:=C\{ceC} »000000000000000000
30: count + +

31: end while
32: Ccandidate = Ccandidute U {C}
33: end procedure

000 407%nclique’00000 30000000 400000000000000DO0O0O00O0O0ODOOOOO
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Algorithm 4 0000000000 O0O RndMCP O

Require: 000000000 DO0ODOODOO
Ensure: 000000

1: procedure LimitltemRndMCP(L+, L2, CT)
2 C:=0,Crmae =0
3 ST = current time
4 while (current time — ST) < CT do
5: /* Stepl */
6 V=0
7 n = itemBank.size
8 fori<+ 0ton—1do
9: itemCntVJi] == 0
10: end for
11: while |V| < L; do
12: allowedItems = ()
13: for i< 0ton—1do
14: if itemCntV[i] # maz(itemCntV) then
15: allowedItems = allowedItems U {7}
16: end if
17: end for
18: Sol = IPsolve(allowedItems) b allowedItems 0 0 0000000000000 (40~0 (600 IPO
ogd
19: if Sol = () then >IPODOODOODOO
20: Sol=000 100000000
21: end if
22: V =V uU{Sol}
23: for each i € Sol do
24: itemCntV[i] + +
25: end for
26: end while
27: /* Step2 */
28: G:(V,E)DDEI[I[I >O0000000000000000000O0Og
29: /* Step3 */
30: C = MCP(G, Ls) >GO000000000 L.OOOO
31: if |Cmaz| < |C| then
32: Chaz = C
33: end if
34: end while
35: return Chaq

36: end procedure
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Algorithm 5 00 000000D0OCO0O0O0ODOOOOODOOOODOOOOO

Require: 0000000000 O0DODOO
Ensure: 000000

: procedure LimitltemHybridRBP(L1, L2, CT’, o, CT)

1

2: ST := current time

3 /* initialize */

4: global C = LimitltemRndMCP (L1, L2, CT")
5: n = itemBank.size

6: for i< 0ton—1do

7
8
9

global exposure[i] .= 0
end for
: for each v € C do
10: for each i € v do
11: exposure[i] + +
12: end for

13: end for
14: while (current time — ST) < CT do

15: /* add step */

16: allowedItems := ()

17: for i+ 0ton—1do

18: if exposure[i] # maz(exposure) then
19: allowedItems := allowedItems U {i}
20: end if

21: end for

22: Sol := IPSolve(allowedItems, C')

23: if Sol = 0 then

24: Sol := IPSolve(itemBank, C)

25: if Sol = () then

26: DeleteStep(|C|, a)

27: continue

28: end if

29: end if

30: C = CU{Sol}

31: for each i € Sol do

32: exposure[i] + +

33: end for

34: end while

35: return C

36: end procedure

37: procedure DeleteStep(cliqueSize, «)
38: /* delete step */

39: count := 0

40: while count < (cliqueSize x a) do
41: C:=C\{ceC}

42: for each i € c do

43: exposure[i] — —

44: end for

45: count + +

46: end while
47: end procedure

>0 100000000000

>00000o0on

>004000070000
>O000001IPODOOOODOO

>O00000IPOOOOOOOOO

>cO0000000
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050100000000

. 00000RndMCPO oooo
Pool Size | OC = =
] Ec & ICl | Ec &
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REARZ W72 0B T A s D2 B 8 AR e 12
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R AL
ESIBE R IR T A8 4 4F

1 EL®HIC

A, e T AT A VT EMEND, Web ETT A b % FEffi§ % CBT(Computer based testing) D% A{LAYE
HINTWS. e TAT A VY 7IE—RIOTANDOHWEKEELEGED 2T TR, BARL5TANE(TEZEHL
TEHA—RE ETZBEDORNEZFMTEID LD RENH D LD, TANDIERNZEHE ICKEIR
RO % BAX T EMGABR S APl % S OMA BT A MGHEICE W TEADREA TN D.

Flre T AT 4 VIDOEMD—D2L UT, #I5k T AN (Comuter Adaptive Test: CAT) 23515 TV
L. BN T A NTIE, ZREOHRED /IR ZHEL, TORAHEEMIZT U TIHRE RE @\VIH
HEZLETS., ZOLDICZMEDOREICIH U THE 2 ZRNICHET S Z & T, ZME OHIEHEE % I
DXL AL, HEEHBCCZBREMZ2BIRTIHANH D, —IKIZ, CAT TIHHWVSNSER
ERHEBERFRICE T, ZBREICHAI MHEINS £ TORFLRMNELT 5.

ZOFRFH I Z HIJK 9 % 72812, Ueno and Songmuang(2010) [2] 1, FHATIZ TN TOZRE DRI/ X —
VT BHERERZ LK T D DT & WD FEEZREL 2. AFREIFOWREARZEKLTHI I LT,
TZRECRBREAHEHZMETEI L2256, BFEIOFEZRIIUZERE T A MDPEE SRES
NTW3 [3-5].

HAKIIZIX, Ueno(2013) [5] 51, Expected Value of Test Information: EVTI & WD fE#EZ A L, DT
ZHVDFRERE U2, EVTLE, EED CAT TIRKHWOLNTWD 7 1y ¥y —MHlREIZHA, HHEE
RO BDE L, 7 A MNPBEOHEERENNS WVEDR S H DM, FHRISEEICEVRHZE TS, 2
DFEEDT Z2HWS 2 L TZEBREDFHRHEZ M R>72F £ EVTI 2 H\\ /= CAT 2 EBL L 7-.

F7-, HEHBZEHZHIRY S CAT Fik& UT, Restricted i (Revuelta and Ponsoda, 1998) [20], Randomesque
% (Kings bury and Zara, 1989; Shin, 2017) [18], Sympson-Hetter i% (Sympson and Hetter, 1985) [12], Elegibility
£ (van der Linden, 2003) [19], Shadow test(van der Linden and Veldkamp, 2005) [10] &\ 72 ik % 2 FiE3 R
EINTWDD, INSDFIEIIXZEREDRBIFEMEMUTUES. £/, EIZINSDFEDNLD

&, ZALALEOZBRZFICHARIZT AN EERTLEIENTEIRNENS Fﬁﬂ_b‘zﬁ)é 2O &S LI
XU, Delgado-Gomez(2019) etal. [3] Hid, BEHKREZREARLZH N CAT ICEWTHEHZHZHIET5F
152 U T Tree-CAT %42 L /=,

Rodriguez-Cuadrado(2020) et al. [4] 51X, REARZFH U7 CAT DIETH D, EEO AN
P S R - ZEAIEHE R ORBEZ BN T 5 72012, RERDHE—FEEDORED S bLHEERIME L T DHAHEN
BT 2ED%E Y —T9 5 Merged Tree-CAT &\ D FIEZRIRE L 2. ZOFE, 2EEOBEME B L,
PEARLEBICE T DI Z KL 72, UL, HHEHEEXT A 7 ANV DR EIIZE > TIRERDE
BB T B IFH O EIZLART & U TFEIET 5.

KX TlE, Merged Tree-CAT (ZHE W T A —FEfE DA BRI LD~ —IITNR, BEIZA U 7B O TE R
DY —I %7 FIEEREL, BEAOMCKEZMERL DD, REAKRE T U EKNEZERIE 2L %
RY. AFEOAMEZYIaL—YaryTF—2EHVTRU.

2 THERINER

AT, ﬁmn@ﬁ%@ & UTHVSHBEMISERIZ OV TANS. HEKGERIE, 1> Ea—4
TANEEGTHBICHCD T A MNEGRDO—DOTHY, BTFDOLS BEHEE .

(1) PR RS DR FEIHH DR E 2 473 < U TRERE DREJIHEE A Al 6E
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(2) £22THBENDOZERE DK S % [Fl— R ETRHiliAsa] g

Q) R|T—=Z 585 A —Z OHEEHE HE

HH MO I E A 7 A N REE T A b tuwtfﬁf@: V¥ a—& T A NEHOREL 25T

D, BB AR [TT 7S AR— N1 X EEH LRSS C/ASFMHAINTVS. KX T
WEKFIAINTOS 2 Y AT 1Y 7 E 7 )L (2PLM:2-Parameter Logistic Model) % F\ %

2 R Y A5 1y 27 € 7))V (2PLM:2-Parameter Logistic Model) (&, 1F 75 5 f R £ i 2 ?RF%;‘%E& g,
T—ADIEERD 2HE B2 KN T —RTHEATEZHEEAKIGETIVT, HL<MSESFHINTNS. 2PLM

IXRESINE 0 € (—o0,00) & & DZBRENT A NHH i€ 1,... 1 IZEET2HREUTFORTET.

1
plui =118) = 1+exp[—1.7a;(6 — b;)] M
ZIT, wi I3ERENEE (IZIEE TS 1, METIEA0ETE. £/, aq€(0,00) & b € (—o0,00) I
ZTNTNIEE | OHFMNHINT A =R EHGERTA—RTHD. WHENRTA—X b FREAHELZE LN
X, THDbbL=00DLXITOHEH i AOEEHEEMN0.5 L2, FEHEDN 0 = b OZHREDREN & IEE
BT I eNTES. £, BNSIST A=K g KEWVIHEIZ Y 0 = b; (i DZEE OB % K
BLET2 2 e NTED.

3 ERETRR

THH RGP % O 72— 20808 T 2 NI 1 D & 512, ZERE D[RS T — & % FLIZEE )1 %2 BRI
WEL, TOHEMEIIF LT, TAT7LNV I e & iZ’Lé&i{lﬁ?ﬁt&éiﬁaﬁﬁ‘b‘ﬁiﬁid) WIHH % %
RUHET S, L\WD 2L 2 HEERIMENPRT S £ THEY KT,

EREEACTIEET
PATL) A E0EE - 28

FRESTEN

!

EEDESRNE

|

FREOEETEIDESE

BIEDEEEEE ~
O-SEDENEEEIOED
FHTNEN?

NO

L JEIGELT A RO T IV TY) XL

2 BRE DRE I HERE 121X EAP(expected a posteriori) #E 7 (Bock & Mislevy, 1988)[] &, MAP(maximum a
posterior) #£5E (Lord 1986, Mislevy 1986)[] #% < FHW\ 5115 A8, S A[IZERETIETE AT WS EAP #EE 2
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DWTCHIT 5. ZEREDBA DS m—1 i TOHBEIEAANDKIE) HHEE X N8Nl % 6, £ U, %
BEDTNETDT A MNDORINEIRES kiy, ..ok, , £ 32 L, EAP#EEIZRD & 5 2K (2) TEHRINS.

Im—1

bur= [ 65 (01k,.nki, ) dO @)

ST L0 ki, ) BHEEREDED FRIER M2 E L TH Y, £(0) EHEEREIED FATHER S 14,
P.(0,k) & H KISERD 513515 HEIE 0 OZBREMIEH (18 UTEE k 2 BSHRE T L, <1
ZOFEHMED, R (3) THALNG.

f(6ki,... T 7 P(0,k)f(0)d0

3)

HEZEHUZHOW O NS HEIRE IS H I NS HEENEMEIC L > TRA Y, I H#EREEYE (213 FMI(Fisher
Maximum Information)(Lord, 1980; Weiss, 1982) [14, 15] %>, EPV(Expected Posterior Variance)(van der Linden
and Pashley, 2009) [9], MLWI(Maximum Likelihood Weight Information)(Veerkamp and Berger, 1997) [16],
KL(Kullback-Leibler information)(Chang and Ying, 1996) [13], MI(mutual information)(Weissman, 2007) [17]
EMNH L. Zo DI FBEREEES B, BUER D 2 & A VERIZ FDOEWNE DI, 7 A S DF#IC

B2 RIQMEEED, HEEROKIZHE) L Wwo2lEZ S, Zh6DMEZ E 220 DI, EWv
FHEIARNEZE DL WSMHANDH D, TDAO, mEE CHEERFUIE Y D2 WIHHEFIEEEZ V5545,
ZEEDORIZEDOR, IROEH % #IR, HET 2 FTOMFORENES R>TUES AP H 5.

F72 BIZB T -HEEREETIE, 71 7 L3 7 NO— O EHE DA FIPFHOBEIEIZN U TR DIER
BEEEDZ NS, ~EOEHOBRHZEHMMEL R>TWD. ZORME% T 5 72012, Randomesque
% (Kings bury and Zara, 1989; Shin, 2017) [18], Sympson-Hetter 7% (Sympson and Hetter, 1985) [12], Elegibility
# (van der Linden, 2003) [19], Shadow test(van der Linden and Veldkamp, 2005) [10], Restricted 7% (Revuelta
and Ponsoda, 1998) [20] &\ > ZIHHBZH Z Kl $ 2 FIESREINT NS D, 2S5 DFEIE, 9 TICH#E
EROTWVWBIHHERIZ 2 BIRMZ X HIZMIETU £ 5 (Delgado-Gomez, Laria,and Ruiz-Hernandez,
2019) [3]. &7z, TNHDFEONN DML, — ADZERFICT A M2 FEMT D200, SEEHOBEHR

ZEIALUETHBRENRD D720, EEOZBREITSIUTCHRICT AN ERERT DI ENTEIRVE WS E
EH5.

4 REARERAVERET X b
ARETIHEREFIRIIBEEDOH D FEEMNT D,

41 DT

Ueno & Songmuang(2010) [2] 12 & 2T, TR TOZERE DRIE/NZ — 6§ 2 HEREREZ 7 A N FEE
AT 2 DT 20D FEMREINT VWD, ZOFETHO PEARIKE 2 D &> LfEiEs €.
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2: Ueno & Sonmuang(2010) THEE X 172 R E KRG DO HF

im ("‘i1v~-~a”im_1) i, m—1HEETOEENRE =V wy,.u;, | CHIZZRFIIm EHICHEI NS IH
HeRU, ui, (ui,.oui, ) FIEE i (i), -0ui, ) CNT2REZRL, TOMEBEETHNE L, BETDH
nxor L3,

CDOFEFHERDOTEICEL T A NHE D, ZERENHEHEIZFZE L T2 5, IOMEHE P HEI NS ETO
RBIFMZRKT D 2N TE, TOMIZE, SOHEEREZE D2 D ORENHEE ICHRERIEE BN D
THL, HEERORY 2 BET LN TEID 0ok & D.

¥ 72, ueno(2013) [5] 6%, MERDEBE T A b T—HEIIZIH HEIRFEHE L U THW 515 Fl(Fisher Infor-
mation) {ZHEAR, THH DEINIZEWTR D AR, TANDOREBIZE T 2 HEERAEDI DR Y05 2] fH3
»%, EVTI(Expected Value of Test Information) & 5 THHEHREEHENRE L TS, EVTLIZIEEHHE I A b
MIEFIZE N WD RS A, DT 2 V5 Z & TEVTI % iV /2G5 7 A % £ U 7-.

4.2 Tree-CAT

Delgado-Gomez, Laria,and Ruiz-Hernandez(2019) [3] i&, /AR DHE ST A M E DT A T LNV T ND—
EROIEE ORI ORMEZ WE X5 72012, Tree-CAT £\ 5, IHHDFZEHE % HlHT 2 e E AW
WG A N FiE % $RE U 72 Tree-CAT Tld, K3 D & 5 R ERE LT 5.

Oktiy) ktiz)

3: Tree-CAT TH KX 115 e ARDFEE
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BTEMUTE D M THNAIEE § & ZOTEAIZEEL 2 2B OHEEREIME 60 % £ 2. BOKIZ S TE I E
DU THNEIHEANDEE k & TOEEZEALLEORBRHERDMAIINIET S, FRERSMIIAX 3) D
EI BRI TRD LN, TNEIKLIZ, HERIIEEZ X (2) TRUZ EAPHEZHWTEIRT 5.

PERDERIIEMNHS G T 2 HERENEEZ RDD L ZADNLIEE . O TEDIESEDOTEAIZR LT
TAT LN THDEIEENE DEREZFHE T 5. Tree-CAT T, T DIEH MW HE X 12§D HEE HE Sl
&, HEINZBDOE D EIT ST 2 HEERE S E D g —FEih7E (MSE:mean squared error) D& GHEAYVN X
WE D EIFHRENEWIEH & 47429 . Delgado-Gomez, Laria,and Ruiz-Hernandez(2019) [3] THEAR % iV 72
W A T, PSR/ E 2 RMET 5 2 &8, @ OIS T A MZEHEWT, EPV(Expected Posterior
Variance)(van der Linden and Pashley, 2009) % 5/IMb 92 Z L IZFE LW I EAVRINT WD, 0D TH
ICEIHE 2 #) Y TBEEE —RHEDGIMAG 2 TR @) DL ITEDS.

1 (2 (0 8) miok) ) i @00 (i)

oo (i € Ak)

Gl = )

ZIT, 08 EO) YT HNAIE ISR UTEE k & 3IR U 758 OHEERIME, P (0,k) %8801 6 DR
HOHEE SN UTHE k & ZSHER, £5(0) ZTHA n ICBD D 0L G d 2 #EE RESME D RER I, ALs
ETHN n IZEREL ZBRENS ETICHE LZHEHESG LT 5.
AS IZBEENDIHED G #HEIIREREEAZEL TH I LT, =207 A MIBWTIH URMEA E A
HEINZNEDIZTS.

FIHEPERBEOTHFIIH U TE DIFREZ KO-, DNOMEREMEZHE 2 LT, &HHD

FTHRZHIRU RN S, FTHAUIHN D Y TLHIHE 2 &R 5.
N Zn
mmz Z oG}
i=ln=1
S.t.
N

Zm
Z o <cff i=1,....,N
n=1
ol >0 i=1,...N n=1,....7n
ZIT, of RIEAM 0 [ZHE i SEY) M TONDHER, DY % ZERE D TER n OBITEN u IZEBEUIEH 5 12

XU B ky 2 SNHER, o 2R m FTCRERE LKL BRORHEOMAMGEER L §5. ZOMIPHE
LFTEIX, & 50U ORE L & HE OMMARER 2 B A BV & D IZHF 2 T A5, S TEAIIN U TE
TEDHEERETIE & THE IZ[1E U 72 RO EREIMED VI —/FEN T I LD 2P /NI < RD &5 BIHHA 2 H
DYTRH Iz HME LTV,

FIHRANDOEEOE D Y THET Uk, DY TEEBDRE /N — 2 OEZTARENFEEL, HOK
DRI D HEERIEZFIH T L. LED LS B TREREARDEIDRO SN/HM L7585 £ THE
Dig Z & TRERVDERIND.

ZD&SBPEARZFHNEK TS Z & T, HEBZ M Z2HIH L 225, ZEREDOFREHIHE 2 <, migE R
BRI T A b 2 AT RE ISR 0 72, ZOFIRIE, WEROEISI T A MM A %, HEEFUIE S ZRE DR D
ReOME L, —HOIHE OB L ORMEZLEH L 2. UL TD—HT, [k 5 OPEARE AV /2EH G
BT A N OMERTDH S, 3EEXD RGN AL S I - 22 EFHR R ORI U TE, R e LT
MENRH 5.

43



4.3 Merged Tree-CAT

Tree-CAT 233 2 TV %, DRE D F BRI LE S BE - EMHEROMEZ KT 2 2HKE L
T, Rodriguez-Cuadrado, Delgado-Gémez,and Laria(2020) [4] (Z & > T Merged Tree-CAT &5 FIENREX
N T 5. Merged Tree-CAT T, Tree-CAT (IZHE W TEDIBIEDTEAITEH YD M THIHEER % 9 200112, [
—EIXDHFED D B, W nT DHEERSIMEL ZDRHEPELUL TVWBIEDE Y —I T2 Z & THAY 2170,
PEARDIERAL Z W T 5.

BARIIZIE, U DZRMHR (5)(6) 7213 (6)(7) /72§ D RT &2 HEEREIME L TDRAEMNEML TV D
HEDELT, HADELS>BRETY—IVT 5.

ZZTC, Zyy B m— 1 IR T D TEHRE K, B m—1 WOTHR n (IZE) B TOENAEHE (1T
BIEE IS — 8, 08 ZBEE m—1 NOTES n (281D YT HNAEH (128 U THES k 258AZIBEDZ
BRE DHEERESIME, Ly & Ly 2 HRIDATD LR E TR, £17(0) 2 W8 m— 1 HOTEA n 128D 4T SN/ HH
XU TS b 2 BAZGE OZBRE OREEREIMEO FEMER NN, § 25 50 UORRE L 72 i/ NEBUE
35,

b
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Okgeyjhtsa)

A A A
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level = 1 °
By ags,) Oy
level =2
é"[u}-k(‘z}
level =3
level = 4 /
T-TROSE
4: FAUBEID/HEDOY—Y
Zipn—1
*
Y K, >K 5)
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A

L, -L
9vk’< 2 — L

K*

ok —

u

(6)

/_Zmin{ k(0).£(0)}d0 > & 7

FHRG) IFY =Y UBR\RIETHE m [ZFET 2B DEGRH SN U OBREL2/8T A =& K* DA
ETHZ0, FMR6) IZ 2D FITHIE T S HEEREMEDELL T2 E DI, FMER D) T =200
FAZHIE T 2 FBERDHEWHELU LTI NE D e TN TNHEL TV 5.

BREZM ) IS (1) OHEIZPPZEE I AN ZHIRT 2 720D T, RERP+DICHKET D £
TREHEG) L () 2RI —VRTFWD, OEEDRDENUDED /8T A— X% B - HEITEREAN
FRITEE LU AR U, ZORITEM G) & (6) #FEIIY—TV%TD. NIA—R K ZRIFHETDIE
EHEEREIEX LAY, BRI X MEIINT 5.

Merged Tree-CAT DY — 7 )V TV X LE Algorithm 1 \Z7R7T . nodes(m) 1&EX m THER I WD FEDIH
DY) ARNT, TNTNBNEY m—1 DIHSD S DDIERIZHIE L TV,

Y=V XNDB DRI T B FERER DT fih 1ZIRD & 512, ZBREBTNTLDHRED ) — RICE]
ETOMHREZANTCEEIND.

R o n Dy

“Y D +Dy Dy +DY
7, BBRENY —VBRONBUIEET BHER DY £, Y —YBROHBIEIE L - ZEREHEE L 22
BEARM B &> IcEHIND.

Dl = i+ 0}

kg,kr Ak k;
Aujv’ - Auv UAV’

INSDERMETROEEZIHIT 2 Z & T, FERTIRICH AR - ZHEHEROBIEIC K L. v —Y
WRE B S D DIHRDFEMERSAMIE, FIEENTNTNONBIZEET DHERTEILIND. #iE
BEIMEE ¥ — VRO FRMERIIE > TEHF I ND.

5 REFE

Merged Tree-CAT (& [A—FEEAND RO > b, HEERIMEL TORAPELUTDIEDEY—IVTDHI L
T, REARERICET DR ZHIPRL 7223, KBET 1 7 LNV 7 2V 5GP EHEE DORIE /N2 —
BMBLNGEITBNT, A—EICHIBL TWS20ITKRE UTIRERERICITFREE2EST S, £2T
AT, AR OBED B EODFIZH L TEY—VRTD 28 TILIIHERZERL, REKRE
BIR ] 2 B9 2 FIHEEIRE T 5.

BRI, BIEER T OO L 2D EALED DO T D5 S, ETHHU 72 Merged Tree-CAT
DI —IZM (5)6) 1A, HEHBOEEEZFZODEM: 9), FHEOZEE THEREZ R D ZODEMSE
®), WERNDIN—TEW<7zDDEM (10) 2T EHARALEZK S DES Iy —IF 5.

Cp > D ®)
iy ¢ AR 9)
v B, (10
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Algorithm 1 Merged Tree-CAT D73~ — Dk
Require: m, nodes(m), K*
Ensure: nodes(m)
1: Initialisation
2: length(m) := ¥ —Y§ DHTOEE m \ZHFEIET D 5
3: LOOP Process
4: fori=1,---,length(m)—1do

5 for j=i+1,---,length(m) do

6: if nodes(m); DHEERESIME & nodes(m) ; DHERERETIMEALELL then > ¥ — V%M (6)
7: if length(m) > K* then > ¥ =Y%M (5)
8: nodes(m);%& nodes(m) |2~ —

9: nodes(m); % nodes(m) 75 Hilkk

10: break

11: else if nodes(m); DHEERESIMED /345 & nodes(m) ; DHERERE I D 4345 AV then

12: > ¥ — V%M (T)
13: nodes(m); & nodes(m) |2~ —3

14: nodes(m); % nodes(m) 75 HilkR

15: break

16: end if

17: end if

18: end for

19: end for
20: return nodes(m)

ZITC iy % BEE m— 1 DT v IZEI) B TONTOWDIEE, AS 2 BEE m— 1 OTEA u THZ k, 232U
P2 RERE DG ETIZEE U B RS, o 208 m— 1 ESREROEHE i, OFHTREER, DY % 25E MR
m—1 DIHR u TEI% k, 2ERT DR, B, ZIHM u DRMIIHIHNEGLTD.

F7z, ZEBRENY —VBROHEM v ICEET SR D, &, v —VHROHM v ICEEL TR & 22T 5
ez Dl, ~—VHBOTEM v IZEREL 2 ZBREDVEE U ZHBR A, Y —YHBOEMy THE L 2ERL
7= BRE DS U BB ALY I ZIRD S ICEH I ND.

D, =D, +Dk
D\]ft — D‘Iit + ll)(]y Dﬁvk
Zk::l Dy

A, = A, UAk

ki ki ks
Al = Ak Ak

22T, D, #ZMEVHEEvICEET MR, A, 2THS v ICEREL ZZBREVES UZEHBEE, K =HE
t N\DEZENX =T 5.
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B 5 EORSEDOIERADY —Y

REFEDT I TV X LIE Algorithm 2 12777 . Merged Tree-CAT & [FIBRDFE —EEAND DO~ —I %
o728, TTITERLZBEE m—1 OEMADOFNS ECRUZFE 22T DEBRUR DN -2
&, B mONKETDHFAY—TVT 5.
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Algorithm 2 fREFED R~ — Dk
Require: m, nodes, K*
Ensure: nodes
1: Initialisation
2: length(m) = ¥ — 9 B HTOREE m \TIFAET B 2k
3: LOOP Process
4: fori=1,--- length(m) — 1 do

5 for j=i+1,---,length(m) do

6: if nodes(m); DHEERESIME & nodes(m) jDHEFERESIMEASH{L then > ¥ — Y%A (6)
7: if length(m) > K* then > ¥ — V%M (5)
8: nodes(m); % nodes(m) |2~ —3

9: nodes(m); % nodes(m) 75 HilkR

10: break

11: else if nodes(m); DHEERESIMED 376 & nodes(m) D HEREBESIMED 373 A3 then

12: > X — &M (7)
13: nodes(m); % nodes(m) i< —3

14: nodes(m); % nodes(m) %5 Hlkx

15: break

16: end if

17: end if

18: end for

19: end for

20: fori=1,--- length(m) do

21 length(m—1) =& m—1 IZFEET D/ — RE
22: for j=1,--- length(m—1) do

23: if length(m) > K* then > ¥ — Y& (5)
24: if nodes(m); DHEERESIME & nodes(m — 1) jDHEERESIMEAHHLL then

25: > ¥ — V&AM (6)
26: if inodes(mfl)j ¢ Anodes(m)i then > 7““‘/%{4: )
27 if Gl es(m—1); = Dnodes(m); then > ¥ — V&M (8)
28: if nodes(m—1); ¢ B, then > ¥ — Y%A (10)
29: nodes(m); % nodes(m—1);N\<—

30: nodes(m); % nodes(m) 75 HilkR

31: break

32: end if

33: end if

34: end if

35: end if

36: end if

37: end for

38: end for

39: return nodes

6 FEMM3EER

REFLEOAMEZRT 720 4 DOFHHFERRZ TS, EBR 1 T, BEHHEHE & REARERKERM, 7
A N EF O EHZERGEICE U TRECRTFRE R T &, B RIE, REREHWZEGE T A N TH
% Tree-CAT i% [3] & Merged Tree-CAT % [4], AT THIRI N T WSRO GE T A NFIETH D
Restricted ¥ [20] D 3 FiE L 95, EER2 TlE, BEIHEERE L PEAERRFFICBIL T, BEFELEU
RFEAR % JEMES D Merged Tree-CAT 5 & Il d 2. EER3 T, PEARDEHMiHRIZE U T Merged Tree-CAT
B iR d 5. 2P, LERERBEIEX Windows10 Pro 2 OS & 9 5% 51 &% (CPU:Intel Core i5-8400 2.80GHz,
RAM:48GB) Td 3.

HKER 1~3 Tlk, KEXAH1500, 1000, 2000 DY I 2L =3V TATLANY I L I8 DET—END
BRAEBTATALANYZEHVZ., Y2ab—ayTAThN\YIDKERDEBNIINT A=K alda~
logN(0,0.1225), WEEE/NT A =& bk b~ N(0,1) L UTHEK L. ETA 7 L3027 OFEMITZE 1 D&
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DThHD. TOMDINT A—=RIZIATHZEIHE, 6~N(0,1), p=0.9, §=06, ;=03 & L.

F1:ETA T LNV T DFEHM
Pool Size Parameter a Parameter b
Range Mean | SD | Range SD | Mean
978 0.12~3.08 | 043 | 0.2 | -4~4.55 | -0.22 | 1.16

6.1 EER LREEFEE DHER

1000 EHDY I 2ab—Ya vy T —E0n5R57 17T L N7 %HNT, Merged Tree-CAT 7%, Tree-CAT
1%, Restricted i£ & D ILEKFEER % 4T 5. Restricted 151X, HHEOFTHR % HIHIT 238 D CAT FED—DT,
KRB REMRAZHBEZ T A T LNV PO RS FETH S [20]. FHEORIE /N — VI IERD
2T, #WMIINT A=K a% a~ logN(0,0.1225), REE /ST A =L b % b~ N(0,1) L UTHEIE
72 [4]. BREHORAKBHEER =03 L, {ZBEICHETIEARZ 10 Uk, £/, GEHHfEERE%
Wi d 572012, 6 ~N(0,1) B2SERU 72 500 ADZERE D EFLDEEANDRIZE/NZ —V % Fh X7,
EEFER %2 X 6 1TRd. Ml % ZERE OHEERESIME DY) — FE iR 2% (MSE:mean squared error), Al % HiE
JHE#HE T 5.

e— PO pOSE Tree-CAT = = =Merged Tree-CAT  ====- Restricted

1 2 3 4 5 6 7 B 5 10

Number of administered items

6: £FR L ORDHERIEOLE (Y32l —Y 3V F—4)

6 %% &, Proposal, Tree-CAT, Merged Tree-CAT D 3 FikIXFEIFEEDEENHETKEENH D Z L 235
Md. iz, WEARE AW 3 DOFEI Restricted I, HEHERRWIZ L3005, 3 DOFE
DHITITHEERE L Tree-CAT, Merged Tree-CAT, proposal DJEIZ A 7=,

TOR2IFZEFEDT A NEMATOPER LK E, 7 A MNEBEHOEBEZERFHRZRLUTWS. #
EARZE W 725# 5 T A N Td 5 Proposal, Tree-CAT, Merged Tree-CAT @ 3 Fiklk, 7 A N EMERTIZH
EARZERT D720, 7 A MNERPOEEERKIA 0sec £ 2> T3, TN U Restricted i, -
EARELERLZWZYD, PEARERREHE I None ¥R U7z, F£72, Restricted 75 TlE, 7 A MEERDIEE
DERIT YT 11.4sec ZHEU 2. FERNS, WREARZ LM T D Proposal & Merged Tree-CAT I, JEAE L &
W Tree-CAT (2 FEANJEFIIZAE BRI AN Z &30 m 5. F72, Proposal 3w & 2E IR A2 5 /2.

MOTET—BDOBDZTATLANY 7 2HVT, EEABOEREToZ. FRIEMT3DES 12485
Jz. ¥3ab—=YavT—=RIZHAT, EOFREHEEREIZE» 50, KT —Z O/
A=ANRYI Al =V aVT—RIZERTNIVWZEWERETHZ EEBEbd. TOMIZEAL T3 EK
g, RERERKMELLEYIal—YaryT—4 LAKOEENE LN,
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£ 2 PEARERRFOLIK (VI ab—YavyTr—4)

Method REARDAERKIFH] [min] | 7 A b 32 O 1H HZRIRHE [sec)
Proposal 2.4 0
Tree-CAT 27.4 0
Merged Tree-CAT | 2.8 0
Restricted None 11.6

e PrOpoSa Tree-CAT = = =Merged Tree-CAT = ====-= Restricted

Number of administered items

7: %Pk & ORESHERIE D ol (H7— 2)

* 3: PEARE SRR D LR (F2 7 —4)

Method PREARAE R [min] | 7 A NS D2 TH B ERRF [sec]
Proposal 2.6 0
Tree-CAT 33.5 0
Merged Tree-CAT | 3.1 0
Restricted None 11.5

6.2 EER 2: Merged Tree-CAT & D ELES

PEAR % TR U R\ Tree-CAT 1, D BEOFEBIIENNT & € 200K - Z2RIGH R EAVERIIZIEMNT 5
7, HEHEHBUIRADD L. TOD/OER 1 OBEDGH, Tree-CAT I3 13 IHH D HENRITH -
2. TIT, ILIETATLANVIRHEHEBZHEC U THKEITD 720, FER2 TIHERFELFEU
PEA % JEME T 5 Merged Tree-CAT DA & IR 5. BARANIZIE, K E X AY500, 1000, 2000 DY X 2L —
VAVTAFANY I E I8 DET A F ANV ZIH LT, K =200,300,500, HBEEEHZE 10,30,70 &
U 72356 DHEEREIME D Y5 — % (MSE:mean squared error) & PE AL LR % kb 72, FERIZENT
NFK4, 50LDIZ8 57,

£ 4 DFERNS, 2TOYF V) FHIZBWT Merged Tree-CAT WREFEL D @ORENHECHEEL2E > T
W NG, L, HEREDZITIEFITNT S, REFEIX Merged Tree-CAT & [FIFEEDHEE
K Z MR TET V5.

BEWVTIREARERFEICETEIR S 271D L, TRTOYF) B CTIRETIED S WEOERTT
ANEERLUTHND ZERn0d. HEEHEBPDBRWGEITmFIEL S ERETERL TWS 20, i
EFEOMBIED VMR TETRVD, HEHEHENZ VGEXT 17 LNV 78K E VG EIE Merged
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# 4: BESIHEEREE O Lk

Method Merged Tree-CAT Proposal

I H 2 10 30 70 10 30 70
K’
500 | 200 | 0.247 | 0.117 | 0.083 | 0.249 | 0.118 | 0.083
300 | 0.245 | 0.115 | 0.080 | 0.246 | 0.116 | 0.081
500 | 0.243 | 0.114 | 0.078 | 0.244 | 0.114 | 0.079
1000 | 200 | 0.234 | 0.104 | 0.062 | 0.235 | 0.104 | 0.062
300 | 0.233 | 0.104 | 0.061 | 0.233 | 0.105 | 0.062
500 | 0.231 | 0.103 | 0.060 | 0.231 | 0.104 | 0.061
2000 | 200 | 0.226 | 0.099 | 0.056 | 0.227 | 0.099 | 0.056
300 | 0.224 | 0.097 | 0.055 | 0.225 | 0.098 | 0.055
500 | 0.223 | 0.096 | 0.053 | 0.223 | 0.097 | 0.054
978 | 200 | 0.325 | 0.178 | 0.108 | 0.329 | 0.180 | 0.110
300 | 0.323 | 0.175 | 0.105 | 0.325 | 0.176 | 0.107
500 | 0.320 | 0.173 | 0.101 | 0.321 | 0.175 | 0.104

Item Bank

Tree-CAT Z HHW TCEREARDAERIZHEMZE L TS 2 b, AkERZ X SIZHIRT X 2 EFED
ARMWHERTES. £/, K OEPKRIWVIEIEHFEE S ERICKEZ2EZ L2, 2, SBEICAER
INDIEHSBOPHEZ5720TH 5.

6.3 EBR 3READ EHER DFAMH

Z I T, RETFIEL Merged Tree-CAT DREARFEMIZIR & L d % 72812, Merged Tree-CAT (244
BIREFILEOWREATMEREZFNS. 2T, N, % Merged Tree-CAT TERI N/ZIREARDIELE, N, %
REFETERINZREARDEFHE UL &, N,/N, % Merged Tree-CAT (23§ D IREFIHEDPEAR
@E%%t?é.ﬁ%%’i ﬁ%ﬁﬁwomm2momyi:v—vay74%Aﬂyﬁtm8@£7
1T LNV 7 &G, K*=200,300,500, 7ARDEI% 10, 3070 & U/ZBEICDWT, A /2 THS
BOREFAN, FRIFER 6D LS IR o7,

ROWD, TATILINVIPRKEIVIZERDERHINT WD Z B30 hd. ZIIFHHAEERIEE A%
FH, BEFIEDOY—IEM (8)9) i/ LT RdDELEbNs. HEHEHBIZBELTIE, £To
F ) AIZBNT 10 FDGED R E EMERAMED - 7=, :Mifxbmﬁ& BT, BEFHEOY—Y
M 5) M-I NN ENFNTH D, £/, HEHEHBENDLZWGEEIIEWTIE, K OEI/NI WS
MIEMERNE <, HEEBBNS WY cbmfm<wmﬁ#k%mﬁﬁfﬁfﬂ WA D > 2. 2
DREZFHRB 728, K*=200,500 DHEIZEU T, PEARDEMEE CTHERI N THSRZ L2, &
BRIZIFTEHB 1000 DY I 2L —Y 3 /74 TLANY R FHAUZ. K8 IE K* =200, K9 % K* =500 D
HETHD.

FiREAD L, K*=200D & XD 7 LN, BEFEOHVERI NS THMND <, Merged Tree-
CAT IZHARKZEMETETCND IR ond. £z, &M (6) 2HizT T, REFEOY—VIIHEES
BN, FREEORE TIRTES B2 FAUIZAR>TWS. K* =200 DHEE 7 THISMEIZ Merged Tree-CAT
F D ETHRBNL K B> TWEDI, —DHiDKEE 6 TIREFIEDOY -V 27572868, IROKEE 7 TD4y
Fe#AY, Merged Tree-CAT DX — V5 (5) &7z I B <2, BEFEDOY —IDMTONED > 1D NE
NTHhd. ZOOMREHENRD L, K* =200 DGEIEBENES RDIZON, THABOENZBIHEE >
TWBDIZXH U, K* =500 DGEITEENIES B>TE—EDEEZHE> TV,
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3+ 5: P AL R (min) O ELER

Method Merged Tree-CAT Proposal
Hi R IE H 10 | 30 70 10 | 30 70
K %
500 | 200 | 14 | 84 | 269 12 | 6.5 214
300 | 2.0 | 12.4 | 40.3 1.8 | 9.1 31.2
500 | 2.7 | 19.5 | 66.3 25| 154 | 528
1000 | 200 | 2.8 | 17.2 | 53.6 | 24 | 12.7 | 419
= 300 | 4.0 | 25.1 | 799 | 3.7 | 182 | 579
@ 500 | 5.2 | 393 | 131.0 | 5.0 | 28.6 | 93.1
212000 | 200 | 5.7 | 358 | 113.2 | 5.0 | 26.7 | 89.0
300 | 7.1 | 52.0 | 173.8 | 6.5 | 37.6 | 125.3
500 | 93 | 794 | 2769 | 9.0 | 59.2 | 195.8
978 | 200 | 3.1 | 183 | 61.4 | 2.6 | 13.7 | 453
300 | 4.2 | 26.5 | 86.3 391192 | 62.6
500 | 5.7 | 43.1 | 1435 | 53 | 31.0 | 102.6

El=E:

Proposal

Merged Tree-CAT

8: W& & D TH AL (K* = 200)
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K 6: PTEARDEMEH
HEIH H 10 30 70
K™%
500 | 200 | 0.857 | 0.767 | 0.797
300 | 0.899 | 0.734 | 0.788
500 | 0.926 | 0.788 | 0.789
1000 | 200 | 0.857 | 0.738 | 0.782
300 | 0.923 | 0.725 | 0.725
500 | 0.935 | 0.728 | 0.711
2000 | 200 | 0.877 | 0.746 | 0.786
300 | 0.915 | 0.726 | 0.721
500 | 0.940 | 0.740 | 0.703
978 | 200 | 0.839 | 0.749 | 0.738
300 | 0.922 | 0.727 | 0.726
500 | 0.926 | 0.719 | 0.715

Item Bank

— Proposal Merged Tree-CAT

=R
s 5

9: &P DTE I (K* = 500)

K* NS WG E ITHA B O E DB £ D RINEBET D, REFEOY—IEM (8)(9)(10) DA, Ik
EARNDIIN—TE < 72D DEM (10) 22 I R BRD2EMNEBITIE X 2 L i3E 2 #7720, &4 (8)©9)
IZDOWTHFANS.

BIHHDOBHEBPEE U RBHREZBRABZVEDIZT L2005 (8) 2ifizLUEL B>T VWD ATHE
MEFNRD L, WFEE EHEERE 70 DIRERERIELT, 71T LN 7HOD 82%DIEHMMEH I N, KIH
HOVHHEH#IZ 007 T, ABHE =03 I12FE>THEHT, & Q) NEKTIIARNWZ 23D b.

e TS (9) D72 XN TOVRWATREM: 2 FHR S, 10, 111X K* =200,500 DHEIZOWT, #kE
THERENIPELMLU TS Z L 2R T 254 6) &, —DODTANTHEHANEE T Z L %2[<72D
DEM 9) 272 Uz, EBICY—I XNz BERLUAEZT T T7THD. EL6DT T T7E5%M:(6) %
7 U B BSEDSE L B2 12 DNVRA IZBIZ TV D, JFIEOBEE TERIE (6)(9) v — Y X NZEEH 0 12
BoTWB DL, FEOME TIEIDEBMNSEMSE 5) 223 20W/2ZDTHS.

7, oD T T7EEMO) Bl UAEREY—YINEEBITIFLEAE LTS, &M ©9)
272 U2 EEUZDWT, K* =200,500 DA% KT 2 &, K* =200 DEEIXREE 30 34D 2 54R % 120§
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D, PR 60 DABEIZIERIZAR LAY, 2R UMY —IMNThNBVEEE H-o7~-. ThIZL, K =500
DIGFEE, &k 9) 2T HBUIRZ IS TEWDREDD, BENES BRoTH—ERDoEN~y—Y
INTW5D,

e Ze P (B LT[ e B (9T O awnnns Eb i Wl 1
g
=]
150
100
1 30 40 B
553
10: ¥ — V%M % w72 U 72 [HE (K = 200)
s Ze ()BT O e Bl (AT LT[R weanes 7 =Lk
g0
]

11: ¥ =Y &M% U -8 (K = 500)

BIST 2 M2, FA—ORMEZ R 2ZRE T U TLZ LS BIHAEAPHEI NPTV E WS
MERH Y, SEORBERE ZORENPHEL TWD LEONG. £/, AFKRIFINHEPHEMEY Y
THBIZ, BABPTHAIIEREL 2R EPEEICHE U2 O » SHHEAZ AR TS, BICHEL
A REMED H B IHEIFZNLAEHE T 2 Z AT E R, D20, HEREIENELIT 2 DR THAD
YU IRIND 2T, HEAAREAHEHEMEATHL. INS5DRENS, BEEMNESRDLIZD
MRREFIEDSRM: 9) 2z LHELS 2D, #REUTY—YEENE > THEDTIHE RN EEZOND.
K* WREVHBY = VRO IFER N DIL, BREEIAET 2 THRBER L W20, M 9) 2k
FTHADBROND B2 Bbnd. ZIUISEM (6) 217 UZEBOENP L EHETES.

ZDEDITRETIRIZE, BEMESRZD, $ROBHEHEENL <25 L, &R U THEARH
RERTHEHBE 2, RIS =V REARED WO HERH L. ZOMBEOUERE LTE, 71740
VO REBOFEETA T LN ZIIREIL, —EOREBEICHITSTATANY 7PV HERID LW
SFENEZEAOND. BEOFIEIIHEHEOEENDPRNSHEALIZE, ¥ —IBOSITH U THIE
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AHEEREEBEIMUTLUES., £2T, —EOBERBIITA TNV I 208 UTHERAL, &BET
HEXNATEE 2 EZMMIFESE2 22T, HEHEHOEENDROWSKE L2 Y=Y UABESIZEL 3,
Y —IBOGFINI U T HEARATEE AR IEH OO % X 5.

7 IV

KL CTIRBEARZ AN ZEIGH T A D DD T A MERIEERTE2REL 2. J—BEEO Sk
DWHEERE N & Z DI L TV B EH D% Y —V 9 % Merged Tree-CAT IR U, AT EIXE —F
JBARDY—ITMA, BUEAEBR T OBEDO D E, BICAERINAZBEOIHEAY—Y 58T, PER
X HITEMEL 7.

FEERAERN S, DFEE HIBR U ZR\W Tree-CAT 7% Restricted & W o 2 FiEE Ik 5 &, 7 A MR
2 KRS <HIFETE TV Z enbrorz. 72, HHEEEHIRY 5 Merged Tree-CAT £ & AR TEH
MBRIIBONENS-E DD, ZEREDORENIHEEKEEZ MRS DD, ERKRHEZ T 2 SRR T X
7z. $#1Z Merged Tree-CAT JETH ERICIH 2 ET D, 74 T ANV 7 BRREIVEEPHBEEEHNZ W
BEIZBVWTIRAFEOMEPHMHETED Z b o/,

72, BEFRICTHEHBEP MR L, x—VRENBOTUES LWHHENRHY, Zhik, HE
HHOBEEPDLRODKALIZFY, ¥ —IBOBII U CTHEARTRAZEEMEMUTLE D 2 2238
NThHhdeERLU., SHBRIFHEHABICEZ2Y—YVRBOBALERETEZZ0DIZ, TATLNV I %218
BOEET A T LN ZIZ0EIL, —EOWEEEIHEHTEITATLANY 220528 T, &
BTHEINDEH 2 ZXWICHEOY, HEEHOEE DRV AHKFALE2 Y —Y U ABEIZEUE Y —
TVBEO BT U T HEAATRE AR EH OB OMH§ 2 FIEEZ R T 5.
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AN A MEAB GSER : Deep-IRT

REEF R, AT
FRFRE AFRE TR

1. IZC®IT
TH H PR (Item Response Theory: IRT) [1] 1%, 7 A FEERO =D Db L < b= 558
TIVTLELT D X 5 2R & FFo.

1. BR2HEPOHKDLT A NS LIoZMmE &~ RE L CiMET 2 2 LN TE 5.
TRELEMNNCK L CAREDHEBNEEZ b D, HAT — 4 _X—AFR e LICEHTHS.
TAMEREEZNND ZLIZLY BZREDOA AT ORELZRDDL LN TED.
HHSEGRZ O CHEBITRR D PSS ECRER AN FEE L R HEET A N HEVE
T 5.

D& D I MWE & W CHE B RS IR IIER SR 5 B CIIER R R FR RO 2 a7 v
LILTWBI2l. F7o, AR T BT, BMERE O MERCS R DO RBIHT — 2 > bk
WREZHEET D722 b WV BT 5 [3][4].

LL, IRT ZHWCKHBEAREE T — 2 _R—2A 5 MBHE LY, BipdT A NOZHRE & —
RE BT 27201213, ZRE ORI —REMNSOMLT o X LY 7Y T afEL, U
vr— (linkage) EMHENDUHENKLETHS. Vo r—iddb@EA 2 8 08EE0T A M &
AET D Vo, BRREREEMES 20 TR, HRMICREMEE S5 RN e <, HES
T A =B DN T ARIERERZENRKE L DA D EV. 518, BEIIZREN —2 DR
HHNPOLT o F LY TV T END T EIFMT, EFRV T AR TT A M —2 R
VENDZENEN. RIS, LT F LY T Y T B ARE LR W RSHEER AT TV ITAE
MTHYERAIIRECTHS. —FH, ANLARSH CIXEEFE AT, REBETEMERET
NE R GICHERERTED LI o> T, HIZE, HEEFEHICLVFEEORIGIEEL %
HHH OX T D AF /06 SR E O MEIRE 2 HEE 3 D Deep Knowledge Tracing (DKT) [5] 234
Zh, BEEFRELEAIITON TS, ILOET /MIERETFEEHANDZ LT, SHRED
RHERSCMNIE AR ET H 2 L 70 <, REAOEE ~OG Tl A @mIEREICIT 2 2 2 E R lE S
TW5. RAIOHEHASOISZ @RBEICTRT 52 & T, SRFHEIS LZHAZHET L2 &
MTEDL. L, ZNOOET IR ATRERFEHENT A =4, HANTG A —F &R T,
TARHGRE LTS ZERTERY. K TIRIRT (DA FH LT A MG & L CRESE
ZRV, ZREOREM EMSLT L LY TV o T EAUERT, ZRE DRES T A —4 LIA
HOEEGENT A —2 2L 2 OB ~OIEEMFE L ET /W LiDeep IRT [6][7]%#3J0
T5. AFEFIUTORESEEIND.

DIRT OV 7 —VFETIE, @F T A MEicdsa+ 2HA MM+ 5. AFETIET A M
ZIET HHEANRWEAICHRENHEREOK FAMmZ b d.

-
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2) IRT TIRE SNDZRE DIMNLT o KW TV o T3 0 LT 72 OG5S b RE ) HEEHE
DIRTRMR BNS.

3)IRT TIRGE &N D ZE ORERNHE—TRWGAICHREIHERE DR T RMA 65,
:h%ﬁ,meiévy#—Vwﬁiﬁﬁbik&wﬁﬁf% RRET VPHEERE O
TEMRATRANZHET D2 ENARBTH H. KT, ERT — 2o b2 ORMNMEERT.

2. HERGHER

ARETIT, xbI<HM5NTWAT A MO ET /L IHH GEER (Item Response
Theory ;IRT) (LABE, IRTEFES) IZOWTHANT 5. IRTIZIZZ K OFFET ADREIN TN D
N, Z2TIE b KR 2T A—E P AT 4 v 7T L QPIMIZOW TN T 5. Z0F
FLTH, ZREIOEEj~O K Ex; 2 L F D& I —EHTHIL,

. :{ ZRRETNEHEJIC
Yo =i _a/h/i
BE710, & FF O A TN B jICIEA T D RE%Ep(x;; = 1]0,) Z LA F O L S IZET AT 5.
1
p@”:”m):1+wp&%m+@)

ZIT, gl dEAAZBEDOR & £ OB TE 200 KBS D@0 11/37 A —4, bjl3H
HiOMBENRTA—=FER L TEY, BN COT =X VHEET D, ZRE IO & KM
HONTIELSE LTRBE SN TEY, "T A —Ha, b b T— X KOHETE 5. FTIE, N7
A= ZHEEN, FIFA & REHEE S L V3L THEANA AHEEN L b T D

HEHKNERZHWT, 7 A MRHEDTZODOIHET — X RX—ATHDLTAT LN &R
D2 EIck 0, Bes 7 AN AERPO BR-RETIHMETEDL LR D. 74T LR
7 EANERLT BT, B DME IR DT X N EITWD, U o — 2 LI D LB 21T
DRITNIT7 B0,
BEOTANT—2D) o r—V%THBICE, TA NEEET HANIKRONTNNO Y i —
VEHE AN T HMEDN B D [8].
1) BEOT A N EZRTDZHREICL > TV r—UF D@ g st
2) BEOT A MIILET LT A MEAICE > TY o —U7 50 TEH Gl
3) BT A NEMEINLEHEBEMAZHEL, BT A M ESREICEZRELHELTY
Y=V LT A R EHAL.
T A NE[i%, o T A NT—2ITAIN LR T A% RE c HEE D LI, HRTA—FE
Fl—REEFZEHRT L. ZOBRICHWOND TiEE LT,
A) HETAZHmE - HALZ L LI, BEOT A NOREIMOT R bR E 2B 5 %R
ﬁ%m%,
B) &2 TOT A RNT =Tk L T—EIZ/T XA —F OHEEZAT O [FAIRE R EEHEE I,
OBEHMOIE/NT A—Z &b & LIz BT, REDNRT A—F OREEZAT O EEHH/NT A —4
1%,

g={11l
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Student Network
O O O
O O O
O O | O 0
O O O 65"
si e o0
C}—v cross-entropy
O O O o~
O O @) Yij Ujj
O .| O O o
O o O L
a B g
Item Network

1. Item Deep Response Theory D#E&X

DHHNTWSD. LL, U r—YOFEMICITMERSEHE & R a X MRLEIZRD D
EMZN. IDIT, FIRFHERSMAEZTERIIRBTEDIRT O U =V FELRNZ L5
NTEY, Vo r—URBEIIMREES RV, KRS, BIEIZIISZRE ORI REER > BN
T Y TN TERN ENLL, 2O X RBEEITIFIRE S BIHEEBEORE M E b T
LES. ZOMBEEMRRT D7D, ZREOREH LMLV 7Y 0 Va2 RGE LR WEE T
ZRAWEH LT A FE#Ttem Deep Response TheoryZ R4 5.

3. Deep—IRT
RRETNTIE, ZRBFIDHBJICIEET OMELZM 1 O X I ITZHEFR Yy T —2 (Student
Network) SIEH X hU—7Z (Item Network) D OO L7r==a2—F )Ly hT—Z7|2 LV
W T 5. ZHER Y NV —27 THZMREIZRAT L7720, iTFHOEROHRHNLTHOEFEA0
done-hot vector S; eR! Z#AJj& LTAED =2 —F Ly hT—7
EARERT D, IEMELBIE E LA NARY w7 v MEEPHWLA TS, 22T, #
REFMCBNC, ZHER Y FT—I DANNLELNART A—2 %@ LTV BNEESH,
0PN B KB ~DORISNRET WO S 57 4 AAEFAEK2 ITRT. K258 b2k
£, BEETNATIIRT LRV, §ERT A—ZITHEORE
FZ2E L TWRY. £, IBEBET AT, BoNEMIGT =X O THlZHRKIZT S X
VEIBNT AR ETHTH.
HEX Y FU—7 bZRE R Y T — 7 LA SRV AT 5. 2 D THIRTE 3R
O, RTINS 2 R E ST S LTV B,
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B2, IRT D/XT A —Z I, ZRE ORESI/NT A —% CIHE OGE T A

X 2. ZH&EXY NTO—I DT T 7 4 HILVET IV

— 2 DEE RO TEHREOEA~DRIEEETMET 5. BEHICIE, BT & 5 i1celd — Y
DY — pPY L LTENIBRG) = (WD, hD) 5 sk, S aptinsiE A jlo i Afféﬁ”@fp
1—0;; & IEET DR 20, = (1 - 0;;,0,;) & LTHAT 5.

D = f (egi) - gf))
exp (hf’j ))
exp (hg‘] )) + exp (hgl‘] ))

BERETT L, TAMTF—H178%t &2, adaptive moment estimation(Adam)9) & BRI A &
W7 T Y XAIHE- T, BERBEBEN/ NS 2D L8 TONRT A= EZRIFFIZERNT 5.

;; = softmax(h@)) =

4. FHmER
AETE, FLOICYIab—rvarT—¥28 &, MSLT LT U U TRpY LT 72
W B OHEERE 27 IS 5. AREBRTIT JEOHEE THK SN 10 HOT X M2, ThEh
I NIPD 7R 5 mE RIS LTDRIZBET 5. BBI1/NT A —F 2510 IR 5 BRIZ R —R4E]
MOMSET VLY TV T 57 X LEY Y TELUTOFIRTY AT LEID Y TE2ITRo
TG 5. DZRERIZT NI A—ZEREISE D, 2)BEIHTI AT A—FEFHIAIC
WOER D, 3)ZMEBELEMBUI AT A =2 2E5ET 5. )k FHOZRELRNZ, k FHDON
T A =B FENINENRTA—=ZZEVIRD.

RLIZ, BT A NERERT DRES)IRNT A =2 OFI M THik, #7 A2 MNEEE, ZHREEHH
OILEHBEE, £7 A FOZENBELEC S TG E OHERE DR RE 7.

AT LEN B TEMWEGAE, RTORFICEWTREET NV ORKENEH S mZ b
M52 EnHABMNERoTo. Fio, WEEANMAHEETHEOSHGR CTIXEL S N XA —Z 23
ETERVWGATHUHEDKRTAMA LN TWND Z LN 5.
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K 1 FRM 2 RS TG B DRI N T A — A HEERE

WOYTE FAMHHY JGASRHR ZMAR T RMSE pearson kendall | #1024 Tik 7 A MAHE ILEANHHR ZMAR T RMSE pearson kendall
DRM 0.469 0.890 0.748 DRM  0.665 0.778  0.568

5 » 2PLM  0.420 0.912 0.781 5 0 2PLM 1.111 0.381 0.237

DRM 0.447 0.900 0.766 DRM  0.622 0.807 0.629

A 2PLM  0.438 0.904 0.770 0 2PLM  0.779 0.696 0.466

10 50 DRM  0.458 0.896 0.747 10 50 DRM  0.797 0.702  0.467
2PLM  0.456 0.896  0.751 2PLM 1.170 0.314 0.184

g DRM 0.605 0.817 0.665 ¢ DRM  0.721 0.740  0.561

108 2PLM  0.440 0.903  0.767 10 2PLM 1.176 0.308 0.197

DRM 0.341 0.942 0.848 DRM  0.701 0.754  0.513

0 2PLM  0.303 0.954 0.864 0 2PLM  0.808 0.673 0.457

£ DRM 0.319 0.949 0.865 § DRM  0.501 0.875 0.716

i 30 109 2PLM  0.292 0.957  0.870 e 30 1% 2PLM  0.573 0.836 0.672
DRM 0.328 0946  0.860 DRM  0.661 0.781  0.586

0 0 2PLM  0.308 0.952 0.858 0 o 2PLM  0.786 0.691 0.489

100 DRM 0.339 0.943 0.851 100 DRM  0.579 0.832 0.664

2PLM  0.314 0.951  0.858 2PLM  0.762 0.709 0.506

DRM 0.317 0.950 0.882 DRM  0.376 0.929  0.802

" 2PLM  0.251 0.969 0.895 " 2PLM  0.426 0.909 0.760

& DRM 0.312 0.964 0.891 : DRM  0.393 0.923 0.811

0 102 2PLM  0.243 0.970  0.896 50 L 2PLM  0.805 0.750 0.543
50 DRM 0.360 0.935 0.856 50 DRM  0.635 0.798  0.599

2PLM  0.274 0.962 0.876 2PLM  0.782 0.694 0.489

g DRM 0.261 0.966 0.884 2 DRM  0.408 0916 0.785

1 2PLM  0.251 0.968 0.892 10 2PLM  0.612 0.812 0.532

® 2 ZREEMA~OmHEE #* 3 RHOBOET HIEEE

m tia o? DRM IRT -2 2PLM DRM
TLEAW WHHK KK | EMR FM  EMK P

0.1 0.1 09 0.833 0.850 i 169 50 0% 0.817 0760 0817 0.779
-0.2 0.2 08| 0.783 0.800 #Hr % 1221 179 87.80% | 0.669 0.665 0.679 0.679
03 03 070817 0800 InssIvs1| o 13 0% 0.731  0.690 0.742 0.722

Turs3v72 | 1 19 6.80% | 0.730 0.685 0.770 0.746
-0.4 04 06 0.833 0.783 it 2 2 33.80% | 0.840 0.802 0.920 0.908
-0.5 0.5 05 0.783 0.767 iR 31 90 46.30% | 0.867 0.712 0.900 0.833

ke 4
06 06 04 0.850 0.833 i 85 69 26.40% | 0.941 0792 0929 0.814

Bt sy 12348 48 16.40% | 0.810  0.806 0.830 0.783
-0.7 0.7 0.3 | 0.789 0.800 At 9172 2 12.00% | 0.765 0585 0.733  0.599
-0.8 0.8 02| 0.867 0.833 Classi_#11 239 119 93.60% | 0.729 0.729 0.725  0.725

Classi_{t¥ 1139 364 92.10% | 0.724 0.724 0722 0.722
-0.9 09 0.1/ 0.850 0833 g ;

Classi_ 44 192 114 90.60% | 0.776 0774 0.792 0.791
Average 0.823* 0.811 T 0.783 0727 0.797 0.758*

WIZ, SHRENEBROBEMPSEY Y T ENDHT A NTF—X ~OiEfEM: %2 50+ 5.
BRI, ) py, pp, ORD ZOORERNBI0T ORI NRTA—F &2 TV T
L, 50 HAMNSRAT A MF—21T4% 2PIM IC X WIERT 5. 2 2C, #EEHICHmd
HIEWERFE o2 1T, REOEEREN 1ICES KR ELE. ZOF X M F—2 DK
T UANTRBMEE L, ETAEFET L. RIS, FEHLEATA—=F%2 4 LITRBED
FOBTRZEAT D . 1058 ZEMGE TR L2 IEfER % K 2 [TR T

R2VOREETT NVOFPAEICEHERKC TN TELZERHLNERoT. F
7z, RERODOFEDENREL 72D L L DR TREBET VORENELS 25D 2 B3 DH
27z

Wk % R ET — 2 HNT, EETVORMOEH SO THNEE 2T 5. 22T
b, FTANT =200, KEE T X LATRIEEE LT —2NbETNEFETH. R
W2, FEHLEARTIG A% L, REMEE LIEHBEOKIETRZIT Y. 108 EREEETE
DIEfERE F EZFEH LR A2 &R 3I1TRT.
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2(a) 2PLM (2 K D HEE /R T A — 4 2OREET ML DHEENT A —H
M 2 BENNTA—ZHEEMOE A NS T L

ZIT, vanal Y O SIAMREE VT, $REE TV E2PLMCA E 2D & D D)
Wio. ETOREE, BEETNDO F EPSARICEWZ ERHLNE ST, SEIHWET —
ZUX, STRENEC- BB - REBREGR A THLN, ZOL K L TRETTANE
NTHDHZ ERINT.

B%IC, MEBETTNVOGTHIRENE W Classi_£WT —Z oW TEHFEZ AN THE L
TZRESINT A= DA% 2 1277, K2 (a) XV 2PLM THERE L72RE 1N T A — &1L, EH
SR IEF L@ > 20 TH D —J7, B2 () DX IIIREET LV CTHEE LIZRESI N T A —
XLV EHER DA IR > TS Z EBNbnd. Lizn> T, BEET /ML L0 B RHEN]
ERBETLHIENTE L7, EREICRISTHNRRTH L Z LRI,

4. LIV

AFRICTIE, A CRER & 0E LR WERE R &2 W27 A NG T b D Deep-IRT % #A
L. vIab—vary  EF—FERIILY, BRTT VI T OMENIFIET D 2
ERH NS 1) T A MENZIHET B EHRDFIE L2 WA T HRE) OHEERE DK
Tz NG, 2) HZREEHOENOIANKE < BAp DEAITHEN OHEER RS

V. 3) ZREOBEMNHE—-TRWESICLE@THD. 4) BEDKIGBIEN HIFZE LT
WARWIE H ORGSR ETT AN K LEREETH 5.
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N7+ =% Y AFHH D T D OFHHHE T X — X B2 FD
Deep-IRT €7 /L

O
7/

Gy

7 <G

JEF 52 BiSe T fEEr H
REFERFBE TR TAE R

i)
]

1 EC®IC

A, REFPEAGRPLAMGER, FE MR & DRk 4 REHMEGHENIC B W T, ARSI MERR T & vo
TR E DERIZREN I OREE BIE T 87 + —< Y ZFHHEER XN TW5 [1, 14, 21, 29, 33, 54]. /87 4 —
~ ¥ ZFHliEEREIC T 3 2 ZRE D87 o — < ¥ R FHlE DS EER A T SR SIETH D, THETICD
KEAFAC BT 25T 2 FoNEFED Y 2= 7R, AHHBICBI 2HBERLIN—T T4 AH v
Yay, RGBT 7077 I v HES LR FRER Y, AR TIAERINTE

LU, 74 —< Y ZiHliTlE, ZMEICS X 50531l S 25FHEE ORI S KTFE L, BENTIE
DREER T 25| & 2 THEN I T3 [5, 6, 14, 15, 25, 40, 42, 50, 51, 54, 55]. Z OIREZ RS
52FEL LT, 7TAMNERDO—OTH SHHERIEHE (Item Response Theory: IRT) [22] 12, FHiffiE R
ERITNIXA=ZEMNEG LT ANEFEZBIREIN TV S (e.g., [6, 20, 26, 27, 36, 40, 42, 50, 53, 55])
. IS OEERKIGE T VIGFHIE R L B R L TRNMEEN TE 5720, ZMEBEDRLADARRFEH L
Vo e Bl FEE A & D b SRS EREETRIEDIATRE & 72 B [40, 42, 54, 55).

F7e, BEOFHMIOHHETIX, BR2ZHMEICEMINTBRRIZFEAND AT + —< VAT 5 =—
ZBLIRUIRELT B [7,24]. ZO XS BRRWTIRT EFLVEBAT 2855, 2heho T A MERD» SH#E
EXINDZETNANRT XA =RER—RELICMEMNTZ F b P0E2RS.

—fz, FEEITS 2DIEZHME - Bl - FHiED 3HD S5, Z oM EoMHICOWTHER T % &
DEITRAMNERETHIRENDH S [7,19]. 722L, HEZMEL LT X VRETOGE, ZMEOME
BHOHEMPLEZE MR OMELZER L, HEHE Y HEFHlE 2O TEEZITS ZeAEF LV Sh
% [7, 19, 56].

IRT ZHWTEBER A7 + =< Y AT A MOFENMEIT S DICiE, ZWHE L iHlli#E O F—~E£H 2
LOMNT VY RLY YT Y T RRELRTUIZR S0 [44). LA L, ZMECHFHE 2 H— D REH
PHITYRNGFYTYVTEINDE ZEIIET, BRIV —THATT AN T =2 rans
ZEeNBWV. —RIC, ML T VR LYY T VI RFE LR WREERE T VIIEMETH D, FERIZE
HMTHB. £, F—HER»SOHS Y E LY ) U ZPRETERWVIRE FTIE, SRERSL
WCEEOIERE - RS AN E L 72 5 (37, 52]. HEFREOMIMNIFFENEOBZHICE 2T 2D
EEMEET 2 %, H@EFME O BEINIFHEE O A Aoz R T e oh TV S (eg.,
[9, 10, 11, 12, 38, 39, 45, 62, 63, 64]) .

ZREDOFE—REMADP S OMZ VXS v T ) Y IR RELIRNETILE LT, KT - HHEF [59, 67] 135
BEE TRV, ZMEOEAANDIEEHERY T 7 /UL L7 Deep-IRT 7 /L (Item Deep Response Theory
IDRT) 2R L TW5. IDRT 3ZME Ry P 7 =27 L HEHAY bV =202 00MV Lz=a—F 1%y
by —2%EFE, HAOINBRENAATA—RLHENRTA—XEHAVWE LT, BEERS7r—< VR
THIDAREE 72 5. LA L, 1RO IDRT 1 IZM#E) < [THE) 027 =& 2ELTED, Kigos
7A=Y AFHED X 5% TZME ) < T < TEHEE ) o 37— LT, #AT5Z 2T
EX/4AN

Z ZCARMZETIE, 7ERD IDRT ICFHEIE Ay bV —2 &8N L, FHEERE ST X -2 EHEET 2 E
FNERET 2. AFEREIZHRE - 38 - FHMEED 3HDO AT+ —< V2T X FOFEITBWT, UTD
FIEDHARFCE 5.
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(1) ZMELFHEIE DML T Y X LY > T Y TR 727 0WEETS, IRT €7 VICEENEESH#E
EREEDM LT 5.

(2) & v TS ORBERDPHE—TRWIEEICH IRT &7 IVICLENGEHEERED M LS 5.

A TIEIIalb—yay - EF—RFEBICED, REETLVOEMEERL.

7272 L, Deep-IRT 7% ¥ OIEEFE % W FTHET ML, FEREICET 2P EEORIMELITET %
Z & THEANDKIEE THIFT %5 Knowledge Tracing D 77EIZBWT, K HWSNATWSA [3, 13, 18, 28,
30, 35, 46, 47, 49, 65], TN OIIRRINIFE BT 2 KIGTHlZ HIE LTED, 5 X —XOEFRMED 2
KTAMERE LTHWA Z e TERWD, RiOENEIZE RS,

2 NI A= AFHliT—%

AKETIE, X7 +—< VAT Lo THEONET—XR U %, FEic {1, - [} ITBIIZME j €
{1,- , JY DT =< Y RCFHEE r € {1,--- R} BEZ 25 72V —ke{l,--- K} DEGE L
T, RDXDWCEHKRT 3.

U = {uij,'|uij,. S {—1, 1, v ,K},Vi,vj, VT}

T ZT, wij (FEEITBT 2ZE j OERYNI S 2 5HI#E r OFHliA 7TV —2RKL, uj=—-113
RUTF—2%2KT.
R T LR DT — 2175 U 24K 5.

3 HEHARIGIER

TEH BB (TItem Response Theory: IRT) X, TV P a— X T AT 4 ¥ 7 OERKITHEW, Hick
DHTHOWONS T A MERO—DTH 5 [22]. IRT IF2ZMHE OREN L HE ORI (REEEE A1) % HE
EL, ZREDHEHTOEEMEERDZHEREFNTHS. IRT KEUTORELBTFLNS.

(1) ZEIN =TI U TAEDHEART A =2 %2 bb, HET —XARXN—2ADHRZLWENTD 5.

(2) B 2HEANDZEE O RS %Z F—RE LTtz 5.

ZD XS HFEDS, IRT ILET 2 MRS T 2 b EERSRO X 577 2 MEGROER L LT, TOEFL
[34] R IT SRR — FadlR [66], EFRIHER 58] e ¥k 4 Al E CHW SN T E 7.

ZNET, IRT XIERAHIERESZGERAMED & 5 WCIERP— R 2 8B 7 2 MicFIFHENT
Wiz, ST GEER 72 ¥ DR 7 ¢ — = v RFHIliIC ZERIHE ROGE T2 EIG S 2 b D 5T
W3 [37, 50, 52]. RIFKD 8T + —< ¥ ZAFHlli 7T — X IZHEIS T % 2 ZEAIHE KIGE T M, BRERISE
7L (Graded Response Model: GRM) [31] 2 — (b 77#% A E 7L (Generalized Partial Credit Model:
GPCM) 23] I TWS. THoDBERIHEIGET /ML T25# ) x [ 0 27 —&2IcHwsh
TS, 28 ) x TENEL x TFHi#E ) O 3D T 4 —< ¥ ZFHi T — ZICEIC X | 5 72912, FHiiERE
HERTNRIRXA=Z 25 L IRT ETANRZEIER SN TEL (e.g., [6, 20, 26, 27, 36, 40, 42, 50, 53, 55])

RETIE, RFHLTHVZFMEERENSF X -2 25 L IRT €7 L Z2HNT 5.

3.1 BHESvPaETIL

FHEi#E T A — 22 NE L7 IRT £E7 e U TR S —RIVZETLE, Linacre[20] 2MER L 2T v
> 2%E7 L (Many-facet Rasch Model: MFRM) T® %. MFRM IZIZEO0 DN T — 3 Y FHET
270 (e.g.,[6, 25]), IDBREWBRET VTR, wijr = k DRONIMHER Pyjp Z XA TKRD S.

€xp Zf;)/zl [gj - ﬂv - ﬂr - dm}
lei1 €xp an:l [oj - Bi - Br - dm]

(1)

Pijrk =
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T IT, 6; \3%ME j ofe)), B 3IRE i OWHE, B, \3FHEE r DML X, dp EEHEA T IV — k-1
o kBB T 2REEERT. N5 A—XOBADTDIT froy = 0,d1 = 0,4, dp = 0 ZIRET 3.

ZHZ v 2T A TIRIRNTOFREIC OV TZRE DR Z#NT 21 G&RIillJ1) »—E e RET S
M, ZORNERDEETFLE LT, HEMEOBINOERE2RETE % GPCM % GRM 12X} L THHii#
NRIRX—=REMELET VB REEINTE .

3.2 FHMBEE/NFA—L%ZF5LIc GPCM
Patz and Junker[26] l&, GPCM[23] IZFHHi&ERiMEZ R T IR - X 2G5 LLETAZIRELTWVS,

exp Yor [0 — Bim — pir)] )
Sy exp 3,y [ei(0; — Bim — pir)]
TIT, o FFREICBI BN, B &, EIIZBWTH T —k—105 kICEBET 3 REE, p;,
AR BT REHE r DB LI ERT. ST X —RDFANDT=DIZ, Bi1 =0,pn =0;Vi ZRET 3.
F7z, FEE 50])1F, FHEEME OIS —E LTV RSN e 2faH L, FHiiE o— Bt % RH
L7z X—&%3HDGPCM ZHZELTW3.

exp Y8 [aien (6 — (B; + Br) — dimd,)]
K 7 (3)
Zl:l €xXp Zm:l[aia'f’(ej - (Bz + Br) - dzmdr)]

ZIT, ap FFHliE r O—BWERT T X=X, dy FRE BTS2 H TV — k OBEAT X—%, d,
FFRHEE r DBME T X =22 KT. "I X—=XD#HID7DIZ, [, ar =1, 6 =0,][,d-=1,di1 =0
ZIRES 5.

E 51T, Uto and Ueno[42, 55] 1&, FRAEEHEDIMODFIMH & Misiilc 572 2 SEFHEE DR 2 E R L 72
GPCM Z]ERELTW5.

}Dijrk =

Pijry =

exp Yom _ [orci(0; — Bi — Br — dom)]
Zl}i1 €xXp Zin:1[arai(9j —Bi— Br — drm)]
ZZTC, dop \WFEHEA T3V — kT 2EHEE r ODBL X ZRT. I X=XDFEHD=DIT, oy =
1,Br=1 =0,dy1 =0, ZkKZQ dyy =0 ZIRET 5. ZOETNTIIFHMEEREL UT, #i/zic REHFBOHIR
FEEDFH A 7 2 — 2% H 2 WITE T TS 2M) 2RFETE, BREFEIZENIHETDH
FFEERRENHENFEITZ 3.

Pijri = (4)

3.3 FHEE/NSAX—2%ft5 L7 GRM
Ueno and Okamoto[36] 1%, GRM[31] IZFHHiEREZ R T T X—X2MELLETAZIERL TS,
Pij”i’ = P;}rk’—l - Pi?’rk (5)

Pro=1P =0

P;;'rk = [1 + eXp(—Oéi(ej —b; — 5rk))]_1
igr0 = L igrK

ZZT, b IR OREERL, e FFHIA T IV — BT 25HHE r OBIL X EZRT. e 1TIE
FEfl#) €1 < €po < -+ < epg1 BIREL, T RX—XDHBAND=DIT, €11 = —2.0 LHIFT 3.

%7z, Uto and Ueno[40, 53] i&, FAE3E [50] ARk, RESIHEEREEECFHMi0 — B MKTTE T % M8 % f54H
L, #HfigO—EHERT X =245 L7 GRM 2L L TW35.

Pijrk = P;}rkq - Pf}rk (6)
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ﬁ%§//
7ZbA

SiRE

I

,l%ﬁ%%~ﬂm%

Zz

j— 72 B

Pxo=1P: =0

{Pi’;.rk =1+ exp(—a;a-(0; — by, — &,))] !
iiro = L Pk

ZZT, by BHRE I CBVWTE XDREVWAT IV —2[HEELRL, o FFHEE r DML S 2R
T bi EMEFHI by < bip < - < big— BIREL, N7 A—RDOBHNDIDIZ, a,—1 = 1e1 =0 %R

ETB.

34 NTFA—IVATALDEFL

ABETHNLEZIRT EFLEHAWE Z2IC& D, 75—~ 2 ZAFHI T — Rk LFHIE O Rt % & 8
LU7RENEEDEBTE ) ZMEDHRE DGR R E OB 7iE & D b @R ERREIHEE D]
BEL 125 [40, 42, 54, 55]. —J5 T, BEOFHEGE TIX, BARZ2ZMEICHEMINTRIREZ T+ —< VR
TAPOREREHT 22— B LIELIFEL S, 2O X RN TIRT EFLEEHT 3558, #hz
NDTRAMERPOHEZINZ T X =R EF—RE RIEMNT 2 T8 2PpnEr k5.

N7 =Y AT A MOFEIX, FEL T O —HIHET 2 L 5% T X M ERENT 2 5 ES— KN
TH3 [7,19). K1 1HEHRE - HEFME ZHVEART7 +—< 2 2T 2 OFLOMERZ2RT. KDk
HNZRT = Y AFHIT — RIZ=AF — R TH 2720, =RehFITERT 3. O = 0fEICIIZRE
DRIET —=EBFEL, ZRLANOEBIEIRAT—2%2%KT. K1 OHITEZ2DR7 =<V AT A+
(FAMA, 7AFB EFER) o0 UHG@ERE » @i HiliE 2 HE L, FohiT X057 X — X2
ET 5.

IRT EFLEHOCTERERRT =< Y 27 A MDOHELEITD -0I2IX, ZWHE L FHE DR —FE
MWL S B LY TV ZRFGELRTER SRV, L, BHEIR, SRECHGHE X2 RHE
HTHbh, WLZ Y RLY YT I TRNZ EHNEL, RBIMEHEERE Z (KT B2 R[REMENH 5. 2
H M R —FERD S OMYL S Y E LYY T Y IBPRETERWGR, EBERELICEZHD
HomaRE - HomEEHliE R 72 B [37, 52]. HEAREOMEINIHENROBHIC X 2 7 R F OEEEET
ZHE (9, 10, 11, 12, 62, 63, 64], H@EFME OBEINIFHME O R BHOEME I SR T Z e RS h
TW3 [38, 39, 45].
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Examinee Layer

O O @
O O @)
. . —— O
O O © g
Sj egf) Hgf)
Task Layer
O O
. O o Cross
—C—J s > —>
: Entropy
O O
i gi) g) g) h®i) A, Vijr
Rater Layer
@)
O
@
(r)
tr d”  a ds

2: IBRETNVOBEK

4 Deep-IRT €Tl

BT DT, REFEETAERWS 2T, ZREDOREN L MR KRBT I8 T7 4 —<
2T HELTS [3, 13, 18, 28, 30, 35, 46, 47, 49, 59, 67]. KT - f8¥F [59, 67] TlX, ZREFDRESI T X —&
FHNTEZRE LY V-2 LTHHDOHGEAR T XA —X 2 NT2HERY NV —2 %K, 2050
ML U7y b= NENE 7 X =22 HAEDES T, IMEDHHANDKRIEZET IV
{t L7z Deep-IRT €7V (Item Deep response Theory :IDRT) 2R L TW5. EHOHETIE, ZMHRE
PB—ODREFNS T VR LY TV TENDE ZLIEFET, BRI N —THNTT A T — X034
IV TENB e nEZ0H, IDRT VW5 28T, ZREDHE—FEFDLSOMNZ Y E L3> 7Y
Y IPRETERWGER, SBENZREMI LI VT V7 XNTWBEATD, IRT &) dEHE
RHENHEEDAIRE L 72 5. T 72, IDRT E5ZHE DREMECRRE D REEE 72 YRR ATRE/L X T X — R B2 F5D
720, TAMEERELTHWSZ B TES.

LD L, $EKRD Deep-IRT E7 /W, IZ1#E ) x THH) O 27— XA\OHEILZHEL TED, KT
WD T =< RFHliT— XD [ZME ) x TEEE x TFHiE ) O X5 7% 37— XIIFERELT =
B Z ZTARMZETIE, 87 4 — < Y RAFHlli 7 — R IZEE T Z % Deep-IRT ET7 LV EHRET 5.

5 FHEE/NT X—42 %D Deep-IRT €T /L

AW TIE, 74— Y RAFHIIT — RICBWT, ZHE & FHME DML T ¥ X L3> 7)) ¥ FHRD 3L
727 WA T S EREERBENHEED ATRER E TV ERE T 5. BERICIX, KT - #EEF [59, 67] D Deep-IRT
ETVICTHEE X v b —=2 2B, FHlIEREE R T 85 X — X DATREAR Deep-IRT ET NV ZRET 5.

5.1 REETIVEBE

REETNVOWMERER 2 1R T. BRBETNIZHEE XY bV —2 (Examinee Network) ¥ FR@&E 4 v
b7 —2 (Task Network) Y FHli&F x> bV —2 (Rater Network) O=2DHV L}z=a2—F/1%v b
V-7 O N EHAEDE S LT, SMEDFENDKRICHEREET LT 5.
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|
|

|
\ \

3 XME XY VT =T DT T T 4 VKB

ZRE Ay bV —27Tld j BEDZMRE RIS 5 one-hot vector s, e R ZAN 3%, s; 137 &FH
DEZDHP L, MOERNOTHD, UTDESXAED=2—F1%y b7 =T ZHLT 5.

6y = tanh (Ws; + () (7)
6Y) = tanh (W®oP) + ) (8)
09 = wimgE) | 00 )

CZTIIEMEBEE Y LT, UTOANARNRY v 72y Y x> VEBERWS.

exp(z) — exp(—x)
exp(z) + exp(—x) (10)

tanh(z) =

W) W) [ZLIFOEART X —X{THTH 5.

01 91 01
w® W (%)
0 9 0
W _ wéll) wézl) S wéJI)
(61) (61) (61)
w|oi|1 w|ei\2 w|eiu
) ) )
w§12) wg;) w§|;i|
(02) (02) (02)
W) _ Wy Wao cee Wog)
(62) (62) (02)
Wiealt Wies2 0 Wieslley

W) FZLITDEANRTIXA—ZRT MLTH 3.

W (.. f)

g, 0 = (7", A% ) BRO, 1) = (7% A% A0)) s h 7 28T =2y
FL, 70D ZANL 7 RRT R —RTH D, KRTIIXZRER Yy L7 =20 00 22HE j OREN <
A= R HBRT.

3IERBEXY VT2 DTS5 T 4 ANKBEZRT. K3 THL»REIIZ, #RET VRN T
A =R IHEOREFZFREL TE5F, BONLKIGT— XD TFTHIZRKIZT 2 X ICHEHA T XA —X%
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BHT 5. 2R, RIST—& uyj, BEABNELE, TRTOEAATA—ZBEHEHR, 0 7213T
BRAMDZEED 03 bHEHFHINE 72D, ZFE T X —XEOMIIENRFEL RN by 5.

FIRRIC, SRy FU— 2Tl ZHOBEZ R T 3 one-hot vector s; e RT #AN 3. 5,131 %
HOBEZEDAN ], HOBEENBOTHD, UTOLIWCA4BED=2a—51 %y N — 7 ZHRT 3.

BV = tanh (W(Bl)si n T(fn)) (11)
ﬁéi) — tanh (W(ﬁz)lggi) + T(ﬁz)) (12)
ﬂéi) _ W(B?,)Béi) + ,7-(53) (13)

W B WB2) WBs) [ ZLLFDEANRT X —RITHITH 5.

o
B B
WD _ wéll) w§21) w;llh)
(B1) (B1) (B1)
Yigi1 Yigi|2 Wi, |1
I
(B2) (B2) (B2)
we _ | P Wl
(B2) (B2) (B=2)
Yigl1 WiBaf2 RN
B B: B:
o w )
(B3) (B3) B3)
W Bs) — W21 Waz Y218, |
B B B
w%i’) w%S) . wﬁ(lsﬁ)zl

7, 7B = (Tl(ﬁl),TQ(ﬁl), .. .,7"(521')), 7(B2) — (TI(BZ),TQ(BQ'), .. .,T‘(BB;)), T(Bs) — (7—1([33),72(53), .. .,T}f”)
EANL T ARG A—ERY MVTHS. W Y Rl 1BV, AT — k 2152 W2 %
FTRIRXA—REART., REE NS X —XE2HET 2BICHEROMY R IRE L TWRW I 2 23T
H5.

AR, FHBiE Ay b7 —27 Tldr HHOME%R KRBT % one-hot vector s, € REEZ AN LT3, 5, 1%
rBHOBEZEDAN L, HOBEZENOTHD, UTOLIIC4EBO=a—F 2y V=7 BT 5.

dY) = tanh (W(dl)sT + T(dl)) (14)
dér) = tanh (W(dz)dg’") + T(dz)) (15)
dg") — W(da)dg”) + 7(ds) (16)

W) Wid2) Wds) (ZBIFDEANRT X —RITHITH 5.

wﬁll) w§§1) . wgtg)
d d d
Wid _ wéll) wézl) wéRl)
(d1) (d1) (d1)
Wi Wayjz - Wayir
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(d2) (d2) (d2)

Wy W1y cee o Wyg)
d d d
— wiwpt g
(d2) (d2) (d2)
Widat Yidaj2 = Wida||ds |
d d d:
w§13) U’gzg) e wi‘;i‘
d d d
Wids) _ wit?
(ds) . (ds) (ds)
Wiy Wiy ... wKrd2|

F7e, ) = (Tl(dl), TQ(dl), o 7T|((;illl))’ 7ld2) = (Tl(dZ),TédZ), e ,Tl(;jl)), r(ds) = (Tl(dS),TQ(dS), . ,Ti((dg')) [
NATRANGRA—BERY bV TH S, M d)) 2#Hlih T2V — kcBY 25HiE r OB L X2 KT
X —=REBRT. LI NT X —XEHEET 2 BICFHEE OMAN I EZRE L TWRWIZ EDRIHTH 5.

R, ZHEDRESI T A — &, FEDOWHEL S X — 2 L FHliE DL 85 X — X2 HOTZRED
HEADRIEEETMET 2. BRI, T O & 5 2kEiUg hin) = (000 ph0r) o pear)y sk
B, WE BN TZME j 05FHIE r 12 ko TRHlih 72V — k 2R 2R 45, = [Qijr1, Qijro, - 5 Uijric)
PEHL, EFLOH LT3,

k
m = D0 - ) ) (17)
=1
Uijrk = Softmax(h(’ivj#)7k)

_ exp (hg,m) (18)

> ok €XP (h,(;/j’r))

ZZTIXIRT LRRDBERATE B LI T XA —XEREB L 7-REEE T L EIREBLTWVWS. L
LU IRT 2I3ER D, ZREOREM L MR RES T ICHREANDOKILTFHERRICT S L5 ICET L
PRI TS, 2Tk, BER27 X MOZREORENIHEMEOFIHA LS, &d FRRENE <
HBEDIWCRENEHETE S.

5.2 NTIX—H%Y

—RIC, TRIEFE TR TRERIERBIRZ E R L, SEMRIRAIC I DRI X=X 2B T 5, RE
TTIE, HRBEERE LT, UToLsnnfiiiEesRs /Ayttt — 1 205,

K
l=- Z Vijrk 10g Uijrk (19)
k=1
I Ty € REE, RIBT =22y, =k Tholet &, L BHDEEDAL, ik 0 ¥ L7z one-hot
vector #3RJ .
BERETNMZ, T r—~< Y RiHfi7T—& % &2, adaptive moment estimation (Adam) [17] & FFE
NBEBL 7 N TV X LIHE, BRIV NE L2 X5ITTRTDARI X - X2 RRHIERT 5.

5.3 Adam

AR THWZ Adam 1%, %7 X —XDEERELHHCTHE T2 AEO—HETH 5. FHEREETE
THEAERMORET LTV XL [4, 8, 32, 48] £ b EEEBIV/ NS RBMEAICH D, HE, HKEF
FEFMEILLHVWLATWS,
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Adam TlE, ¥ERTOHAMBREL AT A —RIFZILFEEINTVWE AL LEERZKLST S, t[H
HOZ¥EIZBWT, FRTXA—RDEE g, 52Nz &, ZAETOHEDOEAN XY m, £ AE
D _FOEAN EFE var, I TO XS ICBHEINS.

my = ymu_1+ (1—7)g: (20)
var; = "vari_q+ (1 — fyg)gt2 (21)

CIT, M BFa—=or R85 XA—XThh, FEDEEZHRET 5.
IS DHEENA T RAZMIEL7 m) = my /(1 — 1), var] =var, /(1 —~5) ZHWT, t BIHO¥EIZ
BIBZITRTDNRTGA—=ZRT ML, EUTO XS ICEHT 3.

H *
T &~ Lp-1 — ———— My (22)
vary +¢

p X FEROYIINE, € ZFHEBMEN 72D DMNZERTDH 5.

6 vIal—>arRER

FICBE T 2HRASCEREREZIRE L2 TIE, ETF—XONERERZa X+ e HEEET 5720
TELRIHFSEVEMFICHELT, ¥I2b—2a YICEDiHliEITS 2 e B—BITH 3 [2, 16, 43,
52, 57, 60, 61]. AETIE> I 2l —>a r7—XIREBET NV EFHEEREZ R T I A=K Z2(5 Lk
IRT Z#H L, ZRE &M iiE ML T Y R AH > TV Y I D LT R WA TOIREE T LVOEME
2T, BRI, ZME e EHEiE OFI D YT, MER, FEME R, HomEaRER, HomErmE £
PECS R BORNMEBE LB L, ZHE LiHEE OMYL 7 > XY TV TP D LRy
Ral—Yary7r—RIMLT, DhuvithEdiid - ERHMEE R T HREE T AN ERMELRRENIHE ZITR
5 EIRT.

AREBFRDOS I 2l —Yaryr—2F 440K 1 EFABDODZDODRT =< Y ATA (FAMA TR
FB) THREINE T -2V, &7 XA MNI T HOME, EZME V-5 J N, KiHiiE 7L —
T RANE o TIREZINIZRNZHETS. ¥Ial—varyrF—xoERE, &R IHEE S
X =& %D IRT EF LD MFRM X b{To7-

AEBRTIE, ZHELTMEOR —BEMPSDS VALY T VIR IEL 59X LE D 4T
¥, SVRLY YTV IBRETER Y (P27 2EHHT) &, BT A +DOZHRE - FHliE LR S
BEM»RSY Y 7L ZREMEID YT O=2DHETZRE L HMIEEZ & T A MIZE D YT,
RT F—2 ¥ AT — R EAERL Tz,

SURALEIDET
1) UFOREIRERTIA—REFEXES.

oja 61'7 Bra dk ~ N(OO, 10) (23)

ZZT, N(p,o) ¥ p, BEERE o OIERSAEZRT

2) FAEXEREES) - WHE - ML ST X=X 2RO%NE - R - FHliE 257 X M2 Y X121
HT3.
SATLEDYHT

1) 3 (23) e, RTIRX—REFHEXES.

2) RAEZICIRENNRT R =R eFORME R T XA —XDRIEHOFZ 8L, ThETAMA, E

%7 A b BIZEIDY TS, FRICTHEZ L THHL I T X —XDRIECH R, &7 A ME
DUT3, FECHELTE, REIRLREE T X - 2/HOMEEETAMIT YR LEIDYTS.
K412y 27 28D Y TOMBERZRT. 7R M AIKIFREN T A —REP THOZHRE LB L X5

R —ZED FALOFHEE ZEI D YT, 7R b BIIGAESI T X — X HH LN OZHRE L L 8T X —&
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TA A

L Ok B

~
2.

N — XA

TA LB

o

X 4: A7 LE|h YT

K1 HEETEF a2 —=V I RITA—=2DIE

TR =& &
IRy 78 300

1z 0.01
€ 10—8
"1 0.9
Y2 0.999

6D B OFHliE ZH D HT5.
ZREFZIDHT

1) FAFA LT ZFBIZOWT, BENANSIA—REELE 85 A — R B ZNENER 55500 bR S
5. BRINC, 72N ATIHREN ST A =R EBLE T A—RIZENEN;, B, ~ N(=1.0,0.5) 25,
7 A BTIEZEAENG;, B ~ N(1.0,05) »OFAEZES. 7220, HBFHEEFORL X 87 X —&1F
By~ N(1.0,0.5) 2 oFAEXES. FEOKNEE T X -2 LTEET A MEET, KX (23) o5fid
LIEXHES.

2) FRAEZELRES - NEE - LI 8T X=X 2Fo%HE - 38 - fHiiEz 7 > X 218 YBT3,
FERoyIarv—rary7—22HWT, LLTOFIETRNHERED HKRZIT- 7

(1) B LT —2E2HWT, MFRM D87 X —XEEEITo 7. #HEEEZ~ v a 7HEE Y T Hmik
(Markov chain Monte Carlo: MCMC) [26, 40, 50] %= F\W 7= B &R MERHEETE (Expected a posteriori)
TITWV, TRTOANT X=X ZRRHICHEE Lz, BRBHEEICHV 2 F/5mIER (23) o5 E v,
(2) B L7 T =22 HWT, BEETNDNRT A =RHERITo72. 7B, AHLOREE T LOELES,
BEFXED IV — LT —27D—DTH5 Chainer' WV, Ny FEFTRIX—RE2HEEH L2 £/2, 7R
TOYIal—yay EF—XEBRIHAT 27 XA —RIEER 1 DEEZHAVE. ZASDRIX—EZDS5H,
671,72 B LT, SEfTRIZE [17) ofik iV 7z, F-4RRE 7 vicl LT, 69,08, 81 g d(”, d"”
D7 — FEE TR THEOEE W, 2 — FECE 100 225 400 £T 20 $OZ(L S B HEBRZIT- 7.

(3) BEN AN oA —2ZDE[EY, (1) TRDI-HEME OFFFEHZFEE (Root Mean Square Error:
RMSE) ZHH L7, 7, FERICEEN I X—XDE[EYL, (2) TRDZHEEME D RMSE R L7,
7721, (2) TRDEESHEEM 65 13, BENHEEMD T mean(03) ¥ FEHEFZE sd(0s) & b LITLITF D

Thttps://chainer.org/
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0, UL ODTRICHERE(L L 7=l % W

i H(j) — mean(0
9&” — 3 Sd(03)< 3) (24)
(4) FEdoFIEZ 10 E#EDIEKL, RMSE O 2R L .

DEkoERzZznens X LEDYT, SAT7LEVYT, ZHEFFD Y TDO 3207 —-&E YT
FIER U TITW, ZE, FHMiEE, HomiiEs, HEfHiE e 2 TTo . &8, HEHE
I=5, iMlizTa) I K=5% L7

TR E R 21 RT. RMSE MED NI WEEHEERBEN @V ARE S, K205, X - FHE
IR LIEID L TEEEZ, 2L DEMT, MFRM O BREREW Ebhbd. X LEDY
TTIRINRNTOZRE L HIE LR —REEM» S Z VB LT TV v Z7ENTED, MFRM 256D 7 —
RFEAEZMBEFE—TH I DICERBERHEEN TELEZ LN 5.

—F, YATLEDYBTTIE, ZLOEBTIREEFIVOERNMEEREES MFRM % > TWwa. 8%
BT IOIZIRE & FHliE OMSI R RER T, o SZE DR HEE -0 3 O FHmREE & o BE: %
ERLUEPOLMEEITO 2L T, 7R MNCET 2R ESCFHMREOENE BBINICBIETE &
ZoNb. £, £T A MOZWE LiHEENRR ZHERCET2HETY, ZLOKHTIREET LD
BESHEERSE S MFRM % L[A] 5 7=,

/2K 205, HEFMEED 0 AD L F1Z MFRM &) HIREE TV ORENHEEHE XKL ZoTW3
A, HEFHE D 0 NDGEIIREET L, MFRM O Y5 5% W55 T3, RMSE 13L@EiHEi#H %2 &
DHEICHARKREL BRoTED, BRELRSELITERVWI Lbhs. E-3EHE, HmEiHnE i
DI Z 78555, MFRM O DHEEDEL BoTWA M4 H 5. HEfEEc @Ml g 8oz 1 L5
&, IRT E7VOMERERMA L e osnTED [19], I#RET L, MFRM O X5 5% HWTH &
JEREATREE 72 5. Lo L, Hull AR A HOE Tl B O I 7 A b OSFEMAK T L iTHifiE DR
BHOEMES X729 (9, 10, 11, 12, 38, 39, 45, 62, 63, 64], AW HSEREEL @G E T D
EWHEERE R RTIRBETADNEN TH I b3,

7 BT—XER

ARETIEFET -2V, BERETAPE NI L ELRT7 4 —< VAT T =2 L THHEINTH
3 Zhmy. BRI, SMEORNHEEREOLE Y IRT €7V EREET L LTI, MUKETIX
fi D01z, X (2)~(6) DETFTAEZNZN TPatz1999] , [Usami2010] , Ut02020] , "Ueno2008] ,
MUt02016) KT 5.

7.1 RT—EZHE

AEITIE, BF—RXOMEEHHT 3.
LR—bk7—%

LER— N F—&IE, REEMEH Lz e 59— 7 TOLE— iR, a—RXF 2 —Z—DRE L%
7 4 —< ¥ AFHliT — Z4THITH 3 [41]. ZHRELNZ 30, ELX 5, FHliE L 5, FHEih T2 —EE
5THH, RAMEDEIEIZ 9.7%TH 5.

E77EXAAVTF—4A

V7 7ERARX Y N T =X, 74T 4 ¥ 7REE REEDEDICHHIG L7287 4 —~ ¥ ZAFHfi 7T — 21751
Th b [41]. FHERL 34, FELL 4, FHHELE 30, i 72V —FI 5 ThH D, KRAEDHIEIX
0&TH 5.
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F£22IaL—aVITXBEENRT X —RDMEEREE

TRER 25
AT Z R 5 A7 R 10 A7 25
Hiil 7 TAT L TFERN TYHL TAT L 32 5] AT L
i EPERS LPERY LIRS EPERS ELERS HAT
HY HE HRE % 1R % R TR [ HE
P MFRM By P MFRM s MFRM By MFRM P MFRM 5 MFRM ey MFRM P
0 0.347 0.791 0.928 1.025 0.305 0.328 0.758 0.951 0.955 1.160 0.194 0.257 0.751 0.869 0.943 0.984
o 1 0.343 0.581 0.488 0.249 0.283 0.688 0.305 0.906 0.342 0.218 0.258 0.658 0.238 0.911 0.259
2 0.314 0.568 0.573 0.229 0.273 0.617 0.330 0.862 0.332 0.188 0.238 0.661 0.282 0.891 0.365
3 .330 0.637 0.608 0.245 0.299 0.697 0.433 0.902 0.437 0.206 0.266 0.701 0.265 0.836 0.209
0 329 0.921 1.074 0.231 0.268 0.688 0.885 0.805 1.023 0.219 0.257 0.919 0.738 1.001
1 1 308 0.334 0.268 0.242 0.267 0.346 0.258 0.411 0.238 0.167 0.187 0.227 0.415 0.239
2 325 0.339 0.308 0.260 0.276 0.272 0.228 0.355 0.276 0.184 0.226 0.219 0.292 0.198
3 265 0.393 0.277 0.221 0.258 0.265 0.235 0.272 0.240 0.187 0.218 0.208 0.286 0.201
0 325 0.945 1.106 0.233 0.261 0.658 0.871 0.794 1.019 0.154 0.175 0.936 0.773 1.135
5 1 294 0.284 0.301 0.222 0.253 0.295 0.284 0.403 0.288 0.186 0.214 0.229 0.412 0.267
2 307 0.249 0.267 0.219 0.251 0.269 0.257 0.296 0.222 0.168 0.185 0.229 0.327 0.261
3 319 0.383 0.288 0.220 0.235 . 0.211 0.231 0.125 0.170 0.240 0.235 0.216
0 350 0.952 1.116 0.239 0.263 0.658 0.892 0.787 1.091 0.218 0.252 0.909 0.806 1.114
3 1 295 0.289 0.285 0.266 0.269 0.301 0.260 0.419 0.312 0.179 0.206 0.245 0.311
2 303 0.299 0.277 0.199 0.214 0.213 0.208 0.317 0.276 0.177 0.195 0.228 . 0.239
3 .329 0.283 0.301 0.214 0.232 0.235 0.221 0.248 0.219 0.175 0.213 0.187 0.227 0.183
ZRER 50
A7 R 10 A7 25
Hiil TFRN TYHL AT L TAT L
B i H4T LIRS H4T Hb4T
# HY HE HRE % R % [
P MFRM By MFRM P MFRM B MFRM By MFRM 5 MFRM Sy
0 314 0.798 0.996 0.998 0.919 0.193 0.225 0.795 0.949 0.164 0.208 0.767 0.854
o 1 .299 0.740 0.482 0.934 0.557 0.234 0.258 0.713 0.465 0.199 0.259 0.750 0.289
2 .312 0.769 0.516 0.943 0.604 0.223 0.220 0.741 0.547 0.168 0.213 0.728 0.282
3 .290 0.766 0.587 0.882 0.916 0.228 0.277 0.388 0.160 0.241 0.726 0.374
0 311 0.751 0.962 0.925 1.070 0.218 0.263 0.989 0.172 0.203 0.609 0.898
1 1 .300 0.381 0.315 0.459 0.256 0.223 0.247 0.269 0.149 0.163 0.245 0.211
2 .302 0.307 0.270 0.434 0.312 0.220 0.222 0.215 0.136 0.194 0.200 0.178
3 0.294 0.281 0.355 0.280 0.198 0.210 0.193 0.147 0.175 0.167 0.158
0 290 0.916 0.937 1.156 0.219 0.232 0.907 0.162 0.190 0.638 0.927
5 1 283 0.254 0.435 0.284 0.213 0.211 0.210 0.127 0.168 0.242 0.234
2 253 0.238 0.332 0.283 0.203 0.208 0.204 0.137 0.162 0.211 0.230
3 278 0.268 0.263 0.206 0.218 0.213 0.134 0.154 0.194 0.246
0 301 0.908 0.937 T.124 0.216 0.245 0.902 0.158 0.185 0.658 0.943
3 1 1294 0.277 0.379 0.286 0.201 0.217 0.262 0.151 0.172 0.231 0.196
2 279 0.255 0.329 0.282 0.212 0.219 0.209 0.144 0.162 0.195 0.182
3 .271 0.293 0.278 0.260 0.210 0.219 . 0.203 0.166 0.184 0.167 0.185
ZHEW 100
A7 5 A7 R 10 A7 R 25
Hiil TYHL AT L TR FIRL AT L AT L
i HHT EPERS H4T LIRS EERS HAT
# HY HE HRE % R % TR [
MFRM P MFRM By MFRM P MFRM s MFRM By MFRM 5 MFRM Sy
0 0.282 0.314 0.812 1.059 1.006 1.097 0.206 0.227 0.791 1.052 0.161 0.197 0.800 0.990 T
o 1 0.256 0.284 0.792 0.548 0.995 0.721 0.208 0.247 0.807 0.594 0.143 0.772 0.356 o.
2 0.257 0.276 0.774 0.594 0.987 0.523 0.190 0.211 0.791 0.464 0.145 0.756 0.243 o.
3 0.262 0.286 0.806 0.677 0.982 0.632 0.235 0.259 0.766 0.589 0.156 0.785 0.333 o.
0 0.267 0.991 0.969 1.107 0.201 0.224 0.740 0.986 0.147 0.203 0.665 0.976 T
1 1 0.260 0.247 0.473 0.270 0.180 0.194 0.346 0.292 0.133 0.171 0.245 o.
2 0.261 0.247 0.473 0.270 0.180 0.194 0.346 0.292 0.126 0.149 . 0.218 o.
3 0.257 0.290 0.413 0.292 0.197 0.205 0.278 0.259 0.127 0.145 0.152 0.199 0.2:
0 0.264 1.006 0.948 1.103 0.211 0.235 0.730 0.952 0.145 0.188 0.680 0.982 T
5 1 0.254 0.243 0.443 0.342 0.203 0.219 0.254 0.215 0.127 0.168 0.242 0.234 0.318 0.309
2 0.258 0.242 0.364 0.270 0.196 0.205 0.213 0.196 0.130 0.173 0.187 0.239 0.209 0.191
3 0.254 0.225 0.330 0.289 0.186 0.202 0.218 0.192 0.117 0.149 0.150 0.175 0.187 0.198
0 0.268 1.013 0.974 1.100 0.216 0.240 0.781 T.012 0.140 0.183 0.639 0.951 0.840 1.090
3 1 0.255 0.251 0.434 0.328 0.194 0.209 0.256 0.237 0.141 0.168 0.224 0.161 0.308 0.286
2 0.241 0.234 0.287 0.252 0.182 0.188 0.198 0.186 0.129 0.152 0.162 0.159 0.214 0.191
3 0.253 0.249 0.284 0.271 0.187 0.203 0.203 0.194 0.134 0.148 0.151 0.170 0.211 0.283

7.2 BEHEEEOEREMS

AHITIE, EF—RIIBT 2RENHEEMEOEFE
FIETIT - 7.

(1) #RZ=E71, MFRM, Patz1999, Usami2010, Uto2020, Ueno2008, Uto2016 # M\ T, EF—X&
MBHRESI NG X —ZBHEE L. B, IRT EF ML TIZ MCMC 2\ EAP #EETHERZIT-
72, B, HAIOMIEE 3 OEEH V.

(2) 1D k312, LR—FTF—XOEEIET A NZRER 15, EH 2, FHliEHK2 D7 2 b,
V772 ARX Y N T —=ROGEIFEER 17, FE 2, FHEE 15 DT A McEhZhnEls5. 20
Y&, FHErHMEEIXTET X007 R LTGERT 5.

(3) REETN, IRTETAZHAV, (1) TRDHE - FHlliE 7 X -2 %5 LTHEN T X —
XEHMT 5.

(4) (1) TRDIEES T RX—& Y (3) TROEHES T A —XOMHBREEEHT 2. HBEFRENC
X, €7 Y Y OEEBHEBREEHWS.

(5) (2) ~ (4) OoFlEx 10[E#EDRL, HERBKOEEGEKD 5.

D%z 7 2 M EoH@EiREe, HEHERE 2 LI TTo 2. BBREE T I 7. LRI
2w bT—2 D) — FEEBLI B TERETo 7. £/, RENHEEMEZ LS 2 F6EICI3MHBI R E o filic
RMSE b A< HOWHNT WS 23, ARFEERTRMSE ZHW5 &, BEJMESMITEEERS M ZIRE L TWS
IRT & 7L CIHEEHEZ R IcHE L TE 5405 O T RMSE 2851 U 5 HUE LW T E 2. 2 2 T1F

AR REF LY IRT EFLCHIRT 2. EEBIILTO
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% 3: IRT BTN DT X — XS5

log a; ~ N(0.1,0.4),log o, ~ N(0.0,0.5)
Bis Bry Biks €rs Pirs dik, drke, dig, bg, dye, 05 ~ N(0.0,1.0)
bik, €rk ~ MN(p, %)
p={-2.0,-0.75,0.75,2.0}
0.16 0.10 0.04 0.04
0.10 0.16 0.10 0.04
0.04 0.10 0.16 0.10
0.04 0.04 0.10 0.16

FEMEFHE TV S 0 2 HBREE W TR 5.

EERERER 4R T. —BRICT X MVHEERTIE, AREBROHEBIREOENIKZWIZY, BEIHEMOEHE
HEDBENE ARED. RADPOLZL DEHTREETADERD IRT EF L LD EBWEFEEERLIZZ
Bbins.

XBI, BETNVDRENHEEMEDAOIEEMMERT 0, EBFIE (3) TROLENHEHOEE L
REDFE2ESITRT. EHELDEED 0 IS UIERDIHISENVAHTHZ I 2Ry, £5056,
REETNVEELLDT—XEy MWL TH, BENHEEDPHIIERSIMLORELTEHLTVE I
Bohd, ZOZehs, BETTIVIRENDADBERDI ML TS 213Y, BEEOSVEEIHEEDT
ZBTEeNbhD.

8 LIV

AHETIE, ZREDOHEM TS VX LYY TV VI RBIRELBZ VAT +—< Y AFHET LD
Deep-IRT €7 /WIZ, fHliE T X=X EEARETVERE L.

BB FMIZHRE, FE, FHEED 3 OOH Liz=a—F 1ty b V=2 ANEL, 32004 b
T—=InbMNENE R X =2 EHAEDLET, HEANDIEEHERLET LT 5. ZBELRY bT—2
DN EREN T X =R AR LT

YIal—yay - EF—REBCIDUTONERD 2 Zehbhroi-.

1) ZHELFMEOHNL T VX LDy 7)Y IPRETERVEATS, BENIEERECHETE 3.
2) ZhE S OREFDE—TRWEATD, BENEEMERHEETE 3.
iz kb, BEETMTFENOIRAE 2 Hm R E Ml 2D R WA TRICEMITH h, FE7—
2 LTH IRT 7L ED BEEEOESVEENHEEITZ 2 Z e PHL 2725 72,

REETNVIZHRE - 8 - FHBE D 37— ZAOHEEE BN L3, v—7Y v Z3Hlic BT 3
iR Z D/ AT — X ADHEICDIRFTE S, T2, BEETAVEHWVWS LT, E77EAXY
MZBIT 2 70— THERORECSTE 2 FEOHRED SHZROFFEL L2,

BE R
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£ 4 FT—RIIBT RENHEEREE

Hom HomEE LR—bFTF—&
ER MEE | 1BEE57L MFRM  Patz1999 Usami2010 Uto2020 Ueno2008 Uto2010
0 0.766 0.708 0.712 0.743 0.747 0.738 0.740
0 1 0.819 0.742 0.718 0.796 0.799 0.801 0.785
2 0.813 0.739 0.749 0.748 0.755 0.765 0.751
0 0.831 0.758 0.770 0.791 0.800 0.808 0.789
1 1 0.787 0.755 0.737 0.744 0.765 0.756 0.739
2 0.796 0.746 0.754 0.744 0.748 0.753 0.726
0 0.816 0.745 0.771 0.776 0.781 0.775 0.755
2 1 0.846 0.768 0.775 0.803 0.806 0.807 0.789
2 0.825 0.782 0.814 0.780 0.787 0.782 0.758
i@  HGERT 7 7EAX Y P F—&
SRER MEER | 1BEE5 Y MFRM  Patz1999  Usami2010 Uto2020 Ueno2008  Uto2010
0 0.881 0.861 0.789 0.879 0.872 0.863 0.867
0 1 0.874 0.854 0.780 0.873 0.862 0.861 0.863
2 0.877 0.857 0.748 0.873 0.864 0.857 0.857
3 0.877 0.849 0.773 0.873 0.863 0.862 0.860
0 0.836 0.821 0.772 0.849 0.850 0.835 0.844
. 1 0.870 0.870 0.814 0.872 0.872 0.863 0.870
2 0.885 0.847 0.820 0.868 0.858 0.856 0.850
3 0.869 0.845 0.809 0.866 0.861 0.854 0.843
0 0.849 0.827 0.790 0.856 0.845 0.842 0.837
) 1 0.877 0.856 0.839 0.870 0.860 0.851 0.844
2 0.873 0.856 0.833 0.883 0.872 0.870 0.869
3 0.863 0.844 0.822 0.856 0.848 0.842 0.841

* 5 REHEEMEDIFIERIME

LR=+F—& | ET7T7ERAX VT —X
BEETN | 1.953  7.166 | -1.317 2.571
MFRM | 0.620 0.649 | -0.941 1.456
Patz1999 | 0.921  1.948 | -0.768 1.032
Usami2010 | 0.628  0.676 | -1.118 2.017
Uto2020 | 0.889  1.990 | -1.027 1.699
Ueno2008 | 0.685  0.920 | -1.021 1.607
Uto2016 | 0.657  0.955 | -1.102 2.062
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YHH ROSH I & /N BEER RO € TV

BB 5 BEE T TR R A EE

WRBIERF KB M TR R

1 LI

WA, BRGSO I A N ZHKT 57201/ e BB AIZET 25N EHINTWS. N
XEBERE L, ABFHEE IR > THFSE TN RLOREEITI RA7TH Y, FIZHNRSEE
P HE LD THEITONT WS, EEOHBRMET VL, BHEXR-AET IV EREEEY
NR—ZEFINDEIZZDIZKRITE 3 [19, 16].

BHEAN— AT TIVIE, NRXDXEDN S BEERCHET OB Wo I-REE2 M U, FiChIFIZL-T
INRXDAIAT 2 FHTHETNVTHS. AREXWALETIVE LTIEX, TOEFL (Test of English as a Foreign
Language) ¥ GRE (Graduate Record Examination) TE A XT3 e-rater [2] AT 5NE. ZOETFILOD
fiicd, ZRERBEN-ZETIUPREINT VS [29,3,26,8]. FHER—ZAETIL T, REEDOE
EW&&%%MT% EMTE, %TW@%%@# WEWSFEEALTWS., LAL, WL &
WP HIHEE 2155720121, BEDHMKIT X 2T FHEPRERIC X > TEYIZRREE %2 E# R T 508D
H5.

AT, BEFEFEEZHOCTHEORIZEEANL LT, AAT7DOFHEITIETANREINTY
% [31, 1]. Taghipour and Ng »3$2% L 7= LSTM (long short-term Memory) % X—2 & UL7ZE TV [1] 21T U
DELT, 2L OBEFEFEEAVEZETIVORENLINT VS [9, 14,32,40,5]. HFEFEHX—ZE
TIE, AFTIEEGDH L WVBENRRSERE2FEH T2 220k 5720, REER—-ZAE TV TS
B L WNRSLOF R ETD eI NS,

HERAE T VIIMEO LML EAR, TNETNOETIVIIRZLHEEZAELTWS. KIEDOERT A
TT, ZHEEEHRAET VP FRLZAaT7 2 T4 28T, 2370 FHNEEDM L2 HigS
EWSEDTHS. L, HEERSETVORMERZRETH 203D 212, BMIC A3 7 2 kT 57210
TREEEDOE EXGIFSNERBNNH 5.

Z ORI T 2RI E L UTAMSETIL, HE XKSHER (tem response theory: IRT) [22] #FIFHT 5.
IRT %, BHEETVEHAWAZTAMNERTHS. IRT DIFRET NV E LT, FHlio—EMEPHL I L \VWorz
NEFHlE DR A2ZRB LU CAAT 2 METELETADNLEIRESINTE D 20,25, 13, 36,37], &EkE
AT DHENEBIN TS [33,34]. AR TIE, HEERME T IV E ABFHEIE & A9 2 & TIRT
ETNEBEAL, NaXOAIAT7OFHREEOR E2X 5. ##EFIEL, SEBRSETVORMEZZEL
DOEETFNLVDPHAAT2HETHI LN TEL2D, B—OHERSE TV PEMAR A 37 O
FHREMANTEID EMAZPHRA DT 285 2 VIR TE 5.

AKX T, REFEORA T OFHNEED, B—OHERNET NV EHMMAR A7 DOF L AT L
THILRETF—RIZEDEREZBLUTRT.

2 MRXBEERRETIV

AETIE, INFEFTITRESIN-ZHIHRAETIVE, REER—AET NV EEEEER—-AET LD D
IZRHLTRAT S

2.1 BHER—IXETFIL

HMER—=ZAETIVIE, EMFEREINERL 720 D2 ORMIEZHWT, INAXORA 72 FHlT5E
TINTH5. REMZET IV E LTI TOEFL FTHRHINT WS erater [2] BT 5NE. ZOET IV,
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Linear Layer

f

Pooling Layer

/T\

LSTM Layer ]
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Convolutional Layer
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!
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1: Taghipour and Ng ® LSTM R— A€ 5 )L

Score

?

[ Linear Layer ]
3

Concatenate Q?\
( Pooling Layer) )

++\_Neural Tensor Layer

LSTM Layer
t t t 1
Embedding
T 1

Wy oo Wi ve Wigy -+ WL

2: Tay et al. ® SkipFlow € 7 )L

FITGEDRRM, FHHER, R, EREONEE L WozREEE2 AW TEHEMARZZ>TAITOFHl%
5. TOIGRETIE, ZRLRBEN-ZAETIVORENINT VS, Phandietal. &, XA YTV Vv
FlfEANTH 2R ETHEE LAZET IV EJOETAIT 2 FHT 2 FEERELEZ[29]. ZOETIVIL,
Domain adaptation & FFIEX4 2 SEAEIE CFE LU 72 Ji %2 BEMIRCTHEIST 2 X A 71280\ T, —BINZHANS
1% EasyAdapt [11] Z)5H U TF#E %2175, £72, Beigmanklebanovetal. %, HFEOFEEEIZEHL, Zh
SRR UToH U BB E T VERE LU/ [3]. —/i, Nguyenand Litman (%, HARSFEMLIED X
AT D—=DTH Dt~ A = 7 (28] DRIRZ HEFRNE T IVIZEA LK [26] . BRI, GRIE~ 1 =
7T BRI & 1 B B2 53 HH (Classifying Argument Components) X B£%43 %8 (Identifying Argumentative
Relation) (29 2 RE 2 FHWT A2 7 %2 FHlT 5. 512, Cozmaetal. 1%, HISK (histogram intersection
string kernel) & X4 5 X741 71— %)L [17] £ BOSWE (bug-of-super-word-embedding) [4] % #l A& D7
FEEEZHOWTFHZITSET VEREL TS [8].

22 REFBN—IRETI

HREFPEN—ZETNVE, BETEFEEZAVCCHEDORIZEREANL LT, NAXDAIT %2 Filld
5EFINTH 5. Taghipour and Ng iZ & D HEE X N7 LSTM ZHWZE T (X 1) [31] 2%, KEDIEETH
5 ZIROEAF E F1 v 7 MREL (quadratic weighted Kappa: QWK) (28 W THERDRFEE R — A E TV % L6
DREEDRE SN TLAR, BEDETUPREINTE 2, HIXIE, Alikaniotis et al. 1%, AL I A7
EONEHEHAWCTEHEFEIVNRX DA ITIZED & S IZ%% % 5.2 % 7% word-embedding D3I KX
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f
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Concatenate 6?4— Essay-lebel Features
4
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1 ]
\ | BERT
1

L
Transformer

[ ]

[CLS] wy w2 ... wp

X 3: Utoetal. ® BERT XR—ANA 7Y v RET)L

H, LSTM R—ZDE TNV TR I 72 [1]. £7z, Tayetal I, Taghipour and Ng ®E 7 )LIZ SKIPFLOW
EIEEN 2 HEN - FEEM O E Z R L THEE 2T OB ZEINL, ESXO/NmXIzx U Tl 7z BEER O
BREREEZEETE2ETIVEREL (K2)[32]. Wangetal. I%, REINFORCE 7)L3V XA [41] 12 &
2 RERLFEE O A BB SET VOFEHIZEAL, HRRX—ZADOFHZT TR DFER—-ZADT
HoOEEMZHnR U7z [40]. Yueetal 1%, ZRRAFREIZHENT 572017, FHEH D FHDO I L —LT—
JERBEL, FEULZRE L ZNORET T EIT O BEDO QWK Z [ EXH72 [5].

X 512, LSTM OfR# & U T Transformer [39] D& Z W/ E TR REINTWS. XX, May-
field and Black 1%, A7 % < 117z BERT (Bidirectional Encoder Representation from Transformers) [12] %
fine-tune 3 % HEF N ET NV EIREL = [24] .

23 N TYY REFIL

FHEN—AET IV EREFER—ZAET N EMAGEDELZNT T Y RETLVOMEETON TS,
Bl 2.1¥, Dasgupta et al. ¥ —fi72 LSTM R—ZDEFILVDOH L, AFTHRILEREEEZ AL TS
EFIVOHENE/ELEZETIVERELTWS [10]. £/, Utoetal 3ERDODEEFEYR—2AETILVOH
JNZ, FANTERUZREENR MV ERALTEEZIT2 L WS 7L —L 7 — 22 ELTW5 [38]. &
RIJIZIE, LSTM *X° BERT %50 & U 7zkbk % MR FE FiEE2 R — A ICHBORHENR 2 MV EFEG LT
EFIVERZELTWVS (K 3).

24 BERAETILORE

ZDEIZHBERNE T VITHEDO LRI EAR, ETNVZEICREREEFSREAELTVWS. DX
D, INSDHBRRET VP FHLEZATT 2 VLT HI 8T, 2a70FHREEZA LXED 2 Lh
HifFcE s, UL, BEREET VORMEDR SR TH 203D 212, BMIZ 2 a7 2 s 57210 T3kt
EDETINVDHEEZIT 5720, MEDOH LT oNDBNEH 5. KK TIE, &EIRLSETIVOR
BaeEBLUTTHA T OMAZITI 721, ZEREDORNIZHEYNHETE S IRT 2D Z & &%
¥5.

3 TEERIGEMR

IRT [22] 1%, e T—=V X e T AT 1 V7 OHMHEAT & UTEAEAED SNTWBHILE T IV % AN
FAMHBD—DOTHS. IRT TlE, BHIENZTAMIBII2ZBREORIGN)S, TAMEHE L ZEBRED
HEHEBIEEHETLE LTERMMET S, ZNSDEFLEZRHATAH AL LT, UEAE TSNS,
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) TAMEHORWEZZEL DD, SEEDRIVHETE 3.

2) BB TAMHHIINT3ZBEDOKILE, F—RETHMTE 5.
3) REMEVPEENTVWELATE, BBIHETES.

RRDIRT €TV T, HEIIB I EZEBMEDA T T TR I NS ZEE x BEO T — 21215
EREDREINTE . LU, KisCTHR D & 5 B8O E 32 ERE O /N % AT 5 /NG
BIZBI 5T — 1%, —MICIEZEE x b8 x fHMiE DO =MT—XThb. ZOX58T—RITHIET 2
7212, EETIRFMAERE2ZRBLUZETIUVRLEEIREI N TV [20, 13, 25, 36, 37].

LAl ERE 2 B R L - id RN ETIVE LT, £4H7 v 2%E 5 )V (MFRM: many-facet Rasch model) [20]
PHONTWS. X ZiHfiZ reR={1,.. Ry DPZRE je T ={L..., ]3I &Eiel ={1,....1} D
INRSUZEZBHT TV ANATT ke K={l,....,K} 5. MFRM T, X, =k LR MR Py %
WATEHT 5.

exp Y,y |07 = Bi = Br — dm]
S exp X,y [0~ Bi = Br — du '
ZIT, 0; 3ZERE j OWHENREE), B \FHE | OWEEE, B, IXFHEE r DL X, d, 13A3T k-1
W5 kBB SRMEE RS AT A—RTHD. ETLVOHBIMEDZDIZ, B =0,d =0,3K, d =0 %
RET 5.

MFRM T, 2 TOREIZODWTHMIDR—ETHE I L, 2TOFHIENRAEFEDO~ENEZ2FFOZ &
PREINED, HETRRINS DIRED KD LD Z & iZAn. 22T, ZhoDHNEENLZETIL
U CHERA D DR FliE —BMOER2BERBTELZETANEREINT NS [35, 36, 37]. A%
T, TOHTHRLHED IRT €57 )V TH S Uto and Ueno H3#2Z L 7= generalized MFRM (g-MFRM) [37] %
BATS. ZOETIVTIE, Xijr =k LD Pyj ZIATEHT 5.

(D

Pijri =

exp Xk _, |aian(8; = Bi = Br — d)]
K exp Xl [@iar (0 = Bi — Br — dm)|

ZIT, o \FFEE OWAND, o WEFHEE r O—BE, d EEHEE r DX T kKIIRT AL I ERT
AFYTNTA=RZTHD. ETNOHBAMEDDIZ, ¥ logei =03 fi=0,d1=0,3F ,di=0%
KET 5.

INGRSCEHBEIRAUIC BT 258 TIE, TNENO/NRXDHEEIZDOVWTETNVOFEEITS T & —#i
ThHD. TS5 &, IRTETILTIREERI =1L TEEZTOH, ETLOHEBIMEDE LY
o & B EEHTES., ZokE, X)),

2

Pijri =

_ e N [6) = B — du
leil exp 2£n=1 [91' - Br - dm],

Pjrk (3)
e, £72, X Q) I,
_expIh [0 - B~ du)]
ZZI; exp 25,1:1 [a'r(gj = Br = dm)] ’
L5, —MZ, IRTETNDNIA—=RIET—RIZEENLBPSI N AT T 2HNT, EM (expectation-
maximization) 7V 31U X A%, MCMC (Marcov chain Monte Carlo) #£I1Z & » THEE S 5.

IRT ETIWIZ BT BEENMED FHIFREL, 714y ¥ ¥ —BHREOFBUIHHENIZ BT EZ M50
TW5 [22]. 207, IRT T, BEHHEREZRTHEEL L TT7 vy —ElREI - RICFHINS.
X (3), @) THREIND MFRM X ¢-MFRM O 7 1y ¥ v — {5l 1(6,) XX TEHZINS.

R | k K 2
10 =D | D KPPy - kaj,k) .
k=1

r=1 k=1

“4)

Pjrk

4
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LZNZENDOEBRAETINEFE 3.dev data & testdata Z# FHVWTIRTETILD/NT X — R EHETE

4 - N\ / \
| ’
e [ e ) 0
‘r:l gold-standard ‘T:I ‘— - r=1
Hu N score ,
f 8 || & [ 4]
<~ @ X3 | ﬂ [ 4 E:] ;l
- da - o
1
7, :
s R =g L= - L& .
'»II: r=4 I' r=4
W 7
E\ N: ]
t 8 =) I:IE Sl 7 I - Il v
E.*.. r=5 / r=5
i /
I E —_— ¥af :I _—H‘ w
=akb ||| I e | Xl 1 I .
=] I I R
2. PR OEAHRSAETILTCENETNZA AT EFI
\ T —A: train data / \ F—4#&: dev data T — A test data /

X 4: IREFHEOMIER 3 ADOABEME - =1,2,3) £ 3 D2OBEFREAETI r =4,5,6) OGS

INSDETFIVIE, BIZATIT2E5H U720 EMHEE2TORNET IV E AT Y BBEICZBE D
NEWETELZLVRSNT WS, AR TIE, HERSE TV EZ AMFE & 473 Z & TIRT €5
NVEEMTS., TNTNOHBREET VR FHLZATIT7E2HWTIRT ET VDRI A —XE2HET S
22T, HERMET VORI EE2ZERELUZAIT72FHTE2Z N TESL. 428, IRTETIVEHE
BRET VARG Z L2 BELTVWEHLDEH DD, AIED X S ICEBOHEFSET VERET
57z DFHETIE AN [33,34]. RENTIE, BEFEOFMIZOVWTERS,

4 REFE

AT, AHETRET2EROHIBRSNETNVERET 2 FEIIOVTIHRRS, REFIEOMIEX %

X 41Z3RT. AT, HERAETIVE IRT ETVZETSFIHED—~ AL LTHART I LT, IRT

ETNVDNRIA—REZREL, NAXDAATOTFHIZHANS. 22T, BREFIEOFHD-DIZH oMU

b, FEHT RO —EWMERIET — X (dev L RELT D) & T5. ZDdev T —XEZRWZH D% train & KL

T5. £z, TITEHTAMT =X % test LXRFLT 5. REFIEDOEARNZRFIIIROED TH 5.

1) train T—XE2HAWVWT, HEREETVEZNTNO AIETEE TS, 20 & RNIZ/NRCHEER
FUIZBIF BT, EEOANMEHEiEDO AT 2Lz 0%, GitLzb02HES L L
THW3

2) dev T —2%&, test T—RIZDWT, (1) TEHEUZHEBRHEET NV TENENAIT 2 FT 5.

3) dev F—ZHDABFHEED A7 L HEHSET VO FHMATT, test T—XIZBITZEHEREET
NOFHMATTZHNT, IRTETIVDNTIA—REHET 5.

4) (3) THftE I N ZEE DB R EEN éj EEULNTA=REHNVT, test T — X D/NGXDHAREA 2
7 X BRD &S IZEHET .

% = Z}}Ekaw 6)

|Rhuman| € Romman k=1
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# 1: ASAP T — X ¥ v s ORBEHE

AR | NGRSCRE | TPREEEE | AaT LYY
1 1,783 350 2-12
2 1,800 350 1-6
3 1,726 150 0-3
4 1,772 150 0-3
5 1,805 150 0-4
6 1,800 150 0-4
7 1,569 250 0-30
8 723 650 0-60

ZZT, Ruuman FABFHIHE OHEEERT. TOFIEIL, ZEEOEBENLREES 0; %t AHGEES
DAIATOREIZEDLES72DIZ47 5.
REFETIE, SHBRSTTNVOFIREZ BB LR S, B2 RABRSET VO FHAIT 2KE
TE5. 2k, B2 a7 O FEPE - OHBRAE T VR, BEOHWFHIRAIT %
35 Z L PfFTE 5.

5 FHMmEEER
51 5—%tv b

AR TIE, FTHMERIZHANS T —X+E v & LT ASAP (Automated Student Assessment Prize) 7 — X
Yy MEHWS., ZOT7T—Xtv M, #EIZKaggle DT Ty T —LIZ Lo TSI NZT—R VR
T4 ¥aryTHWSeN, BHET iﬁ%@< DN HEER A DIFFRIZHV STV [29, 8,31, 18, 32, 40, 5, 38]

L RLIWIWRT LI, ASAP T—X &y MI/N\DDRRLZBETHEEINT VWS, THENOFHEEIZDN
T, HEBEZRGFEL T2 KEDOZENGR U /N L, NRXIZxd 5 AR HliE O A 3 7253 hT
%D BE T L ICZBRFIT RS,

TR T, —MRA7 NG SCE B S DRSS, HEERE TV A ME T 128 UM %
ﬁ’)k. F72, ASAP 7—X & v hTIE, /NI DEAMFHIIH IZ L > TRHEGIN/—DDHEIEL 1 D
AT o N T WS, REFEIZE T 5 ABRHEIE U D W T [Ryuman| = 1 £ U7z,

52 EERFRE

KEERTIZ, 5 DEEERIFIZE > TNRXD AT D FHREE CHMli 24T -7, £72, TAFNADHE
DEEIZDWT, fTiige [31] LFAERIZ, T—X &Y FD 60% % train 7 — &, 20% % dev 7 — &, 20%
Zotest T— R U7z, FIEREE, AEREAETVOWEICBWTASEMAEIN, ASAP 2V RF 43
VT OREHER L e U TR S 17z QWK % W7z,

WIZ, AT OMEETD BEFSET VELLRIZRT.

¢ EASE (SVR), EASE (BLRR). Phandi et al. [29] TH\ & #1172 EASE (Enhanced AI Scoring Engine)? &
ASAP OV RF 4 v a vy TAEURMEMEY - TH 5. EASE TIIRD & > 2R EEZ V5

o UTFHPRPHEM L Wo B ICHT AREE
* POS (Part of speech) X 712 BH# 9~ % R &

thttps://www.kaggle.com/c/asap-aes/
2https://github.com/edx/ease/
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o BB Z & DR e £ REE
* Bag of words (2 & % R &

AWFZETlE, SVR (support vector regression) & BLRR (Bayesian linear ridge regeression) @ —. 2 O [a]
ETFTNEHWE, F72, LTS [29] & FERRIC scikit-learn [27] 2 W T HEE 217> 7-.

e XGBoost. AHFZETIE, EASEIZE TN WEME L LT, LIFHZE[18,21] THWS NI KRE R —
AL THRMEEZAWZETVERALL. MXKRER—A LT HRMEE U TITIRD & 5 2RHHME
W7z,

o NGRS E N ETOBUIB S SRR
« HIZE TN D ML SRR
o WECRDBEX TS 2 R

HESURDHERIZIX, CoreNLP [23] 2 Wz, F£7-, Sef7a%¢ [21] & B IZ[EIFE TV & LT XGBoost
[7] & BTz,

e LSTMMOoT. #EFEHR—AETNE LT, LSTM R—ZADET NV & LTHRE ~BRNRETILTHS
Taghipour and Ng D€ 7 )V [31] A L7z, &8, 1 128 U 7z convolution layer i&4 7> 2 > DJE
Thby, REBRTIEHVRWV. £z, RWETIEZ DOETIVOEEEIZ PyTorchd % A\ 7z,

o SkipFlow. AT TIEE 5ICEEEBER—ZEFLE LT, LSTM R—ADE 71T SKIPFLOW ¥ 1513
N2 % E A L 72 SkipFlow €7V [32] 28 L 7. ZTOET VI, B2 I127_9 LSTM layer O
1D T (h;, hiys) % Neural Tensor Layer [30] NDA S & UTHWS., KEBRTIZZDIES %220 & L
7o, 7o, ETIVDIFEEITIE PyTorch % V2.

e BERT+F. A5 TIE, NA 7V w REFILE LT Utoetal. [38] TIRE X NZHATHEEHAD BERT 124
Mm% MA T fine-tune $2ETIVERALK. AWFETIE, FHil¥EWAD BERT & LT, uncased
BERT-base % {#if U, %21 PyTorch % F\ 7=,

AREFZETIL, /NSO FAMNTIZ NLTK tokenizer* % A\ 7z, £7z, MMOFEMZARNA N—=RF A — XD
ENX T DL DR EIZHE L FEE M H L 72,

AWFETIE FIR U - BERSE TV ERE U REFIEEZ, TN Tho BB AT T VHR (BLF, BASE
ETN) &, IROEHMRETVEFE CLF, AVG %) L KT 5.

e MEAN. BASE €T )VOFHIL 7= A a7 2 HAMEHET 5.
¢ VOTING. BASE ET7 VD FHIU 72 A 37 6 L8k (hard-voting) TA I T 2 RET 5.

X502, REFETIEMFRM & g¢-MFRM O =D ® IRT €7V % H\\5. DA, REFEIZINS D IRT
€5 I)VE W= FE% Proposal (MFRM), Proposal (g-MFRM) & IFER.  Je{7HF5% [37] (2fEVy, IRT ETI)LD
NT A —RDOHEFEIZIZ Stan [6] % FIFH U 72 No-U-Turn sampler [15] 12 &2 NIV =T VE VTV AEE
HAW/z. 735 A — X OFHHi7 4% MCMC JED G 72 3% & B B Ti5% [37] 124> 7=

53 EERER

#2102, % BASE EF )L 24 AVG D QWK %R U7z, 2L TFIETH % Proposal (-MFRM) 1XFREE S
3 @ BERT+F R\ T, D2 T?D BASE €TI0 QWK % L[ -7, X512, FEH QWK TIEETOH
BFREIIFLTEHEWMEE 7o 7-.

3https://pytorch.org/
4http://www.nltk.org/
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#2: % BASE 7 ), AVG D QWK

RS
HERSE TV 1 2 3 4 5 6 7 8 SEYfiE
EASE (SVR) 0.558 0.533 0.564 0.571 0.659 0.749 0.545 0.350 | 0.566
EASE (BLRR) 0.804 0.603 0.656 0.717 0.784 0.761 0.730 0.675 | 0.716

XGBoost 0.814 0.640 0.593 0.660 0.763 0.657 0.692 0.676 | 0.687

BASE LSTMMoT 0.777 0.619 0.651 0.730 0.770 0.760 0.750 0.460 | 0.690
SkipFlow 0.798 0.652 0.657 0.729 0.783 0.778 0.751 0.614 | 0.720

BERT+F 0.827 0.637 0.672 0.620 0.780 0.673 0.720 0.681 | 0.701

MEAN 0.820 0.667 0.673 0.730 0.805 0.774 0.768 0.678 | 0.739

AVG VOTING 0.833 0.660 0.675 0.731 0.794 0.770 0.745 0.666 | 0.734

Proposal MFRM) | 0.821 0.626 0.663 0.685 0.777 0.728 0.768 0.674 | 0.718
Proposal (g-MFRM) | 0.838 0.686 0.668 0.743 0.796 0.785 0.793 0.717 | 0.753

% 3: AVG T O Hg

Proposal ~ Proposal
MEAN VOTING (MFRM) (g-MFRM)

SEYS QWK | 0.739 0.734 0.718 0.753
p fE 0.039 0.039 0.007 -

K205, BHATEHLTETSH S MEAN & VOTING HIFIFETOHRERSIZEWT, BASEET IV
CEHARTHREE M E L. B {6 T1E L Proposal (-MFRM) % [bi#g$ % &, #EES 3,5 2R\
Proposal (g-MFRM) ® QWK H Bl 72 I FIE L R TE L o7z, MENKE LM e LT, %
FHETIEZENTND BASE ETNVORMEZZE L DDA T A2 METE S Z 20T 5N 5. Proposal (g-
MFRM) OH}EEHEWVIETIX, BASE ETVHEOKEEDENKE WVEMIZH 5. HlZIE, HEEKS 1,7 T
I3 EASE (SVR), ##EES 6 TlX XGBoost & BERT+F, RS 8 Tl EASE (SVR) & LSTMMOoT #%Mth
@D BASE EF )V ERTHEMERTLTWS., 2D XS RIGEICHEM AL EE I TIECIREBRSET LD
K2 ZRTE R WDITKEEIET I 5%, Proposal (3-MFMR) TIZZ N2 ZETE 57280, @\ Tk
JEZ MRS BRER & TR o 72,

X 512, AVG LD Proposal (g-MFRM) & 1D AVG IEIZ5 U THIGD H 5 tEEFT o7z, ZOMEEITW,
BE D% EM 2% L T hommel K2 X DMEL 7 plHER 31T, ZOREN S, Proposal (g-MFRM)
1 B EKHE 5% (2B W Tl D Bl 2 S E IR L TR T QWK @ BEARZENRD 5z,

#2565, IRT EFI)IVEITLEK#4T5 &, Proposal (MFRM) I Proposal (g-MFRM) & b RXT QWK 234
52 Dotz MOBMZR T LR TH Proposal MFRM) OFEEIL RE > TWz., ZORER
25, MFRM DX 574> Y 7V IRT ET NV TIEHERAET VORBAE BB TETE LT, IBEFEZ
¢-MFRM %3 A$ 5 Z L OERMEIRB I N7z,

54 ZBREDOEANICETDDM

REITIX, g-MFRM IZBWTHE SN2 ZBREDREN § DIETT — X 2 01), EXZBREOEIEIZB Y
3 & EHFHER S E TV OMRED T 217 5.

F41%, ¢MFRM IZBWVWTHE I N 61220V T, KWEEHDZERYE (0 < -0.5), HFREEDHES D3]
#Z(-05<0<05), EOEEHDZBRE 05<0) DEDICTF—XE2HREL, FNEFNOHIFSEET LD
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Fisher information 7(6;)
Fisher information 7(6;)
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-15 -10 -05 0.0 05 10 15 -15 -1.0 =05 0.0 05 1.0 15
Latent examinee ability 6; Latent examinee ability 6;

(a) REF T 1 D7 1y ¥ v —IEHE 1(6)) b) EEZ 2 D7 1y ¥ v —HRE 1(6))
5: Proposal (g-MFRM) @ QWK A L35 & D7 1y ¥ v —IEHE 1(0))

Prompt 3

Fisher information 7(8;)

-15 -1.0 -05 0.0 05 10 15
Latent examinee ability 6;

6: REE T3 DT v ¥ v —IEHE 1(0))

QWK %%bf:%@ﬂ% KFIEAVG EOMTHRE QWK BAREWVWEDERT. X450, FBASEET
WIET =Xty P RENIZE>TRELS QWK DEAR D, ZTNENHBRATTIVIIZRE R H 2 Z L 2%b
5. Bz, RWAES DZERF IZE W TIL, EASE (SVR), XGBoost, LSTMMGT, SkipFlow %{id> BASE €
TV HRTEY QWK &L, BWEEHDOZER#ZEIZEWTIE, EASE (BLRR), BERT+F 3tid> BASE €
TIVEHART Y QWK BE L o7z, Zh o e T 1K FIED Proposal (2-MFRM) 1%, % 3 DITR
L7z & S I —DEHEESE T IV 2D AVG HEE HART QWK A E L7z, X 5I2K4 TH ORI
AL, FHIRWEE I DZERFIZH VT, Proposal (g-MFRM) 1XFREE 5 3 2 FR\ T Lo Bl E¥a b
FHEDO QWK % LA 2R L 4572, BASE ETNVDZTNENOREAFZETE 5720, Mo Hilii Fiat
??ﬁc‘ibh/&‘f“ﬁibf%ﬁ?ﬁiﬁkbfwé
T, M5, fEES 121835 ¢cMFRM D7 v vy —IEHE 10,) 2RI 77 Thb. %k
4 & 0, EE S 1 IXMENEES DAZERE 12 D\ T Proposal (g-MFRM) OFEER K EL W ELTWS., ZDE
EXSa%zR5E, RWAENDOZERED 0 DT v ¥ v —IEHRES AN K EREERLUEZ. F7z,
MEFRS 2 12BWVWTH, MREDREN OS2 2D\ T Proposal (g-MFRM) O¥EE M A EL, HFEE ORE
NOZRED 0; OHPATIET v ¥ ¥ —[HFREOMENPKREL R D SD R SDLNE. T4y Py —
THHREVPKE VWL EIT g¢-MFRM D 0; OHEEMEDHERAEDNS 725720, ZERFZ DR % EMEICHR A
TWAHIPATIX, RETFIETH S Propsal (-MFRM) O ¥EEH LIZHFS L TWAZ Ehbh b
512, B6ld, IEES 3B ¢MFRM O 7 1y & v —IEHiE 71(0,) ZRU7- 77713@5 #4
£ D, Proposal (g-MFRM) |3t DFRE & 1356 FEHIZAR W BET D2 BRE D QWK 23F LK HfbL Tz, Z
D& E, BOBEHDOZBRED 7 4y ¥ v —IEHEOMHIX, FHRIIMEIVNI V. 71y ¥y —EFRENKE
W& E 21X Proposal (g-MFRM) OREER EIZF G- L TWD, W27 14y ¥ ¥ —HHREAVNS WIGEITITE
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BEOLRAL Nz,
U LEDKERENS, FEED/NGXDEAD &S RFEMRNLYFaz—2 3 IZBWT, Proposal (g-MFRM)
Tk, 714y vy —EHREZMRET LI THHRSAET VOMMENTE S Z L iffI N 5.

6 LIV

AZETIE, IRT ZHWEHLUVHBESE T VOEEMOFEEZIRRE L. £, ThENOHIHR
METINVIEZBREDENIG U TFHII NS A AT DR 5728, B E LI A3 7 TP
EMERLTCULESBNDH S Z L2k 7z, ZOREZRRT 572012, RIS TIEEERSE T IVOKE
MrEET LI ENTELIRTEFLAZHAVTCAIAT A2 TFHTET7AF 7253 0. Z2hENOETEE
BETNE—ADOFHiZ L AT & T, IRTEFIIEALEZ., EF—X2HWEEROMER, BEFE
FHE—DOHBFNET VAR TRAITOFRREENM LU, 25617, HEOHBRAET VO TFHIA D
T & HAISE T 5 FIE L AR TE, FHKEEN R EL, BEGRENRO N, £72, IRTETVIZE
574y Yy —HHRENRKEVEIZ, FHHERR LELTWSZ %2R0, HEESE T VOGO —>
DIFIEL L TOAREM 2R U7z, SHBOMZE T, ek T—Xty b &AW TREFEOMRE % FEli$
LMENDD. FEORRIFEICSVTH, BREFENENTHDL I L 2mM U, £z, R4 LEHBER
HMETLVEEMT S Z & THER EPMAGTE S22, XORBMNZEHEBRNET VEMAAD Z & 2K
He B, oI, IEETREREFETEEZH W IRT OWELEATH D, & EBWKEETZEEDLE
EHWETELZLPHIONT VWS [42,43]. ZOXSBRETNEZEAL, REFEOHERM LIZBD\.
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F4: % 0 OFPIZHB I 2 HEIHRAET LD QWK

BEWBEDDZERE (6 < -0.5)

A%
HERSET IV 1 2 3 4 5 6 7 8
EASE (SVM) 0.540 0.487 0.138 0.049 0382 0460 0341 0.3
EASE (BLRR) 0.533 0314 0.125 0.144 0439 0438 0295 0.3
XGBoost 0.770 0.528 0.060 0.051 0.317 0.403 0408 0.5
BASE LSTMMoT 0.745 0.570 0.039 0331 0395 0.540 0452 0.1
SkipFlow 0.682 0497 0.048 0259 0341 0.574 0455 0.3
BERT+F 0.661 0.358 0.056 0.080 0.359 0.354 0322 0.3
MEAN 0.752 0.521 0.075 0.153 0421 0451 0462 0.5
AVG VOTING 0.748 0.531 0.000 0.235 0416 0486 0479 0.5
Proposal (g-MFRM) | 0.792 0.549 —-0.002 0.292 0.425 0.551 0.522 0.5
FEEDHEADZHRE (-0.5<0<0.5)
%S
HERSET IV 1 2 3 4 5 6 7 8
EASE (SVM) 0.109 0.047 0234 0.188 0234 0.161 0.196 0.1
EASE (BLRR) 0.362 0.120 0.059 0.314 0309 0.334 0335 0.3
XGBoost 0.307 0.069 0.107 0.135 0290 0.096 0.169 0.3
BASE LSTMMoT 0.306 0.086 0.179 0276 0.174 0.277 0354 0.3
SkipFlow 0276 0.116 0.058 0.202 0231 0.245 0297 0.2
BERT+F 0.331 0.232 0.137 0.132 0338 0.110 0238 0.3
MEAN 0.310 0.172 0.040 0.343 0.384 0.265 0326 0.3
AVG VOTING 0.365 0.136  0.081 0329 0345 0.301 0297 0.3
Proposal (g-MFMR) | 0.341 0.248 0.071 0.351 0.367 0.177 0.339 0.3
SWEENDFERE (0.5 < 0)
S
HERSET IV 1 2 3 4 5 6 7 8
EASE (SVM) 0.129 0.161 0.046 0.191 0.186 0.039 0.117 -O0.
EASE (BLRR) 0425 0.279 0245 0399 0395 0.318 0382 0.3
XGBoost 0.374 0.258 0.087 0.282 0.304 0.130 0.303 0.2
BASE LSTMMoT 0272 0.235 0208 0.329 0323 0.256 0278 0.2
SkipFlow 0.253 0.228 0.002 0.304 0377 0.168 0.191 0.0
BERT+F 0424 0269 0256 0242 0376 0.168 0392 0.2
MEAN 0.353 0.280 0213 0.434 0441 0.309 0.358 0.0
AVG VOTING 0418 0.215 0290 0.378 0395 0.325 0351 0.1
Proposal (g-MFRM) | 0.407 ¢9.202 0262 0.358 0.403 0.344 0.335 0.3




REMRBEA ) A& 5| E Hd CBT Sifig R DB 3E

HAK 4k
ENLCE BORWE T, UK

—OD LI E B D BFIRA - FER L TR 2D BG4 XK CUAE
DOBHNEENTZ DY, TOHEL ISP ITKFARTHON THLZBRETT A NI A XX AZFH L
To VB TR L3 H CThd 5. ARBFSEIE, fRREFE O & 5ok & v 5 CBT OFILEAAENL,
FEMRAFE A % 3R oD 5 HUA & U CORKAREREME 2 xR, MEESCRROHE - 2R -
Bf T 29 CBT 2B L, MARMREMRICKITTHREMIELT-. 20 [SETHR) & A
AL CBT 2B L X7 ek Z2HE L, B0 RBRN R 2 oS MEqt
19 4 CTEBREATHIZE 25, FRRRBRO /D 220 FER RS2 AL CUIANRE SRR O B R RE RS AN R TR
Z b[EY, R TIRE NSRS 2 H B R AAERANSE GV, BRE & v 7 0n s,
[FIFREE D Al T b FEER A DR CIEBERE D EE T L, EARAEOYUETRTIEA &
DEHEC K 2 FER SR C&, CBT O i « ST i o> nlHEMEDS 2 s 2 72

X—U—F: CBT, FEMAFEA, HEVAEE, fEPREFEOSE & FEAm, AGKRHE

1. IZC®HIZ

RFENFHBET A P~ORBAMBEEANICKHE, 20 Ea2a—FX=207 X A

(Computer-Based Testing : LA T TCBTJ) E A GEim S v CGHENEE, 2016, NET, 2020),
REFT) - FEIRUHAEICS CBT EARBRG SN D72 E CEHBEITEE, 2020), 7 A MROHAD
Fehii FROE LI L DFH O E I o TS, L L, ARSEERR, 176k HRUTHEED &
D, ZORERROTZDIZH LWIFADBMED LD THDH L EITONLHNEEAH . H—2R
D7 A h 5 (Paper-Based Testing : LT [PBTJ) 7»5 CBT ~:WHEH L, PBT OifEM
RDT=HO D7 vt ZNTHEENINLE T O RETH L. TOBENLBIEDFEmEVERT 5 &,
PBT T35 Z LD TER2\0ES%Z CBT THIA 9 &35 TRENIRIE) OFE#E, PBT Tik
B ZEDTERVRIEE (FrtR) & CBT CiEfg L L5 &35 [FHIiFE] ORI
LTCWD X HICRZD (ESLBEBORIFIERT, 2020). CBT ICHifF S a&El %2, ZhicL>THl
SH SN DRFNBFEOBLE N OUIHEIC L, FEERICBFE - BEEL T, BB/ OILIRAY R 54H & 2 DR
i DFEFEDS E OFREEFTREIZ 72 D A S [ RO D3N METH 5.

I TARTIE, EECLD —HOETHREZEEE 2, MBS A K-> T, ko PBT
ko RFEAFREE (LT TAR)) OEGFEMES CBT 12 L% PISA &N & X 5 etfiimfs
DOFHiZ AL > TN DAL, WFEN @ U TS WEWREL ) O3 70 & e T 280 6
HE, ZOXRIC CBT OMEZIEHT 5 2 & T, IROABLOFE & 7= OIS fTREIZ 72 D DA R
RET 5. BARIICIE, RPARZKEBREZ 2O F /B L kMR & LTo CBT &, [
RESCOFER - FEBIEEN A RERGICTay br—b 5 2 & T MfEmAFEA ) 20| & 7 TeEThi
® CBT & Z % L, TRVVILELIC X 2 Bk 0 2 5 Copld 7e ZJ@ O EBRBNNFE % 6t QU HRGE TR
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217D, THUCXY, ROAERIC K D RefiR 2 3% - FHIET & 2 FTREMESS, THRWALEE) o F £mf%
KRBT TLEIBME LIRVAEZITE ) TR BRICEELRWBINE Lz RiD 55
ARt LRy ZORERIE, TANOEREBERLBHEOLLHITESITEL, WIELLY
AR ZRE L LI LT DEDBREICRL LV BERPDLHTEASD.

1.1, HFH

(1)  ARRMREICIRT 5 CERMOBLER

ARIp ENA AT =7 AT X MIBT 25tMEIE, S0kl 5 REXNTHESh, ZHREICE
DEIITIEINTNDEBZZDBILDDTEAS D DA,

ENFSETIE, CEBMRFOLBOR S 2 XHIT 5T VBN EFILFF I TE 72 (Kintsch,
1994; Marton and Saljo, 1997). EWVLPE & X, SR RO CHIZE £ 5 BHEECHFEM O BMR
PDHBNEEDNEERRL LD ETDHTHFANR—X (FhJEY) OBETH Y, RV L
%, XEONELHLOBEAAHE ZHAEDOE TXESENMERR LRTONEZHEEL XS &
TORUWET MBGRIOHFETH 5 .

ANREOHEE L, FEMERL2CEZE LML, ZORNET VA2 BSOS 22BEA FikiC
P> THEE LT 1T, AL ER%SRIME GROUHE) Z2ZRED LTV L2/ 9 &R0 HEE
KA LRTHEMBETED. BHii{bT 5L, HBEEL, EMORWESFOBM I LT, 2
fROFHY Lo FREFEL, ZRHOM, kOZENL LB E 2O IF T—EB L
HfEZBORDICHEEL TWD. TOFHENY & 5 EWMN— 72 CF 2RI EZY
L, NSO K& OE ORE O T N ZHGEIRALFTR N E O Tl 2T Th 5.

—J, ZRENBIZT H01E, HBRESCERMBMEOMBEXTHY, ZOFELEHIEHEEE,
A AT =2 AT A MR e 212 L, B0 b O K015 RER O 72D O RERRR IR 2 7The
PEDS R, FRTEEN I AR N ARE T 2 12 DIZ S T 2 a0 2 favae s L, B 2 TEH
DEVLBICE EL b D LD, SHITHEWVAEZ A 5 ~<, FRRIZBR LRV T 2 N ORHER
EREREFHTS 72 U A XAxA] (Millman, Bishop and Ebel, 1965) % %4 L CTf5/5.%
5 X227 L, WL Z RS 5 HEE OBX &SRB OGO EREITIE~ TS5 2 &
(2725,

O LEEFERARA DL, W) FK - ARAR « —H0 - s - 0l (2018) 1%, KFPEARE
s —illig (g Ter2—ilBR)) OB GEa, /i) DOZMGEIGIRTE % i < FRamfe 4,
i 3 AL R L LICEBREERN OO LTV D, ZORER, SRR L2 g L7 E
B0, HHEAE ORI RFEEDORHCTT 72 &, WO EZREN L Ao, &f5FAD
ARETEH, RN TOERE ORI £ 2R RH A RE S Tue, R 2 Bl
oo, RISz 2 TIE 2 a2 A IS 5 72,
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Z OfFEPERNE, CBT TH | oot ] [:sx (1~42;§;§)‘ |mr:sx’ f!s”gf mmx‘ i(!:?g lmmx‘ fs"%ﬁf
\

U/t M8 z fg i 7581

bEBENE (- [k, S =

2020). [X 1 A L &% & T ==.— .

D & 5 HIEE THA T DD e e
Ee—hvy 7 TRLEBD e "“E:é;:_:i__ _
T 5 (L% (K, 2020, p.78 - e i
Mo, RESELSER § y = ="
HETKRD &, RACRG, £ ) - = ==
EATICRD EV O E e ¢ o= e T [
LTWBZERbND. = ==

feW AR - K (2020) =
TIE, K% 2, 34AEIIXLT
o2 =R EOBRIC (L)

Z X1, mEEATZ T RN

(CEHE L, ZI0sRERE &

(Dtbﬁﬁgﬁﬁéﬁ?<>ﬁ“‘*}CGﬁﬁ X 1 g7 ot 2O LD (AR E Tl - E AL, n=16)
W21 2, 3 NTHRIEE S, ZOWNEZ AT LToiER, SRR R D S P O FIE I A
b LTzigimma R ookt U, WRESCRR A & % 72 fif 4 25k 2 5l NEIE, SCEN O #
BT, EEBRMOBROZ OB AE T sEim et 2 LA RS, Ll
Do, ZNOZHE LT T OB MREL, HEEN AL L ~NVTEL RN I E B RATE .

—J7, W)l - Ak (2019) TiX, EERFE—THL B —RBOBRIT Ohil) FEE F R
R (CATF THRK)) AROBAS Uhil) & &R CERSMNE (FEarHiiis) (2.
ZORER, B2 —HBRE D HROMBIZBWT, MBECEEE A TZ E TR M 2 fRI I f
WrL TR L7720, B - s OBMRICOWTHRABICIE A L 5 & L2 32 mRk7e BB RNH
ST, L LR, RRAROESEDOE SHh, ZOFHEREEWITITHEAZEN AL LN,
SORDLIWHMLELL LRI NT.

—HOMIEEE LD L, FHHEOR MM OB T DB S0 HHER TE D HEE OV
F~D RO VR 2 D R 72 EITHR S0 5 W45 & 1T Tl L 72 SRS INE O FEREDS, KR
ZHGRRARE A P OIC O DR 5D. TR0b, ZAUTEFRM (M) RO 7280 O RSO
DA THY, TNODOMOBEMITORIMTH Y, KT dE‘REMET D, £V
WA R MERRIERED R INTH S, Lavh, SRR E720 TIEZ O WL O RN
(ZRHAME T~ 235D e S gtk bR Sz, — 5T, LRI O iR
b1 RERKARMEDTE M 72 EHBERAROZEE, £ L TERSINE ORA HECHHR ) & O A
TERIZ Lo T, RV FREIC/Z2 2 HF M bER X T D,

(2 HTWAEERET [FEBRSEH (aggressive reading) |

Z T, BRICBT DRV AR T SRS O W TR 5. CEGHREO SR I IO
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TiE, 3R - BELHPRLHB T IR RO ER S H L5 (L E2—L& LTRE, 2013).
X, BEEPD EANADFENLCE AT A XY EBEE 2O/ EERWIT, ML, £,
RaTHTDLENIRENZHAME LG, FEBRLORTRNLRD BRI 2 HIZOT %
A Z#21E (Palinesar and Brown, 1984) <0, BB O - OER-S< W (BKH, 1988; 4%
Ji, 1991), BEAFnakoiEME L (Spires and Donley, 1998), #efif Jilg DXy or— 2 TOHIFE

(Cantrell, Almasi, Carter, Rintamaa and Madden, 2010) 23&% 5. 7=72L, T b6, #EAIC
WEEZ R 2 D) FH N - BFPAEZARICLTEBY, @A - RPAED L EHER AR L
b DOTIEZRW. Bz THile ) THEECI, XHoOMEoMR] I3CEO () Mgk
R TSCEARN L O - R O 42200 TREMICHEEL L7z McNamara, Ozuru,
Best and O’ Reilly (2007) I8\ T, R FIKIT DI k% &5 & —Fi7 5] (prereading)
REDHMIEFE D TH Y, KR TRD DA TR,

B L, =% (2004) == - %)l (2002), Miyake, Masukawa, Yuasa and Shirouzu (2002)
I LD IRE SN (aggressive reading) Th b, Ziuld, WL & MEKEEZE ~ & fif
KL, BTV ISR T 20 253, BRI, TR O\ TZED [k
] [BURCoRE] MikEE] 7o & OMRER 2 FE L5 ZH G IR L THFZERGE
1551 (=% - 481, 2002, p.236) FHATHD.

ZOREX, BEREZROONIZFHEDNLEOFEICH HMEST —~, PROPEME L
W, ZLTHRROMMmEZKREH LT TLAR—FEENTLE D &0V ) BlEe, FEE - Rebi
A o AR A R R EBCUIRBER A S, (SR A F WD TURN A O 23R 2 22 R E S 72 B,
MR XA SCRROMERE R Z L 2o LT BTN A ffl L L CREfTT, SFELRLIE
OO LI2DITk L (K 2a), Pid - FEAEITSCEOBRIAIZH & H LI ERE L T &1
WNTIN—E T HREICHES> T (K2b) Lo @igichS<. 22T, HEE
DHBEEX & BB DR ERBOTBEIM-FRADF v v TRRBOOLND. ZIUTHELLT,
FERRAY CREBN 2 e 24T O AFFEH (RFEB) 1%, b X5 v R— BRI aSnL &,
FAEHODEMERGIZHREDOmNELO~NEEMER L2 b DL LTEHRAAATLEY, FHliZA
LAREMERH L. FORME, 9 LebAR—bhEaENTLEIFEAHIL Thhrrolz) I LR
WEED (=%, 2004).

PATHH N LV ERICHEBI A 21TV, ORI ZZ T - 72 S, & ORmiEie
ERMITTHECE D XS B HERRD BN, £ 2T, =F - 481 (2002) 1, PEERASIK
RO ERIRE LT, OO SIIHOWT, TRoeFmE BICZEREERE S8, Tt
WY OMERERIIFAO N — NIZEE TR EORRA R IR AT o To/ER, B 3
RIDE A LT 25Z L ARLIE.

- N N [~ N

HEIE (1)| | FHBIE ()| | EEIE(3) (EREFREHEEE L THEET)
=EA |[AERQ)|||AEZQ)|||AE%REO) BEA | ABEL | ABE?2 | ABES |)
=XB ||BEH(1)|||BEXR(2)|||BERQ)|| Mtk FEB [ BREL | BRE2 | BEE3 [)| ®%R7!
EFEC ||CEHRQ)|||CEHRQ)|||ICEXQ) =HEC | CE%1 [ CEE2 | CEBE%E3 )
o J O\ J
2a  WFIEFEZ K D UM O MR PR DR 2b  EEB - BEARIT K D SUEEHLAR O MRS FIAR L O FE
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(8) CBT T &k X EFHfEREIIFE

LI D EAVER s DRI HE A % 18 L 2R WAL~ OB A2 7 2 M GE G0 720 &9,
CBT |%& 22 E 5 HIRATBETZ A 5 7

CBT Z1EH L-FfifRe Dt & LCEL R b DX, OECD @ PISA Fi&TH 5. 2015 £ 5
CBT 2EA S, 2018 4EEFHAIISME2TH CBT TOHEETH-7-. HEBWTH D HifiE )
(reading literacy) X A GO T—/L &K L, H OO EBENTREE A BEIE, a1
SN 572012, 7HFANEERE - IEH - BB L, ZHICEMETy) BBHTEEERINL TV S.
ZDORESIINFEFE SN FRAENRFRIE, RO LS ITHEIN TS (OECD, 2019a, p.33).

1. THMAE R ET D
1.1. 7% A MOFERIZT 7 BEALIBWED S
1.2. B#ET 57 F A &AL CER
2. PRS2
2.1. FAHA Y ORBENED
2.2. AL, HEREAERT D
3. Pl LB T D
3.1. B BB A FHET 5
3.2. NE LRI HOWTEET S
3.3. FEEROITWET 5

UEDUARNMIRDL LI, Fthes - EAEETHEHET 2RO LWVWY —XAMFETLINELE
MTET XA N EEREIC T A, BIBMELEIEI L2235, H OO BMOZOICIERT 2 Ftfim s
A A=V ENTND., OB L~V IS EE, WA TH D 1.1, 2.1 OBRE #2723
WALERIC D D 2.2, 3 DIBEAKRDEN TV, 1.2 OERICHEDL 2 EEEEOFM G, BV
HAEZGXEZT R L UMEMTON TS EEZNE, TOEXENEMETED.

FRE, PISA2018 OFHAMBTIX, REDHFNENTZT R IR TNRXA (L —AX—) FHD
RAREREDIFIRICET 2 > D FMAmtAiRE, SoE ((WaFRKRE LIEZFRE LT
ML) HRICYy LIz BT, HESNEAFIIMEIRR EEZ 205 M5 bDLoTVND
(OECD, 2019b). ZOfEHMICEDLE T, EEXbar trn— LI X—VEYE, ¥7
IZE D~V TFT XA FOBR - %, ETHIRAEOER~D~ v T Lo REZ FF> CBT TfT
biviz. REZNE OEREREE (7 7) OOirEmsE STy (OECD, 2019b), #if#is
BRGHBRER R Ta Ly ha— /L ZNTWAIEITIZ, KDL %2 o3 57210 THL&INE
DB IE DG M & RS DH Z ENAREICAR D, TDO—5T, VU 7 NAMEE DR IL, ¥
fR D TALBER &/ & OIS 2T 240, B OBES T (B 0 o R ERR O
HEBHOFRRBEFEV SN TN D2 L) ORAITREBIIZ I bt T\ ey, & 2T,
R & O RICH B OGEG (IRT) %3 A3 2 72 DIZR TR AEME & ARGE L 72\ &0 5 Bk
HHHIEAD.
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Tz, WAEOEGEHE OSEM S, L0 EERBEMCER D & Lo, ko
[FIREC b [Rl—SCE N OB EIF MO BhEAT ot &, HEsmixfbi e &3 5 15H (LEr, 2020)
DRINTWD. BAEOTERO NREIL, FER R E2fbnZ LIzl > TER 3 O L
WFE (FIRMEA TN 2 & 9 Zedts) XMOWEE 2 2m 23 H 523, W2 FFt 1, 2 ORI REEL
TWEAREE LD D, HiC, T2 FOBEEMIZOWT, 85 (2020) 28 [TOES>OEEO )
WZHLEBOIERICEZMT L Z L 220 () FHhazsir < 12725 (p.251) LfEfT 5
KO, FEEPREEOFRA WIINCEMT 2B Z Ffo TRk L7 it E 2 x4, B—%
B CTho THEBREICHNIEHOFELZER T LITHRL, T b %2 mERIHER L=,
FERILICHHELEZD LTHED T GAEZ RO TWEREENE 2 bivd . RIEIE, Z0ORisk
M E I Vo M SRR OMA S DR THERICR D0 TH 5. (DHEICR L@, HEEXIC
PRI U CRRE DRt A2 D TN E I NI ET 2 LERHY, b LE I ThniebiE, %
Dtz W ZIE LD OFli CE D 0MIERE & LT -> T\ 5. CBT IXZBE IR T 515
WL OREMIEB Z RS Tary br—L L, TOMR ZS2RETE 58T, £ ZICHER
TEDHAREMENRH 5.

1.2. H®

AWF7ElE, RRAREGEHIARSCOBHMEAZEH L, ZhETHEEINTEARME (U
ek &R0 BV ERAERZ G EEZ LT\ a2 R 57200 CBT, KU, ##
MRAFEA DOFEFBEEN L W FERIND L) TR T 57200 CBT (L% kT & %50)
REBGE L, HERET 5. MA T, TOMROMEITOENEHEL D, ERBMEE
JEHEL, 2X2HWKNOEREZITS. LLF, @i, CBT OF ¥4, Z2MFIZOVTHBL, H
% k4 5.

WRAROBURSCETIE, BIESIRE K WOOEKREE (L FAR CIIBREENEHA L
TEWERTRER Y TEREE) LI [BE] EMES) oI s. &Mol1~3
F T, BB 1D DEE 3 OEATICHIST A TN BERSICET 2 b0 TH Y, 413
W 4 ORI DEFTICH DT ERRICET 2 O T 5 & RIS R E TR 2 i L CTRA4 5
TENKDLEN TS EMESND. DFY, M1 ~3IFBRETLICBEFEELDD I & THRE
FIRBTERS, [ 4 OfFEICIIARBRICBN DB OERELER T LML, £ o O a0M
EREBRT S 2L T, FERLOBRAKRLIEL, 2FEHAT D0k, T70b BLREMmAHE
TRISLENZ T2 D .

ZZT, CBT VA7 a%zf3E L, £7 MR T FRSME D HIEAITHT 1 ~ 3 ORRERS
PR R BT - BEA LT 4 ICHE LTV D02 RAET 5. b LHIEE X2 R K
ICHBUL ST HARICHEBHZEANE X 20 ThiLE, SMNMFITHEBISEVRIRICESE 5 2
Ll n. L, —FH T, HERERKICHLEDLLT, 77X NI A XARR e 8% WO L
WCHEELAEE L HDH. CBT ZHWTZDEREZITY 2 LT, SMEBOMRRE 7 NESETE, &
RET TR, ZOWBEL —EREHETXS.
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* 1 BfEiHr %2 XA % CBT 7% A

e " | CBTOMAE X v, BIMCRIE il % CRORMIZR AV K 517 5.

SR D L . RS OBRFE LR Z T DI DI BB R ER AR EH L T SEL. Hor
fRfs, fi | 27D LTI E T, WRLEREZRES TN E D OFEIIBE Z Rl fTREIC T 5.

ERHO M2 BEFEOLEEELZ ARH LTIV AT 52 & CEEDEHLAZMIRT. 22
FAERK ERAYRO7R D L 4B Z L TEHAER D E AW E Rl A RIS T 5.

i3« BIEA E D L5 gk AR OOy, BEGFMESED, SEFEELILSE
ooy | CEVEBNIHT0 35 2 LT, FH» DR T A OMER R, MEE 2D O
@*%%k FFH %{R%?/VODT%%’E&FQU‘%ﬂ‘ﬁﬁﬁfﬁ'ﬁiﬁ‘é 3
N MCBTOREREIC L D, AIZWTE T, MIEF20MELEETE VWL SIZTS
Bt x| SET, B HEOMEE R LI A A

Hooteay | 4 (ORI & @

- 3 SCBTOHEREIZ L, SHRATREFBRIIM1I~3 TR IETRORIITHZ & T, Hilk
Rt/ K DRI T AL DR 2 54 5.

TERRU TV L SN 7= 5E1E, BRI FE A 2 (2 T SR BIE NI D . EADNEETIR
O CBT Thod. TOTH A FE) faeHx, MRESIOE S HeA, FERERT - IEMEG LV 2 &
VLR A R S W7, RRESCRR OFHE, HMoBEM T - a0 ETHSH. CBT #Hn%
LT, I AR L, £ O R 2 B 532 T o2 BT, 4 oA
7RREICER VAT X O REISBY O AEY 7. 2o, B41x ekl Ldtme L,
LIS EZNUCKHET 27 A v 2R Lcl@ by, BEESCOHAFTEWFICHRE N2 72 E
T, W1~ 3IXMEEEE LSS TR 5%, TOEMENRICHED TOEEEHE Lz, X
PR & FRFIAL D D L > TN D.

VL EDOREK N CBT v A7 A% HE L BT, PEFNKRFICERET 5752, 344 (UT
MECRSFAE ] LRGD) &, BALRFELZEDRET, HR~OEFE L EHF 10 4 2L BV 5 &%
FRO3FA (LIT THEPRA] R 2RFRICFERL, FBRELEKTS.

MERRR ) MZ N2 CTHRBHGRAZBET DD THIUZZ DREIEIBINEDENCILTR
S, THGETHU IC L ABERITAE LW T Th 5. —7F, HED LEFPRADFEmA G
HRELTWDLZOTHNE, CBT OX—2 3 OEWIEDLLT, TOMENA LN, THETHR
DNRIFFERERFAEDRIZENDITT THD. i, AT TR END K5I, FEmrHA
2o DRREDHERIREEN LE R DO ThiuL, EFREIZIBWT, ekl 12T TEETi]) @
BRI I, TERFAEIT BETHRI oRPE£AZRY, b LIRS LTHHE
AW F TITIEEL RV E VI ATEEMER B 2 b D, M, FERRKZPAICBOVCIEE
IAHEZ D THETRR) 2k, BIRESCFEIFA OIS THERR) THRWAELZITI MR, 2556
DA NE LTSN Z b EZ NS, TORMDOTD, FHiC WX, 4720
ML L CHE=FIThE S,

2. [HIRE LR DFRE
2.1. RRELBREORET

W TR, WRARD 2018 HEFE CUR) & 1Mo [ERE2E%4 5—L M OETH
#) (WFEE—) (U TER2EET5) L& L&, 2017 FEEHGE CORD #H 1Mo [EikEk-
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Lokl (GHEm) (L% TSR boRmt] E &) Tha. B8 ¥45] ol
X 2806 T H72 0, EMEIFETRAR TS 2H 5. IEINFE b okihd ] of#ET 3251
FTOHRY, FRICERMIIE TR Ts5 255, ok, 5o0BMON, M5 IXHET 25k
LEEDTI 8, KREBRORIRINE L.

EHLOES MBI =20 Lo BRI A5 A, Ml LizboThol. Fie, i
MRS 1 TR LELDOERETH T, TO—FT, B TRD X I ICEAERFIOBIRMEN
ORETD LigE, RO LR Z D D720, Zh b BRI,

FERTIE, HARAROEMAEZOFE EM R TNz, BERERE IR LI-REEXT
i< TEGETRR) ZF7-ICed Lz, E LY, FMEOMESTOEE, %ML MEe, KO Ik
AT OFENBERBENTD.

22. [EBRZzHEFT5]

(1) B

AR CTIHFSLO—EAMECE LThH 2 bh, ZThIcBET 5538 (M1~5) IE+T52 L
RO HID . BRSO, TSR ATRE 7o il 25 O 4 & MRkl iof%MHﬁéﬁ%T%é
EWND T EEmMULCE] (AR, 2019) ThHY, EEEZER 2 O L5704 BRI T TR
LI EWTESD.

£2 [HERz2TE4 5] MECEE

Be%1 (117B~1447H)

%ﬂﬂTﬁE*&V&EE’Jﬁ%@%fi FEPRRO B 72 EDRIEDFHE S I L » THERES LD . THUT I 7 n it
IZBWT, MTERICITBEA AR 22 30 D RAEDS, MIHERINGEIL T o 2B & 15 5t & 72 2 WELE R IC & 0 i
&éﬂ’bé@kﬂ%f&bé

Bk 2 (15fTH~2117H)

BAEE TN OEENICBE TS g e THERmIFE EERIERAE) | LIRS BRI E V- T
B &V D BRI ZORIEEEE O FITVRWVD, ZOEETHEOERIREDOFRE BH > TUILH T
MERESND VR D,

B3 (2217TH~331TH)

JESHHIITBEDO SO TH Y, ElEZ TR 2 ITITEHEMBEOTEILS SOEHIEH] - FRRIE 1 OO P Y
FeENERIND Z L, BERFES HERIFELMEST LS.

BeP5 4 (3417H~511TH)

JEESRHIHDRF O RN, B4 2 SCE SIS 2 — & OUR TR T 72 THEEY | @
Ry T =212 K> THRES LD 2 &b, BEERIIFIE Ch D E LA HDREFIT TR Y WOfF(E] LITFUMZ 5 2
LIRTED.

(2) BRMEEEH

RENIEFTEOH Y, B 1LITE 1B, B2 2B, M3 I3 3BEKEToms oK%
R TIRET D2 LROBI, M4 TIEARLEERDOGRE LB E R - ETHET S22 LBk b
TWD. & 3 THERM LA (2019) OfEEF %7

(3  THKEThR) ORRERE

[YGETR]) 1%, BANCRIEC 2 TR ERT%, NWAAZRIEH L TV EMAM 1 ~3 Tl
AL, mBEOM4AIT Tk EREEE L, RIS E TTHLERLEREZSRLADLMESE
DI Uiz, ML ITEMAGI A RICEB T 5580, B 23RICARE LEDT 550, B3 iTR
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Lt L<aid oML L, RHLZFE LSBT 2/ 3 LIEIL, MEXEZZRESIC (-
LA ATARAET) MRET LML Lz, K 4 TH 4 2RV o455 & fRE B 277

®3  [HESRZ2PFT 5] B & fEp

(— )r%@ﬁ%ﬂfﬁ%Qrﬁﬁj%m?ﬁ%f%éub%%ﬁbfwé®ﬁ,%?ﬁ#%%ﬁ&féﬁﬁ@
PEFEERIZIIN R EHAL WERET) LiFE2ny 2 Eh, FUE L.

ﬁﬂfékwiﬁ%mffi ZOEBRORBFZHEET DERICE > THES N DN, £ OERIIMHEEHEGRIC
BIL LS nnEnsy 2 &,

(=) T [EEGAEM] LI BRITE S EER TRV L) LIEEH 0nH Zeh, BPE L.

AR I iOT%%téht%®ﬁE%ﬂﬁT%ﬁw#6&wof,%U%L@w%@%ﬁﬁbfwéb
JCIREREAR N E WD) T L

(Z) T77o2¥m] < THGHES] BDHBIOEETHY, Znbd TaR] ik, TRE] oxgTh
HIZE UEHRE) LiEESND T Eh, Bl L.

JES S RE, BARMIZHE SNl % oW TiaZel, —EOESEZIHIICEEMT, 0L F L F 0 oFEH
LT LEZbDEE W) Z L.

() TSR REEOEET TEHNER] HDWIE THHEYNERD ZRoThy, 747 arbnoizid
b LN UDBEIE L TR abiE, e [WiEV IFE] LFESZ LT ET. | (BHRE=) L H DN,
MRS R EOAFAE ] 13728 TR IfFAE] & WA D D0, KXLEEHOME LM E 27~ 1T, 10052 1120
TN CitiE L.

WEORE R, BIEOR A 2 DIREBENICBETE T, ZOMFEIT, T 2330E LB ORI E
S & HERAICREES 2 FieE 2@ U T, x OFEZ2MEST, —oDF & E ok LTHKT 5 Z
LTEHUDTHERES NI b DIEN .

#4  [HESRZEFT 2] TSGR B & REp

W ARILNZOWNT, TORIZEHLZN
AL OFEAZ W T, ZEMABCDZ#6 X,
(D ) 3
=T BFEOER, Y40y | A
12 & - TIRZ SNIEH

mhED | B C

%

D ROBEZEOHRICL 25 | HEFPRAXFOE
Al o

aff

A WEEHER, B RO RS, C WEEY ] Ooxy bV —7, D JRER A A ERR

2. (DE@ITE~15LFTRHELAZDIT L.
(1) (2) (3)
RRTF | BEYOE®E, Y14o0r | A
12 & 5> TRZ S NIEH

fihED | B C

[

D ROEEDORICL 25 | HEFPRXFORE
il B

(1) BERAAA(E, (2) MIHEAYZENL, (3) PHamm) Ty &

3. MBIV TEELL 3l k.

o)) 2 3)
(1) o & (3)DiREA
CE!

SHF ZFCEE, Y478 > | A
12 & > TIRZ O NTZRBF
mhED | B C
%
D /\ﬁj\f%iér EERICK BET | HEEOLPRNFORE

pill Bl

(DOFH BRI TE 220D, BHEAVGEEIL & BRI FHE S IS K> TIENTEH ST 2 b 0.
)DL FERAIAIE & MBERREIL & A AEO0F T, BERRATE(E O EAEM A FE 4 2 7o D I LB e Bl O A /e
EDOFHiE.
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2.3. [EWHEHOFEME]

(1) X

WRAROARMTIL, FOLO—HAK S -MBEXR S 2 b, ZHUCBE T 53 (1 ~5)
WA T D2 kb5, S, TRIFEIROERS T A8 2 7o L2 A L
TABHEORAEZEG L, ANHIZAREZHLOEDHIOFTL 722 X 5 Rz koAl 218 6
TS, WS ZELITDONTIHRAZIE] (FEH, 2019) THY, BEEEZKR 5 DL I 4B
T TS5 LN TE S,

5 [EWMFL-HOREME] MECEE

B 1 (147H~161TH)

REAMRLELS L LTCEENDT 7/ uy—i%, ABOELTHY RRLELMBEEEV L, Thit g
BRI > TR L&D LECERBAL T, AL b AMEE LT <.

L% 2 (1747 H~4017H)

N LG & D RIRRRORE R B IC L D AR D AT T 7 ) e P—no AR M ENDD, £ b4 H
FTD20EPOHWITT 7/ v Vil ko TdhShd, AMPRE I 22570,

BE9% 3 (4117H~531TH)

AN OHIWr DR & 72 AN DOE LB a o P ATREGAIC L o TRL <, AR DO TH D0
b, NHDBWR D5 E b > TREMHEITEZ TLTH, ZHIEHENRLDO TR,

BP5 4 (5417H~611TH)

JEREEII A OB S oA TIE R, L LAEBIIAMEZ A, ZOEREICARARHINICEDS DO TH 2.
T aY—BARAREE ATREIC L, 2O TUEARIEE TW Il 2 AMICED £ 951272 & T, £F Tl
DaTE LCE S, AMIEH-RE#EOAIHZRN O TS,

(2 &M & IEEH

NI BEBTESH Y, B LITHE 1B, 2135 2 B%, M3ITHE3REETOMmE LB %
ATIRET D Z EARO BN, M4 TEIALEROREZEEA T L TRET L2 Lkvbh
TW5. &6 THEM AR (2019) OFEGIZRT.

6 [z bokEL] 3% & Aol

(=) TRZEIR ORI, AMOELTHY 205, AE2VDETAMEZ &2 ETHE LTI AL
REIAHEBHD] WHRET) LIFESVS T LAy, B L.

W2 N[R D)) TR 2 720 OFR AT HEZE D L, € OB 2R~ & NF 2B 2 T2, Bl
TRV EES 2 EA M L.

(Z) THAZERL L T=a— b IARLDICEEY 272WHEH]  (BRE) 2I1ZEH50WH Z &0, MY
X

BT R D2 LI DN RN e DI T2 72 ATREME 2 IR 2 IZEN D $h &, Z DT 212 L CmBR O SE 208
MO MBEEAELSED LN T L.

(=) THEEAVHEDERAR O TLNRNZ LIZALNE] (BEREY) LHDD, RELI VR0,
A .

AT 2IZBD 2 Il & ISR E + 2 B2 X2 2 13T OME A ESHETZ 2 b0 THY 23, RELZ DM
R L & HICEH L TV DD D,

) 7 oao—ix, ABPEODLY HE, TOWRROLZANGEZTLEY ] BERBT) L1TEH>0
HZ LM, KXEKROWRE I E 272 BT, 10030501 E1203CFLIN THilAE X.
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BLAEZEIZKY, PNV TIEBRALI ETHXEELHEER LY, XEFOSHESL EF
SHEOTHRULIELIEEE US| ETANTHA UVEEKRORFBICE AL LT,

BENZRHEE S22/ E LT MR Z2RIRU72FE, HERMOGREELLS, £
IZEEDDHELRVOTHROBMANREIND LI REKN LTz b. | &, HLIZHBEL
TEL L. TR O@IRE L, HERRTIIE 52 0N MEOE 2 #5ET &0 O EEIC
BHOILTWELED, SGETRTIE TZORIIMEEBER L TWDEON] PohaED, REHD L
FTRL, BHINKEESE LS THIELTNDZ EXNb £ Lz, XEEHA CHET L2
T7<, BOOHETHERK LT L WVWIRT, SGRIROFNEE NN EIZ D UEL
721 &, RRAENBREOIEDE M OWTEARMIZE L LT,

(6) FRRAEICEET D ERS N M DR

(PEkhR) & TEGThR OFEERIZBE LT, e CBT 7% A v D7 v ZEFFERE R LIZD
23, H10 THhHDH. FERFPATIE TSETH 23 THERIR) 1285 TWiz b OR, P4 T
W5 2 L3bind. FiE s CBT 7H A L OB & T o Tftik, ZEMFHRR O, IR E
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FHFRETH-T (Fa,m=527 p<.05; n2=.07). HMEHREFTALER, TBEICHEG
MR RHINT (Fa,159=3.82, p<.10) EFRAEDOHIEN L, CBT 7H A VICHEENRRLLN
T (Fa,m=3.82, p<.05) WERMDOEAEN Ln-72. 7ok, AiE & RIEOS B CIE, ZHAE
H (Fa,150=0.85, ns) W(CABZEIR NN oT-.

FERRZADREREIFETERT DL, EFRAETIE MERR TS %, BRBfhToExs
LCix72e<, BOMEK - BN ZED L5 L3 28E, BAFIHRFMIn D2, [SEThR
® CBT 7HA N> THEICHEMNGAZ D D Z L I12 Ko TRl rTBE 72 i A A # T & %
KO T mTREMED 9 DN R 5.
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£, #ERAET IFEEE L] 21T ERSMAE L TR T14 EREMRIZ3 M) L
Mo Tz le ), PERRZPAICAD &, K2, TESR0 O 29 %8 05 EER
ICENZERDND. ek, PERRZPAEICHS, MECREZET L2MELZho 7o), K
[FEHEDORE b E.
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6) HARERMNEO~Y—F T T oHr

AT DOFE R 2 SINE O 7 12 2026 bR 2 <<, FERFA Ll RAEZ N END [
KIR) ORMARERGIFIZ, ALEZWNIBZRL W ehEd~v—F 70 b oi L.
FEHENF 16 THDH. T T VITEND, [ 4 OEERRERNSI NI B 4 7200 T <, moBk
DXL~ —F 7 LTV, BIFADF TOR~Y—F 27 L TWEE, HARERGT
L7220 7ey, RCEZRFCIBRFORM CTHIC~y—F v 7/ LT eH, —U~— T —%EH
Lol BETh D, FEERPAEIIERE O 5 2 B0F 4 OHROFHH O~ —F o 73 <, K
AT OBEE ATE R T H~—F L IROFRNAT oo~y —F 72 RETITANR SV E RIS
L. A ZRREDORER, FERSMEMIENDAZBO e (126)=19.47, p<.05).

£16 THERM HARBRAFO~—%> 7 A5

BeIgALI AN~ — 2 BAD o~ —7 P4 ClrIfE AT ~—h—fE AT
FRER IS4 1 23 6 10
MR 10 8 15 6

(7) R - FRROEA & RER AR
EFRAEIZONTS, A - RO ESWE TUETH O 1~ 3 OENENLLFL,
HARRED THERMU & TETIR) ORGSR E OBREZ DN Uiz, fEA - FRERS B DR K
L= A) B 224, FRIKNHDFLERZ L7 B) 28 54, RV « FHERICE £ -7 0)
D114, FRIK « RS CX o7 D) 14T, AN, Db inroiz. 12T/ u
AEFHERE D L9, HERKFEOHEIN A), C), D) IZOVWTHEIN TS, A) Off
UNBHETHY, ZOHITIAVIZHEINTESMEDLINERE L TORRERL BT %
2 HiLd. ¥, B) O ek 25 [ETY & REREN VWO, ekl THANICE
DRRIE « FIRERCZ AT > T (2 LI RV ERAEICFHE S U< o 72) AIREMERE 2 b d.

Eﬁ—o—j}?j‘UA H7F3TYUB b=l Ne HT7F3TYUD
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5. MAEAm
5.1. 2k#Eg

AR EOBERRRICI W TIE, Ak, MESTOHE IR HHRCZF OW OTE 78 & oy
BT CTe <, BB LEROFEFEEZFREL, FN0 OIS EOREM T 21TV, XX
ERROMEZEEE 2 TEFOTRELZMNT L L0 REWVRABERRD LTS, LiL, T
WD DITZRE D BRE OFIFRRIZIEEF T A Z LT LS, 72, MEOMLGFIZL > T
B DERVLEL 24T > T T HEME (BR) BTN E RBDIZ< W E W) EN TR S T
7-.

AHFFETIX, ROLELZ R D 5 AR O A & U ClRAK kBRI ATEA L, £ %a CBT
B LR T2 T 0 Tk & X0 B2 R IIHV O THETR) & Z2B% L, RO
RAD TR « FERARBR DD 70 T & D FEREEAE & 20 EIE S LD A L CRGIEFERR
7o 7.

HECRZEAEORERDIL, o2 ETH OF, &3XEFATHEML LS &L, &M ()
FOBEM T 21TV 6, B OFECTHEEZMR LKL S & LI Z &3 7 o r— MR (£
15) o552 A 7 (£ 14) DOHaREz. ZhiE, CBT (X DAL Ol M /e & 3CHifRet =
MNOOEEME « R E VWO BEE XM LT OEDELFEZXDMN, TNTHLSIMEBHIX
ZOTHA L ETHLOEBENRLEBENZ2REEI 525200 EHEEMICZ T 1LY (£ 16),
FBRIFRAR - FEEIEEN 21T S e HIE EMETRED HOREMRTE L LV I FERER LI (K
8). L, ZORFITHARBEMIIHIESIRTD RN E N RR S &> TRV HDHIFE
TR, TR LR TEHRIFAEIENWS D & o7z (£ 13).

—J5, RIUEBRSMEN TRERM) IR MATZEIL, ZORAIATONEOHERCFHAEIC
BRST, REMOBBRLER LAV D Lotz (B 15). AT BRSO & 5 B
DO~ —F 7 (R 16) PALHTOFEOEZTEL (X 14) REEBWVLEOFTAIZE E 7.
LU D, BERRE LTE MERR) OFFC TEHEEE L) 21T 212 BIN#EF O pliE @ < &
fliEdviz (& 13, 14). [EGETHR) CREK - BERTEEN 2 /Pt AT > 22T o 72 C 0%
IED THERM TROBREZE 72 L IR D L (K8), ZOXATOBMNMEE, R
Belia L<FEE - HAL, TOHBCTEERF—TU — F2ESHOTGERD LW IO IFENCE T T
WD RREMERE X bz, WhWwd [TARTA ARA ] ORNLTHD.

VI EDORERAZRET D&, PERRPAIL, MR & TEETHRI &vd CBT 7 A »oiEn
2L > CTEDOFMATINSEIIITE DD Z LR aniz. —J7, [T 2 X > TEOfTEhR
RDVILERD JF [~ & 250 5 A REMEIIRIE T X 7203, A TREMRIZ E TR O Rho 7. %
DO—FIE, M1~3DHAMOIER (F 11 DOX) ITOWT, BEHEMFPICEE L-EEN
37.8% D IEER LN -T2 K DI, K - FHEROSHENSHE L L THa @l 67, M4
DA AR LB 72 N i > TV o7 Z Ll kb B 26 b.

WICHEERAEDRERNDIL, WO IR THoTh, HATREMRIRE T OB TE L
ABIRSHETL (R 16), B OFETHELMRL L5 & LTunz@i (K11) 289 »h
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Z5. R DT IUE, FORBMEEMRITEL A2 (K 10), Z0 X 5 75
TS E) 2 H A HICHET TUVNTIE, R & AR SCGHER O1EE DN — @l e RN B 2 b b, L
MU G, KBFEIE, €0 X5 BREBWBRIZ [T 72578 0% BI2hH 5 FERSIMFICT 5, [2GET
W) @ CBT THA V3R aRET L2 LMNI L. T72bb, TETH CHATREMR
REFICHESID RO RN E WO AR ER HHICHED LT, RANRHES SR Y OFHE CTHRE 2K
L (B 11), fEREGEICEWTS (R % kA5 Z &R TE 7z (X 10). 2 OBEm IR -
R E + 2T 7 3Y A OEBRBINECTHETHY (K 12), AFFED CBT THA >~
MDBNNFE OIS LA AAEH L CHNIHERET 2 Z L AR S/, T8ET O 1~ 3 Dt
MMHEOIEB I, EPRARIRT 62.7% & FEERFEA LV EL, A - ERIEEINSHE L LT
BNTW=Z Enbnbd.

LI EDOREREZBEHNIERT D L, F—I2, ERSINEZMDOT, CBT 7¥A 12k -T, £
OFfEIEEZ 7o' X)) & LTHE, KVBBAGEADOGR~EEZbNDZ L, H L, Z0
7 ADNHEA MERER R & ORRRIZ DR 0T, EBRSIME OMERIRRES T v A ZEB T 5
R - AR O RIE S W E OMABERIEEESND Z L, B0, MARELE T2 LT
FHEHEDRRT DL, ZTOMEMRI T 0w ADOENTRMOEENZ L, B0 ) SRR S L.

5.2. FMRDOEFRL SEDOHRE

BIFFROE —DEFRIL, CBT OXEMMEIZH L. BAEMIZIE, CBT TH A 2L ->T, 7
ARTAZXRANZHD KO BREWVERZH L, SZHREDOH 7R OFEmRFAZ T 2 &3 T
XLAREMEERIE L. b AA, SRIFERENAE LEEOREARSE ZICAN D REEED
BEICK T, ZREBEOHAZ T ESIT 2LV /W TIE, Bz —oD P L7z & #HEH
ENH0b L. LnL, TEROEEREE Z b 25 b F T o—foR R Th -
TeeEBEZNE, TOHEEMZ I VPfEL, TNICHTLIZHRE ORI T e 2 22T 5 2
EHRIE, ThETOHBEELHREL TV ZZ ETIEARWES 9 . CBT I3 RIITOFRIE R
RO b — VRN ARRIZ R B2, HEE R —RED LS ik 7 a v A2 LA TND
DOMZONWT, CBTOTHA 2B L TCHRILTEDHENHDEEZD.

H ) —OOHLENE, HT LW CBT T A VB LT A RU A AR A EAETeO TIERN N EN D
LOTHAD. SRIOZREIZE > TE, KXPHEATVREZMO TV Lo iz TEGETHRY
FHDTHRL DT ST B Z N0, b URISFERZ 5 LT A R — 72 b DT 72i
I, ZHUCE X CRIBSCAE Z DRNCKEFE /R L A2 AT LTE I 9 LT T80 RIChRy el
WMHEFEANTEBI D LT DHRMATENFERINDTEA D . ZHUTT A FRAKREIZHR DV + >
TanNy VHRIZ L DT, &5 LIk TENE AR X TSGTRER D D b O E FRGET 5 3
Wb 5.

ZORT, BFRHZBWT—ERKE S W) FOREHRT 500 E NI BRENOUGETEE 2 TH W
WRD 5. AT EFNCEGUE, [ETHR) IXRIBESC D OFEEOMHCHME 72 L, b8 5
720 ORI D FEE TA KL, TODICARINEEZIERIELIRELH-T-.
— 5T, THERMU 1 XRIBESCOIRIRWERR L BAR 72 (8 & H DAL L7 B & OFTEIED ATHBIZ 72
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LRER D ST, RENREZ G LEFERTIOIREDR DT, ZOX IR ML — A7 OHF T,
TAMEERT D ERNZIREICLEDOL ) REH - R IORFERODLONEHREL, TA M
THEALL, BLELZHBIL TS LERDS.

AHFIEDOH —DEFKIE, CBT OFMAAlEIZH H. CBT X, PBT IZHBWTHERIE T 2HA
TOHEAICHRD L, v~—F 7 ou 7Ol Sh - A~OER RO 28 LT, Eixs
BN ED X S BRFABIRICEE L TW ey, EOX I 7d A TR0 E R D Z L& -
7o B2, MEREORAMEELLEN S ~, PTERRFPAED TR TSGETRY, #ERED
MEkMR) TSGR E W12 Z7 752525 (K10 Z), Z2hidb e o & U FOREHi<
OIS, L, ZORBRFPAD HERR 28T DA MR LT L IRV LI AT T
LNTZHDTRNIETHY, AR (BR) HERTns e, EERED TSETHR) Lo
HOWRRMRD HNRNEND ZEThD. I, FERPAEN [WETR]) ICHE - TR/
TR E LTV DIZHLELLT, BEZTTCEZEOEHEIRED ZENTE V. CBT X, %
ZIELTuwAOar hr— Lt a B Lo T, MR EROREE TREICT 5. T
L0, Gl ITHEENERE AL LRI oW T, BRNZHRE DR 1t 228 5 Kk
SN ERFETE, ROT VA U ~EIEATEDHENH D, AFRICRLEIE, ROMDHT
HOLEPT AT R Y [FH5) NARICRD. T, FRCARIORERRKEED L H i, Hfif
DIEE LW DD TR WALBRIZ M2 WS B RS2 BRI, O &5l & Lo ol %
Tl EDIX MELTRED ] ZEEAREIZTATEAD.

AT DRI ATE RO AUNKT Licie®d, Blz0E, MEICHFT 2 EEOmZT Tldk
<, ZREOANRY ORBLE B FNT 2R EITO 2L THRENVED D AIEEERH D, HK
IXZ ORAIFEEZ AR L T RNTD, FEHITIAHTHY, RIFEEOEEREN HERIR] TR
HIZ LI RBEN R OEOHEREZ AR THIT, TE KRHINE T 20 ThhE, <
ZICHBEEK EFHMEOTBEI /e 212725 (ZORTARITIERKARMEOUGT 2L+ 5
DT . LNLENTH, b L CBTICE D ARNE SN T L3 huiE, MBIESCE R
DL, HMERRTLBOSBIERC~—F 7, HMEHEREOEA - BER 0 7)1k
D, X 0EEREFERICESHIHENAERICR DA Y. BERERIIZNE TSN O b0
WL 570, $E, ZBRE O - RN L OFRYL OB TTREIC /R 5 TH 5.
AWFFENT NI O FFIFIE T o728, BT TV VIR & VT, I Z 5 L2
EEMTHZ LT, BB OHBEITE & ROMBREND ~EDMIRNTED L IR BT
BEMEIX D B

U EEBAET DL, CBT XMEWHKRE T, HEE O D MGERE 7 A UIKRGE - 80
THVA I NV ELETZHARERDD EE25. S0, WE L WEREEBREEZRE LT <
TEHY— L ERNED.

ZOFBENCANT T, FEIIREL Z205bb. ZNUBARV VAP T LAOT—~IlRbHE#ET I L
DTHAI.

—OX, BRHABREBFROREND AT LORIEBRERORE & BB B g L
FBEDOSIGN S BRI BABROMROMAE TH 5. AT, 2 B a—ZBAREICT 8L
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VVEBE A HIDET ICELY A7 CBT OBFE & W5 K0, ZivE TOBREE 7 E M & DRk
EEMEALREND, YEoHOFEFIZONT, TORMBROMESZREL, & INnbOEN
R TE D —TEAHMAER (just noticeable difference) % /fEie—R&mEfE4 5 &k 24 CBT
DB Th > 7. BEIC, BRI ORFM & ZBEMER O RISz CBT OBFE 2 EWNAMNIEA T
B WX, BUACRT % E - WA - AR L A - &S - IR - THER - =52, 2018 BHRICk
7 % Linn and Eylon, 2011; Quellmalz and Pellegrino, 2009), Z 9 L7=#F2EDEREIZ L - T,
B ZVIEARE THY B 7-5efE 7112 B9 5 PISA 1281 2 5Hl & BRHE 12361 2 3l O 4245 23 /]
BEIC7R 2 D TIERWEA v, AREIOMEL, Wihd MERRZO T E I L > TR IR
FrFE] SHETWL LR 77 7 ar—nn AHOMmELAHIWE 218 285 LWEREAT 2 &)
7E, B CENIARBE LA TEZ 25 (RET V) DR TE 28M ThoT. Ak
HEEDOBERNT A N UA XX ADOREMETII/LS, KAYOTA XX ADEFCH D ETHIE, Z
I LTeBECTRO D2 FOZ AN EBLTE DD VEETEAS S .

ZolE, TA M & LRROBREE, FERTFEREOBHTHL. BUTHIELLVWEE -
RE) B OBt & FRANBRRE ~ OIS T, ZD7H 0T A MERD TR & Z DR RO & W
) TRROBEEME, 77X MO THLILAEINTEY (Mislevy, Almond and Lukas, 2003),
ZOYA TNV B O S B L TEIIZEIL TS Z &Rk bnd. iz, CBT
DOFRDO—2IZ, ZEOMEE 77—/ L, IRT ZIEHT 25 Z & CHERIZRZ TRBIZT 5 &0 )
ExIndHD. UL, IRT ZKRMEOFO/NARICRPHEAFNED & 255 1I3E 2 20Tz, TR
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AENTHEI L W BN’ H D, Z TIZ LR om@ikd b sd.

BT O Lickniz, REAROHEECEHFEFRAB N EAL, EENFRBS TAAE
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DO LT IS Z LT, KVEEREREEROY A 7 n3E5 2 & 2R L.
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7 LOBHSE Lt FEE ) GREE 5 1TH06107, MF7EREE KM LI ERO R E %172, i
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N7 F—< VAPl D 7= DIEHE KInHEH &
Z D/Nim X BB R A DG H

T HHE R

EAUBEERF

1 FRHE

AR, BR& 72 - FHMESENICBWT, R E LRSS, RENREOERBENZHEST 25 =—
AVEESTED, ZOESBENEHET 2FED—D2 LT A7+ =< Y XFHliBSFEH IR TS, X
74— ¥ AFHME, SERRAY - BRIV AR BRI 3 2 2R O SRV 7 0 & R & RS A EEAR AT AT
fiETHh, wmdRABPRA—F v 7RE, LYoy r—a vkl FEERE, mEakg, sar—7
FA4AH YT ariREOkL RGN TERHINTER. £/, DAETIE, KEARANDIRAXFEDEA
ROYEFE 4 FREES - MERBOE R EDERE I, 7+ —< Y AFHliD=— 5% E T E M
5 TRITE 3.

5T, 7 —< U RAFHEOFEE LT, 1) AMOFHEHE ORISR EMES 221X 2 EEEOKT
DL 2) R A PDOEE X2 KEIBEHBEMOREE X258 < otEMI N TE .

D) ORMEZRRT 2 FiEL LT, £F, FHOEORELZR L CXBEORNEZHETZ 2 80T L
PEBIRBEINTVS. IOHDET ML, EERLEEMHEREES SPI 2 Y THHINTWS 7 X - i
D—DOTH 3TEEKIGHEH (Item Response Theory: IRT) 123D EF e LTERMMEENATWE. D
kS REEHRISET U, AL+ —< R« TR FOOHREEERECHHINTE .

2) OMEZERT 27 7u—F & LTIE, BERARINATEESIATWS. HEFRADOWZEE, FICE
B - R FGRER RIS K 2 o R ENTE Y, FEDFEEYE T TV AV BEEREEM D TE TS
INTVWD., FEEEICHES  BHERAETNE, NTHEESRSEE, AET¥DOry THY 77 L VAT
»% AAAL, ACL, EMNLP, AIED 72 ¥ CHEH T RIBRP LR IN, BEISEH T TV,

RERTIE, 74—~ > ZAFHHD 72 OIEE KGR & 5iid - Fad =GR o BB SEfficon T, K
BHA BB THRRE DT> TE MR OMEZENT 5. [ARloBEM OFEMIE, DRI LR RimCR
EZ DY, BIUHRE S OMRHER I « F—_A 5L [8, 13, 20] ZEZR I v,

2 N7 #— 2 AFHED 1-HDIEE RIGIEHE

N7 4 =<V AFHEITE, FHERE R FHEE IR E ORI ICR S KIE T 2R D D, ZhHRESHIE
DOEFEAEEZETIEIBR R ZePHSNTWS, FHliD N4 7 RER/ ¥ 7 2 RE0 22 51 E Rtk
LTi¥, H&-#LE (Leniency / Severity) S—EM (Consistency) , RE#IFHDHIR (Restriction of
Range) ZREDFISNTE D, @R EE UTCIXREEE (Difficulty) i5l/1 (Discrimination) DFZH
REVWEXINTEL.

COMBEZRRT 2FEDO—D LT, Hli# e REOREZE R L TZBEORN 2HE T % 21HH
RIGETADPEFELBIREINTVS. ZALDETILTE, FHliE LHREDONL 722 ER L TZBRED
RENZHEETZ 2720, AtRPL IR Vo MG RIEX D b EREEREENIEN FREL 72 5. FF
fifir & BEORHEE Z R LR RIEHKIGET V2 LT, Linacre PMERL7ZMHI v ¥ 2740
ILHIBRTWS, ZHT v Y 2T I DO T— a YHRTFET I, RBRENLET L
LT, N7+ =< RAHE  ITBWTEHHHE r 23328 j ITGR k252 3R P Z XA TERT 5.

exXp Zfﬂ:l [91 — Bi — Br — di]
S exp S [0 — B — By — d),
T IT, 0;13%E#E j ORES), 6, FEFVE i oW, B, I3FHEE r OBL E, dp BEHliA TV k-1

(1)

Pijrk =
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5k ICEBT2REEERT. X —XOBIMEDT=DIZ f,m1 =0, dy =0. Y1, dp =0 ZIRET 3.

ZH7 v 22T, FHEERM ARSI X -2 2G5 LERDEMBZETLTHD, 7 x—< 2 ZX5HT
T—ROMFHEL LTHLS A SIEH SN TE L, 5T, FHiliELHED K D 2RRR OB EE
SN2, E, ZHI v 2 BT A TRENS DRMEZ T ICRBITE S, ROIEMEMET T 2. ZoM
2 fRIRS 572918, FRE OIFFHEE CHRED SR RRELER L ZME 7 v v 227 L O—RILET L
ZRELL (2,9, 19].

2.1 —EBHESYSa2ETIL
—MBALZH T v > 2 BTV TIEIRIGHER P, XA TEHET 5.

exp Y8 larai(8; — Bi — By — dym)]
Sy exp Yy [0 — Bi = Br = dpm)]
ZIT, o EERE OB, o EIHEE r OFHMEO—EYE, doy EEHES T TV kST B IS r
BMLEERT. 270U, A5 X —2OBIMEDEDIT, apey =1, Brey =0, dpy =0, S5 Jdyp =0 %
RET 5.

ZHZ v 2T VTIFFHIIE OB L & L EREE LOZBRTER2 720N L, ZOETLTI,
HEOHBAN ORHE Y, FHliE O —E M REGFOHR (RFEofHEiA 7 =) BB 3 260 o
B D R T E 2720, SHRHIHE - SR OREMHESN 2SI SHS v S 2 EFLEDE
KRR E R EH T 3.

Pijrie = (2)

UCATHIL DFEMNIFE R LR D “A generalized many-facet Rasch model and its Bayesian estimation using
Hamiltonian Monte Carlo”, 3 X OB [2, 9, 19] BRIz \.]

2.2 L=V wIFED=HDETILILR

ARHAERFZEClE, FHbEHE L FEORMEZER L HERIGET V2 L—TY v 7 GHEEER) ZHAuv
TR B FTREZR X D IR L E T L OB D IToTE

N—TV v 7 EZHOFHETE, EBOIEAICE DS WS ThIL S 2, Al R & 3
7T, FMEBSOREICBIRE T 5. %72, L—7V v 7 TEHRIN BB SIEBORITDRE
NEELTWR LHETEZHAEDDH 5. BIZIE, 7474 Y ZRNEMET 21— v 71%, ik
HEMNE, RI72E OERD THRE 2 HE S 2 FHEBR TR I NS Z e Z 0. LirL, THETH
AL TEREAMKGET UL, BHENROENPE—THZ I 2EEKT2HENHD 1 ZtHEEIRELTE
D, ZXRILTORNHEIIFHTE R o7

FRE O, HE M ORI A T, FHEBAORELFRICERTE2ET L LT, —i
ZHHT v 2 BT IVCTHIBROREER R T RT X=X ZBMLETVEREL TV [14]. ¥/, #E
D—RICHE DB Z Rk S 27012, ZXRTHERIGETVO—DTH % ZRTTEMERIGE TV ZIRERL,
A & FHHB R OR 2B R L TERITORN ZHETE S ETLHIEEL TV [15].

URIFZE DREIZ R KGR ED Th— 7V v ZFHEIC BT 2 HERICEGR) & 137 x —< » ZAFHilc BT
2ZOtHBRISET V), BIUEX [14, 15] 22 hizw.]

2.3 RBERFHEEER - FHES )L — THERADIGH

Al & BRE DR 2 B8 L 72 HE RICERR T, Sl 23E 5 D2 BR#E OrE ) &2 & OREDFEET
WEcEzreFRBEr VOB THETE 2. HENHGH THAIN 2RENLERETH L7 4
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¥ x —THHRERZ, £OMFEITRD ZRHHENE OIFHERZ DHEEE L 72 2729, RENHIEDFEE 2R T
B LTHRIRTZ 5. 7 4y ¥ v —IEWMED SO 1F &N RZERE ORES) 2 EYNCFHE T % % & A%t
5. 2ZT, BRELZ, ZROTMENTHL TRAZITS &5 BRKRHBERBRICBNT, 74y >y —1E
WEZ AT 2 X 5 ICKZE \CRE LM 2 E D HTH2FEZMAELL (3, 10, 18]. AIFKTIE, FF
filiZ & b Y ComE L2 BEEEME: LTEMbL Tna.

[(AHFEDFEMNI TR LED “Group optimization to mazimize peer assessment accuracy using item
response theory and integer programming”, 3 X OBIEER [3, 10, 18] SR I 7z \.]

2.4 EFEARIRIEER LA AEREORE

T L AR ORI R E B L EAMISE TV, FE R Y O AR TR T RICEREE 2 HE
NHEEZFEBTE S, Lo L, ZBHE DD OFHMEERSMIGIC DR WGEICE, ZOX5%ETLVEFH
LCHRENMEREIXETLTLE S, BHEIRIZIHGia 2 2R T 2729012, ZEE D7D OFHiEE
PinZ e BnZ W, ZORRERLEOREY 5.

HRHEOIX, NISGRBRE RIS Z OMEE RS 2 FIEO—2 ¥ LT, fHliED 5 2 2 5Em 7 — &2/l
AT, NRXDOXEIERS MR L CRENZHETE2EFAERBEL (7, 16]. ZOEFNZ, HASHE
WHESETILSFHAEINZ Py ZEFARKE LZEHRCETF LV E LTERE L. BAEII2IE, +
Py ZETNDUEDTHBEIET 4+ V27 LELE (Latent Dirichlet Allocation) % FWTH/NmXD b
Yy 70 (BIEMNRGEE - BkERT) 2HEL, T0 My 206 % ZEE DRENHEMEICKM X8 3
XD ETIULEITo /2. ZOETATIE, dHliEDS X 2FEEICMA T, NaXONEN L EEL
TRENHMEED R &N B 720, BHFET VLD ERERRENHIENSRETH D, NaaXdH iz h OFHEE L DI
DS BENIIERSE DK T A BMTE 3.

R oI R CE D bGRB35 A7 — X e CEHEREIEH LZHERIS Ny 7%
TV, BIXOBEEGRY[7, 16) 2RI hizw.]

2.5 MCMCICEBETFILINSGA—ZDRAL IHEFE

TEH ROHEERIC BT 289 X —=ZH#fEETEL LTE, EM 743 X4 %2 AW RI#EEES =2 —
b T 7Y RIS K ZERERRERCHEEEDILS HOONTE 2. —T, KRETHEN LU &S REH
BETLDEEIIE, ~wra 7Ty 7 hra (Markov Chain Monte-Carlo: MCMC) % Fw 7= HA%E
HEEMER (Expected A Posteriori: EAP) #EEDS—RICEHETH 5. HEKIGHG@ICHBIT S MCMC 7
ATYZLE LT, XFARRYVANA AT 4 YTRALEXTAY YY) U ITRHASDE7 LY X4
(Gibbs/MH) HFIH XN TE/. T, Gibbs/MH IZHMTEENES TH 3 KM, HESHANDINH
PEVWEWSBERHZ. XDFMEORWMCMC 713V XL LT, NIV =7 VEYTHLRE
(HMQC) ®#N%FE X7 No-U-Turn Sampler (NUT) & FEEN 2 FESEEBINTWVWS. KT NUT
X, Stan EFHENZ T4 770 OEfHIC KD, BHARBIMET VICEZGICHEHATE 2 X5 1Xko72®, H
HRJSHERZ F 04 27— X 9hT « RS €7 Vo IGEEILS M ATV 5.
HREOLOMATE, —BLZHI v 2TV [2] =TV v ZFHfiD/2dDET I [14] T, NUT
WHS L MCMC EER AL TWS. JHFX T, Stan 23— F3RNFALTWS.

2.6 NTA—=IVAFTAED/-HDEARBETILOZEL

REDTMMSETIZ, EEEDORLEZRT +—< Y AT A FOEREHE T 22— XA LIELIFAEL 3.
COXSRGECHEARKIGETAZEHAT27-0120%, [H4xDT7 A MERPOLHEEINZIET NIRRT A —X
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ZlE—RE RcfiE T 2 T8 PR ks, —ffic, "7+ —<v YR TR FOFEEITS 120I1T13,
7 A METHRE L FHlE O — A HET 2 X5 XlA DT R N ERGTTIRLERDH . ok E, Fot
FEE, B HGETHEE OB, £ T A MBI 2 ZEE ORENRHE D, EREEL - TSR - SRR
REDMARSMHFCKET L EZONS. LHL, THET, ThoDERPEREICS X 28130
LEMPCEINTESLS, TAMZED XS IR TNUEERELRELAREL REDIIRENT I B o 7.
ZFITHREHESZ, HARKIGETVEART  —< ¥ ZAFHISEH L TELEIT I BEIC, ZOBEICHE:
5z 2BREZEBRICEDASHIICL, ZOMBICHSE, SWELEERZERT 27-DICBERT A D
FHA VI OWTHIEBIZONWTHET DT> TW3 [1, 17].

R DFENEIFEERR LD “Accuracy of performance-test linking based on a many-facet Rasch model”,
B LU 1, 17) 2RI 720.]

2.7 NTA—=IVRAFAED -0 DIER RSIBSRDRIRER

RERE DR, 74—~V AFHHED 7= DIEE KSHERO R - FAEEBRBHEEL T 2. R, 2F
DEBRRRFDEENZERT 5 ERRRFAB AR T, OSCE tHIN 2 EEGABRAEMIC BV TA
B OFEAEEFR 2 ED 2 2 & HIT (eg., [21, 22) , REDBEFRK AN 73 & HRkHNIT- T
w3 (eg., [21]) .

3 &t - FmihIUEER D HENR i

X7 F == AFHE D 72 D IE B K JSEERIIFHGE N4 7 A2 E D R 2 212 X 2 FHli o F#E S E I
HET 2D THo7z. MiFT, Fid - k7 2 F 25, ABOFHbZ R8T 2HMie LT, H
BRI E K D HgE I TV 3.

PERD BEREFEN O 7 70 —FIIREL ZORHETE L. —D21F, B AFTHEF L RHE
(Handcrafted feature) W2 HETH D, HLrSHAVWSLNTERT7 o —FThHb. 5—D2DHIE
&, BMEEETVICHEBORI T -2 AN L, AFTORMERZI1TS e RB/BRTHMEZITS A
HETH5. BREDOFHRIFEEFAEEMNOFEL & HISEFERITERICHR IR TV 5.

HEPEZHOW BER AT T ML, BRARETAPREINTWED, RRWRETVZIV L
f=a2—91%v +V—2 (Recurrent Neural Networks: RNN) O—F#T& % Long Short Term Memory
(LSTM) ¥ BHAAA=2—F L4 v bV —2 (Convolutional Neural Networks: CNN) % A HHE-E
FLTH3. ZOEFNML, EEOHIRSEFNLOEBEF L LTELAHIATWS.

FEHEOD, FEEE AV BERAOMRESE Z B, UTOMRZIToTE L.

3.1 BEERBEREHALCERAFEZEESI

HEE HEREE T A ZRAT 2 720120%, FANCIE L ZKBEDREBEAER T —XEHVWTET
NDEEETIDEND D, KREDERDORAMEEZI RSB OFEE THHEL Tfirbh 22, 2Dk
S iE, HxDERICEZ ON (RS OREICRSKELTLE SHEMHISA TS, 2O X
D RFHIE NA T RADOHE R Z T T - X0 O HEREET AR FEE TS, FHliE AN 7 ADOHENE
FICHRMENTLFW, FTHMHERESZELETT 3.

Z ZTHREESIX, THIERMEAT X —X 25 LRHAMKGE T VE HEREE T VICHARAD Z
T, FHMliE NS 7 RCEBEREEYE BRI A TR RRE L 5. AFRR, 2E T — X oiHliE N4
7ADMBEICEH LHDTOFETH D, HAZBBRAE T MIBWTIHEE N4 7 RIHEBRE TV
FRGETHEEBTE .
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(AWFZE OFFHII LR R D [FHHliE N A 7 A DHEZE R LU REEE BERATFE, B X ORER
X [5] BRI Ni0. £z, KRiid Al in education 7D+ v FH > 7 7 L A TH2 AIED T Best

paper runner-up %5 L7z.]

3.2 FHEZEMAARLRBZEEHRESETI

AFTER LR EZ AT 2 BEHRETIE L REYE IS BB A FRIIM L n s 2
EMZVD, INHDZODT Tu—FIIARRIIBET 2 TFETIERL, TAFNCELRZFHRZAELTY
5. BRI, BREFER-ZDOFHRITFEROHBIAA X L ITHEOWT, MR T 57— XIZEDE R
BZERTZ2 VWO FEDH L. ZHUTH L, FEERN—-ATFIETIE, RFEOMETHENEDIKEES 1L
TEREERRMEEZAHT 22T, HEEOHBARX 2T TR WREZIRZ % 2D FlE
H5.

ZIT, HEEEDIWE, ITh6D =207 7u—F G Lzt 7V v FFREZIRE LK [4]. 12
RFER, BEFPEETLVTHEOLNZFHMEIARY PLVIAFTHEI LAELELNLVORELZHEGT 5
FIETH 2. AFERE, MFEORAREEYEHIRATET VICAZICHEAT 2 2P TE, ZAETICH
HINTELANRHBELZIEHT2 22T, HEEZKEIWETE 2.

(AT DOFENIFERRED “Neural Automated Essay Scoring Incorporating Handcrafted Features”, B
F OB [4] 2R E 0]

3.3 RBEORNEZZERLILEESEXNEHR-ETIL

FRE HI1F, WEILAAMEZ NG L, KEEEHTHRSE T LVOMEDTHR-TWVS [6, 12]. FXR
HoOWE (6, 12] TiF, EELAAMEIEBAMEZEL T A Po—fe LTLELIEHEEEIN S Z &
WEHT 2R TH L. TAMIREORNEZRET 2V —LTH S0, F—7 R b LOEELARR
M & B REATE T 2B NIEILEE I OFET 2 L IRETE S, 202 eld, FA—7 A MHNOKHE
KUED HHEE SN 2 BZFE OREN PR E LA EOBR A TR OMBERICRD 52 e Z2RBLT
W3, ZIZTAWIFETIE, FEAMEANDIEMRT — X0 oHE I N2 2ZBEOENER KT X 28727k
FEPEHERRE T VERE L. BRNCE, BEYEBIRETE T VORI TER SN 2 RELD
DRRBERT bV FFEX DR ERTEERTTOERAR Y bL) 12, FEAMEADIE#RT— 220 5IHE
KIS 2 AW THEE SN2 ZBEORNEERAE LT, MEXOREETHITZ2ET AL EHEL TV,

RIS DRI R R LE D “Automated Short-answer Grading using Deep Neural Networks and Item
Response Theory”, ¥ X UBEER [6, 12] ZZM X iz\0.]
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A generalized many-facet Rasch model and its Bayesian estimation
using Hamiltonian Monte Carlo*

—MLZHT v Y 2TV DREL
NINWDMZT VYT AINVETERIZED K R ZHEETED BT

FHOHERE - A E R

CERlIEPNES

1 Introduction

In various assessment contexts, there is increased need to measure practical, higher-
order abilities such as problem solving, critical reasoning, and creative thinking skills (e.g.,
[1, 2, 3, 4, 5]). To measure such abilities, performance assessments in which raters assess ex-
aminee outcomes or processes for performance tasks have attracted much attention [1, 6, 7].
Performance assessments have been used in various formats such as essay writing, oral pre-
sentations, interview examinations, and group discussions.

In performance assessments, however, difficulty persists in that ability measurement ac-
curacy strongly depends on rater and task characteristics, such as rater severity, consistency,
range restriction, task difficulty, and discrimination (e.g., [2, 3, 4, 8,9, 10, 11, 12, 13]). There-
fore, improving measurement accuracy requires ability estimation considering the effects of
those characteristics [1, 5, 11].

For this reason, item response theory (IRT) models that incorporate rater and task charac-
teristic parameters have been proposed (e.g., [5, 14, 15, 16]). One representative model is the
many-facet Rasch model (MFRM) [16]. Although several MFRM variations exist [2, 9, 14],
the most common formation is defined as a rating scale model (RSM) [17] that incorporates
rater severity and task difficulty parameters. This model assumes a common interval rating
scale for all raters, but it is known that in practice, rating scales vary among raters due to the
effects of range restriction, a common rater characteristic indicating the tendency for raters
to overuse a limited number of rating categories [2, 3, 8, 10, 18]. Therefore, this model does
not fit data well when raters with a range restriction exist, lowering ability measurement
accuracy. To address this problem, another MFRM formation that relaxes the condition
for an equal-interval rating scale for raters has been proposed [16]. This model, however,
still makes assumptions that might not be satisfied, namely a same rating consistency for all
raters and same discrimination power for all tasks [5, 19]. To relax these assumptions, an IRT
model that incorporates parameters for rater consistency and task discrimination has also

* RS D BE R SUZIRDIE D TH 5.
- Masaki Uto, Maomi Ueno (2020) A generalized many-facet Rasch model and its Bayesian estimation using
Hamiltonian Monte Carlo. Behaviormetrika, Springer, Vol. 47, Issue. 2, pp. 469-496.
- Masaki Uto, Maomi Ueno (2018) Item response theory without restriction of equal interval scale for rater’s
score. International Conference on Artificial Intelligence in Education (AIED), pp.363-368.
- PR - SRR (2018) ¥ T TR AR ¥ MBS B BEFN A (i E B RS, B aEYa
FXEE D, Vol. 101, No.1, pp.211-224.
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been proposed [5]. Performance declines when raters with range restrictions exist, however,
because like conventional MFRM the model assumes equal interval scales for raters.

The three rater characteristics assumed in the conventional models—severity, range re-
striction, and consistency—are known to generally occur when rater diversity increases [2, 3,
5, 8, 10, 18, 20], and ignoring any one will decrease model fitting and measurement accuracy.
However, no models capable of simultaneously considering all these characteristics have been
proposed so far.

One obstacle for developing such a model is the difficulty of parameter estimation. The
MFRM and its extensions conventionally use maximum likelihood estimations. However,
this generally leads to unstable, inaccurate parameter estimations in complex models. For
complex models, a Bayesian estimation method called expected a posteriori (EAP) estimation
generally provides more robust estimations [5, 21]. EAP estimation involves solutions to
high-dimensional multiple integrals, and thus incurs high computational costs, but recent
increases in computational capabilities and the development of efficient algorithms such as
Markov chain Monte Carlo (MCMC) make it feasible. In IRT studies, EAP estimation using
MCMC has been used for hierarchical Bayesian IRT, multidimensional IRT, and multilevel
IRT [21].

We therefore propose a new IRT model that can represent all three rater characteristics
and applies a developed Bayesian estimation method using MCMC. Specifically, the proposed
model is formulated as a generalization of the MFRM without equal interval rating scales for
raters. The proposed model has the following benefits:

1) Model fitting is improved for an increased variety of raters, because the characteristics
of each rater can be more flexibly represented.

2) More accurate ability measurements will be provided when the variety of raters increases,
because abilities can be more precisely estimated considering the effects of each rater’s
characteristics.

We also present a Bayesian estimation method for the proposed model using No-U-Turn

Hamiltonian Monte Carlo, a state-of-the-art MCMC algorithm [22]. We further demonstrate

that the method can appropriately estimate model parameters even when the sample size is

relatively small, such as the case of 30 examinees, 3 tasks, and 5 raters.

2 Data

This study assumes that performance assessment data X consist of a rating z;;, € K =
{1,2,---, K} assigned by rater r € R = {1,2,--- , R} to performance of examinee j € J =
{1,2,---,J} for performance task i € Z = {1,2,--- ,I}. Therefore, data X are described as

X ={zij|rijr e CU{-1},i€T,j €T, r e R}, (1)

where x;;, = —1 represents missing data.

This study aims to accurately estimate examinee ability from rating data X. In per-
formance assessments, however, a difficulty persists in that ability measurement accuracy
strongly depends on rater and task characteristics (e.g., [2, 3, 4, 8, 10, 11, 12, 23, 24]).
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3 Common rater and task characteristics

The following are common rater characteristics on which ability measurement accuracy
generally depends:
1) Sewverity: The tendency to give consistently lower ratings than are justified by perfor-
mance.

2) Consistency: The extent to which the rater assigns similar ratings to performances of
similar quality.

3)  Range restriction: The tendency to overuse a limited number of rating categories. Special
cases of range restriction are the central tendency, namely a tendency to overuse the
central categories, and the extreme response tendency, a tendency to prefer endpoints
of the response scale [25].

The following are typical task characteristics on which accuracy depends:

1)  Difficulty: More difficult tasks tend to receive lower ratings.

2)  Discrimination: The extent to which different levels of the ability to be measured are
reflected in task outcome quality.

To estimate examinee abilities while considering these rater and task characteristics, item
response theory (IRT) models that incorporate parameters representing those characteristics
have been proposed (e.g., [5, 14, 15, 16]). Before introducing these models, the following
section describes the conventional IRT model on which they are based.

4 Item response theory

IRT [26], which is a test theory based on mathematical models, has been increasingly used
with the widespread adoption of computer testing. IRT hypothesizes a functional relationship
between observed examinee responses to test items and latent ability variables that are
assumed to underlie the observed responses. IRT models provide an item response function
that specifies the probability of a response to a given item as a function of latent examinee
ability and the item’s characteristics. IRT offers the following benefits:

1) Tt is possible to estimate examinee ability while considering characteristics of each test
item.

2) Examinee responses to different test items can be assessed on the same scale.

3) Missing data can be easily estimated.

IRT has traditionally been applied to test items for which responses can be scored as
correct or incorrect, such as multiple-choice items. In recent years, however, there have
been attempts to apply polytomous IRT models to performance assessments [1, 23, 27]. The
following subsections describe two representative polytomous IRT models: the generalized
partial credit model (GPCM) [28] and the graded response model (GRM) [29].
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4.1 Generalized partial credit model

The GPCM gives the probability that examinee j receives score k for test item i as

CXp Zm 1 [Ozl( Bzm)]
S X Yy [ (05 — Bim)]

where ¢; is a discrimination parameter for item i, 5;; is a step difficulty parameter denoting
difficulty of transition between scores k — 1 and k in the item, and 60, is the latent ability of
examinee j. Here, §;; = 0 for each ¢ is given for model identification.

Decomposing the step difficulty parameter S;; to 5; + dix, the GPCM is often described

Pijk - €Xp Zm 1 [al< 61 — zm)] (3)
St exp Y,y [l — B = dim)]
where ; is a positional parameter representing the difficulty of item ¢ and d;; is a step
parameter denoting difficulty of transition between scores k — 1 and k for item ¢. Here,
d;1 = 0 and Z,I::Q d;r. = 0 for each ¢ are given for model identification.

The GPCM is a generalization of the partial credit model (PCM) [30] and the rating scale
model (RSM) [17]. The PCM is a special case of the GPCM, where a; = 1.0 for all items.
Moreover, the RSM is a special case of PCM, where 3 is decomposed to [3; + dj. Here, dj,
is a category parameter that denotes difficulty of transition between categories k — 1 and k.

(2)

ijk =

as

4.2 Graded response model

The GRM is another polytomous IRT model that has item parameters similar to those of
the GPCM. The GRM gives the probability that examinee j obtains score k for test item ¢
as

Pijr = ;}k—l - ;}ka (4)
* 1 P— .« .. —_—
Pwk T+exp (—a;(0;—bir)) k=1, K =1,
Fjjo =1, (5)
P;;K = 07

In these equations, b;. is the upper-grade threshold parameter for category k of item i,
indicating the difficulty of obtaining a category greater than or equal to k for item 7. The
order of difficulty parameters is b;; < bs < «++ < bjx_1.

4.3 Interpretation of item parameters

This subsection presents item characteristic parameters based on the Eq. (3) form of the
GPCM, which has the most item parameters of the models described above.

Figure 1 depicts item response curves (IRCs) of the GPCM for four items with the param-
eters presented in Table 1, with the horizontal axis showing latent ability # and the vertical
axis showing probability P,;;,. The IRCs show that examinees with lower (higher) ability
tend to obtain lower (higher) scores.
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Figure 1: IRCs of the GPCM for four items with different parameters.

Table 1: Parameters used in Fig. 1.

o B dio diz  dig  dis
Item1 15 0.0 —-15 0.5 08 1.2
Item2 15 15 —-15 05 08 1.2
Item3 0.5 00 —-15 05 08 1.2
Item4 1.5 0.0 —-15 0.5 0.0 2.0

The difficulty parameter (; controls the location of the IRC. As the value of this parameter
increases, the IRC shifts to the right. Comparing the IRCs for ltem 2 with those for Item 1
shows that obtaining higher scores is more difficult in items with higher difficulty parameter
values.

[tem discrimination parameter «; controls differences in response probabilities among the
rating categories. The IRCs for Item 3in Fig. 1 show that lower item discriminations indicate
smaller differences. This trend implies increased randomness of ratings assigned to examinees
for low-discrimination items. Low-discrimination items generally lower ability measurement
accuracy, because observed data do not necessarily correlate with true ability.

Parameter d;; represents the location on the # scale at which the adjacent categories k
and k—1 are equally likely to be observed [14, 31]. Therefore, when the difference (k1) — dik
increases, the probability of obtaining category k increases over widely varying ability scales.
In Item 4, the response probability for category 4 had a higher value than those for other
items, because d;5 — d;4 is relatively larger.
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5 IRT models incorporating rater parameters

As described in Section 2, this study applies IRT models to three-way data X comprising
examinees X tasks x raters. However, the models introduced above are not directly applicable
to such data. To address this problem, IRT models that incorporate rater characteristic
parameters have been proposed [5, 15, 16, 19, 32]. In these models, item parameters are
regarded as task parameters.

The MFRM [16] is the most common IRT model that incorporates rater parameters.
The MFRM belongs to the family of Rasch models [33], including the RSM and the PCM
introduced in Subsection 4.1. The MFRM has been conventionally used for analyzing various
performance assessments (e.g., [2, 8, 9, 10, 14]).

Several MFRM variations exist [2, 9, 14], but the most common formation is defined as
a RSM that incorporates a rater severity parameter. This MFRM provides the probability
that rater r responds in category k to examinee j’s performance for task i as

exp oy [0 — Bi — By — du)
leil eXp Zlmzl [0 — Bi — By — du] ’

where f3; is a positional parameter representing the difficulty of task ¢, 3, denotes the severity
of rater r, and 5,—1 =0, d; = 0, and 2522 d = 0 are given for model identification.

A unique feature of this model is that it is defined using the fewest parameters among
existing IRT models with rater parameters. The accuracy of parameter estimation generally
increases as the number of parameters per data decreases [5, 34, 35, 36]. Consequently, this
model is expected to provide accurate parameter estimations if it fits well to the given data.

Because it assumes an equal interval scale for raters, however, this model does not fit well
to data when rating scales vary across raters, lowering measurement accuracy. Differences in
rating scales among raters are typically caused by the effects of range restriction [2, 3, 8, 10,
18]. To relax the restriction of equal-interval rating scale for raters, another formation of the
MFRM has been proposed [16]. That model provides probability P;;,j as

Pijrk =

(6)

€xp Z’]:rL:]_ [9j - 57, - Br - drm]
Zl[il exp ZinZI [Qj - ﬁz - /BT - drm] 7

f)ijrk’ - (7>

where, d, is the difficulty of transition between categories k — 1 and k for rater r, reflecting
how rater r tends to use category k. Here, 8,—1 =0, d,;y = 0, and Zszz d.;, = 0 are given for
model identification. For convenience, we refer to this model as “TMFRM” below.

This model, however, still assumes that rating consistency is the same for all raters and
that all tasks have the same discriminatory power, assumptions that might not be satisfied in
practice [5]. To relax these constraints, an IRT model that allows differing rater consistency
and task discrimination power has been proposed [5]. The model is formulated as an extension
of GRM, and provides the probability P;j. as

_ * *
Pijrk = Pijrr—1 — Pijers (8)
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Figure 2: TRCs of MFRM for two raters with different severity.

* = 1 p— .« .. J—
'Pijrk T 1+exp(—oyar (0 —bik—er)) k= 1’ 7K ]-;

1370 )

* —_—

ik = 0,

where «; is a discrimination parameter for task ¢, «, reflects the consistency of rater r,
e, represents the severity of rater r, and b;, denotes the difficulty of obtaining score k for
task ¢ (with by < big < -++ < bjx_1). Here, a1 = 1 and &1 = 0 are assumed for model
identification. For convenience, we refer to this model as “rGRM” below.

5.1 Interpretation of rater parameters

This subsection describes how the above models represent the typical rater characteristics
introduced in Section 3.

Rater severity is represented as 3, in MFRM and tMFRM and as ¢, in rtGRM. The
IRC shifts to the right as this parameter values increases, indicating that raters tend to
consistently assign low scores. To illustrate this point, Fig. 2 shows IRCs of the MFRM
for raters with different severity. Here, we used a low severity value 3, = —1.0 for the left
panel and a high value ., = 1.0 for the right panel. Other model parameters were the same.
Figure 2 shows that the IRC for a severe rater is farther right than that for the lenient rater.

Only tMFRM describes the range restriction characteristic, represented as d,,. When
dy(k+1y and d,, are closer, the probability of responding with category k decreases. Conversely,
as the difference d,(;41) — d,1 increases, the response probability for category k also increases.
Figure 3 shows IRCs of the rMFRM for two raters with different d,; values. We used
do =—1.5,d,3 =0.0, d., = 0.5, and d,5 = 1.5 for the left panel, and d,, = —2.0, d,3 = —1.0,
d.y = 1.0, and d,.5 = 1.5 for the right panel. The left-side item has relatively larger values
of d.3 — d,o and d,5 — d,4, thus increasing response probabilities for categories 2 and 4 in
the IRC. The right-side item shows that the response probability for category 3 is increased,
because d,4 — d,3 has a larger value. The points presented above illustrate that parameter
d,j reflects the range restriction characteristic.

rGRM represents rater consistency as a,., with lower values indicating smaller differences
in response probabilities between the rating categories. This reflects that raters with a lower
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Figure 3: IRCs of tMFRM for two raters with different range restriction characteristics.
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Figure 4: TRCs of rGRM for two raters with different consistency.

Table 2: Rater and task characteristics assumed in each model.

Rater characteristics Task characteristics
Severity ~Consistency Range Difficulty Discrimination
restriction
MFRM v v
rMFRM v v v
rGRM v v v v

consistency parameter have stronger tendencies to assign different ratings to examinees with
similar ability levels. Figure 4 shows IRCs of rGRM for two raters with different consistency
levels. The left panel shows a high consistency value «,. = 2.0 and the right panel shows a
low value «,, = 0.8. In the right-side IRC, differences in response probabilities among the
categories are small.

The interpretation of task characteristics is similar to that of the item characteristic
parameters described in Subsection 4.3.
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5.2 Remaining problems

Table 2 summarizes the rater and task characteristics considered in the conventional models.

This table shows that all the models can represent the task difficulty and rater severity,

despite the following differences:

1) MFRM is the simplest model that incorporates only task difficulty and rater severity
parameters.

2) rMFRM is the only model that can consider the range restriction characteristic.

3) A unique feature of rGRM is its incorporation of rater consistency and task discrimina-
tion.

Table 2 also shows that none of these models can simultaneously consider all three rater

parameters, which are known to generally occur when rater diversity increases [2, 3, 5, 8, 10,

18, 20]. Thus, ignoring any one will decrease model fitting and ability measurement accuracy.

We thus propose a new IRT model that incorporates all three rater parameters.

5.3 Other statistical models for performance assessment

The models described above have been proposed as IRT models that directly incorporate
rater parameters. A different model, the hierarchical rater model (HRM) [19, 23], introduces
an ideal rating for each outcome and hierarchical structure data modeling. In the HRM,
however, the number of ideal ratings, which should be estimated from given rating data,
rapidly increases as the number of examinees or tasks increases. Ability and parameter esti-
mation accuracies are generally reduced when the number of parameters per data increases.
Therefore, accurate estimations under the HRM are more difficult than those for the models
introduced above.

Several statistical models similar to the HRM have been proposed without IRT [37, 38,
39, 40, 41, 42, 43, 44]. However, those models cannot estimate examinee ability, because they
do not incorporate an ability parameter.

From the above, we are not concerned with the models described in this subsection.

6 Proposed model

To address the problems described in Subsection 5.2, we propose a new IRT model that
incorporates the three rater characteristic parameters. The proposed model is formulated as
a TMFRM that incorporates a rater consistency parameter and further incorporates a task
discrimination parameter like that in rGRM. Specifically, the proposed model provides the
probability that rater r assigns score k to examinee j’s performance for task i as

€xp Zilzl [arai(ej - /B’L - 5r - drm)]
leil eXp an:l [O‘Tai(ej - /BZ - ﬁr - drm)]

Pijrk = ) (9)

In the proposed model, rater consistency, severity, and range restriction characteristics are re-
spectively represented as «.., 8, and d,;. Interpretations of these parameters are as described
in Subsection 5.1.
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The proposed model entails a non-identifiability problem, meaning that parameter values
cannot be uniquely determined because different value sets can give same response probability.
For the proposed model without task parameters, parameters are identifiable by assuming a
specific distribution for the ability and constraining d,; = 0 and Zszz d.r = 0 for each r,
because this is consistent with conventional GPCM in which item parameters are regarded as
rater parameters. However, the proposed model still has indeterminacy of the scale for «,.q;
and that of the location for 5; + ., even when these constraints are given. Specifically, the
response probability P, with o, and a; engenders the same value of P;;,, with a. = a,c
and of = % for any constant c, because a;.o) = (o,¢)% = a,q;. Similarly, the response
probability with f; and 3, engenders the same value of P,;; with 5, = 5,4+ c and §. = 5, — ¢
for any constant ¢, because 5 + . = (8; + ¢) + (B, — ¢) = B; + B,. Scale indeterminacy,
as in the «,q; case, is known to be removable by fixing one parameter or by restricting the
product of some parameters [21]. Furthermore, location indeterminacy, as in the §; + 3, case,
is solvable by fixing one parameter or by restricting the mean of some parameters [21]. This
study therefore uses the restrictions Hi[:1 a; =1, Zfil B; =0, d., =0, and Zszz d.. = 0 for
model identification, in addition to assuming a specific distribution for the ability.

The proposed model improves model fitting when the variety of raters increases, because
the characteristics of each rater can be more flexibly represented. It also more accurately
measures ability when rater variety increases, because it can estimate ability by more pre-
cisely reflecting rater characteristics. Note that ability measurement is improved only when
the decrease in model misfit by increasing parameters exceeds the increase in parameter es-
timation errors caused by the decrease in data per parameter. This property is known as the
bias—accuracy tradeoff [45].

7 Parameter estimation

This section presents the parameter estimation method for the proposed model.

Marginal maximum likelihood estimation using an EM algorithm is a common method
for estimating IRT model parameters [46]. However, for complex models like that used in
this study, EAP estimation, a form of Bayesian estimation, is known to provide more robust
estimations [5, 21].

EAP estimates are calculated as the expected value of the marginal posterior distribution
of each parameter [21, 35]. The posterior distribution in the proposed model is

9(037 log g, log (8 7% /3i7 /61"a d’r’k|X)
X L(X|0]7 log (879 lOg (8 7% ﬁi? 167‘7 drk)g(ej |T9)
g(log o[ 7a,)g(log ar|7a,)9(Bil75,) 9(Br|75,) 9(drk|7a),  (10)

where
L(X|037 log O, lOg (879 IBia /6'!‘7 d'r‘k) = Hj:lnz‘I:lHy]«%:lH][::l(Pij?“k)Zikav (11)
1: Lijr = k,
Ziirk = 12
ark {O : otherwise. (12)
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Therein, 6; = {0; | j € T}, logoy; = {logo; | i € I}, B; = {f: | i € I}, logax,, = {logay, |
reR}, Br=1{B|r e R}, and dpp = {dy | r € R,k € K}. Here, g(S|75) = [[,c59(5[7s)
(where S is a set of parameters) indicates a prior distribution. 7, is a hyperparameter for
parameter s, which is arbitrarily determined to reflecting analyst’s subjectivity.

The marginal posterior distribution for each parameter is derived marginalizing across all
parameters except the target one. For a complex IRT model, however, it is generally infea-
sible to derive the marginal posterior distribution or to calculate it using numerical analysis
methods such as the Gaussian quadrature integral, because doing so requires solutions to
high-dimensional multiple integrals. MCMC, a random sampling—based estimation method,
can be used to address this problem. The effectiveness of MCMC has been demonstrated in
various fields [35, 47, 48, 49]. In IRT studies, MCMC has been used for complex models such
as hierarchical Bayesian IRT, multidimensional IRT, and multilevel IRT [21, 50].

7.1 MCMC algorithm

The Metropolis-Hastings-within-Gibbs sampling method (Gibbs/MH) [15] has been com-
monly used as a MCMC algorithm for parameter estimation in IRT models. The algorithm
is simple and easy to implement [15, 51, 52], but it requires long times to converge to the target
distribution because it explores the parameter space via an inefficient random walk [22, 53].

The Hamiltonian Monte Carlo (HMC) is an alternative MCMC algorithm with high
efficiency [47]. Generally, HMC quickly converges to a target distribution in complex high-
dimensional problems if two hand-tuned parameters, namely step size and simulation length,
are appropriately selected [22, 54, 53]. In recent years, the No-U-Turn (NUT) sampler [22], an
extension of HMC that eliminates hand-tuned parameters, has been proposed. The “Stan”
software package [55] makes implementation of a NUT-based HMC easy. This algorithm has
thus recently been used for parameter estimations in various statistical models, including
IRT models [56, 57].

We therefore use a NUT-based MCMC algorithm for parameter estimations in the pro-
posed model. The estimation program was implemented in RStan [58]. The developed Stan
code is provided in an Appendix. In this study, the prior distributions are set as ¢;, log oy,
log o, 3, Br, and dyp ~ N(0.0,1.0%), where N(u,0?) is a normal distribution with mean
and standard deviation o. Furthermore, we calculate EAP estimates as the mean of param-
eter samples obtained from 500 to 1,000 periods of three independent MCMC chains.

7.2 Accuracy of parameter recovery

This subsection evaluates parameter recovery accuracy under the proposed model using the

MCMC algorithm. The experiments were conducted as follows:

1) Randomly generate true parameters for the proposed model from the distributions de-
scribed in Subsection 7.1.

2) Randomly sample rating data given the generated parameters.

3) Using the data, estimate the model parameters by the MCMC algorithm.
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Table 3: Results of the parameter recovery experiment.
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4) Calculate root mean square deviations (RMSEs) and biases between the estimated and

true parameters.

5) Repeat the above procedure ten times, then calculate average values of the RMSEs and

biases.

The above experiment was conducted while changing numbers of examinees, tasks, and
raters as J € {30,50,100}, I € {3,4,5}, and R € {5,10,30}. The number of categories K

was fixed to five.
Table 3 shows the results, which confirm the following tendencies:

1) The accuracy of parameter estimation tends to increase with the number of examinees.
2) The accuracy of ability estimation tends to increase with the number of tasks or raters.

These tendencies are consistent with those presented in previous studies [5, 20].
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Table 4: Rules for creating rating data that imitate behaviors of raters with specific charac-
teristics.

Behavior pattern Transformation procedure

(A) Low consistency | 50% of rater ratings are changed to randomly selected rating
categories.

(B) Strong range re- | After randomly selecting two categories k' and k", where k' <

striction X, < k" (X, is the average of ratings by rater r), 50% of the

ratings are changed to k&’ if the rating is less than X, and to
k" otherwise.

(C) Both behaviors | Both the above transformation rules are simultaneously ap-
plied.

Furthermore, we can confirm that the average biases were nearly zero in all cases, indi-
cating no overestimation or underestimation of parameters. We also confirmed the Gelman—
Rubin statistic R [59, 60], which is generally used as a convergence diagnostic. Values for
these statistics were less than 1.1 in all cases, indicating that the MCMC runs converged.

From the above, we conclude that the MCMC algorithm can appropriately estimate
parameters for the proposed model.

8 Simulation experiments

This section describes a simulation experiment for evaluating the effectiveness of the
proposed model.

This experiment compares the model fitting and ability estimation accuracy using simu-
lation data created to imitate behaviors of raters with specific characteristics. Specifically,
we examine how rater consistency and range restrictions affect the performance of each
model. Rater severity is not examined in this experiment, because all conventional models
have this parameter. We compare performance of the proposed model with that of rMFRM
and rGRM. Note that MFRM is not compared because all characteristics assumed in that
model are incorporated in the other models. To examine the effects of rater consistency and
range restriction parameters in the proposed model, we also compare two sub-models of the
proposed model that restrict «,. and d,; to be constant for r € R.

The experiments were conducted using the following procedures:

1) Setting J =30, I =5, R = 10, and K = 5, sample rating data from the MFRM (the
simplest model) after the true model parameters are randomly generated.

2) For a randomly selected 20%, 40%, and 60% of raters, transform the rating data to
imitate behaviors of raters with specific characteristics by applying a rule in Table 4.

3) Estimate the parameters for each model from the transformed data using the MCMC
algorithm.

4) Calculate information criteria for comparison of model fitting to the data. As the infor-
mation criteria, we use the widely applicable information criterion (WAIC) [61] and an
approximated log marginal likelihood (log ML) [62], which have previously been used for
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Table 5: Results of model comparison using information criteria. (Values in parentheses are
the standard deviation of the rank.)

WAIC
Rate of Behavior Proposed model rMFRM  rGRM
changed data pattern No restriction d, fixed «, fixed
20% (A) 1.7 (0.5) 1.3 (0.5) 4.4 (0.5) 4.6 (0.5) 3.0 (0.0)
(B) 2 (1.0) 3.8 (0.6) 2 (0.8) 1.8 (0.9) 5.0 (0.0)
(C) 1.1 (0.3) 2.1 (0.6) 3 (0.7) 1(0.7) 3.4 (1.2)
40% (A) 1.4 (0.5) 1 6 (0.5) 4 (0.5) 4.6 (0.5) 3.0 (0.0)
(B) 1.8 (0.9) 0 (0.0) (0 7) 1.8 (0.8) 5.0 (0.0)
(C) 1.0 (0.0) 5 (1.0) 4 (0.7) 3.4 (0.5) 3.7(1.3)
60% (A) 1.1 (0.3) 9 (0.3) 2 (0.4) 4.0(0.9) 3.8(1.0)
(B) 1.8 (0.9) 0 (0.0) 4 (0.7) 1.8 (0.8) 5.0(0.0)
(C) 1.0 (0.0) 8 (0.6) 3 1(0.3) 2.1(0.3) 5.0(0.0)
log ML
Rate of Behavior Proposed model rMFRM rGRM
changed data pattern No restriction d,; fixed ar fixed
20% (A) 1.2 (0.4) 1.8 (0.4) 4 (0.5) 4.6 (0.5) 3.0 (0.0)
(B) 1.2 (0.4) 3.9 (0.3) 2 4 (0.5) 2.5 (1.0) 5.0 (0.0)
(C) 1.0 (0.0) 2.2 (0.4) 4.4(0.7) 4.0(0.7) 3.4(1.2)
40% (A) 1.0 (0.0) 2.0 (0.0) 4.5 (0.5) 4.5 (0.5) 3.0 (0.0)
(B) 1.0 (0.0) 4.0 (0.0) 2.5 (0.5) 2.5(0.5) 5.0 (0.0)
(C) 1.0 (0.0) 2.5 (1.0) 4.3 (0.7) 3.5(0.5) 3.7 (1.4)
60% (A) 1.0 (0.0) 2.0 (0.0) 4.3 (0.5) 3.9(0.9) 3.8(1.0)
(B) 1.2 (0.4) 4.0 (0.0) 2.3 (0.8) 2.5(0.5) 5.0(0.0)
(C) 1.0 (0.0) 3.8 (0.6) 3.0 (0.5) 2.2(0.4) 5.0(0.0)

IRT model comparison [5, 36, 63]. Note that we use an approximate log ML [62], which
is calculated as the harmonic mean of likelihoods sampled during MCMC, because exact
calculation of ML is intractable due to the high-dimensional integrals involved. The
model minimizing criteria scores is regarded as the optimal model. After ordering the
models by each information criterion, calculate the rank of each model.

5) To evaluate the accuracy of ability estimation, calculate the RMSE and the correlation
between true ability values and ability estimates as calculated from the transformed data
in Procedure 3. Note that the RMSE was calculated after standardizing both the true
and the estimated ability values, because the scale of ability differs between the MFRM
from which the true values generated and a target model.

6) Repeat the above procedures ten times, then calculate the average rank and correlation.

Table 5 and Table 6 show the results. In these tables, bold text represents highest values
for ranks, correlations, and lowest RMSEs, and underlined text represents the next good
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Table 6: Accuracy of ability estimation in the simulation experiment.

RMSE
Rate of Behavior Proposed model rMFRM rGRM
changed data pattern No restriction d,; fixed «, fixed

20% (A) 0.1277 0.1287 0.1557 0.1518 0.1444
(B) 0.1285 0.1309 0.1282  0.1254 0.1389

(©) 0.1508 0.1483  0.1863 0.1846  0.1651

40% (A) 0.1585 0.1578  0.2177 0.2146  0.1679
(B) 0.1332 0.1386  0.1321 0.1361 0.1522

()] 0.1760 0.1810 0.2450 0.2432  0.1934

60% (A) 0.1793 0.1798 0.2606 0.2588  0.2005
(B) 0.1520 0.1582 0.1542 0.1542  0.1790

(C) 0.2112 0.2169 0.2944 0.2908  0.2539

Correlation
Rate of Behavior Proposed model rMFRM rGRM
changed data pattern No restriction d,; fixed «, fixed

20% (A) 0.9913 0.9912 0.9872 0.9878  0.9888
(B) 0.9912 0.9908 0.9912 0.9916 0.9894

(C) 0.9878 0.9883  0.9814 0.9818 0.9854

40% (A) 0.9869 0.9870  0.9751 0.9758  0.9851
(B) 0.9907 0.9900 0.9907 0.9903 0.9878

(C) 0.9831 0.9822 0.9673 0.9679  0.9790

60% (A) 0.9829 0.9827 0.9643 0.9646  0.9787
(B) 0.9877 0.9864 0.9872 0.9873  0.9826

(C) 0.9765 0.9752 0.9541 0.9554  0.9660

values. The results show that the model performance strongly depends on whether the
model can represent rater characteristics appearing in the assessment process. Specifically,
the following findings were obtained from the results:

e For data with rating behavior pattern (A), in which raters with lower consistency exist,
the models with rater consistency parameter «, (namely, rGRM and the proposed
model with or without the constraint d,;) tend to fit well and provide high ability
estimation accuracy.

e For data with rating behavior pattern (B), in which raters with range restrictions exist,
the models with the d,, parameter (namely, rMFRM and the proposed model with or
without the constraint «,.) provide high performance.

e For data with rating behavior pattern (C), in which both raters with range restric-
tion and those with low consistency exist, the proposed model provides the highest
performance, because it is the only model that incorporates both rater parameters.
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Table 7: Instructions given to ten raters to obtain responses for specific characteristics.

Rater Index Instruction

1,2,3 Grade essays after quickly reading each essay (within 15 seconds).
Assign categories 2 and 4 for more than half of essays.

Assign categories 1 and 4 for more than half of essays.

Assign categories 1 and 5 for more than half of essays.

Assign categories 1, 2, and 4 for more than half of essays.

8,9 Grade strictly to decrease the average score.

10 Grade leniently to increase the average score.

~N O O W~

These results confirm that the proposed model provides better model fitting and more
accurate ability estimations than do the conventional models when assuming varying rater
characteristics. Furthermore, these results demonstrate that rater parameters «, and d,
appropriately reflect rater consistency and range restriction characteristics, as expected.

9 Actual data experiments

This section describes actual data experiments performed to evaluate performance of the
proposed model.

9.1 Actual data

This experiment uses rating data obtained from a peer assessment activity among university

students. We selected this situation because it is a typical example in which the existence

of raters with various characteristics can be assumed (e.g., [13, 64, 65]). We gathered actual

peer assessment data through the following procedures:

1) Subjects were 34 university students majoring in various STEM fields, including statis-
tics, materials, chemistry, engineering, robotics, and information science.

2) Subjects were asked to complete four essay-writing tasks from the National Assessment
of Educational Progress (NAEP) assessments in 2002 and 2007 [66, 67]. No specific or
preliminary knowledge was needed to complete these tasks.

3) After the subjects completed all tasks, they were asked to evaluate the essays of other
subjects for all four tasks. These assessments were conducted using a rubric based on
assessment criteria for grade 12 NAEP writing [67], consisting of five rating categories
with corresponding scoring criteria.

In this experiment, we also collected rating data that simulate behaviors of raters with
specific characteristics. Specifically, we gathered ten other university students and asked
them to evaluate the 134 essays written by the initial 34 subjects following the instructions
in Table 7. The first three raters are expected to provide inconsistent ratings, the next four
raters to imitate raters with a range restriction, and the last three raters to simulate severe
or lenient raters. For simplicity, hereinafter we refer to such raters as controlled raters.

We evaluate the effectiveness of the proposed model using these data.
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Table &:

Parameters for peer raters

Parameter estimates

ro| ap Br dy2 dy3 dra  dys r| ap Br dy2 dy3 dra  dys
110.78 -0.32 -1.35 -0.04 0.17 1.21 18|1.52 -0.05 -1.20 -0.23 0.37 1.06
2 10.70 -0.10 -0.26 -0.56 -0.14 0.96 19|1.71 0.00 -1.93 -0.22 1.32 0.83
31160 0.10 -0.74 -0.18 0.32 0.59 20|1.31 0.40 -1.27 -0.55 0.16 1.66
4 11.04 -0.16 -1.53 -0.36 0.06 1.84 21/0.69 -0.24 -1.04 0.08 0.52 0.44
51080 -0.52 -1.73 -0.30 0.70 1.33 22|1.44 0.04 -1.67 -0.33 0.59 1.41
61090 -0.30 -1.60 -0.14 0.36 1.38 23|0.96 0.01 -1.48 -1.32 0.84 1.95
71071 052 -0.42 -0.44 0.74 0.12 24|0.48 -0.01 -1.16 -0.68 0.79 1.05
8 11.76 0.05 -1.34 -0.55 0.63 1.27 25|0.73 -0.34 -0.58 0.05 0.21 0.31
9 11.15 0.50 -1.61 -0.10 0.30 1.41 26|0.79 0.13 -0.77 -0.50 0.37 0.89
1010.74 -0.33 -0.42 -0.14 0.14 0.42 27|0.73 -0.63 -1.71 -0.22 0.92 1.00
11/0.98 -0.40 -1.18 -0.61 0.49 1.30 28|1.35 -0.23 -1.31 -0.14 0.44 1.00
1210.95 -0.39 -1.61 -0.59 0.54 1.65 29|0.82 -0.36 -0.75 -0.65 0.70 0.70
13/0.82 0.36 -1.05 -0.11 0.48 0.67 30|0.46 0.52 -1.19 0.17 0.14 0.88
1410.81 0.01 -1.74 -0.09 0.56 1.28 31/0.80 -0.27 -0.92 0.08 -0.34 1.17
1511.43 -0.32 -1.37 -0.66 0.51 1.53 32|0.73 -0.60 -0.53 -0.99 -0.34 1.85
16 1.12 -0.01 -0.01 -1.59 -0.27 1.87 33|1.30 -0.12 -1.14 -0.25 0.43 0.96
17|1.17 -0.56 -1.08 -0.76 0.46 1.37 34|0.81 -0.46 -1.47 0.65 -0.11 0.93
Parameters for controlled raters
r| o Br dr2 dr3 dry drs I Oy Br dr2 dr3 dry drs
1{1.16 -0.28 -1.54 -0.76 0.61 1.69 6 [0.41 -0.38 1.68 0.50 -0.32 -1.86
211.34 -0.60 -0.28 -0.80 0.27 0.81 7 |0.41 0.24 -1.34 0.34 -0.65 1.65
311.18 0.04 -0.70 -0.68 0.42 0.97 8 |0.72 0.77 -1.58 -0.56 0.89 1.25
410.98 -0.07 -1.89 -0.20 -0.77 2.86 9 [0.43 0.81 -0.71 -0.77 0.59 0.89
510.36 0.80 0.86 -0.41 -2.01 1.56 10|1.56 -0.67 -0.34 -1.14 -0.57 2.05

Task parameters

i=1 i=2 i=3 i=4
&; 0.820 1.095 1.070 1.041
Bi 0.045 0.019 0.026 -0.090

9.2 Example of parameter estimates

This subsection presents an example of parameter estimation using the proposed model.
From the rating data from peer raters and controlled raters, we used the MCMC algorithm

to estimate parameters for the proposed model. Table 8 shows the estimated rater and task

parameters.

Table 8 confirms the existence of peer raters with various rater characteristics. Figure 5

shows IRCs for four representative peer raters with different characteristics. Here, Rater 17
and Rater 2/ are example lenient and inconsistent raters, respectively. Rater 4 and Rater 32
are raters with different range restriction characteristics.

Specifically, Rater 4 tended to

overuse categories k = 2 and k = 4, and Rater 32 tended to overuse only k = 4.
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Figure 5: IRCs for four representative peer raters with different characteristics.
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Figure 6: TRCs for controlled raters with strong range restriction.

We can also confirm that the controlled raters followed the provided instructions. Specif-
ically, high severity values are estimated for controlled raters 8 and 9, and a low value is
assigned to controlled rater 10, as expected. Figure 5 also shows the IRCs of controlled
raters 4, 5, 6, and 7, which confirm range restriction characteristics complying with the in-
structions. Although we expected raters 1, 2, and 3 to be inconsistent because they need to
perform assessments within a short time, their consistencies were not low.
Table 8 also shows that the tasks had different discrimination powers and difficulty values.
However, parameter differences among tasks are smaller than those among raters.
This suggests that the proposed model is suitable for the data, because various rater
characteristics are likely to exist.
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Table 9: Model comparison using actual data.

Proposed rMFRM  rGRM
No constraint d,; fixed «, fixed
peer-rater WAIC 11384.58  11492.09 11400.85 11401.92 11471.67
data log ML, 11200.32  11380.25 11216.18 11242.64 11350.67
with controlled WAIC 14489.56  14817.64 14535.58 14547.59 14696.86
rater data log ML  14265.97  14683.99 14342.82 14352.92 14559.81

9.3 Model comparison using information criteria

This subsection presents model comparisons using information criteria. We calculated WAIC
and log ML for each model using the peer-rater data and the data with controlled rater data.

Table 9 shows the results, with bold text indicating minimum scores. The table shows
that the proposed model presents lowest values for both information criteria and for both
datasets, suggesting that the proposed model is the best model for the actual data. The
table also shows that performance of the proposed model decreases when the effects of rater
consistency or range restriction are ignored, indicating that simultaneous consideration of
both is important.

The experimental results show that the proposed model can improve the model fitting
when raters with various characteristics exist. This is because consistency and range restric-
tion characteristics differ among raters, as described in the previous subsection, and because
the proposed model appropriately represents these effects.

9.4 Accuracy of ability estimation

This subsection compares ability measurement accuracies using the actual data. Specifically,
we evaluate how well ability estimates are correlated when abilities are estimated using data
from different raters. If a model appropriately reflects rater characteristics, ability values
estimated from data from different raters will be highly correlated. We thus conducted the
following experiment for each model and for two datasets, namely, the peer rater data and
the data with controlled rater data:

1) Use MCMC to estimate model parameters.

2) Randomly select 5 or 10 ratings assigned to each examinee, then change unselected
ratings to missing data.

3) Using the dataset with missing data, estimate examinee abilities € given the rater and
task parameters estimated in Procedure 1.

4) Repeat the above procedure 100 times, then calculate the correlation between each pair
of ability estimates obtained in Procedure 3. Then, calculate the average and standard
deviation of the correlations.

For comparison, we conducted the same experiment using a method in which the true score

is given as the average rating. We designate this as the average score method. We also
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Table 10: Ability estimation accuracy using actual data. (Values in parentheses are standard
deviations.)

# of Proposed rMFRM rGRM  Average

ratings No constraint d,; fixed «; fixed score

peer-rater 5 0.651 0.604 0.607 0.617 0.620 0.597
data (0.082) (0.108)  (0.115) (0.106) (0.090) (0.109)
- p<.001 p<.001 p<.001 p<.001 p<.001

10 0.774 0.730 0.759 0.764 0.754 0.723

(0.058) (0.072)  (0.060) (0.070) (0.077) (0.070)
- p<.00l p<.00l p<.00l p<.00l p<.001

with 5 0.608 0.572 0.579 0.569 0.576 0.542
controlled (0.110) (0.101)  (0.110) (0.115) (0.110) (0.105)
rater data - p<.001 p<.001 p<.001 p<.001 p<.001

10 0.752 0.710 0.713 0.705 0.713 0.672

(0.066) (0.090)  (0.081) (0.088) (0.080) (0.089)
- p<.001 p<.00l p<.00l p<.00l p<.001

conducted multiple comparisons using Dunnett’s test to ascertain whether correlation values
under the proposed model are significantly higher than those under the other models.

Table 10 shows the results. The results show that all IRT models provide higher correla-
tion values than does the averaged score, indicating that the IRT models effectively improve
the accuracy of ability measurements. The results also show that the proposed model pro-
vides significantly higher correlations than do the other models, indicating that the proposed
model most accurately estimates abilities. We can also confirm that performance of the pro-
posed model rapidly decreases when the effects of rater consistency or range restriction are
ignored, suggesting the effectiveness of considering both characteristics to improve accuracy.

These results demonstrate that the proposed model provides the most accurate ability
estimations when a large variety of rater characteristics is assumed.

10 Conclusion

We proposed a generalized MFRM that incorporates parameters for three common rater
characteristics, namely, severity, range restriction, and consistency. To address the difficulty
of parameter estimation under such a complex model, we presented a Bayesian estimation
method for the proposed model using a MCMC algorithm based on NUT-HMC. Simula-
tion and actual data experiments demonstrated that model fitting and accuracy for ability
measurements is improved when the variety of raters increases. We also demonstrated the
importance of each rater parameter for improving performance. Through a parameter recov-
ery experiment, we demonstrated that the developed MCMC algorithm can appropriately
estimate parameters for the proposed model even when the sample size is relatively small.

Although this study used peer assessment data in an actual data experiment, the pro-
posed model would be effective in various assessment situations where raters with diverse
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characteristics are assumed to exist, or when sufficient quality control of raters is difficult.
Future studies should evaluate the effectiveness of the proposed model using more varied
and larger datasets. While this study mainly focused on model fitting and ability measure-
ment accuracy, the proposed model is also applicable to other purposes, such evaluating and
training raters’ assessment skills, detecting aberrant or heterogeneous raters, and selecting
optimal raters for each examinee. Such applications are left as topics for future work.

References

1]

[10]

[11]

[12]

[13]

E. Muraki, C.M. Hombo, and Y.W. Lee. Equating and linking of performance assess-
ments. Applied Psychological Measurement, Vol. 24, pp. 325-337, 2000.

C. M. Myford and E. W. Wolfe. Detecting and measuring rater effects using many-facet
Rasch measurement: Part I. Journal of Applied Measurement, Vol. 4, pp. 386—422, 2003.

Noor Lide Abu Kassim. Judging behaviour and rater errors: An application of the

many-facet Rasch model. GEMA Online Journal of Language Studies, Vol. 11, No. 3,
pp. 179-197, 2011.

H. John Bernardin, Stephanie Thomason, M. Ronald Buckley, and Jeffrey S. Kane.
Rater rating-level bias and accuracy in performance appraisals: The impact of rater

personality, performance management competence, and rater accountability. Human
Resource Management, Vol. 55, No. 2, pp. 321-340, 2016.

Masaki Uto and Maomi Ueno. Item response theory for peer assessment. I[EEE Trans-
actions on Learning Technologies, Vol. 9, No. 2, pp. 157-170, 2016.

Torulf Palm. Performance assessment and authentic assessment: A conceptual analysis
of the literature. Practical Assessment, Research & Fvaluation, Vol. 13, No. 4, pp. 1-11,
2008.

G. Douglas Wren. Performance assessment: A key component of a balanced assessment

system. Technical Report 2, Report from the Department of Research, Evaluation, and
Assessment, 2009.

F.E. Saal, R.G. Downey, and M.A. Lahey. Rating the ratings: Assessing the psychome-
tric quality of rating data. Psychological Bulletin, Vol. 88, No. 2, pp. 413-428, 1980.

C. M. Myford and E. W. Wolfe. Detecting and measuring rater effects using many-facet
Rasch measurement: Part II. Journal of Applied Measurement, Vol. 5, pp. 189-227,
2004.

Thomas Eckes. Examining rater effects in TestDaF writing and speaking performance
assessments: A many-facet Rasch analysis. Language Assessment Quarterly, Vol. 2,

No. 3, pp. 197-221, 2005.

Hoi Suen. Peer assessment for massive open online courses (MOOCs). The International
Review of Research in Open and Distributed Learning, Vol. 15, No. 3, pp. 313-327, 2014.

Nihar B. Shah, Joseph Bradley, Sivaraman Balakrishnan, Abhay Parekh, Kannan Ram-
chandran, and Martin J. Wainwright. Some scaling laws for MOOC assessments. ACM
KDD Workshop on Data Mining for Educational Assessment and Feedback, 2014.

Thien Nguyen, Masaki Uto, Yu Abe, and Maomi Ueno. Reliable peer assessment for team

project based learning using item response theory. In Proc. International Conference on
Computers in Education, pp. 144-153, 2015.

147



[14]

[15]

[19]

[20]
[21]

[22]

Thomas Eckes. Introduction to Many-Facet Rasch Measurement: Analyzing and Evalu-
ating Rater-Mediated Assessments. Peter Lang Pub. Inc., 2015.

Richard J. Patz and B.W. Junker. Applications and extensions of MCMC in IRT:
Multiple item types, missing data, and rated responses. Journal of Educational and
Behavioral Statistics, Vol. 24, No. 4, pp. 342-366, 1999.

J.M. Linacre. Many-faceted Rasch Measurement. MESA Press, 1989.

David Andrich. A rating formulation for ordered response categories. Psychometrika,
Vol. 43, No. 4, pp. 561-573, 1978.

Azmanirah Ab Rahman, Jamil Ahmad, Ruhizan Mohammad Yasin, and Nurfir-

dawati Muhamad Hanafi. Investigating central tendency in competency assessment of

design electronic circuit: Analysis using many facet Rasch measurement (MFRM). Inter-

%Ltéonal Journal of Information and Education Technology, Vol. 7, No. 7, pp. 525-528,
17.

Richard J. Patz, Brian W. Junker, Matthew S. Johnson, and Louis T. Mariano. The

hierarchical rater model for rated test items and its application to large-scale educational

assessment data. Journal of Educational and Behavioral Statistics, Vol. 27, No. 4, pp.
341-384, 2002.

Masaki Uto and Maomi Ueno. Empirical comparison of item response theory models
with rater’s parameters. Heliyon, Elsevier, Vol. 4, No. 5, pp. 1-32, 2018.

Jean-Paul Fox. Bayesian item response modeling: Theory and applications. Springer,
2010.

Matthew D. Hoffman and Andrew Gelman. The No-U-Turn sampler: Adaptively set-

ting path lengths in Hamiltonian Monte Carlo. Journal of Machine Learning Research,
Vol. 15, pp. 1593-1623, 2014.

Lawrence T. DeCarlo, Young Koung Kim, and Matthew S. Johnson. A hierarchical

rater model for constructed responses, with a signal detection rater model. Journal of
Educational Measurement, Vol. 48, No. 3, pp. 333-356, 2011.

Raquel M. Crespo, Abelardo Pardo, Juan Pedro Somolinos Pérez, and Carlos Delgado
Kloos. An algorithm for peer review matching using student profiles based on fuzzy clas-
sification and genetic algorithms. In Proc. 18th International Conference on Industrial
and Engineering Applications of Artificial Intelligence and FExpert Systems, pp. 685694,
2005.

M.N. Elliott, A.M. Haviland, D.E. Kanouse, K. Hambarsoomian, and R.D. Hays. Ad-
justing for subgroup differences in extreme response tendency in ratings of health care:
Impact on disparity estimates. Health Services Research, Vol. 44, pp. 542-561, 2009.

F.M. Lord. Applications of item response theory to practical testing problems. Erlbaum
Associates, 1980.

M. Matteucci and L. Stracqualursi. Student assessment via graded response model.
Statistica, Vol. 66, pp. 435-447, 2006.

Eiji Muraki. A generalized partial credit model. In Wim J. van der Linden and Ronald K.

Hambleton, editors, Handbook of Modern Item Response Theory, pp. 153-164. Springer,
1997.

Fumiko Samejima. Estimation of latent ability using a response pattern of graded scores.
Psychometrika Monography, Vol. 17, pp. 1-100, 1969.

148



[30]

[31]

[32]

[33]
[34]
[35]
[36]

[37]

[38]

[39]

[40]

[41]
[42]

[43]

[44]

[45]

[46]

Geoff Masters. A Rasch model for partial credit scoring. Psychometrika, Vol. 47, No. 2,
pp. 149-174, 1982.

Hyun Jung Sung and Taehoon Kang. Choosing a polytomous IRT model using Bayesian

model selection methods. National Council on Measurement in Education Annual Meet-
g, pp. 1-36, 2006.

Maomi Ueno and Toshio Okamoto. Item response theory for peer assessment. In Proceed-
ings of IEEE International Conference on Advanced Learning Technologies, pp. 554-558,
2008.

George Rasch. Probabilistic models for some intelligence and attainment tests. The
University of Chicago Press, 1980.

Michael I. Waller. A procedure for comparing logistic latent trait models. Journal of
Educational Measurement, Vol. 18, No. 2, pp. 119-125, 1981.

Christopher M. Bishop. Pattern Recognition and Machine Learning (Information Science
and Statistics). Springer-Verlag, 2006.

Steven P. Reise and Dennis A. Revicki. Handbook of Item Response Theory Modeling:
Applications to Typical Performance Assessment. Routledge, 2014.

Chris Piech, Jonathan Huang, Zhenghao Chen, Chuong Do, Andrew Ng, and Daphne
Koller. Tuned models of peer assessment in MOOCs. Proc. of Sixth International
Conference of MIT’s Learning International Networks Consortium, 2013.

Ilya M. Goldin. Accounting for peer reviewer bias with Bayesian models. In Proc. the
Workshop on Intelligent Support for Learning Groups at the 11th International Confer-
ence on Intelligent Tutoring Systems, 2012.

Maunendra Sankar Desarkar, Roopam Saxena, and Sudeshna Sarkar. Preference Rela-
tion Based Matrixz Factorization for Recommender Systems, pp. 63—75. 2012.

Panagiotis G. Ipeirotis, Foster Provost, and Jing Wang. Quality management on amazon
mechanical turk. In Proceedings of the ACM SIGKDD Workshop on Human Computa-
tion, pp. 6467, 2010.

W. Hady Lauw, Ee-peng Lim, and Ke Wang. Summarizing review scores of “unequal”
reviewers. In Proceedings of the SIAM International Conference on Data Mining, 2007.

Ahmad Abdel-Hafez and Yue Xu. Ezploiting the Beta Distribution-Based Reputation
Model in Recommender System, pp. 1-13. Cham, 2015.

Bee-Chung Chen, Jian Guo, Belle Tseng, and Jie Yang. User reputation in a comment
rating environment. In Proceedings of the 17th ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining, pp. 159-167, 2011.

Yukino Baba and Hisashi Kashima. Statistical quality estimation for general crowd-
sourcing tasks. In Proceedings of the 19th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, KDD ’13, pp. 554-562, New York, NY, USA,
2013. ACM.

Wim J. van der Linden. Handbook of Item Response Theory, Volume One: Models. CRC
Press, 2016.

F.B. Baker and Seock Ho Kim. [Item Response Theory: Parameter Estimation Tech-
niques. Statistics, textbooks and monographs. Marcel Dekker, 2004.

149



[47]

[48]

[49]

[50]

[51]

[52]

[53]

S. Brooks, A. Gelman, G. Jones, and X.L. Meng. Handbook of Markov Chain Monte
Carlo. Chapman & Hall/ CRC Handbooks of Modern Statistical Methods. CRC Press,
2011.

Masaki Uto, Sébastien Louvigné, Yoshihiro Kato, Takatoshi Ishii, and Yoshimitsu

Miyazawa. Diverse reports recommendation system based on latent Dirichlet alloca-
tion. Behaviormetrika, Vol. 44, No. 2, pp. 425-444, 2017.

Sébastien Louvigné, Masaki Uto, Yoshihiro Kato, and Takatoshi Ishii. Social construc-

tivist approach of motivation: social media messages recommendation system. Behav-
tormetrika, Vol. 45, No. 1, pp. 133-155, 2018.

Masaki Uto. Rater-effect IRT model integrating supervised LDA for accurate measure-

ment of essay writing ability. In Proceedings of International Conference on Artificial
Intelligence in Education, pp. 494-506, 2019.

Anyu Zhang, Xiaoyao Xie, Shangping You, and Xin Huang. Item response model param-
eter estimation based on Bayesian joint likelihood langevin MCMC method with open

software. International Journal of Advancements in Computing Technology, Vol. 3, No. 6,
pp. 48-56, 2011.

Li Cai. High-dimensional exploratory item factor analysis by a Metropolis—Hastings
Robbins-Monro algorithm. Psychometrika, Vol. 75, No. 1, pp. 33-57, 2010.

Mark Girolami and Ben Calderhead. Riemann manifold Langevin and Hamiltonian
Monte Carlo methods. Journal of the Royal Statistical Society: Series B (Statistical
Methodology), Vol. 73, No. 2, pp. 123-214, 2011.

Radford M. Neal. MCMC using Hamiltonian dynamics. Handbook of Markov Chain
Monte Carlo, Vol. 54, pp. 113-162, 2010.

Bob Carpenter, Andrew Gelman, Matthew Hoffman, Daniel Lee, Ben Goodrich, Michael
Betancourt, Marcus Brubaker, Jigiang Guo, Peter Li, and Allen Riddell. Stan: A

probabilistic programming language. Journal of Statistical Software, Articles, Vol. 76,
No. 1, pp. 1-32, 2017.

Yong Luo and Hong Jiao. Using the Stan program for Bayesian item response theory.
Educational and Psychological Measurement, Vol. 78, No. 3, pp. 384-408, 2018.

Zhehan Jiang and Richard Carter. Using Hamiltonian Monte Carlo to estimate the log-

linear cognitive diagnosis model via Stan. Behavior Research Methods, Vol. 51, No. 2,
pp. 651-662, 2019.

Stan Development Team. RStan: the R interface to stan. R package version 2.17.3.
http://me-stan.org, 2018.

Andrew Gelman and Donald B. Rubin. Inference from iterative simulation using multiple
sequences. Statist. Sci., Vol. 7, No. 4, pp. 457-472, 1992.

A. Gelman, J.B. Carlin, H.S. Stern, D.B. Dunson, A. Vehtari, and D.B. Rubin. Bayesian
Data Analysis, Third Edition. Chapman & Hall/CRC Texts in Statistical Science. Taylor
& Francis, 2013.

Sumio Watanabe. Asymptotic equivalence of Bayes cross validation and widely appli-

cable information criterion in singular learning theory. Journal of Machine Learning
Research, pp. 3571-3594, 2010.

150



[62]

[63]

[64]

[65]

[66]

[67]

Michael Newton and A.E. Raftery. Approximate Bayesian inference by the weighted
likelihood bootstrap. Journal of the Royal Statistical Society. Series B: Methodological,
Vol. 56, No. 1, pp. 3-48, 1994.

Wim J. van der Linden. Handbook of Item Response Theory, Volume Two: Statistical
Tools. CRC Press, 2016.

Masaki Uto and Maomi Ueno. Item response theory without restriction of equal in-

terval scale for rater’s score. In Proceedings of International Conference on Artificial
Intelligence in Education, pp. 363-368, 2018.

M. Uto, D. Nguyen, and M. Ueno. Group optimization to maximize peer assessment
accuracy using item response theory and integer programming. [EEE Transactions on
Learning Technologies (in press).

Hillary Persky, Mary Daane, and Ying Jin. The nation’s report card: Writing 2002.
Technical report, National Center for Education Statistics, 2003.

Debra Salahu-Din, Hilary Persky, and Jessica Miller. The nation’s report card: Writing
2007. Technical report, National Center for Education Statistics, 2008.

151



V—TV vy 73 B 1 B HE KGR

FHOHERE - A E R

BB RF

1 ¥ A2 M =

AR, FEEHMESEICEWT, I - SLHEZ I RRB D L Vo EEEDOHIEREEN 2 RHIET S
Z—ANEESTED, ZOXIRRENZHET 2FIEDO—D2L LTV —T7V vy ZiiirnsiEHI N TS
[1,2,3,4,5]. V=71 I3z, BHENLRRECST2FEHEDONN 74—V A%, V=T Vvok
TP 2 AL HER 2 F W CREE AR T 2 HiETh b, b - il Nl L K— v iE, 20—~
TAAAY Y avyR Ty T—ya ViR YDA THHAINTE 2, V=T )y 72T REE
LT, HIESROEN 2T E 2 Z 2%, i O B RGHE 2 ZBIC I8 5 Z &R 8%
515 [4, 5].

LD, TNTHIL—TY v V3l TlE, FEEORNPIERER T 4 — < > AREOF ML, V—T
Vw7 OFMBLAORMEICKIFLTLUE S 2RI TE%2 6,7, 8,9, 10, 11, 12, 13]. Z Of#E % fig
WTBFEDO—DL LT, INSDRMEEZERT NI A—RE2MGUREHRISE T VISEESBIREINT
W5 [8, 9,10, 11]. EMRIICIE, FUE & GEMH ORMENT XA — X %215 L7ZE TV [14, 15, 16, 17, 18, 19]
X, FHiiE V=T v o OFHEB A OREEERLUZETIV[12, 13] PMHREINTE /2. INS5DEAK
IBE TV, FRCEER EDORMATIEL AN TEHERENIENFEHRTE S (10, 15, 16]. LA L, B
FETFNVEL—T) Y ZEHETT 2854, IROBELIEKS.

1) V=TV ZiHiiTR/RONE T — RIXFEE < i x §HliE x FHiBE0 4T —2 225, ULy
U, BFEETIVIZEEE < 8 < FHliE, /213385 < FHli#E < FHl8 S0 3T — 2 ~0HH
EIRELTWDD, V=71 v ZFfiD 4 T — X ICEHITISEATE T, 8 - FHiiE - FEmE
DR FIRFIZE R U 72 RE I X EB T E 2\,

2) =TV ZHlDFERIE, —MBICEE RIS BT IV L LTEHERAONS. £ T ITVITHT
%M EAE L — 7 ) v 7 DRI R Z L ITEE S N, BRI B S ORI O A TR E S, L
U, BISITIXFHIIE & & I DIR AR 5 Z 2 W%\ T2 [4, 5, 6], &H T T VIS % 3
FLHE I ZFMBL A2 7 S §HME ORHEIC BIKFT 5. 2zt U, BIFE TV TIE, STAMhEHE (33T
F LB DO WT A —HIZDOAMEET B EREL TW5.

DA EOREE RS B 7212, AT, V—7Y v Z3HliD 47— X IEMATE, FEAME A & 3
FHOFHMEHEL ZETE LR REAKIGET VERET S, REETIVOMRITIROMBY TH 5.

1) 4T — R0 o - Pl - MBS ORE 2 FARICER L CEEHEORNZHETE S0, itk
ETINEUARTEBERENIESEFTE 5.

2) Pl AT TR FHEHE OFMRMEEL ERTE 20T — XA ADYTIEF h A UEES n, REhllE
FEED M B35 L ffTE 5.

AT, YIab—Ya VvEREET—RXFERZEL T, BEETNVOAMMEZGHET 5.

2 =7y T —%

AHFFETIE, b MBI N —7Y v ZFHlORI e UT, EHOBEIIHT2FEFEDNR T+ —~
VA%, BROFHEEPLV—T Y v 7 EHOCTEROIHMIB A E OV TRET 25628 ET 5. V—7
Dy o 2id, X7x—<YVAOBEZFMT272DIZHVONEFHEEERDOZ L TH Y, — DL O
Bl 2OV TORMEM L RES KOREDOH G 2353 25dk3E» SRk I b 3. —MRIZREIC

*ARFEREO BRSO B HRITKDOEY TH 5.
FAHERE - FHEFEE (2020) V— TV v ZFHIIIZ B A TEE KGHE. B EBEEF M SGE D. Vol.J103, No.05. pp. 459-470.
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K1 94717

ML — TV v o

Bol:E2CH | a2 IREER | B3 BUEERE | B4 TI=ERD | Bab5: £FER
| HRET

k=4 | 5ExonrT— | BELUAMECH | BOOXEOERDY | B0 XERE N | FIEDRED &K
SRSHEEZEE | U, BELTERZHA | BROSNTED, | $E53WLDH0DE | 12\ 5N 2 H
L, g 5RED | 2OFRZEEOT | OEROBESENEZY | RZ2EI0 B, & | AT, GdolER,
&, TOMEEZ | A, HREE\ | SFTAEHETESE | hoTRTIZHU | 85275 70HEN
B EF7EEY | TWa, fiEmd % | Ho7F—2»5RSh | THE (FMESRD | BoTwd, HMER
BRIZODWTHRR | fRilceEEST, M | T3, faHi) #17-oTV | AXDONAEZNIEC
TW53. BEZELTWS. 5. FHLTW5,

k=3 | 5Exoh/y— | BELAZMEIN | BEDOOTROBM | BODOERE AN | FIEDORED Sk
SOSHEEZERE | LU, BEHLTERA | PRBRSNTEY, | 35400 s— | 12\ 5N
U, TOMEZE | 2OTRZEEDY | »OBRWOESEEEZ | DOERZEIY E | &3 T, dROMERE,
0 EIFIEPE | 'S, AW | EETAEETES | I, T LT | T 7 7 oEREN
FIZDWTRRART | TW3. T2 e | W (MEADR | BbbhE-sTn5.
W3, —DORENTVS. | fi) ZIT>TW5.

k=2 | 52onT—~ | BRI ARSNT | BHOFEORIUE | B DOFEE N | REDOZRED & iEH
POMEEZBRTEL | WED, EHHLTE | RSN TWED, | $23ERZMWMOE | ITWEET 7T A
TWaY, TOM | ZAZOFRE OB | BROESEERNEE | TTWEH, Th | YidEnsH, &
BRI B | HORARTOTH | TEHREHETEET— | it U TEHRE (M | RoEFER/ 8575
HPERONEL | 5. ZRPHSPIZINT | EEOER) 2k | 7OERICHESDOH
r+oThs. WAL, XNTVAEW, AHEFPER S NS,

k=1 k=2 RHDOKE | k=2 RiDKE k = 2 KDk k=2 RimDKE | k=2 RiFDKIE

FIER REDHC S, BREEHEID 7 3 THANEZ 6N [2, 3,4, 5. #lE LT, K5 [3] HBEFL
24T 4V IFMEDIZHODN—TV v 7R 1IRT. ZOHITIE S DOFIBAIZOWT, ThEhd
BEORH 77 T RNEHES N T WS,

22T, I,J,R,C, K & ZNZTNIEE, FHEEH, FHMEL, FHhERE, FEfir IV e oL, £1
DESBN—T Vw7 2AWEFMET -2 X 1%, #8icT={1,.. 1} IBI3¥EE jeT={1,....J}
DINT F =3V RZX U, §HliE r e R = {1,..., R} DiHili#is ce C = {1,...,C} LDV TE X 55T
Rayjre €EK={1,.. . K} DESGLUTURNTELTES.

X:{Jiijrcm‘i]‘rcEKU{—l},iEI,jEJ,TER,CGC} (1)
ZIT, Tijre=—1 BRUT—2%2KT.

3 HERIGER

AWEOHMIE, AIfiTERLZV—T7 Y v 7T — &% X 25, FRE - Gl - L — 7Y v 7 OFF
BUSOFRME2ZRUZEEERRENIEZITS> 2 12HD. ZO LD RENHEZEITD 72012, RIfZET
&, THHE KRG (Item response theory: IRT) [20] ZFH T 5. Zod, AW TIEHENROBEIIIZ—
Do ERAET 5.

IRT I, AV Ea—% - TATAVI7DOYRE BT, FEERL BB CERALIHED STV 2 HHE
TNERWZT A MERO—2TH S, IRT IF, EFHEMEX 2 BORIGIE LR &0 2 fHO IERT — X
ERSTAMINUCTAKEAINTE 2. £z, IEFETE, Wb - BB T A DO X S B BEAT I
V&AW T — 22 U, ZERIRT €7V EEAT 2HEBH#ED SN TWDS 21, 22]. A5 THR
D&V yA—MUF = 2EMTE BZRRNLLZMEMIRT €7V & LTIE, BREKISET )LV (Graded
Response Model: GRM) [23] X —f#{t# 23 E TV (Generalized Partial Credit Model: GPCM) [24]
DHISNTWS.

gk%\
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3.1 EBBERISETIV

GRM 1%, Samejima [23] BEREUZLMEMIRT €TV TH Y, I ITBWTEEHE j WSk 21595
ek Py, ZIRARTEHRT 5.

Pl WEME IS B O TRBEE Ak XD KX VILAEBAMRERL, RATERING.

Pijr. = Pjp_1 — P, (2)

(3)

P = [1+ exp (— Doy (0; — b))~
FPlo=1, Pk =0.

ZIT, 0; \3FEE j ORES, o 1FEE DI, by FEHEEITBWT E & D RSIVWFERZG D N
%2%@— %§/<§X — &R bzk Ciiiﬂlﬁﬁzﬁiﬂff@ bil < big AR binl 73%%3“5 E;&D qn “/“7\7‘4‘7 7
BE B ER S AREBIELT 272008 TH Y, —MRIZ L7 HFHAINS.

3.2 —BEEIRARETIL
GPCM T IGHER Py #IRATEHT 5.

exp 3,y [Dati(6; = i = dim)] @
S exp Yy [Dai(8; — Bi — dim)]

ZIZT, B TR OWNHEERITMENTA—ZTHY, dip 1FEEIZBWTHA L 215 NEE2E
TAFYTNRGA=RTHB. =EL, EFVOBIWEDLDIZ, dy =0, S ydi, =0: Vi &HlFIT 5.
GPCM %, FFEREET I (Rating Scale Model: RSM) [25] X 7 FR € TV (Partial Credit Model:
PCM) [26] 7 £ DEBD L ERL IRT ET VO — Lo TWS. PCM I GPCM IZBWT oy = 1.0;Vi
CHEILZETI, RSMIZPCM IZBWT dy, = di; Vi EHILEZETILE LTESEINDS. 12770, d
ARk 2B HHEEZRT NTIA—RTH 5.

P =

4 FMERFEEZERBLAZEBRIGET IV

3THNMUZZMEE IRT ET VL, BB 2FHEOFRTHE I N FHE x (BEO M7 — &
WEH XD, — AT, AIETHES & 57274 —~ v ZAFEITHT 28T, Jx DR E2ERD
Tl H TERR T B Z e D—RITH Y, FHliT — R I3FEEE < Pl < FMEO=MTF—x 05, LHD
ZERLIRT €T VL, 2D LI REZMT— R U CHEBIIIEHATER\W. ZOREZBRT 572012,
A E RS S A — X B A2 IRT ETFVHPEESLBIREI LTV [8, 9, 10, 11].

4.1 BBLFMEOFMEEZEEL/ZIRT EFI)L

Tl Z N T A =R EMELZAREKNZIRT €EFLVE LT, £ 7 v aE5)V (MFRM: Many-Facet
Rasch Model) [14] 215N T WS, MFRM IZIEZWL DO T—> a YHBFET 55 [8, 9], —MkITiX
RSM IZFEliZE DB L S 2 KT NTA =R E2NELEZETVE LTENMEEI NS, ZOETN T,
BT BFEEE § ONT =<V AZFEE r DFER k25 Z MR Py BIRRTERT 5.

exp 3oy [D(0; = Bi = By — dm)]
leil €xp Zin:l [D(oj - Bi - Br - dm)] ’

ZZT, B, BEHIiE r OBLEE KT T A—KTHSB. EFLOHBAMED=DIZ YR 5, =0, d =0,
S dy =0 ZIET B.

()

Pijrk =
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MFRM T, 1) 2TOFEIZOWTHANHNP—ETHZ I L, 2) RTCOFHMHEIHED—~HMEEFT
528, PMEINS. UL, BIRIIEINS DIGEIRE D BN EA% 0 (10,27, 28], £Z T, Z
DHFZEDZET IV E LT, FEMTOMI D DAL LFHEEMO— B0 XEREZ/TELET LN
REINTWVWS

AR S & i — B A F R L 2 B E TV D — D03 Uto and Ueno DE TV [15) THB. D
ETNVIE GRM DHERE T IV & U TEAMLE 1, KISHER Pjrp ZIRATEET 5.

Pijri = Pjri—1 — Pl (6)

Py SRR ICBI BFEE j ONT A= VA WZEME » Sk KD REVFERE S X BHERERL, X
RTEHINS.
{P:;rk = [1 + exp(—Da;a, (0; — b, — ET))]fl ,

P:]’I"O 1 P’LJTK 0.

ZZTR, a, BRHIEH r O—EMEE, o FIHTF - OBL X2 KT, ETLOEIEODIZ T =1,
S e =0 % KET 5.

7o, ARG LRl Bk EEE LU GPCM HEEINT WS [16]. Z DT T IV TIEKISHER
Pij, 2R TEHT .

exp Zm 1 [Dalar( — Bi — Br — drm)]
Zl 1 €Xp Zm 1 [Dazar( — Bi — Br — drm)}
ZZT, dpy \FFHEE r OFFR L ICHTIHUIEZRT AT Y TRNIA—XTHD. ETNVOHNEDT-D
L MM e =1, .8, =0, 8B&Gd =0, Yr o dp =0:Vr 2{HET 5.

X (6) X (7) DETIVORENZARIE, &FHlZ 7 T VIS 2 FHlEEIRE L FHEED LD 5
CHAFT B L ET B BB, R (6) DEFLTHEE AT A=K by 4, R (7) DEFIL TR
NWNIA—=R e WATITY kEOEEEEDTND

Pijre = (7)

4.2 FHEEENL—T Vv IOEEEEE LA IRT EF)L

HIEi TN L= TV Tl B & il ORIt Z2 B U 2 DHIE %2175 2 &N TES. AT, V—

Ty 7 G T — IS B D B RIS EE D W TR R R AT S 728, BEJTIIE RS B L AR X G A D R
23T, V=7V v 7 OB R DOREIC B KIFE T 5. FEEB A OREEZZER L IRT ET L& LT,
JUK - 5288 [12] 1, Uto and Ueno DE T )V [15] DB T A — X & FHHEBLR DRHE NS T A —R e AL,
BEIREZZIRTTICHEE U2 IRT ET IV ERELTWS. fEHD 1 keth2IE L7254, ZOETIVIE,
FEE §ONT F =V AT U Tl r TS c (I2OWTHHA k2 5 X DR P, ZIRATER
T5.

Pj"'Ck = P;'r‘ck 1 PJ*Tck7 (8)

Py &, FEE § OST A — 2 ALK LTI r AL ¢ 12DV T b & 0 AE VIR 5 2 Bl
RERL, RATERING.

Pg*rck: [1 + exp( Dacar(oj — be, — Er))]_l
P =1, P: =0

jre0 — jreK T

ZIT, ac \FFHHBA c DI ERL, bep (bey <bep < -+ < beg—1) I FFHHEBUR ¢ IZBWTHER k &
DREVIEEHEELNEE2RT. EFTLOMAIMEDLEDIZ [ 0, =1, 28 6, =02ETE. 20O
ETIVCI, &aHli7 7 T VIS 2L by (TR DRBLSINTE D, FHHBAICKTEL TRED &
REL TS
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FEAfE & AR DR EZ ZE R U2 ET VL LTI, Hua and Wind [13] DETLBH SN TWDE. Z
DETIVIE, MFRM OFEE T A — R EFHEBIA ST A =R AR UEZETILVTHY, X (8) OFE
FNEAED.

4.3 BEETIOBES

ERUAZIRT ®EFVEHNHTZZ & T, ZAEHR S OBMATEL MR CEBERENIIENEHRTE

5. UL, BBEETNVE 2 TEZRLIZLV—T7 V) v ZiliT — XIEMAT 5546, LTOMENEKS.

1) V=TV ZFli T — X EFEH x P < FHIE x FHlBLSD 47— R 27505, BAFET VIS
T =2 ~ADOBEHDOAZEELTWS., LER->T, =70 73D 4 T — ZIZIFEHI I3
HTET, - FME - FEGELS DR % R E R U 728 HE © EB T E R0\,

2) BEFETOTIE, &iHlid T 3 VIS 2 aHHiEEHE DS - SRR - AL L O WA — D D EK
DA EFTEHMET S, {ATTVICHT 2FHAREE IV —T ) v 7 OFBA T L ITEHZRI N,
HARMIZ XA S ORED A TR E D L IRETE S, UL, BEIIFIHEE Z & 12 R o fi7
WPRL D Z N0z [4,5, 6, &FT T VIS 5 G-l B XGRS U721 2 < G-l Rk
IZE AT 5.

DA LR R d 272012, AL TI, V—7V v 73D 4T — R IEATE, M & b

FZOFHHEUEL ZETE S IRT ETIVERET 5.

5 RERETI
BEETFNTIE, HEIHT2%EE jONT 5 —< VAL, FliE r HFEMIE A c 12D WTHES &
G ZDHER Pijre, #IRANTEHT 5.

exp Y8 1 [Daarac(l; — Bi — Br — Be — Trdem)] )
S exp X [Daiaac(l; — Bi — Br — Be — Trdem)]

ZIZT, B \FFHIERS c DINHE A KT NTA =X TH D, do EFHIE A c ITBWTFELE k 2155 N
BERTATYIRIA=—RTHO, BAHTITVICHTIIMBERELRIHT S, 72, 7 $FTME r
flih 5 3D ORI % & ORELE IR L TV B D ERT AT A—RTH 5.

WREEFVTIE, &7F TV kIS8T 2RI % TS5 A — & 7, 2 FHIBASS A — & duy, O
Trdey TEEU TV SITHMA D 5. 20U & 0 S & 30E DM OGS BT E 570,
WREFNLHARTF—ZADYTIEE D ARBES N, RHIREHEA LTS L HHTE 2.

Pijrck =

5.1 ETILOEBIM

REET IV, NTA—ROME —RITRETERVBAIAEOMELET 5. IRT TIE, REHMHE O, H
TN IS ERET BN ITH Y, Tk D 0; ZFATTREE 25 [29]. £72, AT v
TR A=K dy, 1F, GPCM ®ZDHIRE TN EABIC, do =0, i yda =0: Ve EHNTZZ LT
HOEEEL I B, L L, IREETITE, IThoDfZ2HRLUTH, aoroae & Trder, —Bi — Br — Be D
BB W TN AR D MEL R 5.

—Bi — Br — Be DIHIZDWTIE, BIZIX, TREOEHR K ZHNT B L B, % Bi+h, B—h EFRIEEHL
THNRIERDRARETH D Z 06, BHAETHSZ ehbnd. 2O LS 2#iEoRMEIX, T A—
R OVAMEICHIZRT L THIETE 5 [29,30). 22T, Bi, B BeD3IDDNRTA—ZDH>H2D
BRSNS TR L 5570, AWETE, YL 8=0, 7, 5. =0 LHT 5.

Qiopae & Tpdey DIIZDOWTIE, BRI, ; & ap ZERDEB L ZHVT azh, G5 & LUTHRIGHER
DAETHDZENOMAURRETH B Db D. 2O S RHBIEDREIZ, /85 X —X ORIz HIFY
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#£ 21 THHELENNTA=X

Qe /Bc dcl ch ch dc4
M1 1.0 00 0.0 -1.0 0.0 0.5
2 2.0 1.0 0.0 -1.0 0.0 0.5
FEBA3 1.0 00 0.0 -1.0 -1.0 1.0
Oy ﬂr Tr
FMfiZ 1 1.0 00 1.0
FfMiZ2 20 1.0 1.0
FE#E 3 1.0 0.0 2.0
MiZ 4 1.0 00 0.5

& o o
T -8 k=1—e— k=2—&— k=3—=— k=4 =B k=1—e— ke2—A— k=3—=— k=4 T 8- k=1—e— k=2-&— k=3—=— k=4
o | o | o ]
a © a ° a- °
2 o P
= @ = @ = @9
8 K] 8
o = | o < | o < |
a ° a ° a °
o o o
3 s P
= =3 =
© T T T T T ° °
2 4 0 1 2 ; . . -
Ability 0 Ability 0 Ability 6
(a) FPMM@IA 1, FEAHHE 1 (b) FFHBLA 2, FHEE 1 (c) FEAMGELA 3, Bl 1
= -8~ Kk=1—6— k=2 —&— K=3—%— k=4 =l k=1—6— k=28 K=3—— k=4 -
h Ch = 3
= 2 el
= o | = o | £ o«
a © o < o ©
(1] (1] [v]
Q Q Q
o = o = | o
a ° a ° a °
o o o~
S S b
o | o | -
° T T T T T < °
2 A 0 1 2 - - - - 0
Ability 6 Ability 0 Ability 0
(d) BB 1, FF-ffiE 2 (e) R 1, FFAHiE 3 (f) FFMMiBiAL 1, i 4

X 1: R2DNF XA —XEHEHL 254 OIEH Rt EIRE

%5‘26 e t'@ﬁﬁ?‘ﬁfi—?% [297 30]. Q00 @IEL:OL\"CC&, 2 O@/\o‘_j A =X %%U%?hliﬁ%ﬁ%”ﬂhﬁﬁéﬁ@
57—:&), : :"C‘\Ci’ H’LI:l Q; = ]-, Hcc’zl A = 1 tﬁ%”ﬁs‘,\jj—é. Trdck‘ L:OL\VCci’ —7.30)/\0‘3%‘—&&:%”%
BRI RV, [, 7 =1 289 5.

5.2 /NI A—49 DER

AHITIE, REET VOB AT A — X LFHEIE R T A =X DEFUZDOWTHHT S, ZD7DIT,
Ml T TV K =41280WTC, K2DNIA—REGL Lz &0, REETNVOEHHE KGHH (ICC:
Item Characteristic Curve) X 1127, Z&d, £2TIX, NIA—XOERIPHBELOTWHIZRT 72
DIZ, EFTLOHFNEDEERZBTUEMAZIBRVWARTI XA —XERZFAVTWED, &Rz~ TH
fRBUEFERRTH 5. &ML, B EEEDRES 0; 2R L, DK RADRICHER Pjro, 2K
125, WEND ICCIZEWTH, BAMEWIEEEWFREZGIMENG R, BAPEWZEED
TFRERIMEPE SR> TNE I DN 5.
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ZZT, B1D (a)~(c) FFHAiE /N T A —X—EDE & TIMHEBIAR/ST A —RELEHLZGEITNIGL,
(a) & (d)~(f) IZFHIBR ST A =R —EDH & THMHiF ST A —REEHLGEICHIET 5. £7, F
B RE DRI % BIH S 5 72012, (a) 2HUEZ (b) & (c) ZHIKT 5.

(b) 1& (a) 2 & FHEBLI DA 1 L WL DT A — 22 KEL LGEDICCTHS. (b) DICCT
&, BEIMENZALL 72 EORIHERDEFHRRE L RoTWE I e bhnd. Thik, D& i
BIATIE, BBUEISUZFERNGZ5NP T, FAFORNIOFEEITIEFA—OFRNLELTEAS
NBZezEBLTVS. &7z, (b) TIRICCHEMAKE LTHIIBEILTWA Z EAHRTES. Thid,
W E D E WIS T, BV ERL7-OICEVEVRENVBETH DI L E2REL TV,

() X (a) 25, ATV TNI A=K dy DEERZSEEHEEDICC THDB., DR A—&IF, B
B ol dy1 —dep DEDPRKRELRBIZE, FEAE A E+ 1 OREOTRHENRE N & 2ZEIKT 5.
ICC ETIZ, FEsik ~NDORICHERZBENIREDLEVHIFATHL T5Z & TIOREREIINS. #lZIT,
dey — dez WREL, dez — deg BVNE W (¢) DICC X, (a) DENEHAT, FEM 3 A RISHER D E < 72
BRENMEDOHIPHZ AL, TR 2 OMERVPE RBHPH LI RILTWD. REETLTE, ZO0L51ZE&
AT T kTR B Al EE & S LT KRBT 5.

W, FHBHEREDOMIIZ DO WTHHT 572012, (a) 2 (d)~(f) ZHERT 5.

(d) 1% (a) P SFHHE O —BEMEL L XD RT A=K fid KEL LEGHED ICC THS. (d) DICC T
%, BEHOEFCNT B RIGHERDEANKREL ZoT WS, T, —BEMOEWVIHIiE I, #EEHEDOHE
HEMBEUAFREGAZ L H1Z, AFORNOFEEIIILE L CH—DFER%E 5 A ZHAH 5N 2
LERBELTWS., £72, (d) OOMIZEEL LTHIZBEILTED, LU WIHGED S S Wik E215512
FEEDEVEENLBETH D ZERREINT NS,

(e) & (D) 1%, NIRA=K 7, D (a) LILRTREVGHE LNIWGEITHIET . 7 BREWVWIEY, KB
B2 7 3D OINE & (RO 7 T ) N ORISR, REINEDRWHF TE RBE NS, HIX
W, 7 BREW (e) D ICC T, 7 VNI W () D ICC L HART, 4 BHEH T T OFEEMTIZH 725
T2 & 3NDRIGHERDPREIREDILWHIFITE < Lo TS, T (o) DFHMIE AFER 2 & 3 DIEH
#HiPAZ (f) DFEMIE L D EIE<MIRLTVWABZ L2 RELTWA. BEETILTHE, TOLSICFHEAT I
VTS Bl L &k DRAED R E KRBT 5.

AUEDNEERE &I DWW TIE, FHIBLR DR & 3000 L B L 7S e RE T H 5. BERED
SRR R MBI DWW T, BEEER ST [10, 11] 233 L .

5.3 NIA—YIWEFE

AETIHIBEETNDNT A= ZYEEIEIZOWTHER S, IRT D8F7 A =X fEEFEE LTIE, EM 7V
T) XL %2 ACZREAREHEER =2 — b 5 7Y VIRIC & B FRERRALHEEIENE HuoehTE
72 [31]. — AT, RIETHED & 5 @M IRT €T IVOHAICE, VI 7EEE Y TH)LE (MCMC:
Markov Chain Monte-Carlo) % F\\7-ifFf%HE*,R (EAP: Expected A Posteriori) #EIEN GEFEE TH
2ZENHSNTVWS [15,29]. IRTIZE1FS MCMC 7IVITVALE LTI, AMBRYANS AT 1V
TALXTAY YT v T EMBEDLET IV TY XL (Gibbs/MH) [15, 27, 28] BFIHI W TE 2. Z
DT NTY XLE, BMTEEVNESTHDKE, HESHANDOPREIEN WS HEDH 5 [32, 33].

Gibbs/MH & D /LD E W MCMC 7V T) XL & LT, NIV h=7rvEYTFHLOE (HMC) 5
5NTWVW3 [34. HMC TlX, ATy 7 H A Ay Ialb—yarvREWS ZODOPRELRZ EYNIERN T
%52 LT, HOMEDEWEERY v IV %G5 TE, @B HENMMGIZDERT 2 Z 22 5N T
W3 [32, 35]. EAETIE, HMC OWRELEE%E, ¥ 7)) v 7 OifE Thid{t T & % No-U-Trun Sampler
(NUT) [32] &IN5 FEDSREINT WS, NUT 2 &5 MCMC &, Stan [36] LIEENET71 7Y
DEFHIZ LD, BRABBHET VICEBITHATE 5 L 5127572728, IRT 28Tk~ 2ikat - Bk
ETINVOHEIEELS MAI N T WS [37, 38, 39].

158



£ 3 RNTA—& Y AN FEEROER

RMSE FENA T A

I R C 0]' o or ac PBi Br Pe T dop Avg. Gj Qi Qo Q¢ Bi Br Be Tr dep Avg.
3 5 5(0.22 0.04 0.18 0.12 0.08 0.08 0.06 0.09 0.23 0.12|0.01 0.00 0.11 0.00 0.00 0.01 0.00 0.00 0.00 0.01
10/0.15 0.04 0.12 0.10 0.10 0.05 0.05 0.03 0.15 0.09 | 0.00 0.00 0.10 -0.01 0.00 -0.01 0.00 0.01 0.00 0.01

10 5{0.12 0.02 0.21 0.06 0.01 0.10 0.03 0.14 0.14 0.09 (-0.02 0.00 0.10 0.01 0.00 -0.01 0.00 0.02 0.00 0.01
10/0.10 0.02 0.09 0.07 0.08 0.06 0.05 0.11 0.12 0.08 |-0.01 0.00 0.07 -0.01 0.00 -0.01 0.00 0.00 0.00 0.00

5 5 510.10 0.09 0.05 0.09 0.03 0.03 0.01 0.13 0.15 0.08 | 0.00 0.01 0.00 0.02 0.00 -0.01 0.00 0.02 0.00 0.00
10/0.11 0.07 0.09 0.09 0.06 0.12 0.04 0.06 0.15 0.09 | 0.03 0.00 0.09 0.00 0.00 0.02 0.00 0.00 0.00 0.02

10 5 (0.09 0.03 0.07 0.03 0.02 0.07 0.03 0.05 0.05 0.05|0.01 0.00 -0.03 0.00 0.00 0.02 0.00 0.02 0.00 0.00
10/0.10 0.03 0.06 0.03 0.04 0.09 0.01 0.05 0.07 0.05|0.03 0.00 0.06 0.00 0.00 0.02 0.00 0.00 0.00 0.01

Sl

50 3 5 5(0.14 0.02 0.08 0.12 0.09 0.09 0.01 0.08 0.21 0.09 | 0.00 0.00 0.02 0.02 0.00 0.00 0.00 0.00 0.00 0.00
10(0.14 0.05 0.09 0.12 0.09 0.06 0.04 0.10 0.13 0.09 | 0.00 0.00 0.09 -0.02 0.00 0.01 0.00 0.02 0.00 0.01

10 5|0.10 0.03 0.13 0.06 0.06 0.09 0.04 0.10 0.11 0.08 | 0.01 -0.01 0.05 0.00 0.00 -0.01 0.00 0.02 0.00 0.01
10(0.10 0.03 0.09 0.03 0.08 0.07 0.03 0.05 0.10 0.06 [-0.01 0.00 0.09 0.00 0.00 -0.01 0.00 0.02 0.00 0.01

5 5 5(0.12 0.06 0.13 0.04 0.09 0.10 0.04 0.10 0.11 0.09 | 0.01 0.00 -0.12 0.00 0.00 0.00 0.00 0.01 0.00 -0.01
10(0.13 0.04 0.11 0.06 0.02 0.03 0.03 0.06 0.07 0.06 |-0.03 -0.01 -0.09 0.01 0.00 0.00 0.00 0.03 0.00 -0.01

10 5 |0.12 0.01 0.08 0.04 0.07 0.08 0.01 0.07 0.08 0.06 | 0.01 0.00 0.07 0.00 0.00 -0.01 0.00 0.00 0.00 0.01
10(0.04 0.05 0.05 0.04 0.02 0.03 0.02 0.03 0.08 0.04|0.01 -0.01 -0.02 0.00 0.00 0.02 0.00 0.00 0.00 0.00

PAEXD, AMETIHREETINVONT A —RHEEFHEL U T Stan 2 W7z NUT 12 &5 MCMC %%
HWa. F%13 RStan [40] Z FHWT TR 572, REET IV Stan 3 — PG X [41] DGR L 7.
NT A= RDHERSAGE 0;, B, Bry Bey dek, logay, logay, logae, logr, ~ N(0.0,1.0%) £ L7z. ZI°T,
N(p,0%) \FF p, BEYERZE o OIEBRD A %2RT. AiFETIE, MCMC O/N— 21 VI 500 & U,
500 ~ 1,000 R £ TD 500 3> TV EHWS. ML L7z MCMC % 3 F =4 VHEFL, Bohiz¥dr 7L
DHIFHE L LT EAP #EEfiz k5.

5.4 NTA—YHTEREE

AREITIE, MCMC 7TV AL EBEBEETIVDONRT A — X WEEREE > Iab—2 a3 VERIZED
S 5. EERFIEIIUATDO@ED TH 5.
1) EFNNRIA—ROBEEZ 53HITRUEDHIMH ST VX LITER L.
) FIE (1) TERLEZATA—REFEL LT, T—2 X 2R (9) OREEF A, SAER L.
3) HEMULT =215 MCMC &2 FHWT NI A —XHfEE%2TT- 7=,
) BSNT T A — RHEEME L FME (1) TER L 285 A — R EfH & OFFEH —F#842% (RMSE: Root
Mean Square Error) & /N1 7 AZHH U 7=,
5) PAEZ 30 FI{f7V, RMSE & N1 7 AD & FHER %2 kD 7=.

RO E, FRER T = 30,50, @EET = 3,5, FMEiEH R =15,10, FHlESEC =5,10 DG4
IZBWTI o7, ITTVEIE K =4 & Lz, ZhS DEREMIZRETEH S ET — X EBRO B & [
LB EIITEEL.

FEREERE2RIIIRT. £305, 257 A—2O RMSE OFHE (Avg. 51) 101 FEEE R, T
A—=RHDOBRKETE 02FEIZL EE>TWVWE I ebNd. %0102 WO K, FEHEEHOAA
RS TV TND 99.73% BEEFNBHEF (-3 ~3) D 1.7% & 3.3% (MM L, +oI/hNS WEERIRT
E5. F7z, BGERFLE (e.g., [11, 12, 15]) LRIRRIZ, PR ERC - FEE - FRAGERC - FEMBLAE D Bz
WHEEAS S DS T A B AN S . N T ADFEZOWTIE, WTFRD8T A —&H 0 IZHERIC
EWEZRLTEYD, RfWREK (F72138) HEDEHL RN EWHERTES. 72, MCMC O
IS % 79 Gelman-Rubin OUUHCHIESGEE R [42, 43] ZHEFR L2 & 25, TR TDEE TR 72 Uk Ak
¥METHD 1.1 2 FE> T\ -,

PALEDKERD S, MCMCIZ X DIREETILDNT A — R 2 EYITHETE S LR TE .
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K 4 T A — 2 HEEH

M c=1 c=2 c=3 c=4 c=5

Qe 1.130 0.916 1.210 0.810 0.986
Be -0.541 -0.143 0.052 0.750 -0.117
deo -2.336  -1.383 -2.041 -1.496 -2.408
des -0.048 -0.438 0.041 -0.094 -0.383
dea 2.385 1.821 2.001 1.591 2.791
SA r=1 r=2 r=3 r=4 r=>5
Q 0.821 0.469 0.698 0.597 0.816
Br -0.489 -1.211 -0.228 -1.498 -0.232

Tr 0.882 1.520 0.459 1.033 0.578
RS r=6 r=7 r=8 r=9 r=10

o 0.752  0.847 0.992 0.254 0.780
Br -0.295 0.053 -0.315 -0.236  1.360
Tr 0.815 0.658 0.731  2.020 3.438
AR i=1 =2 =3 i=4
Y 0.841 1.018 1.086 1.075
Bi -0.031 -0.054 0.075  0.009

% b: THHERYE & g IR RS

3MHF—% 4 HF—%&
r-GRM 1-GPCM r-MGRM r~-GRM r-GPCM r-MGRM % w/o 7, RRE TNV R FH
T E WAIC 2278.18 2255.39 2837.81 14112.59 13982.13 13279.27 13286.24 13033.21 -
B ML 2211.41 2183.64 2766.27 14044.36 13907.34 13208.19 13207.10 12943.06 -
fie REZ] 0.350  0.362 0.317 0.369 0.396 0.395 0.390 0.450 0.347
W EEEE 0.137  0.144 0.157 0.145 0.136 0.136 0.135 0.130 0.147

HWE 3 1-GPCM p < .001 - - - - - - - _
7 —X r-MGRM p < .001 p < .001 - - - - - - -

4  r-GRM p < .00l p=.141 p< .001 - - - - - -

F—4 r-GPCM p<.001 p<.001 p<.001 p<.001 - - - - -
r-MGRM p<.00l p<.001l p<.001 p<.001 p=.999 - - - -

fE w/or, p<.001 p<.001 p<.001 p<.001 p=.501 p=.869 - - -

BEETNL p<.00l p<.001 p<.001 p<.001 p<.001 p<.001 p<.001 - -

FEREY p=.993 p<.001 p<.001 p<.001 p<.001 p<.001 p<.001 p < .001 -

6 ERT—YRER

AETIE, EF—XEAZE LT, BEETNVOEEZ T 5.

AR TIE, ET—RENETH72012, M4 HORFELRKFZHEEC4DDT Yy A EETOYE, &
FREIZ AT U TR I N2 FE X E 10 ZOFHiiE TR I 2. REBRTHHUZZy 21 EIET—< I
HTHHFOBAEZBREZNETH D, EMABCER T — XIIBEE U\, F/z, GHl#EIC L B8R
&, TS B WREFKLEZR1IOL—TY vy 7 E2HAWT 4 BfETirbyrs.

AT, ZOEF—XIREETVEEAL, EFTVOAENMEZFMMTS. 22T, £R4ITEF—
APEROIBEETNDNT A= RHEEHZRT. £4H05, - FHEE - FHHBLICOVWTENETN
WMENRD B Z EPHEARND. £7/2, FMERAMT dy OMEAPELRDY, FHOEMT . PRLEZ D
MRTES., ZHEEHT TV kIS 2 iHHEiEHE D FEANGH & GBS DT NZNKFELTWE Z L %
REY 5.

6.1 HE®BEETI

DETIE, IREETNVOMWREZFET 572012, 4 THAUZREWE TV & ORI EZTTS. LT
IR O7ZdIZ, X 6), X (1), X B) OEFIVEZNEN, -GRM, r-GPCM, r-MGRM & 3.
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7L, INSDOBEET IV AT —RICEBIIZEATE AW, AERTIIIRO DD HETE

F—RIZHEAT 5.

1) 47T —49% 3T —9ICEH
—OHDOHER, fEERETMTERTE S LD IT4HT — X %2 3T — XA 2 5L TH 5. BIRHIC
&, V=TV D 4T — X X &, FEE < P8 x FHlE D 3HT— X X' = {mode({zijrc|c €
CHli € IT,j € J,r € R} IZE¥L T 1-GRM & r-GPCM %2#HT 5. ZZ T, mode(S) ZHEE
S DIRHFUEZE T L 5. HEZ, 47 —X X 2%8H x JHlig x LA 0 3 HF— &
X" = {mode({zijrc|i € I})|j € T,r € R,c € C} IZZHL T -MGRM %#EH T 5.

2) AMET—FICEATE 2 ETIVERICILR
TOHDHER, AMT— R vy € X IIHUTKIBHERPERI NS IS ICETNVRELET S
EThD. BAEMIZIE, -GRM OX (6) & -GPCM OR (7) DFEA%E Pijr 95 Pijrer WWEHEL,
r-MGRM DX (8) D/l % Pjrek 75 Prjrer \WEHET 5. Z4UF, r-GRM & r-GPCM T, #Hif
Melzrirobd, X (6) HUBIUR (7) HUTKIGHERZEHRL, -MGRM TiX\W\WT L OFHE
ilZ2VWTH, X (8) AUTKIGHEREZFET S Z L 2EKT 5.
T/, BEETIVCHLICEAULZFEMEZE NSNS A =X 7, OMBE2MERT L2012, BEETILNLS 7. %

WO BRWEZET IV EDHIEKESHITS. YBTIXZDETVE HEE w/o 7] LIEE.

6.2 IEMEBFEICL B ETILLE

AHiTIE, HHREHRECESCETVHRIZEVIREET VO ZIHET 5. 2 2 Tlk, MCMC IZ &
DEETNDNRTA=REHEL, FoNHEHEEZ O CERERMEZ RO 72, HHREHHEZ X MCMC
DINTA—=RY 2 T oHHTE S Widely Applicable Information Criterion (WAIC) [44] & 3R 24
JLRE (ML) [45] 2 Wiz, 22T, WAIC lZbREEZ B/IMET 2 ET IV EEIRT 2 FiETH D, %
WENEZETNVIRERDO T — XD FHNTENZET NV EMINTE 5, ML IZ—8ME28E D€ SV ENFET
HY, EHEMIZEDETIVREIRI NS, 28, WAIC L#R%2 &bt 572012, ML Ozl -2 20
fEE I U, D EOEHEREIIMMEIN NI VETIVFY, BULETILTHB I L E2EKRT 5.

FEEFER AR 5 ITRT. KT, BT =X OHNET—X % 3T — XA L THAFEE TV A
U758 08RE2ER L, AHT—Z ] OFIT 4T — X ICEATRERERBIZIE LU ZBEFEET IV EREET
VOFERERT., EREMNEEIXA—OT -2y MIEAUZGEICOAETIVIIRPAIGEL 257280,
3MF—XEHATIE -GRM & r-GPCM O ALLERARETH 0, 4 M7 — X WK & 3 M7 — X i AR O&E R
T ER W LIZERLTIEL .

K506, AT —RITHEALZEE, E55DOHEREMNEIZSVTE, REETAVPRKEET VL LT
BIRINZZ PR TES., [ERETFTNVIZOVWTEHET 52, -MGRM, r-GPCM, r-GRM DJIECTH:#E
REWZ ENRERTE S, 4 TR L ST, -MGRM, r-GPCM, r-GRM O E 7258 WX A 7 3D D
FEAMG S HE AR - M - FEEBLA D EOERITKF T D LIRET 22 H D, T OFEERFERIE, GFMsE
HE X FEAME 5 & B 1R RAFE L, BEADKIFIZNI W Z & Z2RIBLTWS, 3HTF—X#EHIZBWT
5, -GPCM 2 r-GRM L W &\WHEREZ R L TH D, TOFRE—BLTW5S. F7z, FiE I MEHE <
FTA—REFEHE U RE w/o 1,) OMEEIPMRREE T IV HARTRNZ &0 5, FRAIE S & 7 O i /5
D% Z R L CiHMiiE 2RI T 2 L VEETH L LN b.

Dby, #REFIVTIX, FEMIE AR FHEiE O G2 DWW T2 RETE D720, T—ZADY
TRFEOVPEDELS R LRINTE 5.
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6.3 BEJDRITE DFEREETE

ZITIE, REETNVORADWEREIZOWTHIT 5. A TIXRENIEMREZ, BITHE (eg.,
[10, 15, 16, 11]) & [FBRIZ, [EFli#E PERE - GHIBAA 2L L2 &, CORELEL THRIMEEZHETE
Bh) & UCHHIIS 5. BRI IZOUT OEBRCRENHIEREE % Red 7=
1) ET—XZHAVTMCMCIZEDETNMNTA—REHE LT,

2) HBEHHEIGZONEFARMT—ZD %% TV XAIRMEETF—2% 100 8% VER L. 2@
iE, BFEPF NS HFEME - A - SRR T VX LICEE TSI L ITInT .

3) FME (1) THEE U 7238 - Gl - SR8 ST A — X 2G5 LT, &ERHET— 20 5FBHEDEE
EHE L. ZOFIEIL, &FEEORIMEE, FHEMiE - FE - TSNz LB L RR o e T I L
2RI 5.

4) nFEHORHT— R0 SHEESNRENHE G, & n' FHDORHT — R 95 HEE S NGE1H 6, & D
BRI Cor(0,,,0,/) % n e {1,...,100}, n' € {n+1,...,100} DETDOMAHGHLEIZDONTKD, M
B Dy L e A 2 B U2, ZOMBIE, S - 8 - S AL THREL TREN 24
ETEDIFEEWMEZ RS 720, REBRTI I NEBENHICHEDORE L MG 5.

AREERTIE, HEBED7ZO1Z, BNADOFIIEEZGENIHEEM L AR UGB 2N THEROERE T4 -
7z, 7z, HBRBOFIMEIZE TV TERRELN D D02 MHERT 572012, Tukey IEIT & 5% & K
i1 o7z.

FEBFERERSIORT. FTHEETNVICOWT, 3HT—XCEALEZHA L 47— XTHEA L 725
BEHIET 2L, TRTOGBATAMT —ZERARKITEEDS N ELTWS Z EDHERTE S, FIZ -MGRM
TIEZTOMEPEETH L Z e hGAlNG. Zhik, 4T —X% 3MHT—XIZTBHBZ, -GRM &
r-GPCM TIFHMiB A O HIIRIZ & 0 7 — XA 1/5 12725 DZxt U, r-MGRM TR #H O BRI &
DT =R 1/10127257-80, 3SHT—R L AMT — X TOFERT — RBOERNKE DN -7 2 L HHH
rEZONDG., ZORERIE, AMTF—XEHAVWTELIZIET S ZL0EMEEZRLTWS.

RIZAMHT—RITEA L5 A Tl ZTS &, REETAPRDGVRAIEREEZ R LI L9 D
N5, Flz, EETIVIZOVWTHEKT S L, -MGRM & r-GPCM OMENFRFEETH b, r-GRM XK
EHREN. 6.2 THHEMLEZLIIT, ITNSDEFT LD EREWVIIEIAM S T IV O FAMELAEAHRE - F7AM
o AHIBL S O COBERIKGFET D LRETH0TH Y, T OREIE, FEMBLA & FHli 1 D\ TRl FHE
DAEREZERT DI THRANNERENRESINE I Z2RLTWS. £/, HifioFRe FERIC, THEE
w/o 7] WFREET N LR THREIMENZ VMR TE S, T &lE, FEME A & FHE O D
flidHE2 Z 8T 5 Z L VRN HEREOUCE AN TH D L 2FIKT 5.

PAEDER» S, REETIN T, Gl & FHliE (2 OV TFHIIEED £ R 2 RBITE, 4T —&»
SEEFORNZHETE D720, BIMEDKHEE LM LTEI LA TEL

1

7 LIV

AIRGETIE, V=TV v 73 THOND FEE x fE x FHlliE x FHEBAD 4 M7 — X5 5, GHbi#E
LTI E ORI EZ ZE L CEEE ORI ZME TCE W - RHAKIGE T VERE L. £/, &
FEETFILVDNRTA—=RPERETIEE LT, Stan %A\ 7z No-U-turn sampler i1Z &% MCMC 73V XL %
REL, YIalb—vaVvERIZEO NI A-ZMEDOZLYZ R Uz, 51T, ET—XEHAVWERT
i, REETVORETHS, 1) AT XD oI ZETES 2L, 2) FHlBIAR & F-M#H O FEAfh &4
EHEETELILL, OGN T—X#EALENUEREDOR EIZAEHTHEZ L %2R LT,

S, SRRRT —RICHEA LU CTREETVOAENEEZBRGEL TV E V. £72, KETILTHEI NS
NIA=RERMTEHILT, V=7V v 7 AERDHN - FHliZIT5 2B TES. RETLEL—T VY
T OMERR - WEIZWEHAT A2 T, EVRWIL—70 vy 7ORFEEITVZWV. X512, RIS TIKHlER S
DRESIREIZ VIR ZRE LT, SBRIEZIRGEREANDIEEZ 1T\, IEIAWIEHAEZ G U720,
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NI =< VAFTIZ BT 5L R TEAKIGET LY

TR - /KK

BB RF

1 ¥ A2 M =

AR, REAGRCEMRER, BE iz L OMA LS EHIZ B \WT, ZERE DL D @ IRIREE D
HIE % HIBT X7 + —< V AFHIEiAEH SN TW5 [1, 2, 3,4, 5, 6]. /37 4 —~ v AFHiilk, BIEMRHR
UK T 2 ZBRE DINT r — < ¥ A% fHliE P EER AT 2FHEETH O (7], dd NGB m Bk, 52
FilBin Y okk4 I A TIHAI N T E /2.

N7 F—< v AFHEIOREE UT, ZERE ORI HIERSE G ORMEITKFE T 2 i fifiish T &
72 15,6,8,9,10, 11, 12, 13, 14, 15]. ZOREZERT 5 FHEDO—D & LT, fHliEOREEZRT/NT A —
REATG UZHEHKISE TVINEESERESINT VS [6, 8, 10, 12, 13, 16, 17, 18, 19]. THS5DETF I
TIEHFMEOH X P L S R EOREZZR L TRBREDRN 2 HETE 5720, FERCEHER Y O H R
PRRAEFIEL AT, SHELRREONEZEBTE 2 ZEPREINT VS [6, 8, 12, 14, 20].

IS DEHEKIGE T VIFHIESROBEIN Rt ZKEL TWS. UL, EiRREEHOHIE% B
TNRT =< VAT T, ERORRIRETHREINEL =TV v 7 &2 HWTREEITS 2 KN T
HY (21,22, ZOHBAITIFEIO-RITHIBTUEMHZINRVWEEZSNE. —RatEdi Sk
WIHB IR R INE LZETVEEMAT AL, T—XIIRTH2ETVEEIMET L, RESHEEMIZN
AT ADBEL B ERHSNT WS [23, 24].

—H, BEHOZWT%ERE L ZHBKISEGR L UT, ZRTHE MIGE TIVHREI ST W5 [25, 26].
ZUOLHEHMIGE TV TIE, TANRERIERORIRNEZHEST 2 LINEL, ZIRITORETEZBRED
BLHEHETES. LML, BEOZRTIEAKIGE TV IR E DRt 2 ZETERWEd, N7 4x—
< ¥ AGHIENZ G U 72 854002 X BE 1 I K ASEEA A R (A7 S 2 RED % 5

M EDORE%E RS 272012, ARBIFE T, FMERE T A =X 2 M5 UL RTHE KIGE TV E
RET 5. BARIITIE, WHER % OB S E TV (25, 26]) (ICFHEH ORI RS A =2 25 LTS
NEeUTEAMET S, £/2, MEET VORI A-RMERIEL LT, A MORYANA AT VT REF
T2 ) VT RHAWEILVITEMEE YT HIVAERIEET S, BEETILVORBIIMTOEE LT
H5.

1) HHREHEZHWEZETVERZEMTSE 2L T, BBIREORERKITCHE T — XD OHETE 5.

2) ETFNNTA—REMRT LI LT, BONLENREORKE S TES.

3) FHMEiERMEE BB UL RETORNERTS Z LT, fEOLUWTHHEMIGE TV & b @k
JEIRRE I HEE DI AIREL 72 5.

AWZETE, YIab—YaVvERBIUET—XERICIVEBEETVOAEERT.

2 FIRT—%

AWETIE, NT7F—VAFHET—X U L LT, ZBREDNT 4 =V AZFHEZENILV—T Vv 7 %
HAWTHEBOFHEHE THRA U7z [Z8#F ] x [FHMEEE] x [l O 3T —22{KETS. 22
T, ZBEOELEE T ={1,--- I}, iMliEDOELEEZ R={1,--- R}, V=7V v 7 OiHliEHDEAL%
J={1,---,J}, dHlinT IV OELEEKL={0,--- K-1} b BE, ZEEi cT DT+ =3V RAITHK
U, dHti# r € R ZFHEEE j € JICHDWTHEZ 2% 245, 255, ZOLE, TR UKD &

*AREREO B E S O EFEHHRIZIXOED TH 5.
SRR - FHHERE (2019) N7 4 — < ¥ ZAFHHIZ BT 2 S ROLHE KIS E 7). BFHHRIGEZE R D. Vol.J102, No. 10,
pp.708-720.
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DIZERTE D,
U:{zijf‘{EijrE{*l}UIC,Z.EI,jGJ,TGR} (1)
AWFETIZZOHEMT — & Uiz U CHERIGHE R Z2EHT 5.

3 HERIGER

HE KIS 27 1%, IV Ea—& - TAT 4 V7 DOY KL &b, EEMKL LB THEMAIE
NTVWLBHET N EH T A MBERD — OT%%.ﬁﬁﬁm%7w®ﬂ58bf,uT@$9&ﬁ#
FEiFons. 1) #HEHKEOMRCEEHHOXEZ/ NS UTRIHEEZITI 2N TES. 2) RIRLHIH
HADZBREDKGZFH—RELTIHETES. 3) RMlT—XPOSBGIINTA—RERETES.

HHE ISR Z N E T, EFRHEHEC L BORNARE L &, ERF—RICHETE 5 L 058X T
A MANDORHAR R TH o7z, — T, EETIE, FdRXGAERe & DT 4 —< > AR ZAERLIEE X
JIRETNEEMAT BMEDED SN TS [14].

AWFTHD £ 5720 v — MUT = ZITH T E B SEREAKISE TV L LT, BRERKISE TV (GRM:
Graded Response Model) [28] > —#¢(bifB3 8 E TV (GPCM: Generalized Partial Credit Model) [29]
MIESFHENTE /2. REITIE, AFETEBEET VL LTHAYT S GRM IZDW TN 2.

3.1 BERKRETI (GRM)

GRM T, ZBE i WHH jIZAhTTY) ke K LIS DR Py, 2IRATEHEZ 5.

Pijr = Pl — Pl (2)
* 1 _
Pk = mesra o F=1o K-
P =1
Phy =0

ZIT, 0; \3%EE « DREN, o (FIHE j O, B FHEE jIZBWTHEiL T T k&S B
HEERT. 72720, Bj<Bi2< - <Bjxk-1&T5. TOETILVTE, BOMENFEENATTYA
DRISHERDIEHL 2D, BBAPEWVIEEEWHI T TV ANDKISHERIEL 5.

— R Z DL S RAADEHKISE TNV TS T— R IEZHREDT A NEHEANDRETH D, [ZEE] x
[F2ZMNEH] O2MT =25, UL, NT74—< YV AFHIiCH’S 7 — X% [%25#%] < [FHUHEE ] x
[l ) DO 3MT—XTH Y, EHOEAKIGE TV 2 EREICITEATE RN, ZOREE RIS 572012,
iR N T A — R 2 MMA7ZHE KISE TV ELBIRE I N T W5 [6, 8, 10, 12, 13, 16, 17, 18, 19].
KEiTlE, Uto and Ueno [8] DET LV EZMNT S

3.2 FHMBEERMENSA—SEMELALBRARBET L

Uto and Ueno [8] &, #Hili&DEL & & —HWEDRMEZK T NT A —-K %5 L7 GRM 2fEL TV
%). ZOETIVCTI, %ﬁ%z DINT 4 =< V2L, i r PFEMEE j ICHEOWTHER ke K %

Pijrk = Plirk — Pilirita (3)
* 1 — - —
Piirk = o ayar ey F=L K-l
PZ);T‘O =1
Png =0

ZIC, oy ERHEEE j WA, B, BRHEEE j 1250 TR k 285 b ORI EET. 2L
ﬁﬂ < ﬁjg < e K ﬁjK—l L35, iﬁ_, OzT iﬁzﬁﬂﬁ% r @uq:ﬁﬁ@ Ei‘[i, ET ﬁ¥ﬁﬂj% r @aﬂﬂﬁ@lﬁ&bé%
KT, T2, NIA=ZDHFIMEDZDIZ a1 =1, 6 =0ZKELTVS
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2D &S i FHEERE A B R U 72 HE KRE TIVIE, AR EOBMRRRETIEL AT, SE
BAENME AR TE D Z LAREINTWVS [8, 20]. FFiZ Uto and Ueno [8] DETILTIE, FHiFE A
ZWVGEIZ D SRS LRIV ARETH D, KRBT A b D & 5 IZFHliE D% < 70 2 58 2@ WERIE
PHIRFTE 2 [8,6,16]. LAL, 1 THhRZKDIZ, §HiERMZZE L 72870 € 7 IVIZHIEN R OB
TZ—=RaEE2RELTHE Y, ZRGGREEZBE LB HHEEZITS 2L ETER.

3.3 ZRTEBRBETIN

BN DL 2 E U2 HE KGR & U CTEIRGEHBE KIGE TV ST W5 [25, 26]. ZIRILIH
HOGH G %, FEM C IEMEMOE T VICKRIT S Z e TE S [26]. MEROLRTEE KISE TV
i, WINPT ORIDE T NEEVFERP RO ND LIRELZET IV TH D, FEFEIIZIRICIHE
KIRE TV, TRTORTEOREN D E S RITNIXE VIR ER/RD Z e LW ERELZET VN THS.
FERERLE TIOVIIGHEE T VIR TET AR T A= RBR L W2, EREERNT A — X HEEITHE
BT = XD, S5 A —XOMIREFHEIZ RS [26). 22T, AWZETIE, MEMOLUCCEEMIGE
TVIZEHT 5.

ZAET — RN T B MEMLGTHBARKIGE TV 2 U T, BT 0o B ST TV [26] D3TS5 1
TWa. ZOETFINTIE, ZEHF i BIEH jITBWTHEMk 213 51R Py, 2R TEHT 5.

Piji = Pl — Py (4)
. 1 1., _
Pijk T ldexp [—(XE @10, —8k)] k=1, K-
Pi*jO =1
Pi*jK =0

ZZT, LIFREIOMTE, 0y \3%Z5E i Dl e {1, L} RILHDEEN, «aj (FHEE j O 1 XEH
DRI T 2NN %2RT. £/, B FHE jITBVWTHM Lk 28 27-00REEEE2KRT. 2720,
Bi1 < Pz < -+ < Bix—1 £ T 5.

ZDEIBRETIVEMNSZ LT, ZRGTCORNRNEZRE L -RIHENTHEL 5. THIT, TAb
HHO#AN D ZHHONEL ELOETONT S22 T, lHxDRTHBED XS RENZIEL TWB %R
MeEpZencEsd. iz, Wil 0@ L ZEHEMTHELUZE HE j LIHE j/ OEIEELTH
Mol GE, MLl TAMEE j &/ ITH@ETAREZHEL TWB LT E 5. LzdioT, Zho
DIEHDONAEWNZ @2 0T 52 8T, ot OBRWREMNTE 5. Kxfiz, HE Z 212 DRI
MADRE NP E AT LI LT, KEHEPEDL I LREZHELTWAI0EATTAHILHAMETH 5.

LUGEEBEKISETIVTIEI D L S BRERICRETORENNIENRARETH 57%, 3.1 HiTEA L 7B K
JIGE TNV E R, [ZEE] x TFAMEH] O 2T =X~ ~O@EAZIKELTH D, KL THES 34
T RZEHFIGEHATE R\, 2 I TARETIE, ZRGTHEKISE TIVICEHEiE RN T A — & % f)
B UEHRETIVERET .

4 RBREETIL
REEFILCIE, ZWE i O T —< VAL, FHliE r AFEMIEE j 12OV THE k %25 2 55
R Py BIRATEHT S,

Pijre = Pljre = Pljresa (5)
* — 1 — . —
Pijrk T l+exp [70%»(2%:1 ajleilfﬁjkfer)} k= L ’K 1
Pi?rO =1
Pf}'rk =0

ZIT, ap BAHIEE j O LG H ORI RT3 HBAAEEL, B KR j 12 BTk 285
7-ODOWHE KT, 7277 L, le < /ng <0< 5jK71 95, *7-, JEF:}I/ODE’E‘}EEU‘@ODK&D&:, op=1 =1,
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AN \\\\\

R
R
2 I

(c) TH 3, i 1

(d) HH 1, iz 2 (e) THH 1, Ffi# 3 (f) HHE 1, FHfiZ 4

I R1DONT A=K 2 U 7286 OEHE KISl

K1 M1 THATLENTA-X

(o778 €r
FfMi#ZE 1 1.0 0.0
A& 2 2.0 0.0
A& 3 0.5 0.0
& 4 1.0 2.0

ajr g2 B Biz B3
THH1 20 20 -40 0.0 4.0
JHH2 20 05 -4.0 0.0 4.0
JHH3 20 20 -40 20 4.0

4.1 RS X—Y DR

ZIT, REETNDNT A= RO EDAT 572012, Rt L =2, FHlirTTVHK =4 1280
T, R1DNAFTA=REfEE UL ED, X (5) TRINSHEKIGHE (IRS: Item Response Surface)
ZRLICRT. FIAIE, K1 (a) &, RLICBITDHE 1 EFHEH 1 DT A—XEFEHLZEEDIRS %
FT. SRIE, BEICZERE ORES 0, 2XGTT LATRL, MEHHAE RN DOKISHER Py 2R T, M1
6, EOHEHIZBWTE, SUTORIPMEWVIE LBV EGIHENE R, SUoTORIDE
WIEEEWTRESIMENE < R>TWVWE I b nd. DETIINT A =R T OMIRERT 7201,
1 (a) ZHIEIZENT A =2 ZABNZEAZTEB 1 (b) ~ (f) IZD2WTEIIT 5.

1 (b) &, B1 (a) oAl aje Z/NEK LZGADIRS THDH. K1 (a) KT 2L, HH DL
B E AL LTE D, 2RTCHDREI DEENIH G 2 B FENANDKISHERDEATEP IR > T WD
Zeond. I, @D a;y NI WIHBIR, [ROTHORNERE L CHIETE MW L2 RBL
TW5.
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BA1 (c) &, WEEE B, BEWEADIRS TH L. WHE NN T X =& 5,13, EAKRELLIEFEFRE
EZEDZENHLL 2%, THH3 T, k=1% k=20DIRS DERAMEIZH T ZRENMEHIHEE 1 &
RTELS B> TWAIZ D b2sd., Ik, JHHE 3 THEME=2%85I121%, HH 1 CRUESE2E5
FOEVEOVPRBRETH D L2 ERT 5. £z, WHE NS A—2IE, BT 248 Bjpr1 — B DAEMK
ELRBIFY, P EANOKISHERDE 725, HH 31 B2 — Bj BRE VD, K1 (a) LHARTHA
k=1%35MRPEERNIZELSR>TWD. KT, Bjs — Bjo DWW TIHMMMIZERINT o T
WE 72, ik =2%G5MERIZN1 (a) LHRTR2AEMIELSREHAIN TV S,

B 1(d) %, FHliEDO—EME a PEVEEDIRS TH 5. M1 (a) &HRZE, 2TOATIVITHL
TIRS DAFMNKEL L>THD, 0; DEZH L TRIGHERPBRIZEZHTE LR >TWE I e
bhrd. ZhiE, —BEOEWIEHEE X, ZBEORIVEVIZERHWERE, BOMIVIFZE RN ERE
—HBLTHERBELHIT, AEDRENOZHE N U TXLEL TH— DN E 5 X 2 HAVRN &%
KELTWDB. ¥z, M1 (e) D&, ap WMEVEEIZIE, BEHOZMMIZHE D KIGHERDEFH/NE <,
AT TV TORICHERDZERN 2R U TN K RoTWa. Zhlk, —EEOERWFEME X, FHilio <
VELFIAWPKEL, ZEREORI BT UM LG Z2 TR WI A2 RILTWS, LzA->T,
—EMENEVIHEE I, ZBMEORNEZR—DOEEDOE L TLEL CHMTE 5L E L WVilffig & —i#&
ZHMr T E 5.

B1(f) 1%, FHIEDOHLE NI A=K e, BAZIWHADIRS TH5. M1 (a) LHART, &tk LT
IRS DY — 27730, DMENPKEL BB HIZBHLTWAZ bbb, T, BELWITHEE D S &Vt
ERBIFLDEVENPBETHD I L ERIIL TV,

REETIVCTI, 0o OFHEEE & FME ORME%2F R LU CTHZIRGTCRETORRADMEZTD T LM T
5780, HROZRTCIEHKIGE TV & AR TEEE R IHES P TE 5.

4.2 RIGCHOHEE & RITDERR

REETTIVEMATZ720120, RERROTH L 2RET 2HENH B, —BITHEHKISHRIZH T 5
VOO AHTE, W& A2 ) =7 vy bEHWTITY 2204\ [30l. L L, NFafridk
2T’ S £S5 3T — X ITIFEATE R, M5 T, POTBOBRIXE T VERE UTHIRT 52 20
TE5. —fiz, E7IVEHPUL BIC (Bayesian Information Criterion) [31] X AIC (Akaike Information
Criterion) [32] 72 & DEWEMUEIZHDVWTIT S 2%V, BEETILTH 2o OFHRERMEE H
28T, BOHBKTB L 2T — X IPSRETES.

E7z, BONEZRGTREIZBWT, A% DRIENED XS REENZHEL TWE 2L, @EDOZIRIGH
HEGE TV & FRRIZ, &FHUEE O ENEE DT 5 2 & THIRTE 5. BARIIZIE, ot O
MAOMEZEHB CHlB UL &, FHHIEE j & FHEHE §/ OEAZEH U T, oo L IZFHiEE j
GBS RN EIEL TWD LMRTE 5.

4.3 MCMC IC& BT A —YHEFE

HHARIGHIZB I 287 A =R EFEE LTI, EM 7L 3 ) X0 %AWz EHEEEr =2 —
YT 7Y UERIC K B HEMERE R EENESHVSNTE R [33]. — 4T, RMZETHED &5 42#
METHE KISE TV DEEIZIE, vV a7HEEE YT Hva (MCMC: Markov Chain Monte-Carlo) 7 )V
IV XA L% AW HEEER (EAP: Expected A Posteriori) #EEENEHE TH D Z 2 WRINT VWD
8, 34]. HHHKIEHEIZBE TS MCMC 7TV AL L LTI, A MBRYANS AT 4 VTR X T AY
VIV T ERMAGEOE TN T X8, 14, 35 BN THD. £ T, KiFETH, REETILOD
NITA=REFHEL LT, A NBRYANA AT A VT ALFTAY VT v 72 lAELE T MCMC
HEaiRET 5.

169



ZIT, ENTA—RDEE%E 0 = {011, 0L}, o = {11, - ,as}, B ={Bi, . Bik—1}
o, = {a1, - ,agr}, € = {er,--- er} ERT. 2, BENTA-ZXOHAN % g(0|1), 9(oj|Ta,),
9(Bl8), glar|ta,), glelte) &35, 72U, 7o, Ta,r T3y Ta,s Te EEFRMDMADI/INT A=K (A 8=
NRIA=R) KT, ZOrE, KnT—R2U %52 LT, NIA-XOFHNMAIILATO K 5128
nas.

9(0,a;,8, 0., €,|U) < L(U0, g, B, ar, €)9(01|79) g(t5|7a, ) 9(Bl75) 9(tr | Ta, ) g (€] Te) (6)
ZZ T,

I J R K-1
L(U‘07aja/67ar76) = HHH (Pij’r‘k)Zika (7)

i=1j=1r=1 k=0

1: Tijr = kD& %
Zijrk = B (8)

0: _EEdLAs

RETLITYXLTIE, R (6) DFEEDME MCMCIZLDRDB. 22T, A=(0,05,8,,€) & T
L, TVIVALDOKREEE, TeXZ A7 =A\{r} 2ft5& b#%i:%#ﬁ%%?ﬁﬁ%ﬁ#647“/7°U v
TTBHIEwBOETEVWSEDTHS. 72770, HAMKGHERIZBEWTIZZ mbmﬁﬁﬁ%MW~ii
58728 [35], ZOH YTV TIEA MEKRY ;««4 AT AV %ﬁﬁmfﬁi HARMIZIE, Te i
W, fEMHE 7 RIRENE N(1,02) oYV TV VI, BMME 2R OBRIER TERIR /BT 5 &0
SFNEE, TRTDONRTA—=RIZDONWTITD.

U|r T*
i - ([ 40 )
OV U TBTRITHROIEL, BoNENRTA—X - YU TILVDOEHEE EAP HEHE 5. =7
U, DBPCR U7z HEHI X D £ TON— Vo VHINIE, 73T A — X OYIHED BN T 5 72 D HEE 12 R
FHUZN. KBS T, N—r 1 U 30,000 & U, EHCMBEZZRE L T 30,000 Fih S 50,000 F
FTOY VTV E 100 HECTHIL U C EAP #EMEZRD L. £z, £NATA—XRDHEFIAMIIDOVWTIE,
JEATHIZE 8] L ARRIZ, 0, ~ N(0.0,1.02), aj ~ LN(1.0,0.5%), Bj1 ~ N(—1.5,1.0%), Bj2 ~ N(0.0,1.0%),

Bjz ~ N(1.5,1.0%), a, ~ LN(1.0,0.5%), € ~ N(0.0,1.0%) &9 5. ZIT, N(u,o02) ¥¥ p, HHERE
o DIERD %, LN (', o) 137/, BYERZE o’ ONBUER D% RT.

5 YXal—y3avEER
5.1 NSA—YHEREE

AHITIE, MCMC 7TV ALK BIBEET VDRI A —RFEREELS Iab—a Vv ERIZED
P9 5.

ZZT, LIRGTGHDHEAI I N T A= DRT MVvE o = {ajilj € T}, LIRGGHDBEIRZ MV E 6, =
(i e I} T2 E, BEETFTNVTRIMTCHDART A =X (g, 6) & U RTHDNRF A =& (ay,
el/) EANEBEZTHR (5) ORIGHERIZZLLRWED, TNS5D8T A —XHEEMIZ—FIZEX S5\,

ﬂ@ﬁﬁﬁ BWTIENT A =X HEERITEVOT DR EAT D 720 TOAREMRIFHE L 22 5 00D, K
WTITFOEDBNTA=& - VAN OFEFMTIXZORTHZHE LR IEYICEHMcE 2w, %
l’C*‘, T T, SBATHSE [36] (ICEED &, GBI ARG A AE & 7 B XX —IHH & W TIRIGE D AIE D R
EEMIET 5. BRI, XI-HEJ e{J+1,--- ,J+ L}y ZHVT, UFOFIHT/NT A —XHfEE
K51 D 3TN % 4T o 7=
1) XI-HH; e WEHIT7TVEK=2,L, NTA—REDFOMEIZHEL .

aj=1.65 j=J+I
aj =022 j#J+]1
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F 2 NXNT A=K - VANV ERIZET S RMSE OEHE & R (Hy alN)

J=5 J =10 J=15

L| R=5 R=10 R=15| R=5 R=10 R=15| R=5 R=10 R=15

1] 022 0146 0140 | 0231 0161  0.142 | 0231 0158  0.138
(0.084)  (0.057) (0.044) | (0.072) (0.052) (0.052) | (0.065) (0.051)  (0.050)
ajy 2| 0243 0194 0165 | 0237 0189  0.174 | 0245 0173  0.154
(0.064)  (0.067)  (0.049) | (0.068) (0.044) (0.044) | (0.043) (0.032)  (0.032)
3| 0281 0203 0174 | 0279 0208 0174 | 0258 0201  0.170
(0.071)  (0.052)  (0.047) | (0.061) (0.038) (0.047) | (0.049) (0.038)  (0.027)

1| 0163 0141 0128 | 0166 0145 0121 | 0.165  0.146  0.106
(0.056)  (0.042)  (0.076) | (0.045) (0.046)  (0.051) | (0.030) (0.052)  (0.030)
Bk 2| 0171 0151 0116 | 0.169  0.141 0137 | 0.166  0.136  0.133
(0.053)  (0.068)  (0.037) | (0.032) (0.066)  (0.032) | (0.030) (0.032)  (0.056)
3| 0183 0148 0151 | 0.180 0148 0125 | 0174 0148  0.135
(0.061)  (0.050)  (0.077) | (0.045) (0.049)  (0.044) | (0.035) (0.032)  (0.039)

1| 0140 0128 0130 | 0107 0103  0.102 | 0.089  0.093  0.087
(0.052)  (0.045)  (0.054) | (0.052) (0.031) (0.033) | (0.037) (0.039) (0.032)
ar 2| 0124 0124 0130 | 0118 0105  0.099 | 0.093  0.083  0.095
(0.045)  (0.058)  (0.033) | (0.055) (0.033)  (0.037) | (0.049) (0.036)  (0.047)
3| 013 0131 0116 | 0.094 0100  0.097 | 0.08  0.084  0.087
(0.041)  (0.050)  (0.035) | (0.042) (0.040) (0.027) | (0.032) (0.027)  (0.030)

1] 0204 0211 0195 | 0184 0184 0171 | 0170 0177  0.152
(0.070)  (0.078)  (0.053) | (0.098) (0.078)  (0.070) | (0.097) (0.088)  (0.060)
e 2| 0215 0200 0195 | 0.177  0.185 0182 | 0.165  0.156  0.141
(0.097)  (0.067)  (0.058) | (0.082) (0.078) (0.063) | (0.078) (0.059)  (0.050)
3 0192 0196 0.8 | 0.163 0162 0164 | 0.167  0.165  0.143
(0.089)  (0.075)  (0.051) | (0.067) (0.051) (0.047) | (0.075) (0.065)  (0.054)

1] 0329 0240 0222 | 0253 0198 0175 | 0235 0179  0.145
(0.075)  (0.057)  (0.074) | (0.065) (0.057) (0.046) | (0.058) (0.053)  (0.040)
00 2| 0439 0333 0275 | 0371 0284 0261 | 0337 0258  0.214
(0.064)  (0.055)  (0.042) | (0.076) (0.056)  (0.059) | (0.057) (0.046)  (0.050)
3| 0469 0371 0314 | 0444 0311 0274 | 0385 0287  0.243
(0.062)  (0.046)  (0.037) | (0.087) (0.044) (0.039) | (0.049) (0.038)  (0.032)

Bik =0 (10)

2) XI—HHDSADIEHH j € J DT A =R EFHIEZE T A —X, ZEEOREIMEE 4.3 HiIlTRL 04
WRE>TT VR LZERLUT-.

3) FlE (1) EFME (2) THEBLAEATA =X EFHEL LT, T2 U %X (5) ITEDWTHERL .

4) HEREUT =255 MCMC 2 HWT AT A= ZfEETo72z. TDLE, XI—HHDODNAITA—XX
FIE (1) TEBUfEEFG L Uz, 72, FI—HEADNATA =R E2fEL T2 TETILOMI
VEDMEND 2D, AHEETIER (5) 12815 apey =1, ¢ = 0 OHEIFIZEA LA o 7.

5) BoNNTA—RHEEME TIE (1) THER LU /85 A —REf & DT il (RMSE: Root
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K3 NTA=X - YHN)FERIZBT D31 T ZAOFIIE & R (Fy aw)

J=5 J =10 J=15

L| R=5 R=10 R=15| R=5 R=10 R=15| R=5 R=10 R=15

1] 0039 -0001 -0.006 | -0.005 -0.017  0.007 | -0.026 -0.011  -0.015
(0.127)  (0.091)  (0.090) | (0.136) (0.091) (0.101) | (0.122)  (0.087)  (0.088)
aj 2| -0014 -0036  0.003 | -0.033 -0.015  0.003 | 0.002  -0.006  -0.002
(0.096)  (0.102)  (0.092) | (0.088) (0.082) (0.084) | (0.071) (0.065)  (0.074)
3| -0011 0012 -0.017 | 0002 -0.015 -0.000 | -0.016  0.008  -0.007
(0.104)  (0.087) (0.072) | (0.073) (0.073) (0.067) | (0.079) (0.076)  (0.057)

1| 0007 0007 0004 | 0.006 0022 0013 | 0009 0021  0.012
(0.049)  (0.045)  (0.041) | (0.045) (0.046)  (0.042) | (0.039) (0.048)  (0.025)
B 2| 0004 002 0006 | -0.003 0.004 0022 | 0010 0015  0.018
(0.055)  (0.046)  (0.031) | (0.039) (0.038)  (0.049) | (0.034) (0.036)  (0.043)
3| 0007 0007 0012 | 0003 0013 -0.001 | 0.008  0.019  0.019
(0.055)  (0.046)  (0.057) | (0.044) (0.050)  (0.040) | (0.042) (0.044)  (0.040)

1| 0006 0015 0005 | 0051 0016 0016 | 0.020  0.033  0.009
(0.104)  (0.091) (0.101) | (0.085) (0.077) (0.077) | (0.074) (0.076)  (0.071)
ar 2| 0004 0028 -0010 | 0.034 0021 0013 | 0026 0017  0.026
(0.090)  (0.088)  (0.080) | (0.104) (0.078)  (0.072) | (0.084) (0.064)  (0.080)
3| 0034 0014 002 | -0008 0034 0015 | 0013 0017  0.017
(0.079)  (0.089)  (0.071) | (0.079) (0.070)  (0.068) | (0.070) (0.061)  (0.066)

1| 0015 -0029 0037 | -0.023 -0.034 -0.017 | -0.014 -0.038  -0.031
(0.147)  (0.162)  (0.112) | (0.174) (0.153)  (0.134) | (0.169) (0.170)  (0.120)
e 2| 0009 0016  -0.017 | 0014 0004 -0.007 | 0001  -0.022  -0.008
(0.176)  (0.139)  (0.119) | (0.156)  (0.156)  (0.135) | (0.152)  (0.124)  (0.097)
3| -0.020 0013 0029 | -0017  0.010  0.006 | -0.009  0.013  0.010
(0.165)  (0.137)  (0.118) | (0.115) (0.115)  (0.117) | (0.154) (0.148)  (0.110)

1| 0032 -0007 0035 | -0.006 0014 0016 | 0.006  0.016  -0.004
(0.134)  (0.107)  (0.116) | (0.104)  (0.111)  (0.093) | (0.128) (0.106)  (0.074)
6; 2| 0016 0035  -0.013 | 0.006 -0.002  0.024 | 0.009  0.002  0.015
(0.097)  (0.090) (0.071) | (0.084) (0.076) (0.097) | (0.079) (0.071)  (0.073)
3| -0.002 0012 0019 | -0.003 0011  -0.001 | 0.005  0.022  0.017
(0.073)  (0.062)  (0.063) | (0.054) (0.060)  (0.052) | (0.064) (0.064)  (0.056)

Mean Square Error) & /N1 7 A28 H L 7z,
6) FIE (2)~(5) % 50 [Hl4F\\, RMSE X84 7 2D & kEuEfR4 % 2l U 7=,

LitoFERE, FMIEEL J =5,10,15, FHliEI R =5,10,15, IRTH L =1,2,3 DZTNETNDHEIT
BWTro 7z, ZEERETHME A T TV, MEBETHTOET —XEROFBEIZELETI=30, K =4
U7,

KEERTIE SN 7= RMSE O L RS 2 £ 2 12753, R 205, HEBPHEEBOBINIZE,
eSO RMSE 2343 B M A% AN 5. ik, TEHHEHPEMZE QBN & 0 EES/8F A — &R Iz 4
2T — AT 2720 TH Y, FLiTHsE (eg., [8, 16, 37) & —HUzMHZRLTW5. ¥/, HHE
NF A —& D RMSE (&3l DI > TR U, i /85 X — & D RMSE ($IHH O > TR
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& 4 ROTBUERKG

R=5

R=10

R=15

J=5

J =10

J =15

J=5

J =10

J =15

J=5

J =10

J =15

Lt Le

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00  3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.02
(0.00) (0.14)
2.00 1.98
(0.00) (0.14)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.12 1.28
(0.32) (0.53)
1.88 1.76
(0.32) (0.43)
3.00 2.96
(0.00) (0.20)

1.36 1.90
(0.56) (0.88)
1.68 1.44
(0.47) (0.50)
2.96 2.66
(0.20) (0.47)

180 2.50
(0.72) (0.67)
1.38 1.10
(0.49) (0.30)
2.82 2.40
(0.38) (0.49)

1.44 184
(0.61) (0.70)
1.62 1.34
(0.49) (0.47)
2.94 2.82
(0.24) (0.38)

222 2.82
(0.70) (0.43)
1.16 1.04
(0.37) (0.20)
262 2.14
(0.49) (0.40)

242 288
(0.67) (0.38)
1.10 1.02
(0.30) (0.14)
248 2.10
(0.50) (0.30)

1.46 1.08
(0.67) (0.73)
1.64 1.28
(0.48) (0.45)
2.90 2.74
(0.30) (0.44)

224 2.76
(0.74) (0.43)
1.18 1.00
(0.38) (0.00)
2.58 2.24
(0.49) (0.43)

2.80 2.98
(0.40) (0.14)
1.00 1.00
(0.00) (0.00)
2.20 2.02
(0.40) (0.14)

1.12 1.58
(0.38) (0.67)
1.90 1.52
(0.30) (0.50)
2.98 2.90
(0.14) (0.30)

1.68 2.56
(0.73) (0.67)
1.56 1.36
(0.50) (0.48)
2.76  2.08
(0.59) (0.77)

2.38 2.98
(0.75) (0.14)
1.42 1.60
(0.49) (0.53)
2.20 1.42
(0.82) (0.49)

1.90 2.48
(0.81) (0.73)
1.40 1.36
(0.49) (0.48)
2.70 2.16
(0.50) (0.76)

2.74  3.00
(0.48) (0.00)
1.34 1.66
(0.47) (0.47)
1.92 1.34
(0.74) (0.47)

2.04 3.00
(0.31) (0.00)
1.62 1.82
(0.49) (0.38)
1.44 1.18
(0.57) (0.38)

234 2.74
(0.74) (0.59)
1.24 1.28
(0.43) (0.45)
242 1.98
(0.64) (0.62)

2.96 3.00
(0.20) (0.00)
1.60 1.82
(0.49) (0.38)
1.44 1.18
(0.57) (0.38)

3.00 3.00
(0.00) (0.00)
1.86 1.98
(0.35) (0.14)
1.14 1.02
(0.35) (0.14)

£ 5. T — RN VGG OUGTECEIEE

R =20

R =25

R =30

J =20

J =25

J =30

J =20

J =25

J =30

J =20

J =25

J =30

L Le

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

BIC AIC

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
3.00 3.00
(0.00) (0.00)

1.00 1.06
(0.00) (0.31)
2,02 2.00
(0.14) (0.28)
298 2.94
(0.14) (0.24)

1.02 1.04
(0.14) (0.28)
1.98 1.98
(0.14) (0.14)
3.00 2.98
(0.00) (0.14)

1.00 1.04
(0.00) (0.20)
2.00 1.96
(0.00) (0.20)
3.00 3.00
(0.00) (0.00)

1.02 1.04
(0.14) (0.28)
1.98 1.98
(0.14) (0.14)
3.00 2.98
(0.00) (0.14)

1.00 1.02
(0.00) (0.14)
2.00 1.98
(0.00) (0.14)
3.00 3.00
(0.00) (0.00)

1.00 1.04
(0.00) (0.20)
2.00 1.98
(0.00) (0.24)
3.00 2.98
(0.00) (0.14)

3.00 3.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)

3.00 3.00
(0.00) (0.00)
1.02 1.02
(0.14) (0.14)
1.98 1.98
(0.14) (0.14)

3.00 3.00
(0.00) (0.00)
1.00 1.02
(0.00) (0.14)
2.00 1.98
(0.00) (0.14)

2.98  3.00
(0.14) (0.00)
1.00 1.02
(0.00) (0.14)
2,02 1.98
(0.14) (0.14)

3.00 3.00
(0.00) (0.00)
1.02 1.02
(0.14) (0.14)
1.98 1.98
(0.14) (0.14)

3.00 3.00
(0.00) (0.00)
1.00 1.02
(0.00) (0.14)
2.00 1.98
(0.00) (0.14)

3.00 3.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)

3.00 3.00
(0.00) (0.00)
1.00 1.02
(0.00) (0.14)
2.00 1.98
(0.14) (0.00)

3.00 3.00
(0.00) (0.00)
1.00 1.02
(0.00) (0.14)
2.00 1.98
(0.14) (0.00)

3.00 3.00
(0.00) (0.00)
1.98 2.00
(0.14) (0.00)
1.02 1.00
(0.14) (0.00)

3.00 3.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)

3.00 3.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)

3.00 3.00
(0.00) (0.00)
1.96 1.98
(0.20) (0.14)
1.04 1.02
(0.20) (0.14)

3.00 3.00
(0.00) (0.00)
1.98 2.00
(0.14) (0.00)
1.02 1.00
(0.14) (0.00)

3.00 3.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)

3.00 3.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)

3.00 3.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)

3.00 3.00
(0.00) (0.00)
2.00 2.00
(0.00) (0.00)
1.00 1.00
(0.00) (0.00)

DI AR TE S, 2,

M DIEINZA L > THE N A =R T3 57 — 2B ML, HE

DIHNZAE > TFMIE N T A —RITHT 2T —XBDEMT 572D TH Y, KI5 (eg., [8, 16, 37]) &
—H UM E > TW5a. 2, HEEPHEMU THHEE NI A —XIINT 2T — ZFUIEML 27z

&, HEH/NSA—XDO RMSE BIEEHEZHEP L THHT UL LR VWEIZEEI N L.

Al 2 &

i /X A =X DOFRE ZNEHKTHSD. F/z, RGTEOBINT & 0 GEJIME & THH GBI T1 O He ks H
K mBMEAbFARNS. 2, IRITSBEPENT 5L, T—2B—ED X FHENELEHHBN T A —
RDPHENT 5720 TH Y, HWGCHEKIEE TV DETWHE [36) £ B LML m->TW5, BB,
#£ 2T, DETIEDHDD, R L =3 D& ZITFHMHE (£72IXHBEE) OMtE->THE (X721
M) XTA—=XDRMSE ML TLE S 7 —AREZIT o5, Rl 3 D&z, BEIED

THH R0 DHEEFE DRI R E <, ZOFERMDNT X — 2 O EMEIZE KT D,

Z DB,

A BCCIHBE B OB L5857 XA =X EEOWEZITBHLTLE o7k, Z0X 5 RFERN
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BonzeEZLR5.

5T, REBRTHONIZANS T ADWH LEHEREEER 3 ITRT. R3INS, WITNOERMFIZBENT
ENA T ADWIZZ 0ITEWMEZRLTE D, RENZER (F7213@d) HEDMmEEDonLn &
Bhohd

LEDOFERN®S, MCMC 7V IV XLZEVIBEETNDNT A - X ZHYNHETE DL Z LHHRT
7z,

5.2 [BEREREICE D RTHUEE O Z L HETH

2T, HERERBYEE 7 IRGT B E O Y 2 BT 5. BARRIZIE, BIC & AIC % [fif e R4E

ELUTHWY, ITOEERE2TR>7-.

1) BEORILEE L &L, EFVARTA—R%E A3HITRULMEIHE> TER LT,

2) AR ULAENRTA—REFHSEE LT, & G)ITEISWTT—X U 24EK L.

3) T—RUERMHOTIRIEE L, = 1,2,3 #{EL TMCMC IZ & B85 A= XHEEEIT, EREE
WGTEEIZ NENL DV 21778 - 7=.

4) FELOFEERZE 50 BIRE VIR L, NEA DY & R %2 B L 7.

uiwiﬁ , HHEJ =5,10,15, #Hli&# R =5,10,15, HOWRTH L, = 1,2,3 DETNTNDY
wrn@’”ot.it,ﬁaﬁaJM%ﬁ#ym% e bf,ﬁaﬁj_mjam,JM%ﬁ

R:QO%SO@iéT%Hﬁ@%ﬁ%ﬁot.xﬁ%&th:Uﬁu,m%w%ﬁﬁﬁ,lzm,K=4

WZREE L 72,

Bon7fER 2R 4 LR ITRT. RPOMHEIE, ERMAETITBEWT, HOWRTEN L D& TR L,
EINE L TR SN BHREDIEN O (Fy I NIEHER L) 2RT. EAOMEANSWIEE, ZTOWT
L WEEEE LTS GE RSN L 2EKT 5.

9, HOWRTGH L, =1 DL EOMEMIZERT DL, TRTOEMEIIBVWTELWRITH L, =1 2%
FBEBRLTVWBZ Db D D, HOWRTM L, =2, L, =3 D& X2, FHEEECCHEBEDS ML T —
ZEEHIEENINT B ic‘:“ EFEULWIRTEEZHEE L BIRTEAHALH L Z 2 Pbrb. £z, AIC * BIC I
F— ZEAD R NEAITIREE TV L 0 BT T A EIRT AN H 2 Z EAHISNTE Y [38], A%
RcH, 7— ﬁéﬁmvl\&bv‘:é‘ X Z DIERDPFEAIND., 512, £5 LD, T=R2EDR+HITEZVE &
i, WnE—EE %A T 5 BIC [39]) 3R — ﬂ@%%t&hA@gﬁAfﬁh§~ﬁ®mE%%ibfb
LZebhb

PAEMS, MEHREHMEE A WZIREE TV ORGTHCER DS, Hamm 0 IZEET 2 %40 HIETH D Z &N’
MEsRTE 7.

6 ET—9ER
AETIE, BT —X#EHAZBLT, BREETNVOAMMEEZIHMET 5. AT, ET—X2NET L7
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Group optimization to maximize peer assessment accuracy
using item response theory and integer programming*
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1 Introduction

As an assessment method based on a social constructivist approach, peer assessment,
which is mutual assessment among learners, has become popular in recent years [1, 2, 3].
Peer assessment has been adopted in various learning and assessment situations (e.g., [3, 4,
5,6, 7, 8, 9]) because it provides many important benefits[1, 2, 3, 10, 11, 12, 13, 14] such as
1) Learners take responsibility for their learning and become autonomous. 2) Assigning rater
roles to learners raises their motivation. 3) Transferable skills such as evaluation skills and
discussion skills are practiced. 4) By evaluating others, raters can learn from others” work,
which induces self-reflection. 5) Learners can receive useful feedback even when they have
no instructor.

One common use of peer assessment in higher education is for summative assessment
[15, 16, 17]. Peer assessment is justified as an appropriate assessment method because the
abilities of learners are definable naturally in the learning community as a social agreement
[2, 18]. The importance of this usage has been increasing concomitantly with the wider use
of large-scale e-learning environments such as MOOCs [13, 14, 15]. In such environments,
evaluation by a single instructor becomes difficult because the number of learners is extremely
large. Peer assessment can be conducted without burdening an instructor’s or a learner’s
workload if learners are divided into small groups within which the members assess each
other, or if only a few peer-raters are assigned to each learner [14, 16, 17].

Peer assessment, however, entails the difficulty that the assessment accuracy of learner
ability depends on rater characteristics such as rating severity and consistency [1, 2, 13,
14, 19, 20, 21, 22, 23|. To resolve that difficulty, item response theory (IRT) [24] models
incorporating rater parameters have been proposed (e.g., [1, 2, 23, 25, 26, 27, 28|). The IRT
models are known to provide more accurate ability assessment than average or total scores
do because they can estimate the ability along with consideration of rater characteristics [2].

In learning contexts, peer assessment has often been adopted for group learning situations
such as collaborative learning, active learning, and project-based learning (e.g., [13, 15, 19,

* A SR oD B L G S D FEFETEIRIZIRDIE D TH 5.
- Masaki Uto, Duc-Thien Nguyen, Maomi Ueno (2020) Group optimization to maximize peer assessment
accuracy using item response theory and integer programming, IEEE Transactions on Learning Technologies,
IEEE Computer Society, Vol.13, No.1, pp.91-106.
- Nguyen Duc Thien - F#HERE - FHEFEF (2018) €7 72 A A Y MZH T HHH KGR Z HWZ 7V —7F
W mar b, & IEHEE P2 GE D, Vol. 101, No.2, pp.431-445.
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16, 29, 30, 31]). Specifically, learners are divided into multiple groups in which they work
together. Peer assessment is conducted within the groups. However, in such peer assessment,
the ability assessment accuracy depends also on a way to form groups. For example, when
a group consists of learners who can do accurate mutual assessment, their abilities can be
estimated accurately from the obtained assessment data. By contrast, if a group consists of
learners who tend to assess others randomly, then accurate ability assessment is expected to
be difficult. Therefore, group optimization is important to improve the assessment accuracy
when peer assessment is conducted within groups.

Only one report of the relevant literature describes a study [31] that proposed a group
formation method particularly addressing peer assessment accuracy. However, the purpose of
this method is to form groups while providing equivalent assessment accuracy to all learners
to the greatest degree possible. Although the method can reduce differences in accuracy
among learners, it does not maximize the accuracy.

To resolve that shortcoming, this study proposes and evaluates a new group formation
method that maximizes peer assessment accuracy based on IRT. Specifically, the method
is formulated as an integer programming problem, a class of mathematical optimization
problems for which variables are restricted to integers, that maximizes the lower bound
of the Fisher information measure: a widely used index of ability assessment accuracy in
IRT. The method is expected to improve the ability assessment accuracy because groups are
formed so that the learners in the same group can assess one another accurately. However,
experimentally obtained results demonstrated that the method did not present sufficiently
higher accuracy than that of a random group formation method. The result suggests that it
is generally difficult to assign raters with high Fisher information to all learners when peer
assessment is conducted only within groups.

To alleviate that shortcoming, this study further proposes an external rater assignment
method that assigns a few optimal outside-group raters to each learner after forming groups
using the method presented above. We formulate the method as an integer programming
problem that maximizes the lower bound of the Fisher information for each learner given by
assigned outside-group raters. Simulations and actual data experiments demonstrate that
assigning a few optimal external raters using the proposed method can improve the peer
assessment accuracy considerably.

It is noteworthy that many group formation methods have been proposed for improving
the effectiveness of collaborative learning (e.g., [31, 32, 33, 34, 35, 36, 37, 38]). This study
does not specifically examine learning effectiveness. However, groups that are formed to
maximize the assessment accuracy are expected to be effective to improve learning because
receiving accurate assessments generally promotes effective learning [19]. For that reason,
group formation for improving peer assessment accuracy can be regarded as an important
research effort in the field of educational technology.

2 Peer assessment data

This study uses a learning management system (LMS) called SamurAI [39] as a peer
assessment platform.
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Figure 1: Peer assessment system implemented in LMS SamurAL

The LMS SamurAl stores huge numbers of e-learning courses, where each course comprises
15 content sessions tailored for 90-min classes. Each class comprises instructional text screens,
images, videos, practice tests, and report-writing tasks. To submit reports and conduct peer
assessment, this system offers a discussion board system. Fig. 1 portrays a system interface
by which a learner submits a report. The lower half of Fig. 1 presents a hyperlink for other
learners’ comments. By clicking a hyperlink, detailed comments are displayed in the upper
right of Fig. 1. The five star buttons shown at the upper left are used to assign ratings. The
buttons represent -2 (Bad), -1 (Poor), 0 (Fair), 1 (Good), and 2 (Excellent). The system
calculates the averaged rating score of each report and uses it to recommend excellent reports
to other learners[40]. Other studies have used such scores for various purposes such as grading
learners[41, 42|, evaluating rater reliability[43|, predicting learners’ future performance[44,
45], and assigning weights to formative comments[13]. This article describes our attempts at
improving the score accuracy.

The rating data U obtained from the peer assessment system consist of rating categories
ke K={l,---,K} given by each peer-rater r € J = {1,--- , J} to each learning outcome
of learner j € J for each task t € T = {1,--- ,T}. Letting uj, be a response of rater r to
learner j’s outcome for task ¢, the data U are described as

U= {wj |wrc CU{-1},t €T, je T, re T}, (1)

where u;;, = —1 denotes missing data. This study uses five categories {1,2,3,4,5} trans-
formed from the rating buttons {—2, —1,0, 1,2} in the peer assessment platform above.

As described in Section 1, peer assessment is often conducted by dividing learners into
multiple groups. This study assumes that peer assessment groups are created for each task
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t € T. Here, let 24y, be a dummy variable that takes the value of 1 if learner j and peer r
are included in the same group g € G = {1, -+ , G} for assessment of task ¢, and which takes
the value of 0 otherwise. Then, peer assessment groups for task ¢ can be described as shown
below.

Xi = {xigjr | v1gr €{0,1},9€G,j €T, r € T} (2)

Consequently, when peer assessment is conducted among group members, the rating data
L. . . . el
uyj become missing data if learners j and r are not in the same group (3, Tty = 0).
This study is intended to assess the learner ability from the peer assessment data U
accurately by optimizing the group formation X = {X;,--- , Xr}. For that purpose, we use
item response theory.

3 Item Response Theory

Item response theory (IRT) [24], a test theory based on mathematical models, has been
used widely for educational testing. Actually, IRT represents the probability that a learner
responds to a test item as a function of the latent ability of the learner and item characteristics
such as difficulty and discrimination. The use of IRT provides the following benefits. 1) A
learner’s responses to different test items can be assessed on the same scale. 2) Missing data
can be handled easily.

Many IRT models are applicable to ordered-categorical data such as peer assessment data.
The representatives are the Rating Scale Model (RSM) [46], Partial Credit Model (PCM)
[47], Generalized Partial Credit Model (GPCM) [48], and Graded Response Model (GRM)
[49]. Although those traditional IRT models are applicable to two-way data consisting of
learners x test items, they are inapplicable to the peer assessment data directly because
they are three-way data comprising learners x raters x tasks, as defined in Section 2.

To resolve that difficulty, IRT models that incorporate rater parameters have been pro-
posed (e.g., [1, 2, 23, 25, 26, 27, 28]). These models treat item parameters in traditional IRT
models as task parameters. For example, an item difficulty parameter is regarded as a task
difficulty parameter.

The following subsection introduces an IRT model for peer assessment [2], which is known
to realize the highest ability assessment accuracy in the related models when the number of
raters (= learners) increases.

3.1 Item response theory for peer assessment

The IRT model for peer assessment [2] has been formulated as a GRM that incorporates
rater parameters. The model defines the probability that rater r responds in category k to
learner j’s outcome for task t as

Pijrr = {;'rk;—l - t?'rk (3)
t?rO = 17
* 1 B
tjrk — 1+exp(_at7r(9j—ﬁtk—8r))7 1 < k < K 1
Pt?'rK = 0.
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Figure 2: Item response curves of the IRT model with rater parameters for three raters.

The following are used in those equations: ~, reflects the consistency of rater r; €, represents
the severity of rater r; o is a discrimination parameter of task ¢; and 3, denotes the difficulty
in obtaining category k for task ¢ (with 8y < -+ < Bix_1).

Fig. 2 presents examples of item response curves (IRCs) for three raters (designated as
Rater 1, 2 and 3) having different characteristics. We can draw the IRCs for a rater r by
plotting the probability F;j,, with changing ability 6, given parameter values of the rater
and task t. In this example, the parameters for Rater 1 were v, = 1.2 and ¢, = 1.5, those
for Rater 2 were v, = 1.2 and ¢, = —1.5, and those for Rater 3 were v, = 0.8 and ¢, = —1.5,
respectively. The task parameters were set as oy = 1.0, 83 = —1.5, B = —0.5, B3 = 0.5,
and Sy = 1.5. The left panel of Fig. 2 portrays the IRCs of Rater 1. The central panel shows
the IRCs of Rater 2. The right panel shows the IRCs of Rater 3. The horizontal axis shows
the learner ability. The first vertical axis shows the response probability for each category.

This IRT model presents the severity of each rater as €,. As the parameter value increases,
the TRCs shift to the right. For instance, Fig. 2 shows that the IRCs of Rater 1, who has
high severity, shifted rightward compared to those of Rater 2. That tendency reflects that
raters with higher severity tend to assign low scores consistently.

Furthermore, the model presents the consistency of each rater as 7,. The lower the
parameter value becomes, the smaller the differences in the response probabilities among the
categories, as in the IRCs of Rater 3. Therefore, a rater with a lower consistency parameter
has a stronger tendency to assign different scores to learners with the same ability level.
Those raters generally engender low ability assessment accuracy because their scores do not
necessarily reflect the true ability of a learner.

The interpretation of the task parameters is the same as that of the item parameters in
GRM.

The IRT models with rater parameters are known to provide higher ability assessment
accuracy than average or total rating scores do because they can estimate the ability consider-
ing the rater characteristics[50, 51, 52, 53|. Additionally, the IRT model introduced into this
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subsection is known to achieve the highest peer assessment accuracy in the related models
when the number of raters increases [2]. This study assumes that group formation becomes
increasingly necessary as the number of learners (=raters) increases. For that reason, this
study uses this model.

The authors have examined the effectiveness of those IRT models by their application to
actual peer assessment data collected using LMS SamurAl [1, 2]. However, the influence of
the means of forming groups has been ignored. As described in Section 1, the assessment
accuracy depends on a group formation when the peer assessment is conducted only among
group members. This study improves the assessment accuracy by optimizing the group
formation based on the IRT model.

3.2 Model identifiability

The IRT model above entails a non-identifiability problem, meaning that the parameter values
cannot be determined uniquely because different sets of them provide the same response
probability [54, 55]. Although the GRM parameters are identifiable by fixing the distribution
of the ability [56, 57], this model still has indeterminacy of the scale for a;7, and that of
the location for B + €., even if the ability distribution is fixed. Specifically, the response
probability Py, with oy and 7, engenders the same value of P, with of = ayc and v, = I
for any constant ¢ because a7, = (a;c)™ = a;7v,. Similarly, the response probability with
B and €, engenders the same value of Py, with 3, = By + ¢ and €, = ¢, — ¢ for any
constant ¢ because 3}, + €. = (B + ¢) + (6, — ¢) = Bu, + €,. The scale indeterminacy, as
in the a7y, case, is known to be removed by fixing one parameter or restricting the product
of some parameters [56]. Furthermore, the location indeterminacy, as in the Sy + €, case,
is solvable by fixing one parameter or restricting the mean of some parameters [48, 55, 56].
This study uses the restrictions Hle v, =1 and Ele g, = 0 for model identification.

It is noteworthy that, because no identification problem exists, restrictions on the rater
parameters are not required when the task parameters are known and the distribution of the
ability is fixed.

3.3 Model assumption

This model requires several assumptions. One important assumption is local independence,
which is a common assumption in IRT (e.g., [58, 59, 55]). This assumption implies that rat-
ings for a learner become locally independent among all raters and tasks given the ability of
the learner. An earlier report described that local independence among raters is not satisfied
when inter-rater agreement is high (e.g., MarianoJunker2007,patz2002hierarchical raterbundle).
When dependence among raters is assumed to be strong, IRT models that can consider their
effects, such as the rater bundle model [60] and the hierarchical rater models [25, 61], might
be appropriate.

Another assumption of this model is that no interaction occurs between raters and tasks.
For example, if rater severity differs across tasks, then the assumption is not satisfied. In
such a case, incorporating different rater severity parameters for tasks, such as introduced
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into [26], might be desirable.
Those assumptions are evaluated in the actual data experiment section.

3.4 Fisher information

In IRT, the standard error estimate of ability assessment is defined as the inverse square
root of the Fisher information (FI). More information implies less error of the assessment.
Therefore, FI can be regarded as an index of the ability assessment accuracy under the
assumptions that the model is correct and that the ratings are a valid reflection of the
targeted learning outcome.
In the IRT model for peer assessment[2], FI of rater r in task ¢ for a learner with ability
8; is calculable as
o2~ (Prkr @i — Pl @iion)”

It?“(ej) = Yy * _ px ’
k=1 tjrk—1 tjrk

(4)

where Q. =1 — P .

Fig. 2 depicts the FI function for the three example raters introduced into 3.1. The
dotted lines and the right vertical axis show FI values. A comparison between Rater 1 and
Rater 2, who have different severities with the same consistency, shows that the severe (or
lenient) rater tends to give higher FI values for high (or low) ability levels. That tendency
reflects the fact that severe (or lenient) raters do not distinguish low (or high) ability learners
because their ratings for such learners are biased to the lowest (or highest) score. Fig. 2
also shows that FI of Rater 3, who has low consistency, is extremely low overall. That result
reflects the fact that inconsistent raters engender low ability assessment accuracy because
their ratings do not necessarily reflect the true ability, as described in 3.1.

The FI of multiple raters for learner j in task t is definable by the sum of the information
of each rater under the local independence assumption. Therefore, when peer assessment
is conducted within group members, the information for learner j in task ¢ is calculable as

shown below.
J G

ACHED IR A CHEmS (5)
=i

A high value of FI I,(6;) signifies that the group members can assess learner j accurately.
Therefore, if we form groups to provide great amounts of FI for each learner, then the ability
assessment accuracy can be maximized. Based on this idea, the next section presents a
proposal of a group formation method to maximize the peer assessment accuracy.

4 Group formation using item response theory and integer pro-
gramming

4.1 Group formation method

We formulate the group formation optimization method as an integer programming problem
that maximizes the lower bound of FI for each learner. Hereinafter, this method is designated
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as PropG. Specifically, PropG for task t is formulated as the following integer programming
problem.

maximize Uy (6)
J G
subject to Z Z [tr<9j)xtgjr > Ut, vja (7)
r=1 g=1
T#j
G
Z[Etgjj - ]., vja (8)
g=1
J
< Z%:gjj < N, Vg, (9)
j=1
Ttgjr = LTtgrj, \V/g7j7 r, (1())
Tigjr € {07 1}7 Vg,j,?“. (11)

The first constraint requires that FI for each learner j be larger than a lower bound ;.
The second constraint restricts each learner as belonging to one group. The third constraint
controls the number of learners in a group. Here, n; and n,, represent the lower and upper
bounds of the number of learners in group ¢. In this study, n, = |J/G| and n, = [J/G]
are used so that the numbers of learners in respective groups become as equal as possible.
Here, | | and [ | respectively denote floor and ceiling functions. If the remainder of J/G
equals to zero, then the numbers of group members become equal for all groups; otherwise,
they differ among groups. In the latter case, the difference in numbers between groups is
equal to or less than one. This integer programming maximizes the lower bound of FI for
learners. Therefore, by solving the problem, one can obtain groups that provide as much FI
as possible to each learner.

As another approach, it might be possible to make the peer assessment completely adap-
tive so that raters with the highest FI are sequentially assigned to each learner. However,
just as the traditional adaptive testing with an insufficiently large or diverse item bank does
(e.g., [62, 63, 64, 65]), this approach increases the assessment errors as the process proceeds
because the number of learners assignable to each rater is limited. Consequently, this ap-
proach tends to pose biased assessment accuracies for learners. However, PropG resolves this
difficulty because the assignment is optimized to maximize the lower bound of FI for learners.

PropG is inspired by automated uniform test assembly methods using integer program-
ming and IRT, which have been studied extensively in educational testing fields (e.g., Lin-
den2005book,simultaneousTest Form,ishiill EEE, Pokpongl EEE Ishii2017Aied).

4.2 Evaluation of group formation methods

The ability assessment accuracy is expected to be improved considerably if PropG can form
groups to give sufficiently high FI to each learner. To evaluate this point, we conducted the
following simulation experiment.
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Table 1: Prior distributions for IRT model parameters

log a, log v, ~ N(0.0,0.4)
e, 0; ~ N(0.0,1.0)
p={-2.0,-0.75,0.75,2.0}
0.16 0.10 0.04 0.04
B~ MN (. 2) ¢ o {010 0.16 010 0.04
0.04 0.10 0.16 0.10
0.04 0.04 0.10 0.16

For J € {15,30} and T' = 5, the true IRT model parameters were generated randomly
from the distributions presented in Table 1. The values of J and T were chosen to
match the conditions of two actual e-learning courses offered by one author from 2007
to 2013 using LMS SamurAl. Specifically, J = 15 and 30 were used because the average
numbers of learners in each course were 12.9 (standard deviation=4.2) and 32.9 (standard
deviation=14.6), respectively. Also, T" = 5 was used because the maximum number of
tasks was 5. Furthermore, the parameter distributions in Table 1 assume correlation of
Bu, among categories because an increase of 3y, tends to increase [3; ;11 as a result of the
order restriction Sy z+1 > Bi.

For the first task ¢t = 1, learners were divided into G € {3,4,5} groups using PropG and
a random group formation method (designated as RndG). For PropG, the FI values were
calculated using the true parameter values. The number of groups is usually determined
so that each group comprises 3-14 members while maintaining the number as equal as
possible for all groups[66, 67, 32, 68]. This experiment used G = 3,4, and 5 because the
number of group members falls within this range when J € {15,30}. Here, PropG was
solved using IBM ILOG CPLEX Optimization Studio[69]. We used a feasible solution
when the optimal solution was not obtained within 10 min.

Given the created groups and the true model parameters, peer assessment data were
sampled randomly for the current task ¢ based on the IRT model.

Given the true rater and task parameters, the learner ability was estimated from the
data generated to date. Here, the expected a posteriori (EAP) estimation using Gaussian
quadrature[70] was used for the estimation.

The root mean square error (RMSE), and average bias between the estimated ability
and the true ability were calculated. We also calculated the FI given to each learner.
Procedures 2) — 5) were repeated for the remaining tasks.

After 10 repetitions of the procedures described above, the average values of RMSE,
average bias, and FI obtained from Procedure 5) were calculated. In this experiment,
PropG provided the optimal solutions within 10 min for 98% of the group formations
when J = 15, and for 78% of them when J = 30.
Fig. 3 presents RMSE and FI results. The horizontal axis shows the task index; the

vertical axis shows the RMSE (upper panels) and FI (lower panels). The lines represent
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Figure 3: RMSE and FI values of group formation methods in the simulation experiment.

the results of PropG and RndG for each number of learners. Results demonstrate that FI
increases and RMSE decreases with the decreasing number of groups GG or with increasing
numbers of tasks or learners because the number of data for each learner increases. Generally,
the increase of data per learner is known to engender improvement of the ability assessment
accuracy [2]. Furthermore, we confirmed that the average biases were extremely close to zero
in all cases. Specifically, the minimum value was —0.08 and the maximum value was 0.02,
which indicates that there was no overestimation or underestimation of the ability.
Comparing the group formation methods, PropG presents higher FI than RndG in all
cases. To examine the reason, we analyzed the relation between learner ability and the
assigned rater parameters. For this analysis, we divided the values of the ability and the
rater parameters into four levels < —o, (—0,0], (0,0], and > o, where ¢ = 0.4 for log~,
and o = 1 for §; and ¢,. Subsequently, we calculated the proportion that raters with each
parameter level were assigned to learners with each ability level. Table 2 presents the results.
Results show that the distributions of the rater severity parameter differ between the group
formation methods, although those of the rater consistency parameter are mutually similar.
Specifically, PropG tends to assign severe raters to high-ability learners and lenient raters
to low-ability learners. As explained in 3.4, severe (or lenient) raters tend to provide higher
FI to high (or lower) ability level. For these reasons, PropG presents higher FI than RndG
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Table 2: Distributions of rater parameters for each ability level in group formation methods

RndG
log yr €r
0 <—-04 (-0.4,0] (0,0.4] >0.4|< -1 (-1,0] (0,1] >1
< -1 0.17 0.31 0.32 0.20]0.14 033 0.38 0.14
(—=1,0]| 0.15 0.32 0.34 0.18]0.16 0.33 0.36 0.15
(0,1] 0.16 0.33 0.33 0.18 | 0.16 0.30 0.38 0.16
>1 0.14 0.32 0.34 0.19]0.15 0.35 0.36 0.14
PropG
log v, €r
0 <-04 (-0.4,0] (0,0.4] >0.4|< -1 (-1,0] (0,1] >1
< -1 0.19 0.34 0.29 0.180.30 0.39 0.26 0.05
(—1,0]|| 0.14 0.31 0.34 0.21]0.16 0.34 0.39 0.11
(0,1] 0.13 0.32 0.37 0.17]0.11 0.33 0.37 0.20
>1 0.19 0.33 0.30 0.17|0.04 0.23 0.48 0.25

does.

Fig. 3, however, shows that PropG does not decrease RMSE sufficiently because it does
not improve FI much. To improve FI dynamically, the proportion of high consistent raters for
each learner should be increased because those raters tend to give high FI overall. However,
the experimentally obtained results indicate that it is difficult to form groups to increase the
proportion.

As described in the experimental procedure 7), we repeated the simulation procedures 10
times for each setting. To examine effects of the number of repetitions, we conducted the
same experiment for 5 and 20 repetitions given G = 5. Fig. 4 shows the RMSE for each
repetition. According to Fig. 4, when the repetition count is 5, RndG for J = 30 provides the
higher RMSE than RndG for J = 15 in t = 1 although the amount of rating data for J = 30
is larger than that for J = 15, which suggests that few repetitions, such as 5 times, might
produce unstable results. In addition, 10 and 20 repetitions presented the same tendencies
discussed in this subsection. Because the experiments conducted in this study require high
computational cost and time, we set the number of repetitions to 10.

Although this experiment used the true IRT parameter values to calculate FI in PropG,
these values are practically unknown. Use of PropG when the parameters are unknown is
proposed in Section 6.

5 External rater assignment

The preceding section explained the difficulty of assigning raters with high FT to all learn-
ers when peer assessment is conducted only within groups. To overcome this shortcoming,
this study further proposes the assignment of outside-group raters to each learner, given the
groups created using PropG.

The proposed external rater assignment method is formulated as an integer programming
problem that maximizes the lower bound of information for learners given by the assigned
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outside-group raters. Specifically, given a group formation X;, the proposed method for task
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t is defined as shown below.

maximize : i (12)
subject to : Z L (0)zejr > i, N4 (13)
T‘Gctj
Z Rtjr = ne’ VJ <14)
T'Gctj
J
Z zijr <7, Vr (15)
j=1
Ztji = O, VJ (16)
Ztjr € {Oa 1}7 \V/j,T’ (17)

Here, Cy; = {r | 25:1 Tygjr = 0} is the set of outside-group raters for learner j in task ¢
given a group formation X;. In addition, 2z, is a variable that takes 1 if external rater r
is assigned to learner j in task ¢; it takes 0 otherwise. Furthermore, n® denotes the number
of external raters assigned to each learner; n’ is the upper limit number of outside-group
learners assignable to each rater. Here, n® and n’/ must satisfy n/ > n¢. The increase of n”’
makes it easier to assign optimal raters to each learner, although differences in the assessment
workload among the learners increases.

In the integer programming problem, the first constraint restricts that the FI for each
learner given by the assigned outside-group raters must exceed a lower bound 7;. The second
constraint requires that n® number of outside-group raters must be assigned to each learner.
The third constraint restricts that each learner can assess at most n/ number of outside-
group learners. The objective function is defined as the maximization of the lower bound
of the information for learners given by assigned external raters. Therefore, by solving the
proposed method, an external rater assignment 2, is obtainable so that n® outside-group
raters with high FI are assigned to each learner.

5.1 Simulation experiment of external rater assignment method

Using the proposed method, each learner can be assessed not only by the group members but

also by optimal outside-group raters. Therefore, ability assessment accuracy is expected to

be improved considerably. To confirm that capability, we conducted the following simulation

experiment, which is similar to that conducted in 4.2.

1) For J € {15,30} and T' = 5, the true model parameters were generated randomly from
the distributions in Table 1.

2) For the first task ¢ = 1, learners were divided into G € {3,4,5} groups using PropG.
Then, given the created groups, n® € {1,2, 3} outside-group raters were assigned to each
learner using the proposed external rater assignment method (designated as PropFE) and
a random assignment method (designated as RndE). Here, we changed the value of n’
for {3,6,12} to evaluate its effects. In PropG and PropFE, FI was calculated using the
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method for each G and t in the simulation method for each n’/ and n® in the simulation
experiment with J = 30. experiment with J = 30.

true parameter values. In PropG, we used a feasible solution when the optimal solution
was not obtained within 10 min. PropFE provided the optimal solutions within 10 min
for all settings.

3) Peer assessment data were sampled randomly for current task t following the IRT model,
given the true model parameters, the formed groups and the rater assignment.

4)  The following procedures were identical to procedures 4) — 7) of the previous experiment.

We first examine the respective effects of the numbers of tasks, groups and learners on
performance of the external rater assignment methods. Fig. 5 shows the RMSE and FI for
each ¢, G and J when n’/ = 12 and n® = 3. Results show that the accuracy of the external
rater assignment methods tends to increase concomitantly with decreasing number of groups
and increasing number of tasks or learners because the number of rating data for each learner
increases. This tendency is consistent with that of the group formation methods, as explained
in 4.2.

Additionally, to analyze effects of n® and n”, Fig. 6 shows the RMSE and FI for each n®
and n7 when G' = 5 and t = 5. The horizontal axis shows the values of n¢: the vertical axis
and each line are the same as in Fig. 5. Here, the results for n® = 0 indicate those of PropG.
According to the results, both external rater assignment methods reveal higher FI and the
lower RMSE than PropG in all cases, which suggests that the addition of the external raters
is effective to improve the ability assessment accuracy. Furthermore, Fig. 6 shows that FI
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Table 3: Distributions of rater parameters for each ability level in external rater assignment
methods.

RndFE
log yr €r
0 < -04 (-0.4,0] (0,0.4] >0.4|< -1 (-1,0] (0,1] >1
<-11] 0.19 0.34 0.29 0.18 | 0.30 0.39 0.26 0.05
(—=1,0]| 0.14 0.31 0.34 0.21 016 0.34 0.39 0.11
(0,1] 0.13 0.32 0.37 0.17 | 0.11 0.33 0.37 0.20
>1 0.19 0.33 0.30 0.17 | 0.04 0.23 0.48 0.25
PropE
log v, €r
0 < -0.4 (-0.4,0] (0,04] >04|< -1 (-1,0] (0,1] >1
<-1| 0.12 0.21 0.30 0.37]0.29 0.40 0.28 0.03
(—1,0]|| 0.08 0.19 0.30 042|017 0.32 0.42 0.09
(0,1] 0.08 0.20 0.33 0.39]0.11 0.33 0.39 0.17
>1 0.12 0.21 0.31 0.36 | 0.03 0.21 0.50 0.26

of the external rater assignment methods increase monotonically with increasing number of
assigned external raters n®. Also, RMSE tends to decrease as n® increases.

The average biases were close to zero for all settings. Concretely, the minimum value was
—0.07; the maximum value was 0.06, which means that there was no systematic overestima-
tion or underestimation of ability.

Comparison of the external rater assignment methods reveals that the proposed method
presented higher FI than the random assignment method in all cases. To examine the reason,
we analyzed the relation between learner ability and the assigned rater parameters using the
same procedures in 4.2. Table 3 presents results for n® = 3 and n” = 12. Results show that
PropE reveals a higher proportion of consistent raters than RndFE does. Because consistent
raters generally give substantially high FI, PropF can improve FI dynamically. Consequently,
the RMSEs of PropFE are lower than those of RndFE in all cases. Furthermore, Fig. 6 shows
that the performance of PropE tends to become better as increasing n”’. It reflects the fact
that the increase of n’ facilitates better rater assignment.

The differences in FI between PropE and RndE are small when n/ = 3 and n® = 3.
As n’ decreases and/or n° increases, assigning optimal raters becomes difficult even if the
proposed method is used because the number of assignable raters for each learner decreases.
Particularly, n/ = n° is the most difficult situation to assign optimal raters because all
learners must be assigned to n® number of outside-group learners even if some of them have
extremely low FI. For that reason, the proposed method does not improve FI much when
n’ =3 and n¢ = 3.

From those results, we infer that the proposed external rater assignment method can
improve the peer assessment accuracy efficiently when a large value of n’ and a small value
of n® are given.

It is noteworthy that, from Table 3 and the discussion presented above, assigning external
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raters with high consistency might provide higher performance. The proposed method can be
changed easily to assign the N most consistent raters for all learners by replacing FI function
I;(0;) in Eq. (13) to the consistency parameter 7,.. To compare the performance of this
method with the proposed method, we conducted the same experiment as that conducted in
this subsection using the N most consistent raters assignment method for J = 30. Fig. 7
and 8 show the results. In the figures, the plots of HighConsistency portray the results of
the N most consistent raters assignment method; the other plots are the same as those in
Fig. 5 and 6. The N most consistent raters assignment method shows higher FI and smaller
RMSE compared with RndE. However, comparing the N most consistent raters assignment
method with PropFE, it reveals lower FI and higher RMSE in all cases. The reason is that
PropFE directly maximizes FI for learners; it then achieves higher accuracy of learner ability
estimations than the /N most consistent raters assignment method does.

5.2 Effectiveness of external rater introduction

In the experiment described above, we demonstrated that the proposed external rater as-
signment method provided higher ability assessment accuracy than PropG did. The major
reasons of the improvement are the increase of assigned raters and the introduction of optimal
external raters. Although the experiment described earlier demonstrated the effectiveness of
increasing raters, the effects of introducing optimal external rater were not examined directly.
Therefore, this subsection explains evaluation of those effects using a simulation experiment.

For this evaluation, we introduce another external rater assignment method that assigns
optimal outside-group raters without increasing the total number of raters for each learner.
Specifically, the method first assigns n® external raters by the proposed external rater as-
signment method. Then n® internal-group members with the lowest FI were removed. Here-
inafter, we designate the method as PropEzRm. If PropExRm outperforms PropG, then the
effectiveness of the optimal external rater introduction can be confirmed.

To compare the accuracy, we conducted the same simulation experiment as in 5.1 using
PropExzRm as the external rater assignment method for J = 30. Fig. 9 presents results for
t = 5. The horizontal axis shows the number of n¢; the vertical axis shows the RMSE and
FI values. Each line represents the result for each n’. Results show that PropExRm reveals
higher FI and the lower RMSE than PropG (n® = 0) in all cases, although the number of
raters for each learner is not increased. The results demonstrate that the introduction of
optimal external raters is effective to improve the peer assessment accuracy.

FI does not increase monotonically with increasing n® when n’/ = 3, unlike in earlier
experiments. PropEzRm can remove internal-group raters who have higher FI than the
added external raters have. Therefore, the possibility of removing internal raters with high FI
increases as n¢ increases. Additionally, assigning external raters with high FI becomes difficult
as n¢ increases and /or n’ decreases because assignable raters are reduced, as discussed before.
Therefore, FI of n® = 3 is less than that of n® = 2 when n’ = 3.
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Figure 9: RMSE and FI values of PropExRm.

6 Proposed method with parameter estimation and evaluation
6.1 Method

PropG and PropFE require estimated IRT model parameter values to calculate FI. Although
the experiments described above used the true parameter values for the calculation, they are
practically unknown. Therefore, this section presents a description of how to use PropG and
PropFE when the IRT parameters are unknown in actual e-learning situations.

We consider the following two assumptions for using PropG and PropFE in an e-learning
course.
1)  More than one task is offered in the course.

2) All tasks were used in past e-learning courses at least once. Past learners’ peer assessment
data corresponding to the tasks were collected.

Although the second assumption might not necessarily be satisfied in practice, it is nec-
essary to estimate the task parameters. LMS SamurAl stores peer assessment data corre-
sponding to all the tasks offered in past courses [2]. In such cases, the task parameters can
be estimated from the data.

Given task parameter estimates, we can use PropG and PropE through the following
procedures under the first assumption.

1) For the first task, peer assessment is conducted using randomly formed groups.

2) The rater parameters and learner ability are estimated from the obtained peer assessment
data.
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3) For the next task, group formation and external rater assignment are conducted using
PropG and PropFE given the parameter estimates.

4) Repeat procedures 2) and 3) for remaining tasks.

As described in 3.2, when the ability distribution is fixed, the restrictions on the rater
parameters for model identification are not required in the parameter estimation of Procedure
2) because the task parameters are given.

6.2 Simulation experiments

To evaluate PropG and PropFE with parameter estimation, the following simulation experi-

ment was conducted.

1) For J € {15,30} and T = 5, true model parameters were generated randomly following
the distributions in Table 1.

2) For the first task t = 1, G € {3,4,5} groups were created randomly.

3) Given the formed groups and true parameters, rating data for task ¢ = 1 were sampled
randomly.

4) From the generated data, the rater parameters and learner abilities were estimated using
the Markov chain Monte Carlo (MCMC) algorithm [2]. In the estimation, the true task
parameters were given.

5) The RMSE between the estimated ability and the true ability were calculated. We also
calculated FI for each learner.

6) For the next task, G € {3,4,5} groups were formed by PropG and RndG. Furthermore,
given the groups formed by PropG, n¢ € {1,2,3} external raters were assigned to learners
by PropE and RndE under n’ € {3,6,12}. Here, PropG and PropE used the true task
parameters obtained in Procedure 1) and the current estimates of ability and rater
parameters to calculate FI.

7) Given the formed groups and rater assignment, peer assessment data for the current task
were sampled randomly. Rating data were sampled from the IRT model given the true
parameter values obtained in procedure 1).

8) Given the true task parameters, the learner ability and rater parameters were estimated
from the data up to the current task.
9) The RMSE and FI were calculated using the same procedure as that used for 5).
10) For the remaining tasks, Procedures 6) — 9) were repeated.
11) After repeating the procedures described above 10 times, the average values of the RMSE
and FI were calculated.

Fig. 10 presents results obtained using the respective group formation methods. Figs. 11
and 12 present results obtained using the external rater assignment methods. Here, Fig. 11
presents results for each ¢t > 2 and G when n/ = 12 and n® = 3. Also, Fig. 12 shows those
for each n® and n/ when G = 5 and t = 5. According to the results, we can confirm a similar
tendency with the results of the previous simulation experiments in all cases. Specifically,
the following tendency can be confirmed.
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Figure 10: RMSE and FT values of group formation methods in simulation experiment with
parameter estimation.

1)  PropG does necessarily not outperform RndG.
2) Both the external rater assignment methods present higher accuracy than that provided
by PropG.
3) PropE can improve the assessment accuracy more efficiently than RndE when a large
value of n’/ and a small value of n® are given.
Results show that PropG and PropFE with parameter estimation work appropriately.

7 Actual Data Experiment

This section evaluates the effectiveness of PropG and PropFE using actual peer assessment
data.

7.1 Actual data

Actual data were gathered using the following procedures.

1) As subjects for this study, 34 university students were recruited. All were majoring in
various science fields such as statistics, materials, chemistry, mechanics, robotics, and
information science. They included 19 undergraduate, 13 master course, and 2 doctor
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Figure 11: RMSE and FI values of external
rater assignment methods for each G' and ¢ in
simulation experiment with parameter estima-
tion.

Figure 12: RMSE and FI values of external
rater assignment methods for each n’ and n®
in a simulation experiment with parameter es-
timation.

course students.

2) They were asked to complete four essay writing tasks offered in the National Assessment
of Educational Progress (NAEP) [71] and 2007 [72]. No specific or preliminary knowledge
was needed to complete the tasks.

3) After the participants completed all tasks, they were asked to evaluate the essays of all

other participants for all four tasks. Assessments were conducted using a rubric that we
created based on the assessment criteria for grade 12 NAEP writing [72]. The rubric
consists of five rating categories with corresponding scoring criteria.

Furthermore, we collected additional rating data for task parameter estimation. The
data consist of ratings assigned by 5 graduate school students to the essays gathered in the
experiment above. Hereinafter, the data are designated as five raters’ data.

Ability estimation using the peer assessment data might be biased because the given task
parameters estimated from the five raters’ data would not fit well if characteristics of the peer
assessment data and the five raters’ data were to differ extremely. Therefore, it is desirable
that characteristics of the two datasets be similar. To evaluate the similarity, we compare
descriptive statistics for the two datasets. Table 4 shows the average and standard deviation
of ratings and the appearance rate of each rating category in each dataset. Furthermore, we
calculated the correlation of the average scores for each learner using the peer assessment
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Table 4: Descriptive statistics for each actual dataset

Appearance rate of each category

Data Avg. SD 1 2 3 4 5
Peer assessment 2.21 1.01 4.50 19.49 36.83 29.35 9.84
Five raters’ 2.04 1.01 5.29 2559 36.62 24.85 7.65
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Figure 13: RMSE and FI val-
ues of group formation meth-
ods in the actual data experi-
ment.

Figure 14: RMSE and FI val-
ues of external rater assign-
ment methods for each G and
t in the actual data experi-
ment.

Figure 15: RMSE and FI val-
ues of external rater assign-
ment methods for each n/ and
n® in the actual data experi-
ment.

data and the five raters’ data. Results show that the correlation value was 0.69; it was
significantly correlated at the 0.001 level. The results suggest that the characteristics of the
two datasets are similar.

7.2 Evaluation of model fitting

As discussed in 3.3, the IRT model in Eq. (3) includes the assumption of local independence.
Therefore, we examined this assumption using the @3 statistics [73], which is a well known
method for empirically examining local dependence. Here, let Ey;, be the residual between
the observed rating u,;, and the expected rating Zszl k- Pyjri. Then, the ()3 statistics for two
task-rater pairs, (¢t,7) and (¢',r’), are defined as the Pearson correlation coefficient between
the residuals, E;. and Ey, (where E;. = {Ey,. -+, Eyy}). A high correlation value signifies
that the task-rater pairs are locally dependent. Therefore, we calculated this index for all
task-rater pairs and tested the significance using Student’s ¢-test with significance inferred
at the 0.05 level.
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Results demonstrate that 93% of the pairs had no significant correlation in both datasets.
The results suggest that the local independence assumption is satisfied in almost all cases.
Furthermore, to examine the rater dependencies, we analyzed the results among raters in
the same task. Consequently, 97% of the rater pairs revealed no significant correlation in
both datasets. That amount indicates that the rater dependencies are negligibly small in the
datasets.

Additionally, we examined another model assumption: that no interaction exists between
tasks and raters. We used generalizability theory [74] to test the assumption. Generalizability
theory can estimate the effects of the error sources (such as learners, raters, and tasks) and
their mutual interactions on ratings using analysis of variance. It gives high variance estimates
to the sources and interactions when observed ratings depend strongly on them. In the peer
assessment data, the variance estimate of the task-rater interaction accounted only for 2% of
the total variance. Furthermore, it was 3% in the five raters’ data. The results suggest that
the effect of the interaction is negligible.

From the analysis described above, we confirmed that the assumptions of the IRT model
were approximately satisfied. This fact validates the use of the model in this experiment.

7.3 Experimental procedures and results

Using the actual data, we conducted the following experiments, which are similar to those in

6.2.

1) The task parameters in the IRT model were estimated using the five raters’ data.

2) Given the task parameter estimates, the rater parameters and learner ability were esti-
mated using the full peer assessment data.

3) For the first task, G € {3,4,5} groups were created randomly.

4) The peer assessment data u;j, were changed to missing data if learner r and learner j
were not in the same group.

5) From the peer assessment data for the first task, the rater parameters and learner ability
were estimated given the task parameters estimated in Procedure 1).

6) The Root Mean Square Deviation (RMSD) between the ability estimates and that es-
timated from the complete data in Procedure 2) was calculated. We also calculated FI
for each learner.

7) For the next task, G € {3,4,5} groups were formed by PropG and RndG. Then, given
the groups formed by PropG, n® € {1,2,3} external raters were assigned to learners
by PropE and RndE under n’ € {3,6,12}. Here, PropG and PropE used the task
parameters obtained in Procedure 1) and the current estimates of ability and rater
parameters to calculate FI.

8) Given the group formations and external rater assignments, the peer assessment data
Ui were changed to missing data if learner j and r are not in the same group and if
learner r is not the external rater of learner j.

9) Given the task parameter estimates, the learner ability and rater parameters were esti-
mated from the peer assessment data up to the current task.
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Table 5: Accuracy of learner ranking for each method.

Index G PropE RndE PropG RndG
3 15.9% 14.7% 14.3% 14.1%
Percent correct 4 15.1% 124% 9.7% 11.5%
5 144% 10.3% 8.2% 9.8%
3 3.04 3.34 3.65 3.58
MAE 4 3.31 3.65 4.15 4.25
5 3.66 3.93 4.61 4.67

10) The RMSD and FT were calculated using the same procedure as 6).
11) For the remaining tasks, procedures 7) — 10) were repeated.

12) After repeating the procedures described above 10 times, the average values of the RMSD
and FI were calculated.

Fig. 13 presents results of each group formation method. Figs. 14 and 15 show those
of the external rater assignment methods. Fig. 14 presents results for each ¢ > 2 and
G € {3,4,5} when n/ = 12 and n® = 3. Fig. 15 shows those for each n® and n’ when
G = 5 and t = 4. Results show similar tendencies to those obtained from the simulation
experiments. Specifically, comparing the group formation methods, PropG does not improve
the accuracy much because the improvement of FI is not significant. The assessment accuracy
is improved drastically by introducing external raters. Furthermore, the proposed external
rater assignment method realizes the higher accuracy than the random assignment method
when n’ is large and n¢ is small.

In this experiment, PropF improved the RMSD from about 0.02 to 0.05 from RndFE, and
from about 0.05 to 0.10 from PropG and RndG. To examine the effects of these improvements,
we evaluate the accuracy of learner rankings based on the ability estimates. Providing accu-
rate learner rankings is important because they are often used to determine the final grades
of learners (e.g., [75, 76, 77]).

We evaluated the ranking accuracy given the ability estimates as follows.

1)  We calculated the learner rankings based on learner abilities estimated from the full peer
assessment data.

2) Similarly, we calculated the learner rankings based on the ability estimates using each
method (namely, RndG, PropG, RndE, and PropE) for G € {3,4,5} and t = 4. Here,
n® = 3 and n’ = 12 were given for PropE and RndE.

3) We calculated the percent correct and the mean absolute error (MAE) between the
ranking of 1) and that of 2).

4) We calculated the average percent correct and the MAE of 10 repetitions.

Table 5 presents the results. The results demonstrate that PropFE achieves the highest
percent correct and the lowest MAE among all methods. Especially, when G = 5, PropFE
improves the percent correct by about 4 to 6% compared to the other methods. These results
suggest that improvement of RMSD by PropFE has a non-negligible effect on increasing the
accuracy of learner rankings (grading).
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Figure 16: Item response curves of three raters in actual data experiments.

7.4 Example of ability estimation and rater assignment

This subsection presents an example of rater assignment by the proposed method and the
estimated IRT model parameters. Table 6 shows group members and external raters for each
learner in task 4, along with estimated parameter values obtained through experimentation
given G = 5, n/ = 6 and n® = 3. Furthermore, the assigned count row shows how often each
learner was assigned to the others in task 4.

The table shows that the learners have different rater characteristics. As examples, Fig.
16 depicts the IRCs of Rater 16, 19, and 21 for task 4. The horizontal axis shows a learner’s
ability 0;: the first vertical axis shows the response probability of the rater for each category;
the second vertical axis shows FI. According to Table 6 and Fig. 16, the characteristics of
each rater can be interpreted as 1) Rater 16 is a lenient rater with high-valued consistency.
The rater tends to provide higher FI for low ability levels. 2) Rater 19 is more severe than
Rater 16 with high-valued consistency. The rater tends to assign higher FI for high ability
levels. 3) Rater 21 is an extremely inconsistent rater. Therefore, FI is low overall.

Table 6 also shows that PropG and PropFE assign raters in considering their characteristics
and the learner ability. For example, PropE tends to assign lenient raters (such as Rater 16
and 17) to the low ability learners (such as Learners 6, 16 and 23) because those raters have
higher FI for low ability levels. Conversely, it tends to assign severe raters (such as Rater
8 and 19) to high ability learners (such as Learners 2, 4, 12 and 13) because those raters
provide higher FI for high ability levels. Moreover, it does not assign inconsistent raters
(such as Rater 7 and 24) to anybody because their FI values are low overall.

Furthermore, Table 6 shows that the proposed external rater assignment method can
engender unbalanced assessment workload among learners. Specifically, consistent raters
tend to have a higher workload than inconsistent raters do because they generally give high
FI values. We can reduce this imbalance by decreasing n”, although the ability assessment
accuracy tends to decline, as demonstrated in the earlier experiments. This result suggests
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Table 6: Parameter estimates and assigned raters for each learner given t = 4, G = 5,n’ =6,
and n® =3

Group External Assigned
Learner 4, €. 0; members raters count

1 0.85-0.61 0.50 {6,11,20,25,26,31} {4,12,15} 6

2 075 -1.01 074 {7912,1321}  {820,22} 5
3 0.80 0.39 0.27 {8,18,19,22,30,32} {5,28,33} 6
4 1.19 -042 0.75 {14,17,23,24,33,34} {8,9,20} 12
5  1.07 -0.53 -0.12 {10,15,16,27,28,29} {11,17,32} 12
6  1.13 0.34 -0.23 {1,11,20,25,26,31} {16,17,32} 6
7 049 142 076  {2,9,12,1321}  {19,20,32} 5
8 1.86 0.37 0.50 {3,18,19,22,30,32} {9,28,33} 12
9 1.06 127 020 {2,7,12,1321}  {1823,33} 11

10 056 0.17 0.07 {51516,27,2829} {18,19.23} 6
11 1.31 -0.17 0.64 {1,6,20,25,26,31}  {8,9,22} 12
12 087 -0.28 091  {2,79,1321} {82022} 11
13 080 0.95 052  {27,9,12,21}  {18,19.23} 5
14 1.00 041 0.25 {4,17,23.24,33,34} {12,15,19} 6
15 1.60 -0.61 0.13 {5,10,16,27,2829} {4,11,19} 12
16 1.62 -0.64 -0.90 {5,10,15,27,28 29} {11,17,32} 12
17 1.55 -0.77 0.67 {4,14,23,24,33,34} {5,922} 12
18 1.23 0.24 030 {3,8,19,22,30,32}  {4,5,23} 12
19 1.88 0.60 0.26 {3,8,1822,30,32} {15,16,17} 12
20 0.99 0.47 0.09 {1,6,11,25,26,31} {18,28,33} 12
21 074 0.00 050  {2,7,9,12,13}  {8,20,22} 5
22 1.36 041 022 {38,18,19,30,32} {5,23,28} 12

23 1.35 0.27 -1.01 {4,14,17,24,33,34} {11,16,32} 12
24 1.09 0.20 -0.03 {4,14,17,23,33,34} {11,16,32} 6
25  0.75 -0.37 0.24 {1,6,11,20,26,31}  {4,12,15} 6
26 0.86 -0.15 0.39 {1,6,11,20,25,31}  {5,28,33} 6
27 0.88 -0.91 -0.08 {5,10,15,16,28,29} {4,12,17} 6
28 1.20 -0.13 0.03 {5,10,15,16,27,29} {18,19,23} 12
29  1.18 -0.70 0.06 {5,10,15,16,27,28} {4,11,12} 6
30  0.78 0.80 0.04 {38,18,19,22,32} {15,16,17} 6
31 0.91-0.69 0.71 {1,6,11,20,25,26}  {8,9,22} 6
32 118 -1.17 0.73 {3,8,18,19,22,30} {9,20,33} 12
33 1.01 -0.14 -0.01 {4,14,17,23,24,34} {5,18,28} 12
34 092 -0.23 0.22 {4,14,17,23.24,33} {12,15,16} 6

Task &y B Be2 B3 61&4
1 1.53 -1.75 -0.57 0.88 2.03
2 1.47 -2.63 -0.83 0.71 2.27
3 1.49 -2.45 -091 0.68 2.03
4 1.14 -1.98 -0.48 0.60 2.13

that n’ should be set as large as possible within the acceptable range of the unbalanced
assessment workload.

205



8 Conclusion

This study proposed methods to improve peer assessment accuracy when the assessment
is conducted by dividing learners into multiple groups using IRT and integer programming.
Specifically, we first proposed the group formation method, which maximizes the lower bound
of FI for each learner. The experimentally obtained results, however, showed that the method
did not improve the accuracy sufficiently compared to a random group formation method.

To resolve that difficulty, we further proposed the external rater assignment method,
which assigns a few optimal outside-group raters to each learner. Concretely, the method
was formulated as an integer programming problem that maximizes the lower bound of
information provided for learners by assigned outside-group raters. The simulation and actual
data experiments demonstrate that introducing a few optimal external raters improved the
ability assessment accuracy dynamically.

The proposed method requires estimated IRT parameter values to calculate the Fisher
information, even if they are practically unknown. This study examined the usage of the
proposed method with parameter estimation assuming an application to an actual e-learning
situation. Through the simulation and actual data experiments, we demonstrated that the
usage worked appropriately.

In this study, the simulation and actual data experiments were conducted assuming small
numbers of learners to match the scale of the authors’ past e-learning courses. Our future
studies will evaluate the effectiveness of the proposed method when applied to large-scale peer
assessment data. To use an extremely large dataset, some improvement of computational
efficiency of the proposed method might be necessary. This represents another issue for future
study.

Furthermore, as discussed in Section 1, the proposed method is expected to be effective
for learning improvement, although this study examined only the peer assessment accuracy.
Evaluation of that assumption is left as a task for future study.
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i EREBRIZ B BN T — X L EERZTEHA L 72HE
Kith bEY ZETIL*

TR HE M

BRUEE KT

1 ([FLC®IC

AR, GBS ORI L Vo e EIRDEEN EZJIET D2 == A EE->TE Y, ZThEFEHT S
FHEO—22 Ui RN BAEH STV [1, 2, 3, 4, 5, 6]. —MIZHmA RikBRI%, ZEREICEBOM
BEEZ, TN T BEEEBEOTEIE IC L > THRMATAEATEEI NS, LrL, Z0HE,
196 N2 FEADSFHM S RO RE GEME O H X /L S iR #E 2 L) 1T <KFEL, TR
FHORMDHEDKHERX T 25 SR T ZEAMELINTE[5,6,7,8,9, 10, 11, 12, 13, 14].

OMEZE R T B5FEDO—DE UT, iHliE &EORENT XA — X 25 UHEE KISE T VANE
ELBIREINT VS (eg., [6, 7, 11, 12, 13]). TN 5 DIHHKINE TV TIEFHi#H & FEORHE 2 Z R L
TZBREDRNZMETE 5720, FHOEHPEY L\ o 7z Bl 15 SR e AR CERE R 72 RE 1l
NHEEL 425 [6, 7, 11, 13)].

LU, INSDOETIVEHAVTS, % DRIEXEFMAT 2iHliE B D3 < 25 L kg eae e
IR 225, —RISERRRBROF A T o AT, FHliE O X0 EH ORI - R 2 S 2 8BE
T 57207, KEEDBAHOFME ZE O YT THEAEZITOES Z LML\ (12, 15, 16].

KL TIE, ZORMERFRT B-012, FHEFIZEBFET -2 I THRL, ZREDIWE L ZHEX
DHBELRENHEIZFHATE D H - BIEHRISE T VERET 5. BEETIIE, HliHE & BEEORME %2
ZRULEARISETLVE NEY ZETILDVOEDTHIEET 4 ) 7 VEDE 17 A LZET L L
UTERNMET 5. BRI, BT « ) 7 VB EZFAWTEZ OEEXD Ny 702 #fEEL, D
M 2 HEKIGE TIVIZE T 2 ZEDORENHEEMHICKMEE2 LS5 ICETVEEITS. PEY D
DAEDEIEANDKBIZIE, MY 7ML EBOHNEBOBREETMVELEZAHIHY Ny 7T
VS| DT Tu—F WA, HEHMKIGET VEHHHD D Ny 7 ETIVEKE L CZBEORI#EIC
FET— R A ERZ R AT 2 PRI INETIHARINTE ST, AFELFZICIY TS
DTHD. IBEETNVORFIXIRDOED THB.

1) FMiiE D52 Z5FMT — RIZIAT, MEXONBNREEEZRU CRAOMENRIND72D, B
FETIVED GHERENHENTTERETH D, BIEXH 720 OFME B DA A S ge ek & D
KTFZHEMTES.

2) FEEMREZONTVRWEZEXDREE, TS OEIEENE L - Z8E DS % SCEBHRD A
SHET B ENTES.

AT, REETNDONRTA=RBETIEL LT, FUEFTAS YTV 72 A haRY ANA A
T4 YT ARMAGDLELZIINVATHEE Y TANVAEEZRET S, I6IT, ET—XERIZIVREET
VDA% RT.

2 7%
ARIFZETIE, J ADOZEE T ={1,-- ,J} I [ HOMBHEET = {1,--- I} 252, ThSOREIE %
R ANDFEfEEF R = {1,--- R} D KBTIV K={1,.-- K} TREIT 55255, ZIT,

AR DI X D EHFHRIZIKDED TH 5.
- Masaki Uto (2019) Rater-effect IRT model integrating supervised LDA for accurate measurement of essay writing ability.
International Conference on Artificial Intelligence in Education (AIED), pp. 494-506.
- FHEBAERE (2019) R RGABRIZ 51T 23T — & & EEHAEH UHEKIG Ny 7 €TV, B ERBMEERHSGED. Vol.J102,
No.8, pp.553-566.
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e TIZWT 2% j € J DREIE X% e;; TRU, BB e, 12T B5Hli#H r DFFR%E Uy 55
&, HNT —RIIKATERTE S,

U={Uyj,cKU{-1}|i€Z jeJ,reR} (1)

7z, RMEXELGE = {eij | 1€l,j€e j} IZEENDERELGZ YV = {1,"' ,V} E3BE, HIEX €ij
WO HFERINIFIRATERTE 5.

Wij = {Wijn €V |n=A{1,---, Ni;}} (2)

Z :VC“, Wijn iiﬁl%ﬁ €ij V\]O) n%ﬁ@ﬁé%’%%’z [/y Nij & €ij W@%%;ﬁ%%j—
AHFEDOHMI, TNoDT =X E2HWTEZREDRRIZSHEICHET I THDL. ZDRDITK
METIRIHE SR E Py ZETIVEHNS.

3 IRERSER

THH KGR (IRT: Ttem Response Theory) 1EEHE TV A2 AWz T A NERO VO & DTH S [19]. IRT
T, ZEEDT A NHEANDOKIGE, ZBEORES % RTEALHE HE ORE (KEEXHE 172 L)
ERINIA-RTEBRINDMERETNTRIT S, ZOETIVEHAVSZ LT, IRT I, 1) B 5IH
HTHEIN/AZTANEZRLUCEA—-RELTRAOZHAETE S, 2) % DHEEX T X 2RO HE
EKEERDITED, 3) RUT—ZDBNDREDTH D, REDEL OREERD. ZOLSRHEANS,
IRT ZBARD T A MEADHMEE LT, IT SAKR— bkl [20] 0 EECR A FMILHRER [21] 722 & O KK
AERE BT, R4 LFHEGEH TR ERLT TS,

—REE KIS ET VT, 7 A MEEIIRT 2ZBEDOK P E#REEZ T —X & LTHKD 720 [22,
23,24, 25, 26], T —RIIZHE < HHO 2T —R &5, fAT, 2 TEHRELEZLDIT, RiETHES
F— RLZERH < G < FHliE D 3T — X245, KOHEHHAKIGET VL, ZOX>%23HT—&IZ
BEECITEHATE RV, ZOMEEERT 272010, HEHKRET MBI 2HERM T XA — X %251#
DR T A =R & RI2 L, FHIIEDORMEERT NI AR 25 Uz TUMEELBIREIN TV
[6, 7, 11, 13, 27, 28, 29).

INSDIAFET VI, BRZFNERME AT A —& LHERMATA—RZ2FHALTED, ThTh
R MR R [6, 30]. AWIETIE, BEFETNOHT, FHEERMZ & RRAL LN TES
FHR - HEFOE TV [11] ZERET NV UTERAT L. ZOET NV, RENZFHEEREE LTHon
5 1) —HMVE, 2) HI/BLE, 3) REGHOHKR, ZFAKICEETEIM—-DETNVTHY, SRR
filig DRk % T KRB TE, BEMEOBVGHIEIHE FEL CHHE[ERENNEZTS 2 e TE S (11].
KAl R EOFEIZ D WTIX [6, 9, 11, 12, 30] %2 S I Nz,

ZOETINTIE, F8CNT 22 § OEIESUSIHEE r 2518 k %2 5 2 2% Pijp 2R TEH
T5.

XD Y 1 [070(0; = i = r — dy)] @)

SISy exp Yy [ari(6; — 85 — By — dr)]
ZZT, 0, \3%ZERE § OREN, o 1FEE  OFBAIT, o IXEEEHE - O— B, g 1LIE OWEEE, B, 1%
M r DEEL S, dop (EFHEA T T kTN BEHEE r DELL T 2KRT. 2L, ST A — X ORI
DEDIZ, YL loga; =0, 1 8i=0, dy =0, Yr du =0 Z{EETE. THEDETNIRT A —
REBENMHEE, FRT—RU PSHETHI LN TES [11).

1 THhRRZES1Z, 2L REHKSE T IV T, ZEBREDOREN 2 FMiE P EEOR M DM EZELY
BRWTHETE 2720, RADOAFHPFHE Vo2 iR G s ik LV BHERENHELATREL 25
6,7,11,13. L2L, THoDETLVEANTD, 4 DORIEXEZTAT DHEERN DR BB L, Z
BREDHT-0 DFRT — 2T 728, RENHEEDOREMET T 2RENERS. AEDT 1T 1 T3,

Py, =
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ZDOMBEERIRT B 72017, ZEREDREN 0; OHEFEIZ, FRT —RZTTRBEIEXDONELRHET 2K
ZhB. AMHETIE, HEXDOHNEEZHED FEELTIE Y Z2ETIVERNS.

4 MEYIETI

Ny ZETNIE, XEBEEVPGIONZLE, A4 DOXEPEROEBENLGE (MY 2) 2RO
CIREL, TNOD MY ZOHBANH 2 XET L ITHE T 2H0 L UBWMEEFETH S, £/, FEY
JETNTI, EMNEY 27U CHEEOHBENGEWET 5720, TNOOFEENGEZMNT 22 LT
fleD Y 7OBEKREMIRT 2208 TES. RFXWZ MY ZETNE LTI, EBEZKRMERIE (LSA:
Latent Semantic Analysis) [31] XHERMEIEZEKMNTE (PLSA: Probabilistic Latent Semantic Analysis)
[32] , EET + VU 7 VEdmiE (LDA: Latent Dirichlet Allocation) [17] 238165 CT\w4. LDA 1% LSA &
PLSA ® EALETIVTH D, LSA ¥ PLSA ICHARTEEELR MYy JHENARETH D Z LA oNTE
D17, TFAPEESEAXBRXAITEHRINTWS (eg., [18, 33, 34, 35, 36, 37]) . £ZT, AMKT
X, PV ZETILELTLDA 2F[HT 5.

LDA TXEIE e;; NOEHEE W, BED MY IS ERI NIz & RSEEEREEATS. I
T, BB W, TNIETE MY 2% Z, e T={1,---, T} (TIEIEYZ7H) TKRL, HEELe; I
BUS MY 7t OERMERE ¢y, PEY T HIZBIT 2588 v DERIELE ¢, TRT. ZDOLE, LDA
Tl &HEE Wy, & NE YT Zy, BUTOZEME (Multi(-) LEFLT3) TREIND MLy 74k
PRI TERT B LIRET 5.

Zijn ~ Multi(t;;) (4)
Wijn ~ Multi(é.,,,) (5)
72120, i = {1, Vi, @ = {bn, -, dev )

Erz, BHMDNTA =R ap; & ¢ ZZHSMOREHFIHTH ST+ V7 Vs (Dir(-) & &KL T
5) RS EET D, ZIT, y&nkay; L DT A VI VHBMDHDNRTA—RET DL, o, &
by EELFORICHE - THERT B L REX NS,

Yij ~ Dir(y) (6)
¢ ~ Dir(n) (7)

LDAIZ& o THRE I NS M ¥y 79045 4y 13, FIEX ey DNEMNREEZ T IRoGDNZ MV TREL
=D LRTE 5 [18, 35, 38]. IEHETIE, TOXSIIXHFEILIHEINS Y 702 MOEHD
FHIZHAT 28H0iH 0 by ZE TV (18] LIFIEN D FEFRREINT VWS, AIIZETIE, PEY IR
1% ZEREDREIEIC KM I 272018 H Y FEY 7ETILVDT Tu—F2HW5.

5 #EIHY MEYIETIL

—f}iz, BHO Y ZETATIE, e DXE e, ICHIET 2EROHKER yi; %, TOXED b
vy 2R ESAZEE T ARBETMZE o TFRT 2 E5IZETMET 3. FRETIMICIIHELRET
ADKIFITEBH(39), b —fRIATRERE TV EREL, 28y, P"ERIEE & 2 2 ET 5L, y;
DEEBRIITO LS ICEHI NS,

yij ~ N(w"' Zyj, 05) (8)
TIT, N(u,o?) 3P i, B 0 OIEMAERL, w={w, - wr} FARERICHT 24 h Yy
b DEBYEERT. of RENERONHAERT N S—NF =R b, £t Zy = (Zipr- - Zur)
CBY, Ty € Zyy RIATEBEND.

N
_ i3 §(Ziin, t
Zig = Ln=t 2 oini) o)
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5(a,0) Z=DODfia L b —HTHLE 1, THITRVEE 02 L IHMET 5.

Bl Ny 7ETIVIE, lMxDOXEE TIRTD MY 75N T7 A —XTREL, Tz HWTH
AEBUZ RS 2 ET IV EARES [39). #ffidD MY Z7ETILTHE, EXFEONENLRE®REEZEL
= FPHIDAREL 72 5728, HFEOHBIBHE N Y ML E AW B RIRE TV L HART, @y P HlkEE
B TELZENHEINTVS [18, 35, 38, 39, 40]. ZD XIS BRHENS, Kb NEYIZETILOT
Ju—FI1%, THFAMEHRE FHITEHAT 24 2o AMEICEH SN, ZOEMMEPRINTE X (eg.,
[34, 40, 41, 42, 43, 44]). AWIFETH, BliH O Y IZETLDT T —F2HNT, by 7 45Mi% IRT
ETNMIEIT 2 ZE ORI EEICKIMIE 5.

6 REFE
REETNTIE, IRT 2B 2ZHEDREIMME0; 23, TOZEREDEEXD Yy 7 0HICEKEFET S &
FEZ252LT, XEEREEIEICKREES. BAERIZIE, X 3) 280580 6; D& L TR %
HEZb.
0; ~ N(w'Z;,02) (10)

ZZT, w= {w1,~- ,UJT} &iﬁﬁjﬁﬁﬁﬁﬁé:ﬂ?%% }‘ li°‘y 7@%%‘%%? if:, Z] = {Zjla"' ;ZjT}

20— it Zf}\]gl (Zijn, t)

> im1 Nij
AR DZRMTIE, BEZREVEBORIEXEHT DI L, HINEBIIZHRE ZLI2—DDAHEES
NBEENMEO; L7578, BHOEMBDY by BT IV LITERY, Z; WEEIEIEXD by 71
ERBULETERIN TV A MIZERI NV, 2, X (10) T o2 FEEIEDO P ERT. IRT T
&, BEIMEICEEE ERIAAZINES 2 Z e N TH D720, R TH o =1.0 2N 5.

A (10) PSHS PR L ST, REETTNTIE, XED MY I 0H»PSHEI N8 0ME%, HEKIG
ETWVZB T DRIMEM 0, OFFIDME L THBMLTWS., 20L&, Yy 7ML e IEDORMRE,
A (10) DEA w IZ& > TEEINDS., ZHTXVREET VTR, XEONAER LR REIHEE I Kk
TE5770, T —20A%EMMAT 2 IRT ITHARTENREHBENBEI L L TES. 72, #
FKETINVTIE, FBROM L FHEERN, FERES XOCEADNT A= ZDBPAITHNL, T —XHE
ZHNTOWRWEZEBREDREN 2, XEHBROAZHWTHET LI ENTES. 3512, TOXIITHES
NIRRT G L U CRIE SO ERD D Z & CRESEIEXOHEFHMES THETHh S, o
D EKRH 72 FINEIE 7.3 Hi TR RS,

(11)

7T NRSA—YHE

IRT IZBIF 2185 XA =KX HETHEL L TIZ, EM 73V XA Z2HWEEIREEHEEY=a— VT
T R & B FBEREACHEEIENL VSN TEZ 22, — AT, R (3) O X5 %5EHA IRT €
FIOEGEIZE, L 7EEHE Y T A e (MCMC: Markov Chain Monte Carlo) 73TV XL %AW
7R (EAP: Expected A Posteriori) #EENEMETH S I EDWRINTWS [7, 45]. £z,
LDA DR T A= RHEFIZBENTIX, BHRA AEE AW EAP % [17] £ MCMC % W7z EAP 3% [46] °
—fITH BH. MCMC IFZE D RA RIEIZHARTEIRARIILE 20D, EENBRGTH O HEREL &
ZEMRHISNTWS [47].

IRTIZHF 5 MCMC 7TV XLELTIE, AMORYANA AT 4 VI AEXFTAH LT V7%
HEDEFT VT X4 (7,13, 28] B—fRINTH b, LDA TRAUIFETAY > TY v 27T
U AL [46) B IRICEAENTWS, FAXF TAY T U 20%, BEDST A —RESZEULT S
2L TMCMC O#EMNEEZEGDDI LN TELFETHY, IREETNTE LDA LFHRIZFHATE 3.
EXD, RFZETE, REETNDONRITIA=RFEET VI ALLE LT, AMBRYANA AT A VT A
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Supervised LDA Generalized MFRM

il O
- I
O

©
2
@

P
.QgIC
@ @

1 BEETFIVDT T 7 4 VKK

ERAEF T AT Y T v T R flAGEDE 7 MCMC 7V 3 ) XL %2557 5.

RETNIV)XLTIE, NEYIRMHEERAMGDNATA—RTHEp ={Yli € L,je Tt ¢ =
{p:t € T} ZFLALL, VY2 Z = {Znli € T,j € T,n € {1,--- ,N;j}} EIRT DETNAT
f~ﬂ£={mﬁmnﬁm¢ﬂ,%&&7bww%,%m%mw%#ﬁ%?%ﬁﬁﬁéﬁyfuyﬁ
5. ZIT, o = {loga=1,---,logai=r}, Bi = {Bi=1,+,Bi=1}, o = {loga,—1, - ,log,—r},
Br ={Br=1,--- ,Br=r}, d={d11, -~ ,drx}, 0 ={01,---,0;} £T 5.

PABETIE, SBETVTY XLDOFHMIIOVWTHRRS. 7z, DBROXEHDOZOIZ, REETILVOS T
TAHNVETILVERLIZRT. MBD 7, ZRFTRINDENTA =X « DHFIDAEDISNT A=K (NAI8—
NI A=R) &BRT.

7.1 MEYVY Z,, 000 TY VT

2T, WA = W\{Win}, 2V =2Z\{Z;jn} £T5E, NEY T Z, DEM EEHIA TR 1
DREEPSIRD & S IZEIT 5.

p(Zijn — t|Wijna W\ijn, Z\ij", 9]’7 w)
X p(Wijn|Zijn =1, W\ijn7 Z\ijn)p(Zz’jn = t|Z\ijn)p(0j‘wv Zijn =t, Z\”n) (12)

22T, R (12) OALE VEE, Zig, OV YTV Y OHERICKGET B HOAERT &5 CREWT B &
RO EHIZHEMTX S,
N)I™ 4

—e (13)
Nt\ljrb + V’Y

PWijn|Zijn = t, W™, ZNI") /p(Wz‘jn|¢t)p(¢t|W\ij"7Z\”")d@ =

!

NYT™ IFAE S ey D n BHHOHERERNZEE, Gt ol Ny 2 i BEID Y TONABEERL, N, &
POMEPACKE S &
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E7e, X(12) DLELHE2HZE, Zj, OV v T U ITHERIKET 2HDAZKT LS ICRERT 5 L%
DESITEHTE S,
NN 4

P(Zijn = t|ZV") /p(Zijn = tlypi;) - (i | 2V dapy; = —2

\ijn
— N}/ + 7 (14)
NY™ 41y

1jt

ZT, NN EEE S ey D n BHHOBRERILZE ED e, HO Py 7 t ORBEREEL, N, ¥

ijt

Ztrmﬁ”%ﬁi

R (12) DAL 3L, {Zij, =t}UZ\" G L Lz &0, X (10) ALDOEBSAIZHES 0; O
AR LTEHATES.

7.2 IRTNRSX—4QY Ty

IRT XTA—REDY YTV VT, NTA—RILIZA PARY AN AT 4 VT AR EST Z &

TIF5. BARIICIE, ROFIEZEDELTY Y TY V22175,

1) HXFA=REEITHUT, BUEDMAEFG & UKD N(6,02) 15, HHLD/NT A — &
DIEFR & ZERT 5. 22T, RENMAOMEAERE 0, 1212 0.01 R EDNEWEE WS

2)  BUF O IZ DN TR ¢ ZERINT 5.

PULE", €9)g(€" 7o) )
P(UE)glelme)

Z T, 5\5 =E\{{} 2RL, g(lme) IZNNTA =X LTS HHANMERT. 72720, £=60,€0
DLEITIE, FRIERIIRATEA SN D.

a(¢*|€) = min < (15)

p(UIE, € p(E"|w. Z)) 1) (16)

a(7l¢) = min ( p(U1E0(Elw, Z;)
ZIZT, plélw, Zij) &, R (10) HLEDORAMIHED € DERIERERT. 72720, Z; ={Zijjuli € I,n=
{1,---,Ni;}} L35,
ﬁ(w)aﬁ(m)mﬁwémw@umﬁ?ﬁ%fga

J I R K
j=li=1r=1 k:l
1: Uz ir — ]ﬂ,
Tijrk = ! (18)
0 : otherwise.

3) BRPUHERIZEED ERI - BEIORER, BRI N2 o 72581013 & 2L, TDiE ¢ 2R
DNTA—=RfEL UTHRHAT 5.

73 MEYIDEHRwDYVTYY

EANTA—RwDY T 7E, IRTOETIANTA—REFEFFIZAMOR) ANT AT 4 VT A
EXTAY TN VT EMAGOEEFIRTT . BANIZE, w e w X UT, REDM N(w, o)) 2
SIEMAR wi 2L, PUT OFRHERIZE DO W TR AR Z ERINT 5.

POl @, Z)g(wf | Tu) 1)
p(0|w, Z)g(wt ‘ th) ’

a(wy |we) = min (

772U, p(Blw, Z) = [[]_, p(b0;lw, Zij) £ T 5.
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74 MEYIDHEBEDTHOHRTE

BETNIVALTIE, LROFHEIESVWTINEY Y ZEETUNRTIA—REwEYS VYTV VITS
R, RAEELVZd ey %, VY IZDOY U TIV Z ZHVTIRATRD 5.
_ Ny +7
- Yoot New +Vy

Yijr = T%i
> i1 Nije + T
ZIT, Ny R3S IC Ny 2t AE0 TSR L, Ny BEEX e, 0B322t 0
MBI E RS, £72, N, =Y N, Nij =Y/ Ny Th5.

Pto (19)

(20)

7.5 FILITYXL

UEDY T TR EOIRL, BoNTzNRNI A =X - U TIINVOMARHEE SftEle 5. 727-L, o
HEHRPHR L7z eI N ETON— 21 VIR, N5 A — X OYHIEDOHENR S - DHEE IR L
W, Fz, AR AANS AT TR, YU IVEOB CHERE WD, £2ToY Y TIVIEFIE
B9, —EDA YR —=NVHE S Uy PV ERATS. U EDOT7ILTY XADEEI— K%
Algorithm 1 {Z/R9.

Algorithm 1 MCMC algorithm for the proposed model.

Given maximum chain length M, burn-in period B, interval S.
Initialize parameters £, w, and topic assignment Z
for loop =1 to M do
for each topic Z;;, € Z do
Update Z;j,, from eq(12)
end for
for each ¢ € £ do
Sample £* ~ N(€,02).
Accept £* with probability a(&* | £).
end for
for each w; € w do
Sample wf ~ N(wy,07).
Accept w} with probability a(w} | wy).
end for
if t > B and t%S = 0 then
Calculate v, and ¢ using eq(19), (20)
Store £, w, Y, ¢
end if
end for

return Average values of £, w, ¥, ¢

7.6 NET—YIDHERAVRENEKEEFRTFA

6 HTHRAMEY, REETIVTIE, FBHRDM EFHMHRNE, ERES LCHEADST A — X HBERIT
b, FRT—EDPEZ 5N TWARWRERE DN 2 LEHRDO AP SHET 2 Z LN TE 5. BRI
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# 1 FERTHA U 7 d X

HE1 SEEECPUIEMALBHOERNIE, ZERAANOBEENTHOMEKZBEMRL TFORZ L EI LGN
HOET. —HT, HMHSBHIZEHEXHSO=Z—XZ2EHLU THRODEIRNEZLEZ A VEEHD T,
IDTF—RIZDWTHREZDOEREZBRTLEZI N

AR 2 20 AL ICIE T2 DEEZBIMNIZZL X B2 k4 2R HP I F LA, TLERHE, av¥a—&k
COHRHNZA V7 FDOREVEIFANS, R—IlRUPAy KKy, BREEZOHENEIZA V82
PONSZLFEHETHD 7. HROEFIZEVWT I D EEREE 2> TWEDIE TRE2FA ]
TLEID. Thed UNEREH] TLEID. TOT—SIZDOVWTHREDEREBRTLES
(A

E3 AT T TCRELAPEIDEZEM (v—0—) XSO EFET. L2rL, HEZOHEEIZE,
HEOHTHREZEBESLWI L 2AL TWAALLRVWETL & 5. HEMIZKEREELRIR
CEHEHBEDHTALZDIRIZINL>TWEZES U AZEDHEL FERSZDTIXRWTL & O . HOD
EHEIZDOWTHRZOBREBRRTLZZ W,

HE 4 RIZEMOZGERESHIZEY, b0 EFRIRETETHRERMRET L5 >TETVWET
3 UM EMADKIFERIAMEEDEZEZ D HEZETFTEETLES>DOTIEEWS, & LIXLIREHH
INET. TOTFT—VIZDOWVWTHRIEOEREZBRTL I,

i&, Algorithm 1 1Z8WT, MEv Y Z;, LREIME G, OV > TV v I RELEHEL, &R & SRERME
BLUEHADNIRA—RIZOWTREHZTORNVELSIICULETIVITY ALTHETES. YYD Z,;,
DY v T v IRFRATEZSNS.

X p(Wijn|Zijn = t, @)p(Zijn = t|Z T )p(0)|w, Zijn = t, Z\I™)
m@wm<mﬁn+®p@m¢&m:uzww (21)

ZDLE, FHEIAM L FMERE, HERMES KOCEADN T A —RFHAIHES N2 5 LT 5.
Xz, BEIME O, OV VTV U TEREBEA p(0;|U;, €\%, w, Z;) < p(U;|€)p(0;|w, Z;) B 5175, ZI T,
Uj = {Uyr i € Tr e R} C U, p(U;1€) = [Tiey TIL Thimy (Pgri) ™o &5 5. Z 05 13— 3A#
M RD ST, EHIZ T2HTHWP LA FBRY ANA AT 4 VT AZEDSNTH T v
SRITS. UL, 22T, ZBH | OIET— 2B TRIUORIEEZ T WA 720, KEH p(U,E)
R TE, p(0;|U;,6\% w,Z;) < p(b;|w, Z;) £EFITD. Thbb, BEHEG OV > TV v 71EK (10)
DIEB AR > TITRIX K.

o, MEETIVTR, TOXSITHEESINRIMEZ TG & U TREAE OIS ERERDDZ LD
WHETH D, BAMITIE, XEe,; OYFEE U, ZRATRO SN B,

. 1
Uj=> &

r=1 k

k- Pijrk (22)

] >

1

ZDEE, P &, FANTHE S NGl - SREORMENS A - X 2G5 & UTEHRTT 5.

8 FIMsEER
ZITE, EF-XEREEL TIREE S VOANN T 5.

8.1 =E7—%

AETIIET —R2INET 57-D12, ROWEREEREIT - 7=,

M AHDRFEL RFGEIIH LT, 4 205mRGREZTHOE, FHEITN U TR TN ZEEE 10
HOFHHE IR S E 7z (BFMIHIZ 34 £ x4 38 = 136 fFDORIBZE XL 2 2 TRHAIERZ) . RERTHH
Uzimib AGREZ R 112RF. 25 OFf#EIK, National Assessment of Educational Progress (NAEP)
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# 2 FRT — X OFLRAE R

mHE KA T 3V O B[R

SEEE fmE 1 2 3 4 5

JEi# 1 3537 0633 1 12 52 55 16
FMiE 2 3419 0605 0 15 58 54 9
FAMiE 3 2537 0.690 20 52 41 17 6
FFAE 4 2.912  0.679 45 52 29 6
5

3

4

A 5 3404 0515 O 68 54
i 6 3.566 0.491 5 43 83
Pt 7 3.691 0530 O 6 48 64 18
ERIEZR 3.110 0520 2 30 60 39 5
i 9 2743 0335 0 41 90 4
P 10 2794 0.606 7 41 61 27 0

A 1 3.135  0.748 14 77 124 99 26
P 2 3.132 0.744 12 61 155 94 18
R 3 3126 0.786 7 69 147 108 9
P 4 3291 0.800 6 46 147 125 16
ESX0N 3.171  0.887 39 253 573 426 69

D 2002 4F [48] & 2007 4 [49] THES N EZ HAGEIZRER L 72 D TH 0, FFIRIECHR I 2 FHaral
MEBELE URVWHNE L RS> TWDS. £z, FHiliEIC X 281K, NAEP grade 12[49] T I Nz —
7w 7 & AAGECERU TIER L 72 5 B 7 3 OFHili ¥R W TirbE 72, HESI NZEE XD X
FHUL, TN 600.41, FYERAED 104.41 TH o 7=,

22T, fRT — ZOld R UT, i - BREN B & TRk T O RO FIIE & R, &
Al 7 TV OB AR 2 1TRT. KA S, TNS OFEHEMGHEE RPIE T L IC R S T L AR T
&, Mg & AEORNEE F R U 2R E D BBV RIBI NS, 72, ThoOREHEDERIE, 8
FHZEEART, FHliE D AR EWEADFEARN D . AR THEBEE TV & UTRAL 2540 - 50 €
TV (1] 1, BFEET VLD SRRGHIERIEEZ KRBT E 5720, RT— 20O X D ICFHli#HH 02 2ZHHH
HENZREWHEIZHEHL TWS EMRIRTE 5.

AL TIE, EFOFEBRTIEL 2N T -2 T FA N T =X 2 HVTREE T NVOEMNEEFHIIT 5.

8.2 BEHMEERE DM

ARETIE, REET VL LRNIEREEDOFIMZITS. ZD7dIZ, My 78T % (1,15 OXHET

I BERNS, IROEBREIT- 7=,

1) E£TF—2ZHWTMCMCIZ&L BT A =X HfRE 21T 7. MCMC i3/3— > > 30,000, 1> &—
2L 100, BRIV —7H50,000 £ U, 5 DDMNIDF = — 2 2HHIEEZZE X THEITL, B5NIHEED
S M E Uz, 72720, T=108 E2Fw =0 LFEEL, w OHEIZ ThRhro7z. KT
A= ZDHERFIIAG L NAIN=I8F A= ZIITATHRDRE [50, 36, 11] IZHEDETIRDED & L.

log i ~ N(0.1,0.4) (23)
log av- ~ N(0.0,0.5) (24)
Bis Brs drk, we ~ N(0.0,1.0) (25)
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n=1/T,y=1/VT,00 =1.0 (26)

M SCEAP ST 2EROESGLE LTI, Ay TU—RE2BRELLLH, 8@, BEHE, H
FH, BlFEZHWE, Ay 7T — ROHERER, 1) 2EEXDSH 2 DU TORIEGEXTU»AHEE
NTWVWRY, 2) 2REXDORESLLEOEIZEXTHHINTWS, &Lz R UT, EEHL 201
o7z,

2) TRT—REULTHEZONEZFERT —Z06, BADOFHEE CHREAEZTo 508N T—X %23 a
L— 19572012, ZEEXIIn e {1,2,3,4} ZOFTE %2 T > X LZHEI D ST, FHiEiEH»E D HTS
NTWARWEIEXDFESR T — R &2 Rl S E 7.

3) FlE (2) TERINAZRHT—XZ2HANWT, {FFEHFEOREIMEEZ MCMC 12 & 0 BHitE L7z, #EL,
FHELIYAT & A ERE, MR K OEADNAT A =R ZAEE LT, 7.6 D HETIT -7,

4) FME (3) THEINZRENMEE FIE (1) THE S N/ZRE)1E & O R (RMSE: Root
Mean Square Error) %&t8 L 7=,

5) FlEH (2) ~ (4) 2 10 H# VKL, RMSE OV %K.

FEHFERE2X 2 1R T, HOMENIL Ny Z78E R L, WL RMSE Ofiz X3, £72, KH D One
Rater, Two Raters, Three Raters, Four Raters ® 70w b9, ZTNFNTHMEN 14, 24, 34, 44
DEEDMERERT. b, T=10REETFTNVE, X (3) THEXONIMEDIRT EFIVE T 5 M
IZEREI N,

FEEREEREN S, WRETIVHIGT 2 T =1 DA ITHART, IBEETFIVTIE RMSE 2 AIEIET LT
WBZ bbb, ZHIHBEET NN, HEXONERRREZ G HIEMEI B KT E 2D L
Ezonbd. 1z, BEETFLTIE, My 2HEHM 4 £TIIHEINZ RMSE AMEF U, BB TIZEE R E
DOMREZRL TV, BRMERENINER L ALSNE Y 78T > 4 DIREE TV E/ERETIVOMRE
EHET DY, BEETNVIIBITLHME n ZDE EDOMED, MEKETNIZBITEFEMEn+1 2D E
TOWALAEFELU T ER-oT WS, I, BEETILVTRE, XEBERZMNHALEZZE T, fERETVIZE
WCHHIiFE % 1 2B U 7256 L AREL EORENHIEREOUEENER TEZI L E2RLT V5.

M EDFEEAERD S, REET VTR, REXOEREZIEHT S Z L TRAOMERE2EETE, ke
TIZ BT BEE D72 0 OFEME LIRS BEIEREE DK N EEMTE D Z L BHERTE 72,

BB, NAZXWETIE, NI A—XMEEEIEHAMOMHEE LI EFEoNndZ LT, RZHD
HeEFAEDNE < 72 5 8E/N (Shrinkage) LIFIENZBIRDIH SN T WS D, REETIUNRMEKET IV L
AT RMSE Z KB TE - ER2BBRMENTIRRWEEZONS, IBEETILTIE, /KERETILEIZERD,
SZERE TR BREIMENADIMRE I NS 12D, RTOZERE ORENHEE 2 e OMEALIZRS 5
I TIERMSE /NS <257\, 85 EITHIRT 5 L5127, EETILTIE, MYy IZ0Mmhs Pl
NARESMENZREDOZ LY RIEF DT 4252 THED, ZOEWMIRZERE DRESIED HH /A6 (YT Kk
IN72d, WRETNVEIVEVERIDNEEEE2RLZEZ NS,

8.3 NEBFEHRODAERWIZEETAERSE
ZIT, FRT—EAPEZ5NTOWRWEZRE D)) & XEEHRD AH SHEE L7256 ORe I IER

JEZDWTEHiT 5. 207z, MY IET % (1,15 OXB TR I B SIRDFNED FEER % 1T

otz

1) 82 HiDEERFIE (1) LFHMRIC, ET—XEHWT MCMCIZE3/87 A =R HEEITR - 7=,

2) FMT—XEESTRHEYE, FE (1) CHE I N/ZFERS M L FMERE, SERES X OCHEADS
TA=RERELLUT, 7.6 HiOFETEZREDRIEZBEHE L. ZOFIHIL, ZBEDEZX
BHFROADSHEE L TVWDE Z LITxhT 5.

3) FE (1) THEINLEENEE FIE (2) THESIWZHEED RMSE %2318 U 7-.
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FEFERAZX 2D No Raters] 70w M UL TRUZ. /ERETNVIZHIET S T =1Tl, FET—
R EXEFRBRENHEEICHHATE WD, BHNERENZE LI RELBoTWS. T, REE
TIVENALZEE (T > 1084) (i, HMEFMKECHKELTWDS I Lhbrd. £/, AiflioFER
CRBRIZ, NEY 7T =4 FTIXEFIZ RMSE 2384 U, DARIIQAREOMEEZRL TS, &5
2, P IZET >40REETLTE, F#ET—X2MAHALTVWARWIHBEDLST, KERETLIZEWN
TaHiiZ 1 #HOMRT — 2 Z2RMAL5E6% LRIZ2BEINEREZZR L TV 2 ehbhd. KERKE
Bhs, BEETILTIE, FETFT—ZBEZA5NTVWRWESTH, MEREF IV E2AWTHEME 1 % 0H
MT—APOHET 525G L AREORNHIENFEHTE S Z LRI N,

8.4 REREBEOF/RTAEE

AEITIE, BEETNVEAVERRAEEORRFHOVERFEEZITS. Z07zHiL, PEYIRT %

[1,15] DX TE AT ERA S, ROFIHTEREITR-> 7.

1) 82 HiDEBRTFIE (1) &FERZ, ET—XZHWT MCMCIZ &L 5/37 A —XHfEE%2IT R 7.

2) RIHIOEBRTIE (2) LR, FHTF—22L2TRMSERZHE, FIE (1) THE X NIEEN A
L RHbiE R, BREREB X OCEADNT A= ETG L LT, 7.6 Hid0 ik TE2ZEE DREN % i
L.

3) FME (2) TROZEEHHEEMEE FIE (1) TH SN2 FHli#H & 3BT A — X 2 W THIRES U,; %
R (22) ZAVTKRD, WRHERU,; L%L2T— R EMAVTEHEL ZBHTAER U, =3, Uj/R
& D RMSE % k&7-.

4) D7z, KRIEXIT n e {1, 5} ZOFHliE %2 7 > X LTHID T, #1024 T 73 O
T =2 5RO FEAIEXDVRRE, TR2T— X 6RO BTG Uy &£ D RMSE % it
BU7z. ZOFIEIZFHEHEOE D Y TEEXRDS 10 [#E DKL, RMSE O F¥IfEZE KD 7.

FERZM 3R, MOMHENIE MYy 78E2 KL, #Hitihd RMSE OfizRd. £/, K3 TIE, FEHEoO

Z7u v b ([Proposed] &KFl) PEEETNTTHELZBRELERT — XD 5RO - BUIN- 13 M D%
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2RLU, W (Tn Rater(s)] &3Kit) 2 n ZOFHEH DT — R DA TRD I ML R T — XD 5K
D7 BRI R DREE R T

K306, INEFTOEKREELLU ML LT, UFOMEENFEARNS. 1) HKETFTIVIZHIET S
T=1TRFPHFEANELLREV. 2) BEEFLZIH LGS ITIIEENKIEICNETS. 3) Py
BT =4 FTIEEAPHFIRD U, UBRIIMREEE DML RT.

51T, BEETIVIC LD FHIESOKEE 2 FHi#H n 4 OFEERE2RAL - GE60KE L KT 2 &,
REETINTI, FHi#H 3 2OVEEME ERID THEZEZER L2 EDVHRTES. ZOME®S, 2
FEETNVE, REABEDOEETFHE U TEZURKERE2EX DI EVHRTE

8.5 EER

ZIZT, BEETIVIZEVWTHEIHRIGR Lz AREE My IR T =4 DgGE2HE LT, &
F—REHTHESONZ Ny I OHERERENGIIDOVTERT S, RIIIZBETLD Ny 7 HBlHER
Vjr =Y ser Yije/T LRENMENEE, KAIZKEIEY 7T EEASTA-ROHEME A MY 2128
WTHIBIERD & 572 10 35 E R Y. ZITC, R3IBETD oy 13 Z; IR T28ETH Y, MCMC
DB TEHHEEIND by 7 HBR Z,;, 2B ICHE SN DYy 7 OHBIEE o, CBESHX 726
DTHD. FEIZ, R3IFDwTy; (72720, ;= {¢j1-ir}) FwPZ TG 28& e UTHRIRT
5.

3D DENS, ZREZLIZ MY 7 OEBUHINIZAERDY D 5 Z LAGANNS. HIAIE, Z8RE
6% 10, 231X MY 7 1% 2 OHBHERIHNIIEL, MY 2 3% 4 OHBHERIHNICE N &
Rhnd., Kz, ZEBE 12X 331X Yy 27 1% 2 OHBHEEIHGIICEL, MYy Z 3% 4 DB
TER D NARNMAMA D G AN D, 22T, £45h5, FPEY ZORNMENOEAT NEY 7 1 &
21ZIETHY, PV I3 AMNELESTVWEI WS, LEh->T, EEFLTIE, v 21
&2 DHBERDPEWZBREFIZE MY 2 M0 SHE I NDREIE wy; BE<ab, vy 3 L4
DO HBIERDPEVZEEIEE T OMMEHESI NS, EEE, BB UZZEHE 6 10, 23 1% wly; 30
AR <, 2B 12 % 33 13 2 DMEA NI S W2 LR TE 5.
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£33 T=4TBIEZBRET DNy 700 HEIA

Yj1 V2 Vi3 Y | Wl 0;
0.113 0.230 0.241 0.417 0.502 0.399
0.179 0.213 0.159 0.449 0.585 0.800
0.160 0.202 0.227 0.410 0.534 0.702
0.190 0.201 0.205 0.405 0.585 0.888
0.161 0.158 0.196 0.485 0.440 0.016
0.140 0.144 0.193 0.524 0.369 0.230
0.124 0.180 0.261 0.435 0.422 1.006
0.132 0.153 0.263 0.452 0.381 0.673
0.164 0.267 0.236 0.333 0.678 0.741
10 | 0.109 0.165 0.178 0.549 0.351 0.416
11 0.159 0.293 0.239 0.309 0.723 0.767
12 0.128 0.395 0.187 0.290 0.873 0.698
13 | 0.172 0.221 0.170 0.437 0.591 0.848
14 | 0.135 0.290 0.217 0.358 0.670 0.271
15 0.171 0.215 0.193 0.421 0.579 0.544
16 | 0.165 0.139 0.204 0.493 0.408 -0.631
17 | 0.144 0.222 0.225 0.409 0.543 0.512
18 | 0.094 0.196 0.218 0.492 0.394 0.409
19 | 0.188 0.217 0.174 0.421 0.614 0.499
20 | 0.222 0.209 0.238 0.331 0.669 0.460
21 0.213 0.199 0.227 0.361 0.629 0.964
22 0.191 0.162 0.148 0.499 0.501 0.453
23 | 0.055 0.161 0.245 0.540 0.248 -0.371
24 | 0.134 0.210 0.168 0.489 0.493 0.352
25 0.131 0.163 0.215 0.492 0.393 0.477
26 | 0.175 0.174 0.164 0.487 0.497 0.854
27 | 0.104 0.186 0.190 0.521 0.387 0.390
28 | 0.192 0.205 0.163 0.441 0.593 0.367
29 | 0.161 0.196 0.169 0.475 0.516 0.316
30 | 0.129 0.195 0.279 0.397 0.465 0.497
31 0.105 0.190 0.271 0.433 0.408 0.796
32 0.150 0.188 0.184 0.478 0.481 0.851
33 | 0.213 0.259 0.241 0.287 0.756 0.857
34 0.182 0.211 0.190 0.417 0.591 0.452
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Accuracy of performance-test linking based on
a many-facet Rasch model*
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1 Introduction

With the increasing need for measuring higher-order abilities such as logical thinking and
problem-solving, performance assessments, in which human raters assess examinee perfor-
mance on practical tasks, have attracted attention [1, 2, 3, 4, 5, 6]. Performance assessment
has been applied to various formats, including essay-writing tests for college entrance exam-
inations, speaking tests for language exams, report writing or programming assignments in
learning situations, and objective-structured clinical examinations.

However, one limitation of performance assessments is that their accuracy for ability
measurement strongly depends on rater and task characteristics such as rater severity and
task difficulty [3, 7, 8, 9, 10]. To resolve this problem, various item response theory (IRT)
models incorporating parameters for rater and task characteristics have been proposed |6, 8,
10]. The many-facet Rasch models (MFRMs) [11] are the most popular IRT models with rater
and task parameters, and various MFRM extensions have also been recently proposed [12,
13, 14, 15]. By considering rater and task characteristics, such IRT models can measure
examinee abilities with higher accuracy than is possible with simple scoring methods based
on point totals or averages [14].

Actual testing situations often call for comparing the results of different performance tests
administered to different examinees [16, 17]. To apply IRT models in such cases, test linking
is needed to unify the scale at which model parameters are estimated from individual test
results. Performance-test linking generally requires some extent of overlap for examinees,
tasks, and raters between tests [10, 16, 18, 19]. Specifically, tests must be designed such
that at least two of the three facets (examinees, tasks, and raters) are partially common [16,
18]. Test linking with common raters and tasks is generally preferred in practice, because
test designs that assume common examinees induce a higher response burden, potentially
influencing practices or learning effects [16, 18, 20].

The accuracy of linking under designs with common raters and tasks is highly reliant on
the numbers of common raters and tasks, with higher numbers generally improving linking
accuracy [18]. However, increasing numbers of common raters increases their assessment

* A S5 R 0D B L Gy SC D FE FETERIZIRDIE D TH 5.
- Masaki Uto (2020) Accuracy of performance-test linking based on a many-facet Rasch model. Behavior
Research Methods, Springer.
- FHHERE (2018) FHAMIEREN T X — X 2 NG UHERISE T WIZED SN T 4+ =< VAT A~ OFLRE.
B IEHEE P2 GE D. Vol.J101, No.6, pp.895-905.
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workload, while increasing numbers of common tasks might reduce test reliability owing to
the potential for exposure of task contents [21, 22, 23, 24]. It is thus necessary to design
tests such that numbers of common raters and tasks are minimized while retaining high
test-linking accuracy.

However, the numbers of common raters and tasks required for ensuring high accuracy of
test linking remains unclear. [18] suggested that at least five common raters and five common
tasks are required to obtain sufficient test linking accuracy for MFRMs, but provided no
basis for justifying this standard. Previous research related to traditional IRT-based linking
for objective tests has reported that the required extent of commonality depends on the
distributions of examinee ability and item characteristics, the numbers of examinees and
items, and the accuracy of model parameter estimation [25, 26, 27]. These findings suggest
that the extent to which IRT-based performance-test linking requires common raters and
tasks depends basically on the following factors:

1) distributions of examinee ability and characteristics of raters and tasks,

2) numbers of examinees, raters, and tasks, and

3) rates of missing data.
We assume the rate of missing data as a factor affecting linking accuracy because it affects
parameter estimation accuracy [28]. Note that missing data occur in practice, because few
raters are generally assigned to individual evaluation targets to lessen raters’ scoring burdens.
Thus, this study empirically evaluates the effects of the above three factors on the ac-
curacy of IRT-based performance-test linking under designs with common raters and tasks.
Concretely, this study conducts simulation experiments that examine test-linking accuracy
while varying the above three factors and numbers of common raters and tasks. Although
there are various IRT models with rater and task parameters, as mentioned above, this study
focuses on the most popular MFRM. From experimental results, we discuss the numbers of
common raters and tasks required for accurate linking in various test settings.

2 Performance assessment data

This study assumes rating data U obtained from a performance test result as a set of
ratings x;;,, assigned by rater r € R = {1,..., R} to the performance of examinee j € J =
{1,---,J} on performance task i € Z = {1,..., I}, where R, 7, and Z indicate sets of raters,
examinees, and tasks, respectively. Concretely, the data can be defined as

U= {z,,e Cu{-1}|ieZ,jeT,reR},

where I = {1, ..., K} is the rating categories, and z;;, = —1 indicates missing data. Missing
data occur in actual performance assessments, because few raters are generally assigned to
individual evaluation targets to lessen the scoring burden [10, 16, 19, 28]. A typical rater
assignment strategy is the rater-pair design [10], which assigns two raters to each evaluation
target. Table 1 shows an example rater-pair design. In the table, checkmarks indicate an
assigned rater, and blank cells indicate that no rater was assigned. In this table 1, raters 1
and 2 are assigned to the performance of examinee 1 on task 1, while raters 3 and 4 are
assigned to the performance of examinee 2. Rater-pair design greatly reduces raters’ scoring
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Table 1: Example of rater-pair design.

Task 1 Task 2 Task 3
Rater 1 2 3 4|1 2 3 4 2 3
Examinee 1 | v Vv v v v
Examinee 2 v v v v v
Examinee 3 | v/ v v v
Examinee 4 v v v v v v

burden relative to the case where all raters evaluate all performances, but generally decrease
the accuracy of examinee ability measurements.
This study assumes application of IRT to these performance assessment data.

3 Item response theory for performance assessment

IRT is a testing theory based on a mathematical model [29]. With the spread of computer
testing, it has been widely applied in various testing situations. In IRT, examinee responses
to test items are expressed as a probabilistic model defined according to examinees’ abilities
and item characteristics, such as difficulty and discrimination power. IRT can thus estimate
examinee abilities while considering test item characteristics. IRT has been used as the basis
for current test theories such as automatic uniform test assembly and adaptive testing [30,
31, 24].

Well-known IRT models that are applicable to ordered-categorical data like performance
assessment data include the rating scale model [32], the partial credit model [33], the graded
response model [34] and the generalized partial-credit model [35]. Such traditional IRT
models are applicable to two-way data consisting of examinees X test items. However, these
cannot be directly applied to three-way data comprising examinees X raters x tasks from
performance assessments !. Many IRT models with rater and task parameters have been
proposed to address this problem [6, 8, 10].

MFRMs [11] are the most popular IRT models with rater and task parameters, and
have long been used to analyze performance assessment data [8, 9, 10, 36, 37]. There are
several MFRM variants [10], but the most representative modeling defines the probability
that x;;, = k € K as

exp 3ok _ [0, — B — v — du
Siexp S [0 — B — v — di)

where §; is the latent ability of examinee j, §; is the difficulty of task 7, 7, is the severity
of rater r, and dj, is a category parameter that denotes the difficulty of transition between
scores k — 1 and k. For model identification, v; = 0, d; = 0, and Zszg d; = 0 are assumed.
See Refs. [6, 10, 14] for details of the rater and task parameter interpretation.

(1)

ijrk =

!Note that in this study, the term task represents a performance task, while item or test item represents
various test-item types, including performance tasks and objective test questions.
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This study focuses on this MEFRM because it is the most popular model, but note that
various MFRM extensions have been recently proposed [12, 13, 14, 15].

4 IRT-based performance-test linking

MFRM and its extended models allow measuring examinee ability while considering rater
and task characteristics, providing higher accuracy than simple scoring methods such as
total or average scores [6, 14]. Also, the model provides rater and task parameter estimates,
helping test administrators to objectively analyze rater and task characteristics [9, 36, 37,
38]. Therefore, practical application of these models to actual performance assessments is
beneficial.

Actual testing scenarios often require comparison of results from multiple performance
tests applied to different examinees [17]. Applying IRT models to such cases generally requires
test linking, in which model parameters estimated from individual test results use the same
scale. Although linking is not required when equal between-test distributions of examinee
abilities and characteristics of raters and tasks can be assumed [18], actual testing situations
will not necessarily satisfy such assumptions, and thus require test linking.

Although various situations require linking, this study assumes situations where the pa-
rameters for a newly conducted performance test use already estimated parameter scales
from a previous performance test. Below, we designate the newly conducted performance
test as the new test, and the test for determining the scales of parameters as the base test.

One representative method of test linking is to design tests such that some raters and
tasks are shared between tests, as described in Section 1 [10, 16, 18, 19]. Figure 1 shows
the data structure for two performance tests with common raters and tasks. As defined in
Section 2, performance assessment data are three-way data consisting of examinees X raters x
tasks, and so are represented in the figure as a three-dimensional array. In the figure, colored
regions indicate available data, while other regions represent missing data. As the figure
shows, data are collected such that raters and tasks are partially shared between two tests.
In this design, parameters for the new test are expected to be on the same scale as those for
the base test by estimating them while fixing parameters for common raters and tasks that
are estimated in advance from the base test data [10, 18, 19]. This linking design is a variant
of the nonequivalent groups with anchor test design [39] or the common item nonequivalent
groups design [40], typical designs used for objective test linking. In our design, common
raters and common tasks take the role of an anchor test or common items. Furthermore, the
linking method used here is a simple extension of the fized common item parameters method,
a common method in IRT-based objective test linking [41, 42, 43], because it estimates the
new test parameters while fixing parameters for common raters and tasks.

In this design, linking accuracy is strongly dependent on the numbers of shared raters and
tasks [18]. Although increasing these numbers generally improves test-linking accuracy, these
numbers should be kept as low as possible while maintaining required test linking accuracy,
as described in Section 1. However, the required numbers of common raters and tasks for
ensuring high-accuracy test linking remain unknown. As discussed in Section 1, the extent
to which common raters and tasks are required for performance-test linking would typically
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Figure 1: Linking design using common raters and common tasks.

depend on the three factors, namely, 1) distributions of examinee ability and characteristics
of raters and tasks, 2) numbers of examinees, raters, and tasks, and 3) rates of missing data.
Therefore, in this study we examined the numbers of common raters and tasks necessary for
high-accuracy test linking while changing settings for these three factors.

Ideally, evaluation experiments should be conducted using actual data. However, design-
ing and executing actual tests for various settings would entail huge costs and time. In this
study, therefore, we evaluated test-linking accuracy by simulation experiments, as in previous
studies of IRT-based objective test linking [25, 26, 41, 44].

5 Linking accuracy criteria

This study evaluates MFRM-based performance-test linking accuracy through the follow-
ing simulation procedure, which is based on a typical experimental method for evaluating
IRT-based objective test linking accuracy [25, 26, 41, 45].

1) Assuming a base test with I tasks, J examinees, and R raters, generate true values for
MFRM parameters for the base test with distributions

ﬁi,%,dk,ej ~ N(OO,lO), (2)

where N (u, 0%) represents the normal distribution with mean p and standard deviation o.
Note that d; values must satisfy the constraints d; = 0, and Zszg d = 0, as explained
in Section 3. In addition, the values for {dj | k£ > 2} are expected to be monotonically
ascending in practice. Therefore, we sorted the generated values for {d, | k > 2}
in ascending order, then linearly transformed these values such that their total value

becomes zero. We also set d; = 0. In this study, we set the number of rating categories
as K = 5.
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2) Similarly, assuming a new test with I, J, and R, generate true values for MFRM param-
eters for the new test from arbitrary distributions, which differ from the above distribu-
tions.

3) Establish Cr common raters and C; common tasks between the tests. Specifically,
parameter values for Cr raters and C7 tasks selected from the new test are replaced
with parameter values for C'r raters and C} tasks, which are randomly selected from
the base test. From this procedure, C'r raters and C; tasks from the base test are
incorporated into the new test as common raters and tasks.

4) Sample rating data for the new test following MEFRM given the model parameters gen-
erated through the above procedures.

5) Estimate parameters for the new test from the generated data by fixing the parameters
for common raters and tasks, then calculate the root mean square error (RMSE) between
the estimates and the true parameter values. We use the expected a posteriori estimation
by Markov-chain Monte Carlo [14] for the parameter estimation, given the distributions
of Eq. (2) as the prior distributions. In the parameter estimation, the constraint v, = 0,
which is assumed for model identification, is omitted because fixing the parameters for
common raters and tasks can resolve the model identification problem.

6) After repeating the above procedures thirty times, calculate average RMSE values for
each commonality number.

In this experiment, insufficient numbers for common raters and tasks will increase param-
eter estimation error for the new test, because the new test’s parameters are estimated based
on the prior distributions of Eq. (2), which differ from the distributions generating their
true parameter values. Conversely, sufficient numbers decrease parameter estimation error,
because the fixed parameters for common raters and tasks, which are generated following the
distributions of Eq. (2), serve as the basis for adjusting the new test’s parameters to their
true locations. High-accuracy test linking is thus realized under given numbers of common
raters C'r and tasks C7 if the averaged RMSE value obtained from the above experiment is
sufficiently small.

To judge from the RMSE value whether a new test is linked with sufficient accuracy, we
need to establish a threshold RMSE value. To do so, we conducted a similar experiment to
the above, in which the parameter distributions of Eq. (2) are used as the distributions for
the new test in experimental procedure 2. In this case, because the parameter distributions
are equal for the base test and the new test, the new test is completely linked regardless of the
presence or absence of common raters and tasks, as described in Section 4. We can thus regard
the RMSE value obtained from this experiment as a threshold value for determining whether
test linking has high accuracy. Specifically, we define the threshold § = u. + 20., where p,
and o, are the average and standard deviation of RMSEs obtained from the thirty repetitions
in procedure 6. Note that we allow up to 20, deviation from the average value . because
the RMSE can vary for each repetition of the experiment, depending on the generated data
or true parameters, and because 95% of such varying RMSE values fall within that range.

This study thus assumes that high-accuracy test linking is realized if the average RMSE
value obtained under a target setting is lower than the corresponding threshold value ¢.
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Table 2: Parameter distributions for the new test.

0; Bi Vr dy,
Distribution 1 N(—0.5,1.0) N(0.0,1.0) N(0.0,1.0) N(0.0,1.0)
Distribution 2 N(—0.2,1.0) N(0.0,1.0) N(0.0,1.0) N(0.0,1.0)
Distribution 3 N(—0.5,1.0) N(0.5,1.0) N(0.0,1.0) N(0.0,1.0)
Distribution 4 N(—O.5,1.0) N(0.0,l.()) N(0.5,1.0) N(0.0,l.())

Note that alternative approaches for evaluating linking accuracy, such as that in [46],
may be possible if we use other linking methods, such as scale transformation methods with
separate calibration or concurrent calibration methods [40, 41, 42, 47], instead of the fixed
rater and task parameters method.

6 Experiments

In this section, we present experimental results from changing the settings for the three
factors described above. In the experiments, we mainly examine small- or mid-scale test
settings in which the maximum number of examinees is 100, because it is difficult to examine
various conditions for large-scale settings due to the high computational complexity of our
experiment. Subsection 6.4 shows some results for large-scale settings. Furthermore, in
Subsections 6.5 and 6.6, we discuss two issues related to our experimental assumptions and
procedures. Java programs developed for the following experiments are published in a GitHub
repository. See Open Practices Statement for details.

6.1 Evaluating effects of between-test distribution differences

This subsection describes the effects on test linking accuracy of varying distributions of exam-
inee ability and characteristics of raters and tasks for a new test. Specifically, we conducted
the experiment described in Section 5 while varying parameter distributions of the new test
following the four conditions in Table 2. Here, distribution I represents the case in which
only the ability distribution differs from that of the base test, and distribution 2 describes
the case of reduced difference in the ability distribution. Distribution 3 and distribution 4
are cases in which both the examinee ability distribution and the rater or task characteristic
distribution differ.

The case of distribution 1, where the mean value of the ability distribution between tests
varies by 0.5, can be regarded as a realistic situation in which linking is difficult. This
is because when we randomly sample /N data from a larger population following a standard
normal distribution, the standard deviation of the sampling distribution’s mean (the standard
error of the mean, SEM) is estimable as 1/4/N. Thus, for example, when 100 examinees take
a test, the SEM can be estimated as 0.1. In this case, the 98.8% confidence interval of the
mean values is about the mean value40.25 (corresponding to the £2.5 SEM range), meaning
that situations where the between-test distribution mean difference exceeds 0.5 rarely happen.

This study thus regards distribution 1 as a baseline setting, because the results from this
setting are expected to provide a basis for the maximum numbers of required common raters
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and tasks. Note that test linking becomes more difficult for distributions 3 or 4 because
both the examinee ability distribution and the rater or task characteristic distribution differ.
We do not regard this as a baseline setting, however, because in practice test administrators
manage multiple tests such that rater and task characteristics are as similar as possible to
assure fairness, making differences in rater and task characteristic distributions between tests
relatively small.

In this experiment, we fixed factors other than the new test distributions. Specifically,
we set J = 100, I = 10, and R = 10. This experiment was conducted assuming no missing
data, meaning all raters grade all examinees’ performance on all tasks.

Table 3 shows the results. Values in parentheses indicate the threshold §. Bold text
indicates that the RMSE value is lower than the corresponding threshold value 9, meaning
that high-accuracy linking is achieved. Note that in Table 3, the threshold value ¢ is the
same for all distributions, because § depends only on the data size, which is the same for all
distribution settings in this experiment.

The table shows that high-accuracy linking tends to be realized when numbers of common
raters or tasks increase, as expected.

According to the results for distribution 1, high-accuracy linking is achieved in all cases
where C; > 2. Further, the results for distribution 2 show that numbers of required com-
mon raters and tasks decrease with reduced difference in between-test ability distributions.
Specifically, in the distribution 2 case, adequate test linking is possible with one common
rater and one common task. The results of distributions 3 and 4 show that numbers of
required commonality increase when the distributions for rater and task parameters differ
among tests. These results suggest that we need C; + Cr = 5 or 6 for the distribution 3 and
4 cases.

As mentioned in Section 1, Linacre [18] suggested that at least five common raters and
five common tasks (namely, Ng > 5 and N; > 5) are required to obtain sufficient test linking
accuracy. However, our experimental results show that these numbers can be substantially
reduced not only for realistic cases where ability distributions differ among tests, but also for
the relatively rare cases where rater and task characteristics distributions differ too.

6.2 Evaluating effects of numbers of examinees, tasks, and raters

This section presents an analysis of the effects of numbers of examinees, tasks, and raters on
test linking accuracy. Specifically, we examined the following four settings:

e J=50,I=5 R=5
e J=100,1=5 R=5
e J=100,1=10,R=75
e J=100,1=5, R=10

In this experiment, we fixed the parameter distribution for the new test to distribution 1 in
Table 2. As in the previous experiment, this experiment assumes there are no missing data.
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Table 3: Experimental results for different parameter distributions.

Distribution 1

Cr  Ci=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1538(.1476) .1377(.1435) .1421(.1433) .1380(.1426) .1383(.1421)
2 .1483(.1423) .1273(.1340) .1275(.1399) .1327(.1427) .1261(.1356)
3 .1574(.1461) .1353(.1373) .1268(.1358) .1274(.1336) .1220(.1371)
4 .1420(.1360) .1250(.1404) .1203(.1421) .1265(.1343) .1189(.1336)
5 .1469(.1458) .1270(.1346) .1210(.1455) .1254(.1350) .1244(.1450)

Distribution 2

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1275(.1476) .1183(.1435) .1175(.1433) .1194(.1426) .1206(.1421)
2 .1300(.1423) .1201(.1340) .1242(.1399) .1184(.1427) .1176(.1356)
3 .1224(.1461) .1195(.1373) .1178(.1358) .1238(.1336) .1174(.1371)
4 .1195(.1360) .1224(.1404) .1160(.1421) .1181(.1343) .1168(.1336)
5 .1277(.1458) .1180(.1346) .1203(.1455) .1188(.1350) .1148(.1450)
Distribution 3
Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1679(.1476) .1464(.1435) .1432(.1433) .1424(.1426) .1406(.1421)
2 .1596(.1423) .1406(.1340) .1346(.1399) .1279(.1427) .1327(.1356)
3 .1544(.1461) .1354(.1373) .1343(.1358) .1300(.1336) .1254(.1371)
4 .1462(.1360) .1340(.1404) .1307(.1421) .1263(.1343) .1280(.1336)
5 .1432(.1458) .1297(.1346) .1309(.1455) .1282(.1350) .1243(.1450)
Distribution 4
Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1605(.1476) .1513(.1435) .1491(.1433) .1396(.1426) .1359(.1421)
2 .1473(.1423) .1435(.1340) .1350(.1399) .1348(.1427) .1274(.1356)
3 .1531(.1461) .1357(.1373) .1280(.1358) .1266(.1336) .1272(.1371)
4 .1470(.1360) .1287(.1404) .1304(.1421) .1267(.1343) .1242(.1336)
5 .1501(.1458) .1320(.1346) .1238(.1455) .1232(.1350) .1256(.1450)

Table 4 shows the results. Note that ¢ values in parentheses vary for each setting, unlike
those in Table 3, because 6 depends on the data size, which differs for each setting.

Table 4 and the results for distribution 1 in Table 3 show that the extent of required
commonality for accurate linking increases with increased numbers of examinees, raters, and
tasks. According to these results, adequate linking is possible with only one common rater
and one common task for small-scale settings, while about two common raters and two
common tasks are required when the numbers of examinees, raters, and tasks increase.

Although the impact of changes in numbers of examinees, raters, and tasks on linking
accuracy is not so large for these small- or mid-scale settings, these results suggest that the
extent of required commonality may further increase for large-scale scenarios. We consider
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Table 4: Experimental results for different numbers of examinees, tasks, and raters.

J=50, 1=5, R=5

Cr  Ci=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .2829(.2881) .2754(.3038) .2681(.2826) .2782(.3005) .2519(.2811)
2 .2716(.3044) .2786(.2794) .2513(.2808) .2543(.2711) .2541(.2820)
3 .2739(.2822) .2399(.2920) .2263(.3002) .2484(.2782) .2371(.2798)
4 .2689(.2859) .2482(.2785) .2433(.2642) .2406(.2746) .2366(.2732)
5 .2746(.3104) .2658(.2741) .2466(.2873) .2304(.2823) .2372(.2858)
J=100, I=5, R=5

Cr  Ci=1 C1=2 Cr1=3 Cr=4 C1=5

1 .3025(.2942) .2691(.2814) .2554(.2921) .2640(.2878) .2673(.2829)
2 .2693(.2685) .2584(.2671) .2479(.2764) .2544(.2623) .2501(.2720)
3 .2740(.2852) .2581(.2837) .2461(.2684) .2566(.2815) .2431(.2705)
4 .2778(.2783) .2496(.2840) .2366(.2806) .2533(.2861) .2401(.2909)
5 .2626(.2722) .2545(.2698) .2475(.2840) .2514(.2865) .2506(.2739)
J=100, 1=10, R=5

Cr  Ci=1 Cr=2 Cr=3 Cr=4 Cr=5

1 2187(.2066) .1995(.1966) .2039(.1908) .1995(.1911) .1985(.1938)
2 .2048(.2026) .1890(.1981) .1887(.2021) .1803(.1921) .1870(.1918)
3 .2065(.1986) .1952(.1985) .1790(.1944) .1798(.1975) .1774(.2153)
4 .1937(.2035) .1872(.2094) .1716(.1968) .1750(.1951) .1746(.1970)
5 .1934(.1984) .1803(.1956) .1742(.2101) .1740(.2023) .1746(.1910)
J=100, I=5, R=10

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .2212(.2099) .1915(.2113) .1908(.2011) .1864(.1977) .1921(.1953)
2 .2198(.2007) .1879(.2017) .1848(.1903) .1783(.1867) .1799(.1912)
3 .2142(.2040) .1808(.2078) .1785(.1978) .1735(.1932) .1773(.1916)
4 .1955(.1945) .1786(.1946) .1787(.1978) .1743(.2018) .1684(.1927)
5 .2059(.2068) .1794(.1971) .1763(.1917) .1815(.1913) .1735(.1998)

such cases in Subsection 6.4.

6.3 Evaluating effects of missing data

The above experiments assumed that all raters grade all examinees’ performance on all
tasks. In actual scenarios, however, only a few raters are assigned for each performance to
lower the scoring burden, as described in Section 2. In such cases, large amounts of missing
data occur, generally lowering parameter estimation accuracy. This decrease in parameter
estimation accuracy is known to lower test linking accuracy [20]. This section, therefore,
evaluates how missing data affect test linking accuracy.

In this study, we assume that rater assignments follow a judge-pair design, described in
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Algorithm 1 : Rater set design
Input: Z, J, R, Ng

Initialize rater assignment indicator variable Z = {z;;, € {0,1} |i € Z,j € J,r € R}.
Here, z;j, is 1 when rater r is allocated to examinee j for task 4, and 0 otherwise.

Generate all rater set combinations C = {CY,--- ,Cg} for Ng raters, where H = pCly,,.
h = 0.
forieZ,j€ J do
for r € C}, do
Set Zijr = 1.
end for
h=h+1.
if h > H then
h =0.
randomize the ordering of C'
end if
end for
return Z

Section 2 as a typical rater assignment strategy. [19] proposed an algorithm for generating
rater-pair designs under conditions where test linking is possible. Specifically, this algorithm
first lists all rater pairs, then sequentially allocates evaluation targets to each rater pair. We
generalized this algorithm so that three or more raters can be assigned. Algorithm 1 shows
pseudocode for the generalized algorithm, with Ny indicating the number of raters assigned
to each evaluation target, where R > Np > 2. We call this rater assignment design rater set
design.

We conducted the experiment described in Section 5 while applying the rater set design.
Concretely, after generating the rating data in experimental procedure 4 of Section 5, we
omit ratings for each performance to which no raters are assigned in the rater set design
created by Algorithm 1. We conducted this experiment under the following settings while
fixing J = 100 and I = 10.

e R=05 Nr =2 (60% missing)
e R =10, Ng = 3 (70% missing)
e R =10, Ng =2 (80% missing)

Here, the rate of missing data is calculable as [1 — (Ng/R)] x 100. In this experiment, we
used distribution 1 in Table 2 for the new test.

Table 5 shows the results, which confirm that the extent of commonality required for
accurate linking tends to increase with higher rates of missing data. Specifically, the results
suggest that adequate test linking is impossible with C; = 2 and/or C'r = 2, unlike the case
of no missing data, and that we need about C; + Cr = 6 at minimum for situations with
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Table 5: Experimental results for different rates of missing data.

R=5, Nr=2 (60% missing)

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .3616(.3082) .3180(.2990) .3099(3155) .2900(.3097) .2990(.3018)
2 3458(.3048) .3123(.2081) .2033(.2058) .2892(.3069) .2808(.3090)
3 .3201(.3088) .3064(.2011) .2017(.2023) .2789(.3039) .2721(.3106)
4 .3317(.3109) .3032(.2856) .2856(.3064) .2715(.3063) .2680(.2875)
5 .3189(.2966) .2998(.2027) .2045(.2067) .2885(.2014) .2642(.3037)
R=10, Ng=3 (70% missing)

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .3187(.2510) .2943(.2592) .2795(.2431) .2722(.2386) .2733(.2511)
2 .2792(.2519) .2610(.2368) .2545(.2503) .2400(.2477) .2443(.2502)
3 .2777(.2584) .2434(.2319) .2347(.2478) .2330(.2589) .2365(.2464)
4 2869(.2507) .2471(.2463) .2318(.2554) .2259(.2529) .2215(.2426)
5 .2803(.2462) .2537(.2345) .2318(.2495) .2280(.2349) .2267(.2501)

R=10, Ngp=2 (80% missing)
Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .3795(.3128) .3278(.2941) .3399(.2897) .3260(.2842) .3187(.2998)
2 .3459(.3084) .3127(.3036) .3081(.2863) .3004(.3010) .2915(.2950)
3 .3541(.2898) .3091(.2901) .2992(.2968) .2884(.2905) .2821(.2899)
4 .3420(.3033) .3141(.2985) .2833(.2857) .2756(.3059) .2798(.2939)
5 .3488(.3002) .3074(.2968) .2780(.2976) .2796(.2965) .2821(.3066)

80% missing data. Even so, note that these numbers are still smaller than those suggested
by [18].

The factor inducing decreased test-linking accuracy would be a substantial decrease in
parameter estimation accuracy due to high rates of missing data. Indeed, our experimental
results indicate that the RMSE tends to increase as the rate of missing data increases. For
example, Table 3 shows that the RMSE with J =100, I =10, R=10,C;=1,and Cr =1
is 0.1543 with no missing data, while Table 5 shows that the RMSE under the same settings
is 0.3795 with 80% missing data.

These results also suggest that the required extent of commonality may further increase
under large-scale test settings, because the rate of missing data can increase. The increase
in missing data is because the total number of raters generally increases with the increase
in examinees, but the number of assigned raters for each evaluation target is difficult to
increase. The next subsection presents the results for large-scale settings with a higher rate
of missing data.
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Table 6: Experimental results for large-scale settings.

J=1000, I=5, R=20, Ng=2 (90% missing)

Cr  Ci=1 Cr=2 Cr=3 Cr=4 C1=5

1 5310(.3841) .5220(.3920) .5263(.4061) .5242(.3872) .5177(.4076)
2 .5078(.3883) .4906(.4007) .4764(.3847) .4814(.3873) .4800(.4074)
3 .4929(.3993) .4641(.3930) .4480(.3919) .4587(.3997) .4525(.3928)
4 4835(.4023) .4525(.3910) .4314(.3858) .4340(.3956) .4352(.4141)
5 .A751(.4070) .4335(.4020) .4432(.3905) .4168(.4065) .4201(.3980)
6 .4505(.3965) .4347(.3962) .4172(.3956) .4195(.3996) .4088(.3979)
7 .4526(.4071) .4279(.4053) .4109(.3962) .4172(.3854) .3977(.4042)
8 .4612(.3960) .4130(.3974) .4133(.3972) .4024(.3960) .3932(.4012)
9 .4599(.4153) .4274(.3996) .3966(.4020) .3931(.3974) .3935(.3975)
10 .4402(.3935) .4250(.3894) .3953(.3988) .3929(.4055) .3859(.3962)

J=1000, I=5, R=20, Nzp=4 (80% missing)

Cr  Ci=1 Cr=2 Cr=3 Cr=4 C1=5

1 4184(.2883) .3958(.2885) .4042(.2871) .3959(.2862) .3917(.2823)
2 .3804(.2921) .3563(.2956) .3535(.2848) .3539(.2960) .3412(.2979)
3 .3509(.2952) .3317(.3033) .3312(.2830) .3197(.2971) .3264(.2824)
4 .3457(.2922) .3159(.2889) .3118(.2983) .3029(.2881) .3030(.2929)
5 .3454(.2004) .3181(.3102) .3004(.2856) .2987(.2959) .3015(.2918)
6 .3296(.2929) .3064(.2937) .2970(.2905) .2943(.2914) .2968(.2928)
7 .3236(.2929) .2977(.2951) .2974(.2987) .2905(.2924) .2916(.3050)
8 .3224(.2930) .2966(.2928) .2856(.2963) .2882(.2971) .2827(.2905)
9 .3206(.2886) .2934(.2964) .2849(.2891) .2893(.2925) .2803(.2932)
10 .3179(.3003) .2927(.2981) .2837(.2959) .2841(.2921) .2822(.2830)

6.4 Large-scale examples

The above experiments involved small- or mid-scale test settings in which the maximum
number of examinees is 100, because examining various factors in large-scale settings incurs
extremely high computational costs. However, as mentioned in Subsections 6.2 and 6.3,
increased scales might affect the required numbers of common raters and tasks. This section
therefore presents examples of test linking results for large-scale test settings with the rater
set design. Concretely, we conducted the same experiment as above with J = 1000, I = 5,
and R = 20, applying the rater set design with Np = 2 or 4. Note that we increased the
number of raters, because this would be performed in practice to lower the scoring burden for
the increased number of examinees, as mentioned in Subsection 6.3. Moreover, we set I =5
to reduce computational costs, although the number of tasks in a test may also increase in
large-scale settings.

Table 6 shows the results. Unlike in the case of the previous experiments, these exper-
iments were conducted for Cr € {1,2,3,4,5,6,7,8,9,10}, due to the increased number of
raters.

Comparing these results with the previous results indicates a large increase in the required
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numbers of common raters and tasks. For example, when the rate of missing data is 80%,
Table 5 shows that we need about C7 4+ Cr = 6 at minimum for J = 100, but Table 6 shows
that C; + Cr = 10 are required at minimum for the large-scale setting. This indicates that
large increases of examinees and raters strongly affect the requirements for common raters
and tasks. In addition, an increase in the number of tasks will also induce an increase in the
required commonality, as demonstrated in Subsection 6.2.

Table 6 also shows that the required numbers further increase as the rate of missing data
increases, like in the experiment in Subsection 6.3. Concretely, the results for a 90% rate of
missing data show that the minimum required number is C; + Cg = 12, which is larger than
that suggested by [18]. In actual large-scale tests, the rate of missing data can be further
increased with increased numbers of examinees and raters, so far more common raters and
tasks might be required.

6.5 Effect of changes in characteristics of common raters and tasks

The above experiments assumed that characteristics of common raters and tasks do not
change across the base test and the new test. However, rater characteristics are known to
often change across test administrations in practice [48, 49, 50, 51, 52, 53], which is called
rater drift [52, 53| or differential rater functioning over time [49]. Similarly, in objective
testing situations, item characteristics can also change due to educational practice or item
exposure [52, 54, 47], which is referred to as item drift or item parameter drift. This subsection
therefore examines how changes in characteristics of common raters and tasks affect the
linking accuracy.

To evaluate this, we calculated the linking accuracy while incorporating a deliberate
fluctuation into the parameters of common raters and tasks before sampling rating data for
the new test. Concretely, when we sample rating data for the new test in the procedure 4
described in Section 5, random values were added to the parameters of some common raters
and tasks as fluctuations. Here, the numbers of common tasks and raters with the fluctuations
were set to |Cr/2|+C1%2 and | (Cr—1)/2|+(Cr—1)%2, respectively, where | | denotes floor
function and % indicates the modulo operation. This means that we simulated situations
where characteristics of about half of the common raters and tasks changed. The random
fluctuation values were generated from a normal distribution with zero mean. The standard
deviation for the fluctuation distributions was 0.05 for the common tasks and 0.10 for the
common raters. These standard deviations were selected based on findings of empirical
studies that examined item drifts [54] and rater drifts [48, 50]. Note that the parameters
with such fluctuations were used only for sampling rating data. The original values of common
raters and tasks were used as the fixed parameters for estimating the new test’s parameters.
Also, the calculation procedures of the threshold values § were completely the same as those
described in Section 5.

Using this linking accuracy calculation method, we conducted the same experiment as
that in Subsection 6.1. Table 7 shows the results. Comparing the results with Table 3, we
can see that the required numbers of common raters and tasks tend to increase when the
characteristics of common raters and tasks changed, although the increases are not dramatic.
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Table 7: Experimental results for different parameter distributions when characteristics of

some common raters and tasks are changed.

Distribution 1

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1629(.1476) .1511(.1435) .1460(.1433) .1357(.1426) .1363(.1421)
2 .1543(.1423) .1491(.1340) .1523(.1399) .1287(.1427) .1284(.1356)
3 .1468(.1461) .1349(.1373) .1290(.1358) .1296(.1336) .1283(.1371)
4 .1495(.1360) .1354(.1404) .1238(.1421) .1258(.1343) .1266(.1336)
5 .1508(.1458) .1317(.1346) .1293(.1455) .1284(.1350) .1262(.1450)
Distribution 2

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1299(.1476) .1269(.1435) .1228(.1433) .1241(.1426) .1234(.1421)
2 .1349(.1423) .1231(.1340) .1286(.1399) .1281(.1427) .1254(.1356)
3 .1347(.1461) .1181(.1373) .1210(.1358) .1252(.1336) .1247(.1371)
4 .1310(.1360) .1285(.1404) .1248(.1421) .1229(.1343) .1222(.1336)
5 .1240(.1458) .1266(.1346) .1214(.1455) .1249(.1350) .1195(.1450)
Distribution 3

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1620(.1476) .1510(.1435) .1464(.1433) .1438(.1426) .1445(.1421)
2 .1593(.1423) .1434(.1340) .1457(.1399) .1314(.1427) .1306(.1356)
3 .1489(.1461) .1338(.1373) .1286(.1358) .1320(.1336) .1291(.1371)
4 .1590(.1360) .1374(.1404) .1292(.1421) .1264(.1343) .1325(.1336)
5 .1449(.1458) .1334(.1346) .1283(.1455) .1324(.1350) .1283(.1450)
Distribution 4

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1759(.1476) .1519(.1435) .1446(.1433) .1507(.1426) .1374(.1421)
2 .1521(.1423) .1483(.1340) .1459(.1399) .1354(.1427) .1304(.1356)
3 .1660(.1461) .1436(.1373) .1393(.1358) .1335(.1336) .1321(.1371)
4 .1597(.1360) .1423(.1404) .1293(.1421) .1271(.1343) .1288(.1336)
5 .1464(.1458) .1337(.1346) .1348(.1455) .1261(.1350) .1287(.1450)

Concretely, according to the results, we need about one or two additional common raters and
tasks to achieve accurate linking.

These results suggest that in practice we may need to prepare slightly more common raters
and tasks than as suggested in the earlier experiments as a safety margin to account for cases
where rater and task characteristics change. Furthermore, the required numbers of common
raters and tasks will likely further increase if changes in the characteristics of common raters
and tasks are large, or if the numbers of raters and tasks whose characteristics changed
increase. Conversely, these results mean that if we can carefully manage tests such that
changes in rater and task characteristics become as small as possible, accurate linking can
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be realized with a smaller number of common raters and tasks.

6.6 Use of other error indices to calculate linking accuracy criteria

As described in Section 5, this study defined linking accuracy criteria based on the RMSE
between the parameter estimates and their true values. However, we may use alternative error
indices, such as the average bias and the mean absolute error (MAE). Moreover, although
this study calculated RMSE values over all parameters, these errors are calculable for only
examinee ability estimates or rater/task parameter estimates. To examine how the error
indices affect the results, we conducted the same experiment as that in Subsection 6.1 using
the absolute value of the average bias for examinee ability estimates.

Table 8 shows the results. Comparing the results with Table 3, the required numbers of
common raters and tasks are almost the same. We also confirmed that several other indices,
namely RMSE for examinee ability estimates, absolute average bias for all parameters, MAE
for all parameters, and MAE for examinee ability estimates, suggest almost the same required
numbers. Thus, we conclude that selection of error indices would not strongly affect the
results.

7 Conclusion

To examine one basis for the numbers of common raters and tasks required for high-
accuracy test linking, we analyzed factors affecting test-linking accuracy for IRT-based per-
formance tests using common raters and tasks. Specifically, we assumed that test-linking
accuracy depends on three factors: 1) distributions of examinee abilities and characteristics
of raters and tasks, 2) numbers of examinees, raters, and tasks, and 3) rates of missing data.
We then performed simulation experiments to evaluate test-linking accuracy while varying
these factors and numbers of common raters and tasks. From the results of these experi-
ments, we discussed the numbers of common raters and tasks required for high-accuracy test
linking for each condition set of each factor.

The experimental results for small- and mid-scale tests, in which the maximum number
of examinees is 100, revealed the following:

1) In situations with no missing data, when the between-test ability distribution difference
is relatively small, adequate test linking is possible with only one common rater and
one common task. Even if the differences increase, two common raters and tasks are
sufficient to ensure test-linking accuracy. We also showed that the extent of required
commonality further increases when distributions of rater and task characteristics differ
between tests, suggesting the importance of managing tests such that their characteristics
are as equivalent as possible.

2) Increased numbers of examinees, raters, and tasks tend to decrease linking accuracy, but
this effect is small under the small- or mid-scale settings. We found that we need only
one common rater and one common task for small-scale settings, and two common raters
and tasks are sufficient even for mid-scale settings.

3) As the rate of missing data increases, numbers of common raters and tasks must be
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Table 8: Experimental results for different parameter distributions when the absolute value
of the average bias is used to calculate linking accuracy criteria instead of the RMSE.

Distribution 1

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5
1 .1023(.0999) .0774(.0815) .0825(.0829) .0722(.0803) .0700(.0745)
2 .0945(.0693) .0536(.0685) .0522(.0582) .0512(.0615) .0440(.0479)
3 .1044(.0879) .0628(.0682) .0423(.0545) .0430(.0563) .0392(.0517)
4 .0817(.0676) .0437(.0560) .0359(.0582) .0332(.0375) .0282(.0448)
5 .0831(.0888) .0392(.0579) .0330(.0477) .0380(.0462) .0295(.0486)

Distribution 2

Cr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5
1 .0603(.0999) .0368(.0815) .0343(.0829) .0410(.0803) .0387(.0745)
2 .0530(.0693) .0357(.0685) .0361(.0582) .0269(.0615) .0267(.0479)
3 .0421(.0879) .0367(.0682) .0256(.0545) .0286(.0563) .0265(.0517)
4 .0435(.0676) .0315(.0560) .0226(.0582) .0206(.0375) .0183(.0448)
5 .0528(.0888) .0247(.0579) .0223(.0477) .0197(.0462) .0149(.0486)

Distribution 3

Crn  Ci=1 Cr=2 =3 Cr=4 C1=5

1 .1108(.0999) .0829(.0815) .0719(.0829) .0732(.0803) .0650(.0745)
2 .0996(.0693) .0702(.0685) .0566(.0582) .0451(.0615) .0438(.0479)
3 .0931(.0879) .0564(.0682) .0462(.0545) .0442(.0563) .0347(.0517)
4 .0791(.0676) .0474(.0560) .0469(.0582) .0294(.0375) .0335(.0448)
5 .0658(.0888) .0452(.0579) .0344(.0477) .0347(.0462) .0307(.0486)

Distribution 4
Cgr Cr=1 Cr=2 Cr=3 Cr=4 Cr=5

1 .1091(.0999) .0835(.0815) .0833(.0829) .0663(.0803) .0631(.0745)
2 .0879(.0693) .0725(.0685) .0543(.0582) .0470(.0615) .0433(.0479)
3 .0898(.0879) .0584(.0682) .0403(.0545) .0395(.0563) .0341(.0517)
4 .0836(.0676) .0487(.0560) .0428(.0582) .0260(.0375) .0297(.0448)
5 .0860(.0888) .0461(.0579) .0300(.0477) .0288(.0462) .0292(.0486)

increased. We showed that we need about C; + Cr = 6 at minimum in cases of high
rates of missing data.

An interesting observation from these results is that the required numbers of common
raters and tasks are substantially smaller than those suggested by [18]. This is a nontrivial
finding, because it is practically important to minimize the numbers of common raters and
tasks while maintaining desired test linking accuracy, as described in section 1. Note that as
discussed in Subsection 6.5, in practice we may need to provide a safety margin by preparing
slightly more common raters and tasks than as suggested above, to account for cases where
rater and task characteristics change. The analysis in Subsection 6.5 also indicates the
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importance of carefully managing tests to ensure that changes in rater and task characteristics
remain as small as possible, thereby lowering the required numbers of common raters and
tasks.

This study further showed that under large-scale test settings, larger numbers of common
raters and tasks than this standard by [18] may be required, due to the large increase in
numbers of examinees and raters and the larger rate of missing data.

The tendency for required commonality shown in this study is similar to that in several
other studies of objective test linking [55, 56, 47, 40]. Those studies suggest that the required
number of common items is about 20%-50% of the total test items for small- or mid-scale
tests, and that even more are required for large-scale tests. Moreover, it is known that very
few common items is adequate under some simulation settings [40]. Our experimental results
also show a similar tendency. Concretely, the results for the baseline setting (distribution 1)
with missing data or with changes in characteristics of common raters and tasks, which will
likely be an approximation of actual settings, suggest that we need about Cr + C; = 5
or 6 at minimum, which corresponds to 25%-30% of the total number of raters and tasks,
R+ I = 20. Also, the required commonality tends to increase as the test scale increases.
Moreover, very few common raters and tasks (e.g., Cr = 1 and C; = 1) are suggested to be
adequate under some conditions.

As discussed above, required numbers for common raters and tasks depend strongly on
settings. We therefore suggest that when designing performance tests, test administrators
should verify linking accuracy following the experimental procedures presented in this study.
See the Open Practices Statement regarding the programs we developed.

Note that this study does not focus on how to select common raters and tasks, despite
this issue being important in practice. Several studies of objective test linking have suggested
that common items are expected to be a subsample of the whole test [40, 47, 57, 58, 59, 60].
Specifically, it is commonly suggested that distributions of common-item parameters should
be similar to the item parameter distribution in the whole test. In our study, common
raters and tasks can be considered as samples from reference populations of raters and tasks,
because they are randomly drawn from a base test in which raters and tasks are sampled
from the reference populations. Parameter distributions of common raters and tasks are thus
theoretically consistent with those of raters and tasks in the whole test. Previous studies also
showed that in practice we may require consideration of various factors, such as balance of
item content and locations of the common items within a test. While these points will also
be important for performance test linking, we will examine them in future works.

We will also examine other linking designs, such as those based on common examinees and
those that simultaneously link more than two tests. Furthermore, although this study evalu-
ated test-linking accuracy through simulation experiments, we hope to conduct experiments
using actual data. Further investigations of linking accuracy under recent, more advanced
MFRM extensions are also needed.
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THEMAFETAZHOCTHIRAZITS. 22T, BEERFETNVDOEL T X — X FHEBRINTRESNT
W5, 20X RFERER, FMEERGD—ER T TN L 2id - sl AEBRIcE S IGERTE 2 805
MRzET2. —/T, BREZERT -0, MReIT:7—%ty FOHEHIZEDELFRHED
Fa—S VU IREREPRETDH S Z e PRI N TE (9, 10].

COMEZRRT 2FEDO—2L LT, HWEYEETNCES S BERAFEMNEESHEREI AT
% (e.g.,[9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21)) . THASDFIETIE, WHE 3 25008 - FaidR
B ICRRBABRDT—Xty bRIEEL, 207200 HERAETAVEYET 5. ZOFIE,
T=ZED AR MIKEVWDOD, HRlOT -2ty MCEROREEL BB CHHTE, SEELREH)
REPFEHTE 3 [15, 17).

FESEHEHRAET VTR, ETAFBRICHH T 2RABEAERT — &ty FHOBERANDORAIZ
NA T ADIRVIEMELRBRRTH 2 L RET 5. Lo L, KRG - 5mid G ClE, ZHOFHEEH 7
HLUTRAZITS e —RITH D, 2D L5 L5E, HrDBERITHNT 2158055 HliE Okt (H&/
BLE7%Y) SRS 2 2 e AHIBATOS [22). 0 & 5 iR O BB S 213 77— & % FIF
L7eE, ¥ESNDETNS ZOEERT, THERMET T2 2 ehmEIhTns 23]

flsT, EFE, BE - DEAEDODFICBWT, 20 &S RiHiEEREORELE R L (HAEHETE
B FEPZRARR I N TS, BRI, BEEET LV ZHWET R MERO—D & L THRA REBIHX T X
FCHHENTEREERIGET VS, FHEE ORI 2R T RNIA—XZMATETLVE LTIRESNT
W3 [22, 24, 25, 26, 27, 28, 29, 30]. T HDETIUE, b - FdEERE &R 4 RalBICE A X
Al AN A 7 22D BRD - EREE R G R E 2 HBITE 2 Z AVRSNTE .

Z ZTAME TR, FHEER T E B L HE RISE 72 REFE BER AT 7TV AAATS, #F
i N A 7 ZE@EZ 7R HERAFEEZRE T 5. BANICE, FHiES5X /(KT — 20 561H
HRIGETLVEHOWTEBEROEOREAZHEL, Iz HNWEARL L TEEZEEHREET LV EYE
BT 5. ZOFHEEKA LREEYEBHRAET VTHHATE 25, AL TRBERD —BIVICHH
LT3 LSTM (Long short-term memory) IZHD < €7V [11] &, BAEMWMETNLD—DOTH 2 BERT
(Bidirectional Encoder Representations from Transformers) % W72 E 7L [18] NDHAAAZITS. 12
FFHEEZ, THETHEIMSIATE LYY T — XPOFHEiE N4 7 2 OB L L 79D TOFIET D
5. %7, FEOBIRAET MIURKTFT 2 FETIERL, EZ20HEREETVICHEHFRETHS. 2

* AR O B HER  D HEEE IR DED TH B
- Masaki Uto, Masashi Okano (2020) Robust neural automated essay scoring using item response theory. International

Conference on Artificial Intelligence in Education (AIED), Lecture Notes in Computer Science, vol 12164, pp.549-561.<Best
paper runner-up award SERX>
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Score U; Score U;

[ Linear Layer with Sigmoid Activation }

[ Linear Layer with Sigmoid Activation }
Pooling Layer 1
I
\ ‘ Transformer ‘

‘ Recurrent Layer ‘

T T I ' BERT
‘ Convolution Layer ‘ H

| | ! ‘ Transformer
‘ Lookup table Layer ‘ 5 ) f f
r 1 I 9w | '
W w2 win, [CLS] Wi W2 WiN;

3 2: - HERAE T b
1 1: LSTM % W7 B B E 5L o 2N X 2: BERT % MW7z HERAE 7L OBERX

D7z, HRA 72 BEFRAE T CBWTEHIIE N4 7 TEBZE T VEE LB THBGTE 2. KGR
XTI, EF-FERCIDBERESNDOEIMNZRT.

2 T—4

R TIE, FEEEEHBRSETNAVDOEE T -2 LT, 508 - i 2 J AD528
BT ={1,...,. ]} DEREE AL, TLHDER%Z R ANOFHHi#E R ={1,...,R} THHLTHRHAL 15
REAU THE SN T2 %2 ET 5.

BREG AL, ZHEjc T DERe; DEEGTHD, HADER ¢; IZHFEORYIE UTARTEHRT
x5,

ej ={wjnln ={1,...,N;}} (1)

TIT, Njlide; NOHGEHEZRL, w), 13ERe; WO n HFHOHFEZEXT G KILD one-hot X7 FILT
H2 (GRIERES AICHBRT2EEOBERT) .

¥/, BREEGU R, BRe; THLTGHEE re ROV K BB KL ={1,...,K} THEABRU, 0%
B LTRATERTE 3.

U={U;,e KUu{-1}]je T, r € R} (2)

ZIT, Ujp = -1 ERMFT—2%ELRT. RT—ZIIER ¢; IFHliE r 2ED L THORATORWIGEIC
AT 3. EEEORSIGHE TGS O QRO 7212, s DBERICELOFHEE ZE] D YT THREDT
bhdlzd, RO XS RABET .

3 FEFEEHRSETIOBELEES

1 ETHIRRZ LD, HERAFEL LTCERBEZ HWLFEN L ORI NTE 120, EFET
BIREEEERWETESATHERSELEO N > 7 7 L ATEHIRE N, BRERZZER LTV
[9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21]. ZOHTDHARAKETIE, FEZE BIRETFEOHEREE
FAE LTILL AHEATVS LSTM 2 W= 7L [11] &, BASELHESFICBWTHARZZ T
EFEE 2 ERR L TW% BERT Z W BTV (18] 28T 5. ZHoDETFTLOMENEZX 1 &M 213K
. 2, BETAOFME 1 LR 2IRT. ZALDETNIE, TAFTNCERZHEERE 7 —
F77F v 2ERALTVEH00D, BER e; DHFERYIZ AT L TEERTTOHHIRE M, 24T 5 &
B L TW5. BAICIE, LSTM ZHWEF7 L TIE, HEERS%Z Lookup table Layer, Convolution
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Layer, Recurrent Layer, Pooling Layer @ 4 DDJF T L THEE M, 24 L, BERT ZHW\E
TTE, ZEDOMITIA Transformer 238 U THERI M; 245 5. £, ¥556DETLH, ZOH
BI#£F M; % Linear Layer with Sigmoid Activation IZBW TR THIEAIL, FHISS U, 25 5.

Uj = O'(WMj + b) (3)

ZIZT, WEHEIENETNEAENA TRAEZRINIA=XTHY, o3> 7L FEBERS. kB, &
ZEA FREBORMACED U; 30556 1 OlERZ 720, BRRENIHQLBRIEBEIE, U 2—X
ZHLUEBOBEREICEDEZREND 5. HlZIE, 1~K O K BEHROBE, KU; +1 L2075,

IO DEBEEHIRERETNVOFEE L, MRFABTROT -2ty P2HWTT X MEEZ 1247
5. BARIICIE, XA TERI N FHHMAE (mean squared error : MSE) &#EKE Yy LT, =
EIRIETHE T 5.

MﬁMLm:;im@—@) (4)

ZIT, Ujlde; DFRERT. LL, 1ETHHMALLELIIC, FHT —XPORRAT — XIIeHIlE O
RS S IRTFT 2. 2D &5 CRHNIEFEO R EZZ I (R T -2 2FHAY 2 &, FEINLHIR
RETMCH ZOE SN, FHREMEFLTLES.

T, ZO&SRAHMEEREOX B L ER L CTHORREMETE S FHEL LT, MiEOR 2 RS
NI R =R EMATHEHRISHGRARESNTWS, RETIE, ZOHEHRKSHERRICOWTHAT 5.

4 IBEERIGIEE

THH GG (Item Response Theory : IRT) 1, 2¥Pa—& - 7 R7 4 Y 7DERE & HIT, TFEMHL
RO TR ED SR TWARHEET LR WET A VRO —DTHS. IRT TIF, 7R MREREIZ
X3 2 ZEEDIEEHERE, 7 A MIEOREERITEHE AT XA -2, ZBEDORNIERTHEIINT X —
ZOEBCTRT. IRTEFATZ 22T, 7R MNIEOR2E R L -ZBEORNHEEI e 2D, B
7% 7 A MEEICEE L ZBREOREN % 7 A MEEOREICKFETHR—RELTHE T2 2 & alfE
Eib.

— 72 IRT TlE 7 A MEEANDOERERT 2 HO T — 2 &2/ S P, Ll U7z & 51250 - Gkl 7 =R
FCRZEMBEOERZNS. ZOXIRBMET -2 %W ETNLE LTEER IRT ETADPHILNAT V5.
DIFTX, RENZZERIRT €7 LDO—D2TH 23 —LH I REE T [31) 2N T 5.

4.1 —RILBARRETIL

— AL RS E TV (Generalized Partial Credit Model : GPCM) Tl [ OBEN SRR X5 7
ZPEZBNC, ZHE jce THRTA NI EiceT={1,..., 1} THEkeK={1,..., K} 2B 2MHEREX
ATEET 3.

exp Ym0 (0;—Bi —din)]
Sy exp 3yl (0= Bi—dim)]
TIZT, 0; 3%EH j ORRNEZRTBEERTH D, o 37 X M 0FA, 6, 137 R M ¢ O
R, dip W ET A MEHEICBWTEE kRGN EEERTRIX—RTH 5. 12721, ETLOMANE
DFDIT, dip =0, Sor,dpy=0:Vi LHIKENS.

GPCM O & 5 RIERDZAER IRT €7 /U, ZHE x 7 A MO M7 — 2 ~O#EHZEEL TED,
AFZED & 5 \TEBOFHIE DR 21T o 727 — X ICEHZIITHEHTE 2. ZOMEZ BT 272012,
PRI E R RS 8T X=X E A7z IRT TP EZEIRE I N TV S [22, 24, 25, 26, 27, 28, 29, 30].
T 2T, GPCM ZHi5R L 72T - HEEFDE 7L (25, 27] ZHINT 5.

Piji =

()
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4.2 FHEESEEZELIZIRT 7L

FH - HEFFOE TV (25, 27) 1%, FHEERE ST X =& 245 L7z GPCM t L TERLEh, ZHE
JEJ DT AMIE € TIWIHT2ERITHL, FHliE r e R2OEREE e K 252 2MEREZRXTEERT 2.

expon [arai (0= Bi—Br—dym)]
SR expY s [ i (05— B; = Br—dyon)]
22T, ap 3FHIE - —EM, B 3FHIE r DL E, dyg (35 kST 2EHIE r OB X RT ST
X=RTHB. 2L, RFIA—ROHEIMEDTDE, [[_ =1, 1,8 =0, d1 =0, Sr_ydr =0
ZARGET 5 (25, 27).

FEOEFML, ZEBHE x 7R MEE x FHEE O ST — ZEATE, 7R MEE L S R E
ERLUIRENMELETTE 2. —AT, REFEHHIRSET LV THHI NS —RIVREE 7 — X T,
M & e IR E B E EF DSR2 > TED, HEREETLVOFEIE—BICHEEZ 8 I niciTo
N3, MEC 2 ICZBHE LN L iSRS B2 2 55121%, Lito IRT 2FIH LTS MEOR M 2% &
U 7zfHMiE SR C 2070 [32, 33], IRT A b M8 Z & ITHNITAT S BENH 5. BRI, 7 A b
M@ 1O THBeARLT, R (6)ZHATS. Z0HAE, R (6) IEF#NEOHIK D SR THRE .

exp Z:zzl [ (05— Br—dyrim)]
Sy exp Yyl (8= Br—drm)]

ZDZMHTIE, FEHRE R DEROHPZFEZ L IC—D2DAL 251280, 0, 3%5E j ORI ERT &
BT, TOZBREDER e; DEOMEN (M TIXIRT B EMER) 2R IBHEEBL Akt 2. ZOIRT #
T, MEORHEIIE B TERVY, FHEE ORI EZZ R L TRRAZHEST 2 Z L ARETH S. 2D &S
WM R 25 8 U 723l AT RE T H 2 Z 21X, IRT OFEDO—D2TH 3 [22, 24, 25, 26, 27, 28, 29, 30, 34].
KD T A T4 7iF, TOETMIE o TiHliERMEOREZEZR L THES LS IRT 155 60; 2 Tl
THESICHIIRSET L ZEET A 12H 5.

5 REFE

AHFFE T, FHliE OREEZZR L7 IRT 7L e BIFEOFRBE A BIREET VEME TS 22T, &t
fli# A 7 AR IR R TFIERIRR T 5. BEFETE, BT -2 U 25 IRT§R0; ZHEEL,
IR HNER L THEEPEHIRSE T V2 FE T 5. IREFRIIHA REEEE BHRAET LT
MATE 20, AT, 3ETHENA LK LSTM Z W€ 7L [11] ¥ BERT ZHW/ET L (18] 1R
32, ZhoDETVERWEGEOREETNVOMEREZ ZhZ2HX 3 LK 4 1TRT

(6)

Pijrk =

(7)

Pjrk:

51 EFILEER

RETHROEF VLB, IRT I & 5B AHEE L HBHRAE S L 0¥ O BRI Cfibh s, BEN7%

FIFZXOED TH 5.

1) FHEEDEZBEET—&2 U 56, FHIERHIEORELIMDROEEEZ e;  IRT 13450, X (7)
D IRT ETFVZHWTHEE T 5.

9) FME (1) TR IRT B0, 2 FHT 5 X5 CHFIREATFAEFET 5. BEMRR (1) 0
GeBBOE RO T " FAETER L, MAENEREC I DT A — X E%ET 5.

MSE(8,6) =

~l=

> (6; - 0))? ®)

ZITO BHEREEFAOTIEEER Y. b, BFEOHIRSEF AL TIRHABICS 7 EA R
Bz W TWa 72, 0; OfE% [0,1] OFPHICZEIR S 2 68 A H 5. IRT TiE, 0 IFEETEHRDMmIC
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@

IRT Layer

OO D6 Be i
[Linear Layer with Sigmoid Activation } @ @ @ @
[ Linear Layer with Sigmoid Activation ]
f
|
‘ Transformer ‘

‘ Recurrent Layer

| :
I ! I BERT

‘ Convolution Layer ‘

T I T ‘ Transformer
‘ Lookup table Layer ‘ ¥ ¥ ¥ 1
t f f [€Lsl  wy Wiz W,
Wiy Wi, Win;

X 4: BERT %W RFEOMEX]
X 3: LSTM % W42 R E 7L OEEN]

WS LRET 5729, 0 DMED 99.7%1% [-3,3| K& END. Z I TRIHKTIE, ETVFEEEZITIHE

2, [-3,3) O#if % [0, 1] IRIBEAT 2. kB, ZHETORED -3 TogEidol, 3 ED

LEn3 1T 2. AR TIE, BROKXNEGIMERIShL e, § DEDOKRFD [-3,3] D

HPICEER FINE 2 e h s, ZOXREEBERA L. ZfomkiEcoicdEzond

D, BER AT EOBENI S HROBEL Lizw.

CDOEIRCETAVEREETZ LT, BEFIETIE, Hr0BFREHNT 2 iHli#E OREICKIFE T HE)
REETVEFETE L HFFTE 3.

5.2 BEFH

HHEINLETVERACTHZRER ej OFRZETHT 2FIEILTOMED TH 2.
1) BRey ODIRTHR0; ZBEREET AV ZHWTTHIL, FohiAlz [-3,3] OREICHIEEIRT 5.
2) 0 LEHHiE T X —XEHAWT, IRT €7 /MCHD S HIFFERAERATRD 5.

R 1 R K
Uj/zﬁzzk'])j’rk (9)

r=1 k=1

COMRERIE, BT -2 b R—OfRREL L2 L eI, fERIOFHEHE ORHEICHKRE L2 WG
RTH270, ZOEZRZFRCLZ2THURRET 2.
%8, RRFERORROMMGETHRVD, RBETIETIMEL OFHMIEHDSG A 2GRS FHT 2 ZeHNT
5. BN, FHliE r 23 ey 125X BRI RXKTTHITE 5.

K
Ujrr =Y k- Py (10)
k=1

6 FHESRER
I TR, EF-XEREE L TREFROEMIEE T 5.

6.1 E5Fr—4

AREERTIX, 7 —& ¥ LT Automated Student Assessment Prize (ASAP) %3 %. ASAP X 2012
il a—Ly FMWEIBRAR Y- Ro TSN zarRT 4 2a 07 —2THDH, HIRLET
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NDORYFv—7F—Re LTILFIHEINTWS. ASAP I, 820BEXZZ Wy 27 (Furyrred
MEENE) TR L YA BFRT— R ZNUTHT 28ET — X THKIhTWS., 7—X81%, &3t
12978 T, bEw 7 Zr OFENF 1622.25 TH 5. BFERIIEHOFHIEF THRRAEIN TV B WS NATWVWS
A3, ASAP @7 — ZICIFFHEE 2B T X 2 BEMOEZEN TR WD, REFELZERIGEHTERL.
Z ZCARMZETIE, Hi-ICFHiiE ZEM LT ASAP OBERT — X 2 HEREIE S Z e TAEBRICHHT
X357 —XZNE L. 22T, ETHATTHRE RDEI oMy 7 5 DERT—XZFHL
7. BAARICIE Py 7 5 D 1805 ADERIINT LT, Amazon Mechanical Turk THE L /-HEESX A T 4
T3S HDFHMIEE 1 DDERD=D 3~5 BB D BT TEHEEIT o /2. B ASAP TR XA TV
2H0EMHL, 5B CiIHMiiZIT->72. ASAP 7—&Xt v MM T— & & OMEBEIX, FHT0.675 T
BHoT-.

Boh7BRT— 2O EL LT, 1 ICHHEE Z L OBEROFEIHELE 78, SB/ERAITIVOD
HEBSHELZRT. ZORD»S, iHiliE Z 2 IBROE X OMEMCERDIH 5 2 L 2FiAIMN 5. FlZIR,
P 16 3mSR & IR R 2 HNINCE SRS 2 AR H D, FHEE 19 13O F R s
BUEAND B, Fiz, FHE 31 1 EEFAICHERAMRIEARD D, FHEXAHWEERTE 2., Z0k51
A U Rl 2 W THS 21T - Th, fHliED 5 2 215513 % 4 DFHliE ORMEN KIS TnWb 2k
Bhhd., ZOZ X, fHMEENS 7T ARERTEZIEORENEEREL TN,

6.2 R[FRTADERENME D

AEITIE, IBETEEZFAHT 2 22T, fHliE A4 7 2 2HEEZ AEHRSE T2 2 TE 2025 Hii§
5. AEBRTIX, i OEREHRETI2FHOEZ LT TH, RELLMEROBIREEI N 2¥E TE
ZMCE o TCIEFMT 5.

BRI, HERIGE T VORI B W TEHliE N A 7 AN ORERNE % 313 2 SZERTFIE [22, 24, 25,
35, 36) £ 2E1, DITOFIETHHMHEERZ1T - 7.

1) BHEF—&»5 IRT EFLDFHIIHE T X — X EHE L.

2) BERIZHEZONIEBOMEE DBRENL 7 YR AIZ 1 ODFEEBEINT 2 2T, FERICH—
DEENEZ N7 =2ty PEER L. FAEOFHRETI0 R —VDREZ 7 —22y b E2AE
WL CheDF—&ty b e {Ul,... .U} L35,

3) nBEHOBRT—Xty U, »oEERIINT 5 IRT FRZHE L. #ERICIE, FIE (1) THE
L7-dHilliE 5 X — &2 &2fi5 L L.

4) B IRT HHEERXDT—&ty MEHAWT, 5 DERERIIETEERDO TSR ERD 1.
BARINCIE, 4/5 2FB T -2 LTIREETAZEE LZ05, 1/5 DT A b7 =X LT IRT
BEOTHMETS FHEE 5 MEDIRT Z T, 2TOERIINLTIRT BEOFlllEE KD, 20
IRT B2 52 LT (9) THEEROTHFRERD .

5) FME(4) Zn={1,...,10} T2V T To/cdht, nBHOT =Xty b2roRDLFHERE » HHOD
BRT—REy " oHEE L THIERE DD v MR, BEANE D v MRE (Linear Weighted Kappa:
LWK), 2 XEAZ B v MR8 (Quadratic Weighted Kappa: QWK) , SEEHIxEE7E (Mean Absolute
Error : MAE) , 75 3% (Root Mean Square Error : RMSE) , #HBIfREEZ n € {1,...,10},
n' €{1,...,10} DETOHMAEDHLEIZOWVWTKD, ZNSDOFETEEH L. Zh s OFHlifeE T,
F o MRE, TWK, QWK, MHBEREIC OV TIEIREWADBENRWZ 2L, MAE, RMSE i
DVWTIINIWADEEPRWZ 2R T. 200 OFMEEEOFMI(IER 3 1R3. ETIE, h
5 DFHEHER 2 — B & A,

teg o791z, IRT ZFHA LRWEBEIZED HEIRSAFIEICOWTH FAROFER 21T 2. BRI, F
IE (2) THER LT =&ty b {U],..., U} VT, FIE 4), (5) AT 2EIRERIEE TR
RTHZTY, PHlEAGRRLO—BEEELZ KD 7.
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K 1 fHili#E Z L OIFRDFIE L Ek, S15R o HEHE

I 13RO B
P B

™ I I I I

1 2.318 1.128 8 45 53 55 34
2 2.292 1.147 17 29 57 64 28
3 2.528 1.111 10 20 68 51 46
4 2.431 1.145 11 30 59 54 41
5 2.569 0.847 7 6 70 93 19
6 3.308 0.938 3 11 14 62 105
7 2.995 1.088 4 22 26 62 81
8 3.369 0.965 4 8 20 43 120
9 2.272 1.009 6 39 69 58 23
10 3.492 0.747 0 4 18 51 122
11 2.395 1.147 11 31 64 48 41
12 3.219 0.941 3 7 31 58 97
13 2.185 1.001 6 42 80 44 23
14 2.344 1.067 12 32 49 81 21
15 2.867 1.153 6 26 31 58 75
16 2.944 1.458 24 16 21 20 114
17 2.556 0.970 4 23 62 74 33
18 2.195 1.169 17 39 56 55 28
19 2.026 0.995 11 47 7 46 14
20 2.738 1.081 3 26 50 56 60
21 2.779 1.158 6 27 40 53 69
22 2.651 1.195 10 30 35 63 57
23 2.872 1.032 5 15 43 69 63
24 2.551 0.865 1 22 65 84 24
25 3.292 0.946 2 9 28 47 109
26 2.544 1.212 14 28 40 64 49
27 2.148 1.209 17 47 54 44 33
28 2.738 1.017 5 14 61 62 53
29 2.277 1.230 21 31 50 59 34
30 2.349 0.918 4 29 76 67 19
31 3.451 0.710 0 4 13 69 109
32 2.446 1.008 3 33 66 60 33
33 2.579 1.113 8 27 50 64 46
34 2.256 1.463 1 35 31 26 51
35 2.733 1.186 5 32 44 43 71
36 3.005 0.969 4 12 31 80 68
37 2.077 1.219 18 50 60 33 34
38 3.287 0.751 0 2 29 75 89

T/, IBEFE - ERFiEL I, LSTM & BERT Z WA HEREET MIZOWT LEDEREIT-
7=. KB, LSTM HEHRAE T IOV TIE, 8% 1 127R"F & 512 Convolution Layer DFEX Recurrent
Layer, Pooling Layer DREBIEIC DWW THEMD AP RESINT VWS, £DD, 2D X5 ITEBOM
MDETIVIZOWTHREEZTo 7. 612, REFEEMEFIETHRICERREDN D 202 ilT 2729
2, BEREOFEIEICOWT, REFELBMETFETtREZITo .

B, RERTIX, HEEFETTVFEEIC Python-Keras TEEL TR 7S A 2FHL, NA,8—08F
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K 2: MGEEE TV ORGE

Convolution Recurrent Pooling
Layer Layer Layer
CNN-LSTM(MoT) »HY LSTM Mean over Time
CNN-LSTM(Last) HH LSTM Last pooling
LSTM(MoT) %L LSTM Mean over Time
LSTM(Last) %L LSTM Last pooling
2L-LSTM(MoT) L 2-Layer Mean over Time
2L-LSTM(Last) L 2-Layer Last pooling
Bidirectional LSTM L Bidirectional Last pooling

% 3: T DM Rl R

H v R MREL LWK QWK

IR BfF pfE RE BF pflE RBE BFF »pfE
CNN-+LSTM(MoT) 749 624 < .001 2778 727 < .001 818 .830  .002
CNN+LSTM(Last) 696 459 < .001 701 551 < .001 .678  .663 .098
LSTM(MoT) .831 697 < .001 845 779 < .001 .881 .863 < .001
LSTM(Last) 612 371 < .001 624 514 < .001 .682 670 121
2L-LSTM(MoT) .828 661 < .001 842 752 < .001 879 846 < .001
2L-LSTM(Last) .665 420 < .001 679 561 < .001 728 711 .031
Bidirectional LSTM .608 386 < .001 624 508 < .001 701 649 < .001
BERT 790 629 < .001 .808 .743 < .001 .876 .851 < .001

MAE RMSE FHBE %L

TRE HfF pfA RBE BF »pfE BE BF pflE
CNN+LSTM(MoT) 139 215 < .001 .191 301 < .001 937 931  .045
CNN+LSTM(Last) .160  .302 < .001 212 400 < .001 .829 783 < .001
LSTM(MoT) 102 175 < .001 142 237 < .001 965 958 < .001
LSTM(Last) 229 397 < .001 .300 518 < .001 804 775 < .001
2L-LSTM(MoT) 107 197 < .001 .147 268 < .001 963 946 < .001
2L-LSTM(Last) 207 359 < .001 272 470 < .001 848 820 < .001
Bidirectional LSTM 216 362 < .001 282 470 < .001 816 772 < .001
BERT 121 233 < .001 .159 311 < .001 960 935 < .001

T Ay MREL, LWK, QWK, HBEFREIBIERRKZWAD, MAE, RMSE /N WAR, BENRWI ¥ 2KT.

R — ZIHATIS 11 1Ic&b¥ . BARINCIE, LSTM O HARZ L OXRITTEIZ 300, v F4 4 2k
32, TR v Z#Z 50, dropout #iZ Lookup table Layer 7> 5 D AT LTI 0.5, LSTM 71 v 75
DA LTI 0.1, BERT DNy FH 4 XF 32, TRy 78I 3R E L. £72, Word Embedding
IZOWTH, AT [ARRIC, Kot 50 OFFIFEEET L (37 ZMH L, #EERK G 13 ER%Z 4000 &

L7.

EBRERER 3RS, RPCRIERTFELBETETHERENSWAZKTETRLTVWS. R3D2H, X
EETORFIIBVT, IBEFENERICEVHEREEZ R L TVWS Z DR TE 2. ZoZed»s, IRTE
RZHZRE LTHEREE T AV 2E T 51RBFEIC KD, FHMEE IGHEL BERE 2B TE L2 b
BHhrb.

6.3 FHHEERS RO T RIEE O

KEITIR, HiHliE ORR Uj, O TFRRBEZRHMES 272012, U, OTFHFERLEROGR L 0 —BE
%, Hifi RO —BUEREEZ FWT 5 DHIZGEMGREE TRl L7z, BARIZREZBRTFIRNIROM@ED TH 5.
REET VT, FIE (), (2), (3) XHifIE AETV, FIH (O ZBWTK (9) THFHEREZRD S
Kb D ICHFHIE DR RO FHAMEEZKX (10) TR, FHXNLGER L EEOR/RL O—HMEELZRD
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K 4 FHIE TSR O T RIS L O RHATR

71 v SRR LWK QWK MAE RMSE FHEI R EL

RE B RE B RE BIfF RE B RE BIfF e BfF
CNN+LSTM(MoT) .266 .208 .434 395 .601 579 .633 688 791 859 734 664
CNN+LSTM(Last) .124 .062 241 178 .367 310 799 862 988  1.057 .509 405
LSTM(MoT) .280 252 .449 438 616 .618 613 664 768 .829 757 691
LSTM(Last) 198 154 .344 314 496 47T 713 785 .890 976 .632 541
2L-LSTM(MoT) .283 234 452 421 621 605 612 672 765 836 760 685
2L-LSTM(Last) 221 174 .375 344 .533 516 .682 753 .854 937 671 584
Bidirectional LSTM  .167  .093 312 238 .465  .395 740 825 920 1.016 .600 481
BERT 311 .285 ATT A4 642 .649 .597 656 750 821 773702

T Ay MREL, LTWK, QWK, HBEFREIBERRKZWAED, MAE, RMSEIZNIWAR, BEFNRWI ¥ 2KT.

7z. BEFEET AT, HiffioFIE (2) TER LT —%ty b {U],..., U]} ZHWT 5 DEIZZEMRGEE
THRATHZITV, Tl LEREEEOERE O—BMEHEL KD 7.

fRZ R 4ITRT. £4 TR, REFREBGFFECHERENSVWSTZRKFTRLTWS. X525, Con-
volution Layer D HETHEET % &, Convolution Layer ZFIH LR WHED T BEENRWERADL D 5.
Recurrent Layer (DWW Tl 2-Layer LSTM ZF|H L7258 DREED RS @, WHHO LSTM 122\ T
WFHAMO LSTM X W HEERBEDEL - TW3. Pooling Layer {22WTIX Mean over Time 235 b 45
EAEW. 2K Last pooling & FR X DI MCELPNZBERBIEONTLES ZAHEHEEZS
5. DIEoERX, LSTM %AWz HEHRAE TV OREITHIZ [11]) £ =L TWwb. 7z, KREETI,
LSTM Z W7 HEFERRE T IR, BERT ZHW HEHRAE T A0S WREE Z#ERK L T\, BERT
WFEmA ARG A AEBR O HER R 2 O A REEUE X X 7 1BV TEREZER L TS E
TV (18, 20, 21, 38) TH H, REERTHRBOMEHADHERETELZ LD DD 5.

REFEBFFEOMREEZLE ST 2 2, 1ZIE2TOHETREFENSWEREZRLTVWS. 24U,
IRT WX o THIEZNALGREEOEZR N ZDODD I D HIEFHICKIL TWa7d, REFIETIEX
BHEBHROBBRN L DBEYNCEETELIEPEREEZIOLNS. ZOZeh 6, REFEITIELAD
FEEMER B2, FHliE TSRO TN BMNTH 2 Z e BEZRTE L

7T F®

IEEEHDIEE > TV A HEEFE T HOW A BEREATFETIE, 742ty PHOBERIINT 21585
PR R ICTE T 255, FEEROZOEEEZITLEY, BATHOMRENMET T2 25 [HE
MH5. AETIE, IRT ZHVTIHEEDNAL 722 ERBLEREROEDEHAEHEL, ZhzHE)
REETNVCHEEIEEIL T, ZOMBEZRRT 2FELRRE L. £k, ETF—&EB»5, #RF
ETRED LS BRFHEED T — XD HET NV ERZITo THLRELIBRTHIERTELZ L ZRE .
X512, BT, RETFEIHEEREOTHCHENTH 2 Z L DR TE -

AFETIE, ZROZHEDEREZHOFHIE THH L TS 2 & 5 RIRMERE L 2. —HTERK
BT, HAREBICREEN S X511, ZROZBEIHLBORBREZZERT 25, ZOFHEs ZAZ
CICHEREYE LATITO L WOIBHELAHZ. D X5 2GAIX, IRT A LT iHMiERE %58
U713 RIS G FHEE T2 R\ (32, 33], REFEZAAH L THFHMEE N4 7 A2 D B HEER A
BEBTERW., —h5T, —HOEREERD 7 S AL ETRETIRY, BETFA U2 TRTI,
IRT ZHEUNCHATE 270, IREFELEMCHEET 2 EZON5. 4B, IRT 2EAMRERRAT
FA NTOWTIESCR [32, 33] ATRE LWV, S&IE, 2O X5 RIRND EDL2MRERT— 2ty PAOTFEHE
A R HEREETANDMAAAEEL T, REFEOEMME LA L TV EWV. 2, RFKT
X IRT 7V L HEARSEE T LR HNICHEY LD, ZH%E end-to-end 125 % Z ¥ T, IRT fFHDHEEIC
TXAPDOEMDIEHTE 2720, TORIMRIEVPFRTES. SRIZZODLIBREEOHED TV E
VAN
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A LSTM ZHUW-BERSETI)L
LSTM %W/ RS E ST VI EROHEBERIE AN L, UTO 5 00@EEL TS FHIT 3.

Lookup Table Layer:
BERPORHGER, HIEOEKRE R THOIAALI (word embeddings) N7 bUWIZZEHT 5. BARIYIC
\&, one-hot RILTH LTz G RITDHFERT bl w,, & V x G RITDOMDIAAITE (word embeddings
matrix) E £ D& ¢, = Bw;, Zit BT 2 22TV RITOHDIABRBINRY ML x, ITEHT 5.

Convolution Layer:

HEERS| D R R e it 3 2 72912, BAIAA=2—F v bV —2 (Convolutional Neural
Network : CNN) %I\ n-gram L-ULORHEEZHIET 2. BARICE, SV 4+ Y FYIRET 2 L,
sTEHDY 4 > ¥ U 2RI BAMIZHEERI {x), ... @519} 1TOWT, ZHZEiEH (Concatenatation)
L7eRT bV, BB EMR y;s = Cojs + bY THRMEZRTD s € {1,...,N; — S}ITOWTH#D
KBF., ZZTC LW EATRA=KTHY, 2TOV4 Y RFYTRLERL 2. %7, HORVIDE
NN ICHERFI NS K 5T, HAIRINCEEa T 4 Y IPBEAEINS. BB, ZOEIAFEDIL
RETLTIREBING GG D 5.

Recurrent Layer:
FERA 7 — R B LT 2REFE £ 7L TH 25 RNN (Recurrent Neural Network) ZHAWT, =v
A ORRTHNCHN SR ZRRYINZEFRZEZ R L TS 2. RNN & LT LSTM 23—k
WHWSNS. LSTM T, nHFHDO AT yj, WHLTUTORZEHET 2 22T, RERY bV

hj, 215%.
in = o(Wiy,, + Z'hj_1) +b') (11)
fin = oWy, +Z hj; 1)+ b7) (12)
Gn = tanh(Wey,, + Z°h;(, 1)+ b°) (13)
Cin = %jn 0 Ejn + fin©Cj(n-1) (14)
ojn = o(WYjn + Z°%hjm-1) +b°) (15)
hj, = o0, otanh(c;y,) (16)

ZZThjy EnHEHDOANCKT 2 LSTM 70y ZOHHRZ bATHD, Wi, W/, We, We,
Z', 7z, Z¢, Z°3EARTH, b, b, b, b EIANA T RAERTRY MV, i, fin, 0 lEZNE
Nn BHOHGBICNT 2 AN =+ - BHF =+ - 75— 2RT. £7, &, L EFXEV L
NERL, ANRVIOEMNRKERGREZRET S, o 37X~ — L, o3> 74 FEBERT.

7438, Recurrent Layer [ZIZH A LSTM SR XN 5 Z £ B2 123, Bidirectional LSTM %8
LSTM R EBEON L2550 H 5.

Pooling Layer:
Recurrent Layer D H1R5% EERDE—DR T MVIZERLT 2. BAKINIZIE, Recurrent Layer D
B H = (hj1, hja, ... hyn,) ORRETRIOVEE M; 2 XX HWTEHRT 5.

NA
1 J
M; = Fj;hm (17)

ZDT =) ¥ ZEIZHKIZ Mean over Time (MoT) & WMEHIN 2. B, OB F—1 > 7k
LT, mEBEOAT] hjn; DA% HJ13 5 Last pooling b LIXUIXFIHX LS.
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Linear Layer with Sigmoid Activation:
Pooling Layer D JJRZ ML M; 22 HHRISHIGT 2 2 H 5 —fHZ XA TRD 5.

U; = o(WM; + b) (18)
IIT, WEHRBZNENEALAL TRERTAIA—XTHSB. B, U; 3055 1 DEER
270, BERENIAL BRBHAIE, U 2 —RERLEBEOGERECADES. IR, 1
~K O K BREE05E, KU +1 L EHT 5.

B BERT ZHW-B#RRETI
BERT & 2018 fFIZ Google 23FER L, FHRA R X R 7 ClmMEZEMR L TV 2 HASHEWEE T L
THY [38], /NP EL R EED HEHR S R 2 7 128V T EBEZER L T\ 5 [18, 19, 20, 21].
BERT T, UTO2BRETETLVO¥EEEITS.
1) Hf%¥E (pre-training)
REQHEE L SGE T —XPOLUTOR A2 2175 2T, NANBET AV EZFEET 5.

Masked Language Model:
ANTFRAO—HOHGEZREL, ZoHEZTFHT 227

Next Sentence Prediction:
2DODXFEIINL, ZhodBHELb D2 THT 28R
2) Z7A>Fa—=>% (fine-tuning)

HAFETHRONLET ARG LT, WROXRZIZEHT 24D 7T —XE2y bEHVWTET L
DFEBELTS. &B, HEHRRICHVW 2581, K2R T X518, 2 TOERXDIFHIC [CLS]
CVISFRBE =T VEBALTELRDERDH S, 20— b d 2 HI2ME A DBERDRH
ERIRNI PARBLEZR S, LedioT, BHERAZZAZIZBWT BERT ZHWAFRICIE, 2R
b L% AFEk 1 CFEBH L 7= Linear Layer with Sigmoid Activation 12383 Z ¥ THAZFIE T 5.
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Neural Automated Essay Scoring Incorporating Handcrafted
Features™

REE 2 MAAATRBEFZEBHRSET IV

1 Introduction

In various assessment fields, essay-writing tests have attracted much attention as a way
to measure practical higher-order abilities such as logical thinking, critical reasoning, and
creative-thinking skills [1, 2]. In essay-writing tests, test-takers are required to write essays
about a given topic, and human raters grade those essays based on a scoring rubric. However,
because the scoring process takes much time and effort, it is hard to grade large numbers
of essays [1]. Further, subjectivity in human scoring can reduce accuracy [3, 4, 5|. Auto-
mated essay scoring (AES), which utilizes natural language processing and machine learning
techniques to automatically grade essays, is one method for resolving these problems.

Many AES methods have been developed over the past decades, and can generally be cate-
gorized as feature-engineering and neural-network approaches [1, 6]. The feature-engineering
approach predicts scores using handcrafted features such as essay length or spelling errors
(e.g., [3,7,8,9]). The advantages of this approach include interpretability and explainability.
However, this approach generally requires extensive effort for engineering effective features
to achieve high scoring accuracy for various essays.

To obviate the need for feature engineering, a neural-network approach that automatically
extracts features using deep neural networks (DNNs) has recently attracted attention. Many
DNN-AES models have been proposed and have achieved high accuracy [5, 10, 11, 12, 13,
14, 15, 16, 17, 18|.

These two approaches can be viewed as complementary rather than competing because
they provide different advantages. Specifically, the neural-network approach can extract
dataset-specific features from word sequence patterns, whereas the feature-engineering ap-
proach can use existing effective features that are difficult to extract using DNNs from only
word sequence information. To obtain both benefits, [12] proposed a hybrid method that
integrates both approaches. This method is formulated as a DNN-AES model with an ad-
ditional recurrent neural network (RNN) that processes a sequence of handcrafted sentence-
level features. This method provides state-of-the-art accuracy, but has the following draw-
backs:

1) It cannot incorporate effective essay-level features developed in previous AES research.

*KIFERE D G X D HFEHRIZIRDBEO TH 5.
Masaki Uto, Yikuan Xie, Maomi Ueno (2020) Neural Automated Essay Scoring Incorporating Handcrafted
Features. Proceedings of the 28th International Conference on Computational Linguistics (COLING),
pp-6077-6088.
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2) It greatly increases the numbers of model parameters and tuning parameters, increasing
the difficulty of model training.

3) It has an additional RNN that processes sequences of handcrafted sentence-level features,
enabling extension to various DNN-AES models complex.

To resolve these problems, we propose a new hybrid method that integrates handcrafted
essay-level features into a DNN-AES model. Specifically, our method concatenates hand-
crafted essay-level features to a distributed essay representation vector, which is obtained
from an intermediate layer of a DNN-AES model. The advantages of our method are as
follows:

1) Tt can incorporate various existing essay-level features for which effectiveness has been
shown.

2) The number of required additional parameters is only the number of incorporated essay-
level features, and there are no additional hand-tuned parameters.

3) It can be easily applied to various DNN-AES models, because conventional models com-
monly have a layer that produces a distributed essay-representation vector.
Our method is a simple DNN-AES extension, but experimental results on real-world
benchmark data show that it significantly improves accuracy.

2 Automated essay scoring methods

This section briefly reviews conventional AES methods based on the feature-engineering
and neural-network approaches.

2.1 Feature-engineering approach

Following the first AES method, Project Essay Grade (PEG) [19], many feature engineering—
based AES methods have been developed, including Intelligent Essay Assessor (IEA) [20],
e-rater [21], the Bayesian Essay Test Score sYstem (BETSY) [22], and IntelliMetric [23].
These methods have been applied to various actual tests. For example, e-rater, a popular
commercial AES, now plays the role of a second rater in the Test of English as a Foreign
Language (TOEFL) and the Graduate Record Examination (GRE).

These AES methods predict scores by supervised machine learning models using hand-
crafted features. For instance, PEG and e-rater use multiple regression models, and [24]
used a correlated Bayesian linear-ridge-regression model. BETSY and [25] perform AES
using classification models. Other recent works solve AES by using preference-ranking mod-
els [26, 27].

The features used in previous research differ among the methods, ranging from simple
features (e.g., word or essay length) to more complex ones (e.g., readability or grammatical
errors). Table 1 shows examples of representative features [6, 24].

2.2 Neural-network approach

This section introduces two DNN-AES models as AES methods based on the neural-network
approach: the most popular model, which uses a long short-term memory (LSTM), and an
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Table 1: Representative handcrafted features.

Feature Type Examples
Length-based features Numbers of characters, words, sentences, and punctuation
symbols. Average word lengths.

Syntactic features Numbers of nouns, verbs, adverbs, adjectives, and conjunc-
tions. Parse tree depth. Grammatical error rates.

Word-based features Numbers of useful n-grams and stemmed n-grams. Numbers
of spelling errors, sentiment words, and modals.

Readability features Numbers of difficult words and syllables. Readability indices,

such as Flesch-Kincaid reading ease [28], Gunning fog [29], or
SMOG index [30].

Semantic feature Semantic similarity based on latent semantic analysis [20].
Histogram-based features computed by pointwise mutual in-
formation [31].

Argumentation feature =~ Numbers of claims and premises. Argument tree depth as
estimated using argument mining techniques [9)].

Prompt-relevant feature Number of words in essays for a prompt.

advanced model based on the transformer architecture.

2.3 LSTM-based model

The LSTM-based model [10], which was the first DNN-AES model, predicts essay scores
through the multi-layered neural networks shown in Fig. 1 by inputting essay word sequences.
Letting V = {1,--- ,V} be a vocabulary list, an essay j is defined as a list of vocabulary
words {w;; € V | i ={1,--- ,n;}}, where w;; is a V-dimensional one-hot representation of
the i-th word in essay j and n; is the number of words in essay j. This model processes word
sequences through the following layers:

Lookup table layer: This layer transforms each word in a given essay into a D-dimensional
word-embedding representation, in which words with the same meaning have similar
representations. Specifically, letting A be a D x V-dimensional embeddings matrix,
the word-embedding representation x;; corresponding to wj; is calculable as the dot
product A - wj;.

Recurrent layer: This layer is an LSTM network that outputs a vector at each timestep to
capture long-distance word dependencies. Specifically, this layer transforms sequence
{Zj1, Tjo, -+, xjn, } to an LSTM output sequence {hji, hj, -, hjn, }. A single-layer
unidirectional LSTM is generally used, but bidirectional or multilayered LSTMs are
also often used. A convolution neural network is optionally used before the recurrent
layer to capture n-gram-level textual dependencies.
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Figure 1: LSTM-based model. Figure 2: BERT-based model.

Pooling layer: This layer transforms recurrent layer outputs into a fixed-length vector.
Mean-over-time (MoT) pooling, which calculates an average vector M; = ni S ki,
is generally used. Other frequently used pooling methods include the last pjool, which
uses the last output of the recurrent layer hj, , and a pooling-with-attention mecha-
nism.

Linear layer with sigmoid activation: This layer projects pooling-layer output M; to a
scalar value in the range [0, 1] by the sigmoid function o(W M; + b), where W is a
weight matrix and b is a bias.

Model training is conducted by backpropagation with a mean square error (MSE) loss
function using a training dataset in which scores are normalized to a [0, 1] scale. During the
prediction phase, predicted scores are rescaled to the original score range. This model has
been used as the basis model in various current DNN-AES models (e.g., [5, 12, 13, 14, 15,
16, 17, 18]).

2.4 Transformer-based model

Transformer-based architectures have recently attracted attention as an alternative approach
to RNN for processing sequential data. Specifically, bidirectional encoder representations
from transformers (BERT), a pre-trained multilayer bidirectional transformer network [32]
released by the Google Al Language team, have achieved state-of-the-art results in various
NLP tasks, such as question answering, named entity recognition, natural language inference,
and text classification [33]. BERT was also applied to AES [34] and automated short-answer
grading [35, 36] in 2019, and demonstrated good performance.

Transformers are a neural network architecture designed to handle ordered data sequences
using an attention mechanism. Specifically, transformers consist of multiple layers (called
transformer blocks), each containing a multi-head self-attention mechanism and a position-
wise fully connected feed-forward network. See Ref. [32] for details of this architecture.
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Figure 3: Conventional hybrid model.

BERT is trained in pre-training and fine-tuning steps. Pre-training is conducted on huge
amounts of unlabeled text data over two tasks, masked language modeling and next-sentence
prediction, the former predicting the identities of words that have been masked out of the
input text and the latter predicting whether two given sentences are adjacent.

Using BERT for a target NLP task, including AES, requires fine-tuning (retraining),
which is conducted from a task-specific supervised dataset after initializing model param-
eters to pre-trained values. When using BERT for regression or classification tasks such
as AES, input texts require preprocessing, namely, adding a special token (“[CLS]”) to the
beginning of each text. BERT output corresponding to this token is used as a fixed-length
distributed text representation [33]. We can thus conduct target regression or classification
tasks based on the text representation. In this study, we assume the use of the linear layer
with sigmoid activation, described in the previous subsection, to predict essay scores from
the text representation (Fig. 2).

3 Hybrid method

The feature-engineering approach and the neural-network approach can be viewed as
complementary rather than competing approaches, because as mentioned in Section 1 they
provide different advantages. To receive both benefits, [12] proposed a hybrid method that
integrates the two approaches.

Figure 3 shows the model architecture of the hybrid method. As that figure shows, it
mainly consists of two DNNs. One processes word sequences in a given essay in the same
way as the conventional LSTM-based DNN-AES model. Specifically, it transforms a word
sequence w; = {w;i, Wja, -+, Wjy, } to a hidden vector H;, which is a fixed-length distributed
essay representation, through the lookup table layer, recurrent layer, and pooling layer. The
other DNN processes a sequence of handcrafted sentence-level features. Letting the j-th essay
have N; sentences, and letting sentence-level features for the n-th essay sentence be f;,, the
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feature sequence F; = {fj1, fjo, -, fjn,} is transformed to a fixed-length hidden vector

’H; through a recurrent layer and a pooling layer. (Note that the original article used an
LSTM for the recurrent layer and attention pooling for the pooling layer.) Finally, inputting
a concatenated vector [H;; Hf |, the linear layer with sigmoid activation produces a predicted
score.

This method has provided higher accuracy than feature engineering—based methods or
DNN-based methods. However, it has the following drawbacks.
1) It cannot incorporate essay-level features developed in conventional AES research.

2) It has far more model and tuning parameters than does a base DNN-AES model. Specif-
ically, letting the number of handcrafted sentence-level features be f, and the hidden
variable size of the LSTM in the recurrent layer be d, this method requires at least
(4df + d* + 5d) additional parameters, and further parameters are required if attention
pooling is used. It also requires tuning parameters for the LSTM and the pooling layer,
making model training more difficult.

3) It requires an additional RNN for processing sequences of handcrafted sentence-level
features, making implementation with transformer-based models and other DNN-AES
models complex.

4 Proposed method

To resolve the above problems, we propose a new hybrid method that incorporates hand-
crafted essay-level features to a DNN-AES model.

Our method concatenates handcrafted essay-level features to the distributed essay rep-
resentation H;, which is the input vector for the last linear layer in conventional DNN-AES
models. Letting essay-level features for the j-th essay be F, the proposed method projects
the concatenated vector [H;; F]"] to a scalar value by using a sigmoid function, as in conven-
tional DNN-AES models.

The proposed method can be easily applied to existing DNN-AES models, because they
commonly have a layer that produces a distributed essay representation before the last linear
layer. As examples, Figs. 4, 5, and 6 show model architectures for LSTM, BERT, and
conventional hybrid models integrating essay-level features.

The proposed method can incorporate various existing essay-level features for which ef-
fectiveness has been shown. As essay-level features, this study uses the 25 features presented
in Table 2, which have been widely used in various AES studies. We assume that the feature
values are standardized to fulfill the condition of mean 0 and standard deviation 1.0.

Another advantage of our method is that it requires additional weight parameters in
only the last linear layer, and the number of additional parameters is only the number of
incorporated essay-level features Fy, as compared with the basis DNN-AES model. It requires
no additional hand-tuned parameters.

5 Experiments

This section demonstrates the effectiveness of the proposed method using real-world
benchmark data.
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5.1 Experimental procedures

This study employed the automated student assessment prize (ASAP) dataset, which is
widely used as benchmark data in AES research. The ASAP dataset provides eight sets of
essays, each set associated with a prompt. Essays were written by students in grades 7-10.
Table 3 summarizes numbers of essays, score ranges, and averaged essay length for each

prompt.

Using this dataset, we evaluated score prediction accuracies through five-fold cross-validation
for each prompt. The accuracy metric was the quadratic weighted Kappa (QWK), which
examines agreement between predicted scores and ground truth. We conducted this experi-

271



Table 2: Essay-level features used in this study.

Feature Type Features

Length-based features Numbers of words, sentences, lemmas, and punctua-
tion symbols (commas, exclamation marks, and question
marks). Average lengths of words and sentences.

Syntactic features Numbers of nouns, verbs, adverbs, adjectives, and con-
junctions.

Word-based features =~ Numbers of spelling errors and stop-words.

Readability features ~ Automated readability index [37], Coleman-Liau in-
dex [38], Dale-Chall readability score, difficult word
count, Flesch reading ease [28], Flesch-Kincaid
grade [28], Gunning fog [29], Linsear write formula,
SMOG index [30], syllable count.

Table 3: Data statistics.

Prompt # of essays Score range Average essay length

1 1783 2-12 350 words
2 1800 1-6 350 words
3 1726 0-3 150 words
4 1770 0-3 150 words
5 1805 04 150 words
6 1800 04 150 words
7 1568 0-30 250 words
8 721 0-60 650 words

ment for the LSTM-based model (Fig. 1), the BERT-based model (Fig. 2), Dasgupta’s hybrid
model (Fig. 3), and the proposed method with these models (Figs. 4, 5, and 6). In the LSTM-
based model, we used a single-layer LSTM, a two-layer LSTM, and a bidirectional LSTM for
the recurrent layer. We used last pooling as the pooling layer for these LSTM-based models,
and also examined MoT pooling for the single-layer LSTM-based model. As sentence features
for Dasgupta’s hybrid model, we used features similar to the essay-level features shown in
Table 2 after two modifications: 1) For length-based features, we removed the number and
average length of sentences. 2) We removed the SMOG index from the readability features,
because it is not definable for a sentence. We also examined a logistic regression model using
essay-level features as a method based on the feature-engineering approach.

We implemented the models in the Python programming language with the Keras library.
As the embedding matrix, we used Glove [39] with 50 dimensions. We set LSTMs’ hidden-
variable dimension to 300, the mini-batch size to 32, and the maximum epochs to 50. We
used dropout regularization to avoid overfitting, with dropout probabilities for lookup table
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Table 4: Experimental results.

Prompt
1 2 3 4 5 6 7 8 Avg. p-value
LSTM 0.373 0.407 0.516 0.773 0.753 0.767 0.635 0.174 0.550 0.018
+ Essay-level features 0.801 0.621 0.602 0.778 0.771 0.777 0.761 0.645 0.720
LSTM with MoT 0.717 0.522 0.616 0.775 0.796 0.783 0.749 0.562 0.690 0.015
+ Essay-level features 0.821 0.649 0.617 0.790 0.787 0.807 0.794 0.694 0.745
2-layer LSTM 0.435 0.414 0.530 0.791 0.698 0.768 0.639 0.163 0.555 0.017
+ Essay-level features 0.778 0.620 0.592 0.779 0.779 0.769 0.762 0.643 0.715
Bidirectional LSTM 0.484 0.419 0.500 0.777 0.738 0.721 0.625 0.218 0.560 0.014
+ Essay-level features 0.779 0.597 0.582 0.778 0.762 0.765 0.756 0.661 0.710
BERT 0.829 0.391 0.762 0.886 0.876 0.584 0.818 0.540 0.711 0.021
+ Essay-level features 0.852 0.651 0.804 0.888 0.885 0.817 0.864 0.645 0.801
Conventional hybrid 0.729 0.635 0.631 0.787 0.802 0.793 0.773 0.693 0.730 0.073

+ Essay-level features 0.823 0.674 0.601 0.795 0.790 0.811 0.806 0.714 0.752

Logistic regression 0.822 0.648 0.666 0.704 0.783 0.672 0.724 0.600 0.702 -

layer output and pooling layer output set to 0.5. The recurrent dropout probability was
set to 0.2. We used the Adam optimization algorithm [40] to minimize the mean squared
error (MSE) loss function over the training data. For the BERT model, we used a base-sized
pre-trained model.

5.2 Experimental results

Table 4 shows the experimental results.

Comparing accuracy among prompts, accuracy tends to be higher for prompts in which
the average essay length is short than those with long essays. For example, the accuracy for
prompts 4, 5, 6, and 7 tends to be higher than that for prompts 2 and 8 in each model. This
tendency is consistent with previous studies.

Comparing the conventional DNN-AES models shows that the LSTM-based model with
MoT pooling has higher performance than models with last pooling, which is also consistent
with previous studies [10, 41]. BERT tends to outperform the LSTM-based models, as in
other BERT applications including automated short-answer grading [33, 35, 36, 42]. As
[12] reported, the conventional hybrid model shows the highest average accuracy among the
conventional models.

Table 4 shows that by incorporating handcrafted essay-level features, the proposed method
drastically improves accuracy of all base DNN-AES models. We conducted paired t-tests to
examine whether averaged performance of the proposed method is significantly higher than
base model performance. The results, shown in the “p-value” column in Table 4, indicate
that the proposed method improved performance at the 5% significance level for the LSTM-
and BERT-based models, and at the 10% significance level for the conventional hybrid model.
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Table 5: Feature weights for the BERT-based proposed model.

Prompt
1 2 3 4 5 6 7 8

Length-based features

# of words 0.018 -0.087 0.393 0.123 -0.117 -0.296 0.366 -0.196

# of sentences -0.123 0.151 0.078 0.033 0.209 0.130 0.335 0.050

# of lemmas 0.073 0.026 0.168 -0.149 0.159 0.406 0.387 0.219

# of commas 0.055 0.048 0.060 -0.022 0.030 0.002 0.043 0.041

# of exclamation marks 0.021 -0.005 -0.046 -0.108 0.003 -0.020 0.003 -0.019

# of question marks 0.062 0.012 -0.040 -0.026 0.003 0.008 -0.061 -0.034

Avg. word length 0.351 0.013 0.081 -0.253 0.234 0.163 -0.353 0.060

Avg. sentence length 0.076 0.017 -0.106 -0.152 -0.012 0.033 0.007 -0.035
Syntactic features

# of nouns 0.226 -0.002 0.012 0.321 0.280 0.285 -0.009 -0.089

# of verbs 0.140 0.111 0.041 -0.003 0.098 0.079 -0.061 0.115

# of adjectives 0.031 -0.010 -0.037 0.271 -0.011 0.344 0.000 0.046

# of adverbs 0.060 0.035 -0.032 -0.084 0.020 0.140 -0.020 0.045

# of conjunctions 0.012 -0.027 0.138 -0.002 0.047 -0.133 0.000 0.057
Word-based features

# of spelling errors 0.001 -0.058 -0.077 0.014 0.038 -0.165 -0.085 -0.043

# of stop-words -0.113 0.039 -0.147 -0.062 0.446 0.291 -0.126 -0.335

Readability features
Automated readability index 0.019 0.238 0.286 0.307 0.147 -0.100 -0.005 -0.038

Coleman-Liau index -0.366 0.049 -0.159 0.144 -0.053 -0.072 0.293 -0.134
Dale—Chall readability score  0.009 -0.207 0.043 0.096 -0.002 -0.031 0.044 0.003
Difficult word count 0.139 0.202 0.315 0.279 -0.171 0.140 -0.005 0.076
Flesch reading ease 0.078 -0.166 -0.042 0.219 -0.058 -0.219 -0.050 -0.035
Flesch—Kincaid grade -0.002 0.134 -0.076 -0.019 -0.182 0.135 -0.030 0.082
Gunning fog -0.075 -0.301 0.002 -0.210 0.296 -0.195 -0.010 -0.038
Linsear write formula 0.032 -0.067 -0.151 0.195 -0.163 -0.007 -0.054 -0.021
Smog index 0.090 0.063 -0.046 0.203 0.054 0.081 0.106 0.071
Syllables counts 0.166 0.048 0.261 0.506 -0.055 -0.339 -0.352 0.289
Distributed representation’ 0.046 0.043 0.050 0.050 0.044 0.049 0.036 0.039

f: Averaged absolute weights for 300-dimensional essay distributed representation

Comparing the proposed methods with the logistic regression model (a feature-engineering
approach), all of the proposed methods provided a higher average accuracy. The paired ¢-test
between the logistic regression model and the proposed method shows that averaged QWKs
of the proposed method using LSTM with MoT pooling and the conventional hybrid model
were higher at the 5% significance level, and that of the BERT-based proposed method was
higher at the 1% significance level.

Among the proposed methods, the one using the BERT model provided the highest
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average accuracy.

To confirm whether the handcrafted essay-level features were effective, Table 5 shows
weight parameter values in the final linear layer of the BERT-based proposed model. In the
table, the row Distributed representation shows the average values of the absolute weight
parameters for the 300-dimensional essay distributed representation vector H;. A higher
weight value means that the feature has more influence on score prediction. This table
suggests that each handcrafted feature contributes to some extent, whereas features with
large weights vary across prompts.

These experimental results show that the proposed method effectively improves AES
accuracy.

6 Conclusions

We proposed a simple method that incorporates handcrafted essay-level features to DNN-
AES models. Our method adds handcrafted features to a distributed essay representation
vector obtained as an intermediate hidden representation of a DNN-AES model. Our method
can be easily applied to various conventional DNN-AES models without increasing model
complexity much, but significantly improving prediction performance.

In this study, we evaluated the effectiveness of the proposed method that uses relatively
simple features, but in future studies, we will use more varied essay-level features, such as
those shown in Table 1. Additionally, we will conduct an ablation experiment on essay-
level features to clarify which features are effective for which DNN-AES models. Another
future aim is to apply the proposed method to more varied DNN-AES models, such as
those mentioned in Subsection 2.3. Moreover, although our method directly adds essay-level
features to the DNN-based distributed essay representation vector, accuracy might be further
improved by appending several layers after the feature input layer. Such model extensions
are also another topic for future study.

References
[1] Mohamed Abdellatif Hussein, Hesham A. Hassan, and Mohamed Nassef. Automated

language essay scoring systems: A literature review. PeerJ Computer Science, Vol. 5,
p. €208, 2019.

[2] Masaki Uto. Rater-effect IRT model integrating supervised LDA for accurate measure-
ment of essay writing ability. In Proceedings of the International Conference on Artificial
Intelligence in Education, pp. 494-506, 2019.

[3] Evelin Amorim, Mércia Cangado, and Adriano Veloso. Automated essay scoring in
the presence of biased ratings. In Proceedings of the Annual Conference of the North
American Chapter of the Association for Computational Linguistics, pp. 229-237, 2018.

[4] Masaki Uto and Maomi Ueno. Empirical comparison of item response theory models
with rater’s parameters. Heliyon, Elsevier, Vol. 4, No. 5, pp. 1-32, 2018.

[5] Masaki Uto and Masashi Okano. Robust neural automated essay scoring using item

response theory. In Proceedings of the International Conference on Artificial Intelligence
in Education, pp. 549-561, 2020.

[6] Zixuan Ke and Vincent Ng. Automated essay scoring: A survey of the state of the

275



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

art. In Proceedings of the International Joint Conference on Artificial Intelligence, pp.
63006308, 2019.

Mihai Dascalu, Wim Westera, Stefan Ruseti, Stefan Trausan-Matu, and Hub Kurvers.
Readerbench learns dutch: Building a comprehensive automated essay scoring system for

Dutch language. In Proceedings of the International Conference on Artificial Intelligence
in Education, pp. 52-63, 2017.

Jill C. Burstein Mark D. Shermis. Automated FEssay Scoring: A Cross-disciplinary
Perspective. Taylor & Francis, 2016.

Huy V. Nguyen and Diane J. Litman. Argument mining for improving the automated

scoring of persuasive essays. In Proceedings of the Association for the Advancement of
Artificial Intelligence, pp. 5892-5899, 2018.

Dimitrios Alikaniotis, Helen Yannakoudakis, and Marek Rei. Automatic text scoring
using neural networks. In Proceedings of the Annual Meeting of the Association for
Computational Linguistics, pp. 715725, 2016.

Kaveh Taghipour and Hwee Tou Ng. A neural approach to automated essay scoring.

In Proceedings of the Conference on Empirical Methods in Natural Language Processing,
pp. 1882-1891, 2016.

Tirthankar Dasgupta, Abir Naskar, Lipika Dey, and Rupsa Saha. Augmenting textual
qualitative features in deep convolution recurrent neural network for automatic essay
scoring. In Proceedings of the Workshop on Natural Language Processing Techniques for
Educational Applications, Association for Computational Linguistics, pp. 93-102, 2018.

Youmna Farag, Helen Yannakoudakis, and Ted Briscoe. Neural automated essay scoring
and coherence modeling for adversarially crafted input. In Proceedings of the Annual

Conference of the North American Chapter of the Association for Computational Lin-
quistics, pp. 263-271, 2018.

Cancan Jin, Ben He, Kai Hui, and Le Sun. TDNN: A two-stage deep neural network
for prompt-independent automated essay scoring. In Proceedings of the Annual Meeting
of the Association for Computational Linguistics, pp. 1088-1097, 2018.

Mohsen Mesgar and Michael Strube. A neural local coherence model for text quality

assessment. In Proceedings of the Conference on Empirical Methods in Natural Language
Processing, pp. 4328-4339, 2018.

Yucheng Wang, Zhongyu Wei, Yaqgian Zhou, and Xuanjing Huang. Automatic essay
scoring incorporating rating schema via reinforcement learning. In Proceedings of the
Conference on Empirical Methods in Natural Language Processing, pp. 791-797, 2018.

Farjana Sultana Mim, Naoya Inoue, Paul Reisert, Hiroki Ouchi, and Kentaro Inui. Unsu-
pervised learning of discourse-aware text representation for essay scoring. In Proceedings
of the Annual Meeting of the Association for Computational Linguistics: Student Re-
search Workshop, pp. 378-385, 2019.

Farah Nadeem, Huy Nguyen, Yang Liu, and Mari Ostendorf. Automated essay scoring
with discourse-aware neural models. In Proceedings of the Workshop on Innovative Use of

NLP for Building Educational Applications, Association for Computational Linguistics,
pp- 484-493, 2019.

E. B. Page. Project essay grade: PEG. In Automated essay scoring: A cross disciplinary
perspective. Lawrence Erlbaum Associates, 2003.

276



[20]

[21]
[22]

[23]

[24]

[25]

2]

[27]

[28]

[31]

[32]

[33]

[34]

Peter W. Foltz, Lynn A. Streeter, and Karen E. Lochbaum. Handbook of automated
essay evaluation: Current applications and new directions. In Implementation and Ap-
plications of the Intelligent Essay Assessor. Routledge, 2013.

Yigal Attali and Jill Burstein. Automated essay scoring with e-rater v.2. The Journal
of Technology, Learning and Assessment, Vol. 4, No. 3, pp. 1-31, 2006.

Lawrence Rudner and Tahung Liang. Automated essay scoring using bayes’ theorem.
Journal of Technology, Learning, and Assessment, Vol. 1, , 08 2002.

Matthew. T Schultz. The intellimetric automated essay scoring engine: A review and
an application to chinese essay scoring. In Handbook of automated essay evaluation:
Current applications and new directions. Routledge, 2013.

Peter Phandi, Kian Ming A. Chai, and Hwee Tou Ng. Flexible domain adaptation
for automated essay scoring using correlated linear regression. In Proceedings of the
Conference on Empirical Methods in Natural Language Processing, pp. 431-439, 2015.

Leah S. Larkey. Automatic essay grading using text categorization techniques. In Pro-
ceedings of the 21st Annual International ACM SIGIR Conference on Research and
Development in Information Retrieval, pp. 90-95, 1998.

Helen Yannakoudakis, Ted Briscoe, and Ben Medlock. A new dataset and method
for automatically grading ESOL texts. In Proceedings of the Annual Meeting of the

Association for Computational Linguistics: Human Language Technologies, pp. 180—
189, 2011.

Hongbo Chen and Ben He. Automated essay scoring by maximizing human-machine

agreement. In Proceedings of the Conference on Empirical Methods in Natural Language
Processing, pp. 1741-1752, 2013.

J Peter Kincaid, Robert P Fishburne Jr, Richard L. Rogers, and Brad S Chissom. Deriva-
tion of new readability formulas (automated readability index, fog count and flesch read-

ing ease formula) for navy enlisted personnel. Institute for Simulation and Training,
University of Central Florida, 1975.

Mary Whisner. When judges scold lawyers. Law Libr. J., Vol. 96, p. 557, 2004.

Paul R Fitzsimmons, BD Michael, Joane L. Hulley, and G Orville Scott. A readability
assessment of online parkinson’s disease information. The journal of the Royal College
of Physicians of Edinburgh, Vol. 40, No. 4, pp. 292-296, 2010.

Beata Beigman Klebanov and Michael Flor. Word association profiles and their use for

automated scoring of essays. In Proceedings of the Annual Meeting of the Association
for Computational Linguistics, pp. 1148-1158, 2013.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N
Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. In Proceedings
of the International Conference on Advances in Neural Information Processing Systems,

pp. 5998-6008. 2017.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT: Pre-
training of deep bidirectional transformers for language understanding. In Proceedings
of the Annual Conference of the North American Chapter of the Association for Com-
putational Linguistics: Human Language Technologies, pp. 4171-4186, 2019.

Pedro Uria Rodriguez, Amir Jafari, and Christopher M. Ormerod. Language models
and automated essay scoring. arXiv, ¢s.CL, 2019.

277



[35]

[36]

Tiaogiao Liu, Wenbiao Ding, Zhiwei Wang, Jiliang Tang, Gale Yan Huang, and Zitao
Liu. Automatic short answer grading via multiway attention networks. In Proceedings of
the International Conference on Artificial Intelligence in Education, pp. 169-173, 2019.

Chul Sung, Tejas Indulal Dhamecha, and Nirmal Mukhi. Improving short answer grading
using transformer-based pre-training. In Proceedings of the International Conference on
Artificial Intelligence in Education, pp. 469-481, 2019.

Edgar A Smith and R. J. Senter. Automated readability index. Technical report,
Cincinnati University, OH, 1967.

Meri Coleman and Ta Lin Liau. A computer readability formula designed for machine
scoring. Journal of Applied Psychology, Vol. 60, No. 2, p. 283, 1975.

Jeffrey Pennington, Richard Socher, and Christopher Manning. Glove: Global vectors
for word representation. In Proceedings of the conference on empirical methods in natural
language processing, pp. 15321543, 2014.

Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization. arXiv
preprint arXiw:1412.6980, 2014.

Brian Riordan, Andrea Horbach, Aoife Cahill, Torsten Zesch, and Chong Min Lee. In-
vestigating neural architectures for short answer scoring. In Proceedings of the Workshop
on Innovative Use of NLP for Building Educational Applications, Association for Com-
putational Linguistics, pp. 159-168, 2017.

Jiaqi Lun, Jia Zhu, Yong Tang, and Min Yang. Multiple data augmentation strategies
for improving performance on automatic short answer scoring. In Proceedings of the
Association for the Advancement of Artificial Intelligence, 2020.

278



Automated Short-answer Grading using Deep Neural Networks
and Item Response Theory*
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1 Introduction

Short-answer questions are widely used to evaluate the higher abilities of test-takers, such
as logical thinking and expressive ability. World-wide large-scale tests, such as the Test of
English as a Foreign Language and the Graduate Management Admission Test, incorporate
short-answer questions. However, the introduction of this type of question to these large-scale
tests has prompted concerns related to scoring accuracy, time complexity, and monetary cost.
Automated short-answer grading (ASAG) methods have attracted much attention as a way
to alleviate these concerns [1].

Conventional ASAG methods have relied on manually tuned features, which are laborious
to develop (e.g., [2, 3, 4]). However, many deep neural network (DNN) methods, which obvi-
ate the need for feature engineering, have been proposed (e.g., [5, 6, 7, 8, 9]). DNN methods
automatically extract effective features for score prediction using a dataset of graded short
answers, and have achieved state-of-the-art scoring accuracy. For example, a correct rate of
over 90% for true-false binary scoring [5, 6, 9] and a correct rate of over 70% for multi-stage
scoring [7, 8] have recently been achieved. However, further improvement of the accuracy
of these methods is required, especially for high-stakes and large-scale examinations, such
as university entrance examinations and certification or qualification examinations, because
even a slight scoring error will have a large effect on many test-takers.

To improve scoring accuracy, we propose a new ASAG method that combines a conven-
tional DNN model and an item response theory (IRT) model [10]. We focus short-answer
questions given as a part of a test including objective questions (Fig. 1). Because a test mea-
sures a particular ability, we can assume that short-answer questions and objective questions
on the same test measure similar abilities. Thus, estimating the test-takers” ability from the
objective questions should be useful for short-answer grading. Based on this assumption, our
method incorporates the test-taker’s ability, which is estimated using an IRT model from
his/her true-false responses for objective questions, into a DNN-ASAG model. Our method
is formulated as a DNN framework that predicts a target short-answer score by jointly using
the IRT-based ability estimate and an embedding representation of the short answer, which

AN O B RS O EHEEEWITIROED TH 5.
- Masaki Uto, Yuto Uchida (2020) Automated short-answer grading using deep neural networks and item
response theory. International Conference on Artificial Intelligence in Education (AIED), Lecture Notes in
Computer Science, vol 12164, pp.334-339.
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Choose the best answer.

Objective questions (e.g.,
(2) multiple choice questions)

. Answer the following questions in a —
sentence

(1) What are the basic elements of
informed consent?

A

> Short-answer guestions

(?) What is the legal principle underlying
the doctrine of informed consent?

A

——

Figure 1: Example of a test form comprising objective questions and short-answer questions.

is provided as an intermediate hidden representation of a conventional DNN-ASAG model.
Although the proposed method is suitable for any DNN-ASAG model, this study implements
it with the most standard long short-term memory (LSTM) ASAG model [8]. The effective-
ness of our model is evaluated by using data from an actual experiment. To our knowledge,
this is a new approach that focuses on using responses to objective questions to grade short
answers.

2 Deep Neural Network Model for Automated Short-answer Grad-
ing

This section briefly introduces the DNN-ASAG model used here. Although many models
have been proposed recently, we use the most widely used model based on a LSTM, which
is a common type of recurrent neural network [8].

Here, letting V = {1,---,V} be a vocabulary list, a short-answer text is defined as a
list of vocabulary words {w; € V | t = {1,--- ,n}}, where w; is a V-dimensional one-hot
representation of the ¢-th word in the text and n is the number of words in the text. After
inputting the word sequence, the LSTM ASAG model predicts a score y for the short answer
through the multi-layered neural networks shown in Fig. 2. The processes in the layers are
described below.

1) Lookup table layer: This layer transforms each word in a given short answer to D-
dimensional word embedding representation, in which words that have the same meaning
have a similar representation. This D-dimensional representation can be calculated as
the dot product of w; and the D x V-dimensional embedding matrix.

2) LSTM layer: This layer is composed of a LSTM network that outputs a hidden vector
that captures the long-distance dependencies of the words at each time step. Letting
the word embedding representation for each word w; be x;, this layer transforms the
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Figure 2: Architecture of the LSTM ASAG model.

sequence {®1, T, -, x,} to a LSTM output sequence {hq, hs, -, h,}.

3) Temporal mean layer: This layer transforms the output sequence from the LSTM layer to
a fixed length vector by calculating the average vector of the sequence as M = % S by

4) Linear layer: This layer projects the output of the temporal mean layer to a scalar value
in the range [0, 1] by using the sigmoid function o(W M + b), where W is the weight
matrix and b is the bias.

This model requires training on a large dataset of graded short answers. The model
training is conducted by a back-propagation algorithm that minimizes the loss function. The
mean squared error (MSE) between the predicted and the true scores is used as the loss
function. Letting J be the number of short answers (test-takers) in a given training dataset,
and y; and y; be the true and predicted scores for a short answer of test-taker j € {1,---, J},
the MSE loss function is defined as follows.

MSE(y.9) =5 3~ ;) M)

j=1

The model training is conducted by normalizing true scores to the range [0, 1] because the
sigmoid function is used as the final layer. During the prediction phase, the predicted scores
are rescaled to the original score range.

A similar model has been proposed for automated essay scoring [11], which has also been
widely used in various current studies as a base model (e.g., [12, 13, 14, 15, 16, 17]).

3 Item Response Theory

In this study, our main aim was to improve scoring accuracy of a DNN-ASAG model by
incorporating the test-takers’ abilities estimated from their true-false responses to objective
questions presented with target short-answer questions in the same test. This study uses
IRT to estimate the test-taker’s ability.
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IRT [10] is a test theory based on mathematical models. IRT represents the probability of
a test-taker’s response to a test item as a function of latent test-taker ability and item char-
acteristics, such as difficulty and discrimination. IRT is widely used for educational testing
because it offers the following benefits [18, 19]. 1) The test-taker’s ability can be estimated
considering the effects of item characteristics. 2) The abilities of test-takers responding to
different test items can be measured on the same scale. 3) Missing response data can be
handled easily.

The most popular IRT model for true-false responses is the two-parameter logistic model
(2PLM). 2PLM defines the probability that test-taker j corrects for objective question ¢ as

o SXP [0i(0; — Bi)]
Y 14 explai(8; — B

(2)

where 0; is the latent ability of test-taker j, a; is a discrimination parameter for question 7,
and f; is a difficulty parameter for question .

The question parameters «; and (; for all ¢ are estimated from the response data in the
training data. For the estimation, we can use marginal maximum likelihood estimation or
maximum a posteriori estimation by an expectation-maximization algorithm [20] or expected
a posteriori estimation by a Markov chain Monte Carlo (MCMC) algorithm [21, 22]. In the
prediction phase, the ability of a target test-taker is estimated from his/her responses given
the question parameter estimates.

Thus, we use the latent ability of test-taker 6 as auxiliary information for ASAG.

4 Proposed method

The proposed method predicts the score for a short answer by using a DNN-ASAG model
incorporating the IRT ability estimate. Although the approach can be applied to any DNN-
ASAG model, we use the LSTM model described above. The architecture of the method is
shown in Fig. 3. The score prediction processes are as follows.

1) The word sequence in a given short-answer text is transformed to a fixed-length hidden
vector M through the lookup table layer, the LSTM layer, and the temporal mean layer,
as in the conventional LSTM ASAG model.

2) The concatenation block concatenates the hidden vector M and the test-taker’s ability
6. The ability is estimated in advance from his/her true-false responses to the objective
questions given the pre-estimated question parameter values.

3) The fully connected (dense) layer, which is a new layer, projects the concatenated vector
M’ = [M, 0] to a lower-dimensional hidden vector using a fully connected feedforward
neural network. This layer is added because the relation between the test-takers’ abilities
and short-answer scores will not necessarily be represented as a linear model.

4) The linear layer projects the output of the fully connected layer to a scalar value in the
range [0, 1] by using the sigmoid function, as in the conventional ASAG model.
The model training is conducted by back-propagation with an MSE loss function using the
training dataset in which the scores are normalized to the [0, 1] scale. During the prediction
phase, the predicted scores are rescaled to the original score range.
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Figure 3: Architecture of the proposed method.

5 Experiments
This section demonstrates the effectiveness of the method by using experimental data.

5.1 Actual data

For this experiment, we used response data from a Japanese reading comprehension test
developed by Benesse Educational Research and Development Institute, Japan. This dataset
comprises responses given by 511 test-takers (Japanese university students) to three short-
answer questions and true-false responses for 44 objective questions. Scores for the short
answers were provided by two expert raters using three rating categories {0,1,2} for two
evaluation viewpoints. If the two raters’ grades were different, a third expert rater determined
the grade. The total score of the two evaluation viewpoints was also given. We changed the
scores for the second evaluation viewpoint of the first short-answer question to binary scores
because the middle score in the three rating categories did not appear. For the three short-
answer questions, the average numbers of characters in the short-answer texts were 27, 33,
and 50.

5.2 Experimental procedures

Using the experimental data, the scoring accuracy for each evaluation viewpoint and the total
score of the short-answer questions was evaluated by a five-fold cross validation. The accuracy
metrics were the root mean square error (RMSE) and Pearson’s correlation between the true
scores and predicted scores because the predicted score is a continuous variable. The model
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Table 1: Experimental results

RMSE Question 1 Question 2 Question 3
Score 1 Score 2 Total | Score 1 Score 2 Total | Score 1 Score 2 Total Avg.

Conventional | 0.566 0.243 0.653 | 0.380 0430 0.704 | 0.638 0.577  1.013 | 0.578
with dense | 0.559 0.239 0.646 | 0.382 0.421 0.689 | 0.644 0.560  0.989 | 0.570

Proposed 0.559 0.234 0.639 | 0.377 0.418 0.679 | 0.650 0.575 0.995 | 0.569 *
w/o dense | 0.556 0.245 0.657 | 0.379 0.435 0.712 | 0.638 0.581 1.051 | 0.584
Correlation Question 1 Question 2 Question 3

Score 1 Score 2 Total | Score 1 Score 2 Total | Score 1 Score 2 Total Avg.

Conventional | 0.561 0.875 0.604 | 0.910 0.868 0.815 | 0.719 0.737  0.694 | 0.754
with dense | 0.568 0.882  0.612 | 0.909 0.874 0.823 | 0.715 0.758  0.713 | 0.762

Proposed 0.576 0.887 0.621 | 0.912 0.876 0.828 | 0.710 0.743  0.708 | 0.762 **
w/o dense | 0.573 0.873 0.597 | 0.911 0.865 0.810 | 0.719 0.733  0.673 | 0.751

training was repeated 10 times with different seed values, and we calculated the averaged
value for each metric. This experiment was conducted for the proposed method and the
conventional method. Furthermore, to evaluate effectiveness of the fully connected (dense)
layer, we also calculated the accuracy of the proposed model without the dense layer and the
conventional method with the dense layer.

The model-training program was implemented in Python-Keras. We set the word em-
bedding dimension to 50, the recurrent layer dimension to 300, the fully connected layer
dimension to 50, the mini-batch size to 32, and the maximum epochs to 50. The dropout
probabilities for the output of the lookup table layer and the output of the temporal mean
layer were set to 0.5. The recurrent dropout probability was set to 0.2. The IRT parameters
were estimated by an MCMC algorithm.

5.3 Experimental results

Table 1 shows the results. The Scorel and Score2 columns indicate the results for the two
evaluation viewpoints in each question; the Total column indicates the results for the sum of
the two viewpoints’ scores; and the Awvg. column shows the averaged performance for each
method. ** and * indicate that the averaged performance of the method is higher than that
of the conventional method at the 1% and 5% significance level by the paired t-test.

The proposed method has better performance (lower RMSEs and higher correlations) than
the conventional method in almost all cases, and the averaged performance of the proposed
method is also significantly higher (p < 0.05). These results suggest that the proposed
method is effective in improving the scoring accuracy.

The performance tends to decrease when the dense layer is omitted from the proposed
method. Moreover, when the dense layer is added to the conventional method, the per-
formance tends to increase. Thus, incorporating the fully connected dense layer before the
output linear layer improves the accuracy.

Comparing the proposed method and the conventional method with the dense layer shows
that the proposed method provides higher or equal performance in all cases except for Ques-
tion 3, validating the effectiveness of incorporating the IRT-based ability. To examine why
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Table 2: Appearance frequency of each rating category

0 1 2 3 4

Question 1 Score 1 159 279 73

Score 2 268 243

Total 82 222 175 32
Question 2 Score 1 157 49 305

Score 2 207 131 173

Total 63 44 214 96 94
Question 3 Score 1 144 2 365

Score 2 117 70 324

Total 35 65 126 7 278

the performance for Question 3 drops in the proposed method, Table 2 shows the appearance
frequency of each rating category for each question and evaluation viewpoint. According to
Table 2, Question 3 has strongly skewed score distributions, in which the highest category
is overused. The proposed method can bring the distribution of prediction scores close to
a normal distribution because the ability values, which are used for score correction, follow
a normal distribution [20, 23, 24]. The disagreement between the distributions decreased
the scoring accuracy for the question. Test items with strongly skewed score distributions
are generally inappropriate because they do not distinguish the ability of test-takers well.
Based on these results, incorporating ability values improves the scoring accuracy when tar-
get short-answer questions measure ability well.

5.4 Additional analysis for further improvement

Table 1 shows that the improvement achieved by incorporating the IRT ability is limited for
our actual dataset because the relationship between the ability values and the short-answer
scores was not sufficiently strong in the dataset. Table 3 shows the correlation and agreement
rate between the ability and the short-answer scores. For the agreement rate calculation, we
first rescaled the ability values so that the rescaled values matched the original rating scale,
and then rounded these values. According to Table 3, the averaged correlation and agreement
rate are 0.156 and 0.306 respectively, indicating that the relations are weak. The proposed
method would improve the accuracy considerably if the relation were stronger.

To investigate this point, we evaluated the scoring accuracy of the proposed method using
the true short-answer scores with some random noise, designated as dummy ability, instead of

Table 3: Relationship between short-answer scores and ability values

Question 1 Question 2 Question 3
Score 1 Score 2 Total | Score 1 Score 2 Total | Score 1 Score 2 Total | Avg.
Correlation 0.048 0.061  0.076 | 0.252 0.090 0.253 | 0.119 0.264 0.238 | 0.156
Agreement rate | 0.481 0.538 0.397 | 0.213 0.294 0.266 | 0.139 0.239  0.188 | 0.306
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Table 4: Results of additional analysis

RMSE Question 1 Question 2 Question 3
Score 1 Score 2 Total | Score 1 Score 2 Total | Score 1 Score 2 Total Avg.

Conv. with dense | 0.559 0.239  0.646 | 0.382 0.421  0.689 | 0.644 0.560  0.989 | 0.570

Proposed method

No changes 0.001 0.052 0.134 | 0.016 0.003 0.186 | 0.028 0.003  0.157 | 0.064 **
25% changed 0.538 0.227  0.553 | 0.345 0.367 0.628 | 0.585 0.451 0.766 | 0.496 **
50% changed 0.528 0.237  0.624 | 0.368 0.440 0.676 | 0.624 0.551  0.919 | 0.552 *
75% changed 0.548 0.239  0.646 | 0.359 0.436  0.683 | 0.638 0.568  0.983 | 0.567
Proposed method w/o dense layer
No changes 0.482 0.222  0.508 | 0.357 0.389 0.575 | 0.603 0.516  0.819 | 0.497 **
25% changed 0.528 0.242  0.590 | 0.361 0.401 0.642 | 0.625 0.528 0.891 | 0.534 **
50% changed 0.551 0.249  0.656 | 0.381 0.433  0.691 | 0.643 0.574  0.954 | 0.570
75% changed 0.563 0.238  0.657 | 0.372 0.424 0.706 | 0.634  0.579 1.053 | 0.581
Correlation Question 1 Question 2 Question 3

Score 1 Score 2 Total | Score 1 Score 2 Total | Score 1 Score 2 Total Avg.
Conv. with dense | 0.568 0.882  0.612 | 0.909 0.874 0.823 | 0.715 0.758  0.713 | 0.762
Proposed method

No changes 1.000 0.995 0.988 | 1.000 1.000  0.989 | 1.000 1.000  0.994 | 0.996 **
25% changed 0.587  0.893 0.736 | 0.926 0.905 0.859 | 0.765 0.844 0.832 | 0.816 **
50% changed 0.612 0.884 0.645 | 0.916 0.861 0.830 | 0.730 0.763  0.754 | 0.777 *
75% changed 0.578 0.881 0.619 | 0.920 0.865 0.828 | 0.719 0.751  0.714 | 0.764
Proposed method w/o dense layer

No changes 0.687  0.897 0.782 | 0.921 0.894 0.880 | 0.758 0.791 0.805 | 0.824 **
25% changed 0.614  0.877 0.692 | 0.919 0.88 0.848 | 0.736 0.781  0.766 | 0.791 **
50% changed 0.577  0.870  0.604 | 0.910 0.866 0.822 | 0.716 0.737  0.733 | 0.760
75% changed 0.551 0.881 0.599 | 0.914 0.872  0.813 | 0.725 0.735 0.672 | 0.751

the ability values. The dummy abilities were created by standardizing the true short-answer
scores after 0%, 25%, 50%, or 75% of the scores were changed to random scores. Note that
the no (0%) changes means that the standardized true score was used as the ability values,
so perfect accuracy was approached when it was used. Using the dummy abilities for each
change rate, we evaluated the scoring accuracy of the proposed method with or without the
dense layer by five-fold cross validation, as in the previous experiment.

Table 4 shows the results. In the table, the results of the conventional method with
the dense layer are displayed again because this method provides the baseline to examine
the effectiveness of incorporating the ability value. ** and * indicate that the averaged
performance of the proposed method was higher than that of the conventional method with
the dense layer with 1% and 5% significance level through the paired t-test.

Comparing the presence and absence of the dense layer in the proposed method demon-
strates that incorporating the dense layer tends to provide higher performance overall. In
addition, because dummy ability approaches the true scores as the change rate decreases, the
accuracy in the method with the dense layer approaches perfect, whereas that in the method
without the layer does not. This means that the dense layer is essential for representing the
relationship between abilities and short-answer scores appropriately.

Furthermore, according to Table 1, when the random change rate is lower than 50%,
meaning that the agreement rate between the short-answer scores and the rounded original-
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scaled dummy ability is over 50%, the averaged performance of the proposed method is
significantly higher than that of the conventional method with the dense layer. This finding
suggests that incorporating the ability value can improve the scoring accuracy considerably
when there is a strong relationship between the scores for a target short-answer question and
abilities estimated from objective questions.

6 Conclusion

This study proposed a new DNN-ASAG method that integrates the ability of test-takers
estimated from true-false responses for objective questions using IRT. Through an experiment
using experimental data, we found that incorporating ability improves the scoring accuracy
when a target short-answer question can measure ability well. Furthermore, additional anal-
ysis showed that the proposed method improves the accuracy considerably by incorporating
the ability values when the relationship between scores of a target short-answer question and
abilities estimated from objective questions is strong.

In the future, the characteristics of the proposed method should be evaluated by applying
the method to various datasets. We also expect to evaluate the method using other DNN-
ASAG models. Furthermore, we will extend our method to improve the accuracy for short-
answer questions with strongly distorted score distributions.

In this study, IRT models and DNN-ASAG models were trained separately. However,
joint training might improve the performance further because the score for short-answer
questions will be reflected in the ability estimate. Furthermore, although our model predicts
a score for each short-answer question independently, scores for different questions and those
for different evaluation viewpoints might be related. In future studies, extensions of the
proposed method should be examined to explore these ideas.
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AR, HEDOHL T, BEFEEIHATETH, BALRITECLFEFEO A LIEETED LN
EVSHEPEHSINTWS. Vygotsky [1][2] 1, FEEVEHOD TR TERVHETH, HETOLEIC
Lo THFHBFOREZRMET I LN TE S [HREHEAEHE] (ZPD;Zone of Proximal Development) D% 2
JiZBAUT., mbEREFESOE Z 12> T, Bruner[3] X Wood et al.[4],Collins[5] I, “#&E#& DFE
ZART 721, FEHENEROBEITHNHE U 7B BEMPAFEFEORIIS U CHEICZEE2 TS TR
BN ) REETHEILEZRLTNAS.

REGHT T, FEED ZPD IZBT HHEH &2 IEMICHE L, BEAIRL BROFEFD AT 5 =< >
A% FHT2R0ENRD D, Tiabb, BELAEZ, MERRIIBVWTEXBBROFPEEDN 73—V A%
FHIL, BNROEEE LRGN T EEATVWSEEZLDTHS. L, HERITHONTE 726 I3
PFEHBENOLFITHAORERCIIZ L 2EDTHD, FHET L ITEMREEEZITS Z L IFFEFICHEET
»H->7z. %I T, Brown and Ferrara[6] X Collins[5] I%, FEHEDOFHERET — X2 2H VT ZPD IZHBT 2
FHEDENEFBNCHETED X1, XAFIv I TRAA Y N EMIEN D Hi 7= 23l 75 % Bl %
L7z, HODRAFIvITRAAY MY, FEHEOKBIZERNZ Y VE2HWD Z L THEEZERT S
ECITHALZe Y M SFEEEZTM L 72, Ko TRo 23Tk, 2BoObe Y M THEICEEL
TFEBFEFEHNEDPR N PRI N, T DK, Wood[7] 1F, FEHEDKEZ M T HEE2ITS I,
TNEFTORELFRTHETITHMALZL Y MEFHEIT S EAEETHL I L2 RLTWS. Ly
U, ZNSOFEICIUATOMERHZ. 1) HEEDRL 2FEORMEDV TR IC KM E N TE 5,
T & U T OEEEAME V. 2) MBI DR D b v N OREDGTHEIZ KBS N TE 53, RENFHIiE L
TOfERMEME .

ZOMEE RS 572012, fEE - #3)2 [8], Ueno and Miyazawal[9][10] 1%, REMRIZB TS M %
BEZ %028 EDKISIZOWTOHEA MKIGHEH (Item Response Theory, IRT & HER) ZfEEL, X1
FTIVITRARXY POBEMEDRH ELZZ E2HELTWS. 51T, WO IZREL LHEE KGR Z
AWT, eV M2ERLULZZBOFEEDOREAD N7 =<3 VA (EEHR) 2FHIL, mdFEBEN
ELIRBEDITHIGIZ L Y N ESRBT XTI T4 T - T2 VAT LAERFEL TS, ZOFE
DRI, BV M 2ER72e EOFEMRPRMEIZRD &S RIEEHR P, WEET L EREL TS Z L
Thd. $hbb, YATLRFEHREDOHEND FHUIEFHRPRES N P IED &I v b 2iE
KU, ZPHFRRTEILICED, FEHUEVM ET S LEL TWAS. Ueno and Miyazawa[10] Tl,
P, ZRRAZELS BT Y MERUERE IV —T DT VT AN ERA DT A MOERE KU 72855,
P, =05 IZRE LI N —TDFEMEP TR LR o72. 2D s, ZEGHEZHRKRT 2 EEGH7T
D7zDITiE, b ¥ MEREOFEEEDOEEHEZ@EHEICTHT 2 I LPEETHL I LHRERING.

U7 U, Ueno and Miyazawa[10] Tl&, RIIOZE BRI U T PRESHLOBENRINT 5 Z &2
fignTws. ZITHWOLHNTWS IRT E7VIE, BBHDZ{LDEAVWHAEZEEINTVWARNWDIZ, X
EHEOTFREEHERPIEL SHESNTWARVWABEEAE V. 20720, FEFIRRINDIERN e v
MR DRI o72 0, BELLEIIRRINTUESMENDS. BEOEHWS—T IV ADFHZT 72
DITIX, FHRECTEFELEOHEORNENEATIZ L 2EEL, #HEICHWSET—X%H 5K AET
SHIEEAIMRENRDHD. LHIL, T—RE2EHIEL I L TRAOMTCIZHVWONSE T —XBHADRLRD,
WEERRZ 5T, WA E 72 18N T NPT Ve VS P L= RAT7OREMECTLES. 2D b
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L—RATRMBET 272DI121%, FEEORNZILDEE VY, HDIEETORESEL NG 2 IR (G
B)2EBEELUIZETANBETHS.

AWFZETIE, FEEORNVFEHBRIZSWTLET 2 70w 22 HEH MSHMR ICHARAALZH L NE
FNERBREL, FHEOL Y MERBEONRT 4=V ADTHKEE 2 L2 2HKET 5 [11]. A
RIIZIE, FEE ORI FE BRI VWTENTIL I 7#FRIIRES LIREL R LWEHBKIGE TV E
RETSH. ZOETNTE, HIRATORNEIHET DM GRER) 2KT v+ v N Xe¥H
EORI DL ORE 2 KT 2L NT A —X2RL, Tho OREMENT — X0 6HEINE7201Z,
MUy— A7 DOMEZRIL, FEHEOEDORNZ I E KMTE 5 LAffI N5, AT,

1) FEZORIPENATL I BRI > TELT2H LWEHERIGE T V2 IRET 5.
2) REETVMIZDWVWTMCMC (Markov chain Monte Calro) EIZ & 5/37 A — X #fEEEEIRET 5.
3) FHEDNT A - VADTFRKEEEZBEIZT DY« UV ZOHEELEEZRET 5.

KX T, SXOMEMREHROFHIE LT Ueno and Miyazawa[10] THRb iz 7w 5 I v 7 #HITE T
ML —AMEEZES. PU—AMEIX TR ST LR D ETHELR IO ATH Y, EFRABRODNHE
WBEAE R S W 570 Y, BEBGTELZ<HVNONT WS [12). ML —AETI, 8% MR
{7=DWIMBBERERORE R ZHEL, ZHROMOEE FERCIEEL 2 ETT 175 A2ROREE % BfR
LT uEmswn., a2l 00X EEBELZ LU TWAE I TIRESLHEWAFLVEZREL L, HFEIC
EEADTHRIT R WEROMERREN 2 KD D720, BENTIZLE2¥EPENTHLEEIOND. E
F—= RS RKIERETFNOEMMEERT.

2 IEERBER

SIERINZR RGP T 217D 720121, FHEOHRSTORIMEL e Y N2 52X -BOFEEEHEDNT + —
RYVADTHEEHEITOBER DD, ZODORIGTHEEZ XA FIv I TEAAY N ERY, X1
IVITHAAY NOEEDEI PIRAREEN T 2EHT S, AETIE, ZOBEREDOZODOFIE
BRI ERIRE L 5. ZOHEDZOIZ, AWIETIE, bV 25X BOFHEDR T4 —< VA% T
I3 2 HH KRR [13][14] Z W2, HEKGNEGRIET A MEERO—D T, BEI V2 —RT AT 1V
TR ST, Ha B THHINTWAERNLEIET IV CTH S, HHKIGHRDOF AIZIZAT
NEITFLNS.

1) HEEREE DR NEEIEE D8 % BUNRICIIZ TRRAMEZITI Z LN TES.

2) BRERLZEEHANOFEEOKGEF—RE ETIHMTE 5.

3) MEDOKIET—RIZEDWT, HEANDEEHERE FHTE 5.

22T, HAKRHEGROFTE —BIIIZ<HVONS 2RO VAT 4y ZJETMIZDOWTHHET 5.
2RV AT 4y Z7ETIVCIE, B ICHT2FEEORIET — XDBUAFDER u; TRINS.

1: PEEVRE ZEE

U; =
0: kBB

£7z, BESME 0; DFEEE §HBHE ITIER T AR EIRA TR

1
ZIT, ap WL OEMIST A=K, b R QWA T A— K, 0; FEEE j ORENSTA—X
BRT. HHAST A=K a;, b RFET— 205 FHITHE L7 flE AV 5.

3 Y14FTIVITEAAVYN - DRT A
R XA F IV I TR AA Y MR, FEEDREUBICEBERICe Y M 2IRRTEILICESTE
D E R % GHEid 5 [7]. AMZETIE, Ueno and Miyazawa[10] BT L7z, 7075 I v 7% IzET
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5L —ABEIZOWTEBANE Y F2HWEEAFIVvITERAA VN - VAT LEHWS.

VAT ATIEYDIZ SO S S IV S ORBHEICIOWTEEL, 20K, TussIvS0a— NisH
A, BROBBEOEEZFET 2HE2BMFET 5. ETIE, FHEEVRELUZBICE, M1oksice
YhNELUTTHT I IV OEICET 23R 32— ROERZ EDVEEIICIRRI N, FEENREE
ERTHETY M LD EAKNAARIZLTWL., FEENRBEICELE L ZGEP, BEOL v 2R
LTHIEB LD > 5E8100, BEOMBLIRENR T+ —RKRNv 2 LTHERA OGNS, BEOMEL ZD
fRFiE 74— RNy 2§58 T, EEHERAEIESL X TOUE AR L2 HMRL, MEEH MR E2HD Z
ECHIEA TV 2R T 5 Z M TE%. Ueno and Miyazawa[10] Tlk, KA T ALZHWTEH
EBEMHERN 05 ITED £ Y b 2R U CTERECE LA CHRIEIREM LT HEL TS,
¥/, b MR UTEMLUEES, eV D THEELZEAETH, fiRD 7 1 — KNy 2712 & 0 8EEN
M ETAZENMEINT VWS, KX TIE, AVATFLARZHWEEEERIZBWTEEEORIEI R
FICEEINT 5 2 RET B.

KUATLTRONDT—ROT—RFEETNVERET DI EVAROELRHNTHS. TITlE, K
VATFLTHEONETF—XEBHLTHEL. ZOVAFATIE, S£HEE I LT K — 1 ORI e >~
MEL (k=1  K—1)DBHEINTVS. YDk Y M ERRUARVIREECHEH j 1238 215
T5. FEHENRE I CRELEZGARL Y M E=1 28R, IHICEETAIIZb Y NE=K 1
FCRIERIERT 5. EETEh, REOLY MR RINTEHERE LGS, ROFE +1 2R T
. EBTIETZ2ETCIOHREEZEVRELITS. PEERE J, JElE2 12958, FHE 1
I Y M ERERRUZEBBTES UK T —XIZIRD X 512185,

k: berhkZEHEZONZESIZES
Tii=q4K: £TOe Yy s2IERULTHHEE

0: bYhrRUTES

X={z;}, (=1, ,Ji=1,--- 1)

WY EIG T 24T D 72121, FHEDRENZIEMIZHEL, &b v M 2L ABOFEED T 1 —
RV AR TFULRITNER SV, TNET, FHEDORIL Y N DFHEDON T+ —< v A% Tl
T5OOHAKIGE TV E UTBRBEEISE FVAMERERS N TE 2 [10][15]. RETXAFIv 2T AR
VIO OIEHMIGHERTH B BEKIGE T MIZDOWTIRR S,

4 FAFTIVvIT7EAAY NDEHDEBEBRIGEMR
WY RGN 2475 7201213, FEEFORD &2 EMICHEREL, &b v b 2RELZROEEED T 5 —
YU AEFHLBT RSB0, INET, FEEDORIL LY DT DFHED AT 4 =< Y A% Tl
§57DDHAKIGE T & UTBIERISE TUAMERE N TE 72 [10][15]. BB, Z OBREKISE TV
% IRT(Item Response Theory) & #&F 3 5.
KRETIEIEAFIVITEAAY FDEOD IRT EFIVIZDOWTHMHT S, IRT EF N TIEFEEE j A
Mgzl T ey b k(k=1,--- K — 1) CTELXT X P, XX THZ 5.

Piji. = Pi?kq - Pi*jzc (2)
1

P*. = 3

k1 4 exp(—ai(6; — bir)) (3)

EEU, Pho=1, Pie=0Th5. ZIT, a BHE OMUNEET S5 A— %, by BHEiTL>
Rk ARRE N OMBIELRT LY M AT A—R, 0, XFBEE j ORANME ST A—2ERT. £EL,
bj1>"'>bjk>"'>ij_1 Thb.
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Programming Test

| 7e756a-F | m=m
Toa—-FEETLABORENGERa,b, cDEEE
xk. ) T 1w 1 [ wavs |
public class Question2 2 { i
public static void I il
main(String args[]){
intstring reslll —
int b= 0; [//bc-o; e
while(a < 3){|//@<3:true p1; "
SR S L Rsinssamenopevor | 1 ]
$F(b > a){ [//e1:False sk o T
continue; exv k4
} bt+; /1 b=b+1;b=3+1;b=4; ++ Increment
b += 3; ++ | Increment
3 a+; = a=a+l;
}
System.out.println(a); aTasl
System.out.println(b); m 3:5‘.1‘;
} inta=5; a=6;
++;
} a

1 B e > b ol

212, K =5, a;=1.0,b;1 =3.0,bjp =1.0,b;3 =—1.0,bjs = -3.0& L7420k a2 ET DHE
2 S IHE ROGBEI OB &2 RS, K2 1, MEXEEEORNIEZRL, Mk HEHOR Y FARRE
N7z & ZTFEE jOFEEOTIEETAME Py, 2189, K2&0, e bl (k=0) DEEITIE, #E
DEWEHFIZFEACEEET, BNOEVWFEHEDEEHRNE RoTW0WD. £72, bV MM Z
52T, RAODEWEEEDESHELN AL TV Z DR 2.

X 512, Ueno and Miyazawa[10] iZ, IRT €TV E2HWS Z & THEHEFIZL v M2 5 A -HBOFEA~D
EEMERZ PR, WIS KEZITO REDIT VAT LZRFE L. ZTho DN S X, Y MIFY
HIETETH, DRITETCEFHIRPPALTLE Y, b D EFHIEBHRNP 051K L5 v
FNERTEXEPEEFEDNEN IV EBREINTWS., BLELD, eV MERBEOFHED EEHEE
FEEGE L PRS2 2 LR REHO OGN TH D Z L bhd. LrL, Ueno and Miyazawa[10]
DYATLATHNTWS IRT €7V TI, FEEOHDORNEFEEINTE Y, RIDOEILDEENR

1.0

— k=0 k=2 --- k=4
© - k=1 k=3
24
2 e
F ©
©
o
o < |
D‘: =}
L
o
e
< T T T T T
-4 2 0 2 4
Ability 6

2: BB E T IV DA
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3: kD IRT €7 4: FEn~<) a7 IRT EF)

H BHE L TORESMED AL T B ZE I TR,

DB VEENHEE 21T 7-D121E, PHBRRETEEEOEDORNMENENT HZ L 2EEL, #EIC
WS T =X %2 H5REUMTEHNIEIHERDHL. LA, T—XE25HIE5Z & TRAKEIZHL
OB T — XD, WEENKI D, REIMEANE KT E 72 138Nl T e TR b v b
V= RAT7OMERELD. 2D ML —RA T Z2HT 5720121, FEHEORNEIOEEG VL, HD
FMTCORRNMEL MG T I EZE LU ZETVHBETH 5.

AWZETIE, ZDOML—RNAT7%2MHET 572012, FEHEDOPHELLTH 2 RENEORRINEL RN~
Va7 ERRICHEDS LIRE L, H DR TORIMEL R E T LI GRER) 2RIV 1+ v NP g XLy
FHORNDEFHOREZ KT 2T A —XEEA UL ZREENGCET VERET S, ZOET
WZEoT MU= RATOMEZREL, #@¥EZET, HEBEDR EAGFTE 5.

5 BN<ILI7IRT €7/

ARETIE, RAFIVITEAAY PDZODH L WIRT ETIVERET S [11]. BEKISETIICE
W, ERTIREEINTWZEEE j OREIME 0; 2IERFITEASE, HERTt ORESIME 0, »5—D
RIS t — 1 CORESIE 0,1 ITHRAFT BNV I TEF LR IRT ICHARALET VERET S, @
H, B~ a7E7 VORBNERISEBE CRONE D, REETILVCTIREIMEEZRENERE T57-0,
EE TS .

HRDIRT ET N RNV AT IRT EFNVDT T 7 4 HVETIVEX 3 K 4IRS, AR LUZED,
PERD IRT € TIVIFFEBED —DDREIMHE 0; ITHRFET 5. —H, Bl a7 IRT €7 VI, FEiEk
(GRE) WED T2z, FEFEORIIME ) DERTD 0,1 1[THRF L THERMIZELLUTWSETVTH 5.
IO E, BBIMHEG;, OLHNTA—R§EFRETDILT, 0; OLHZHIRT 5. BEE TV T, FEiE
FIZBWTHEHEORIMENE 2 RIFLTVWAEEZONDIHER (V1 VY RO A X) 2 L ERET 5.

BESME 0 (t=1,--- 1 — L) DEFETIVTIE, SHEZARCEHGRRDOIE TN I A -2 HEEDOFIEIZH
WONBATA T4V 4y RYAR 6|17 VD, AT T4 71 Y R, &5/ E%
EL, —EDWETT S UANSRNERNHET 2P LBHEBERET 2 HETHSL. KET LT, i
i = L UBORIEHEICB VT, HEEICHWAZEHEL2 1 ET 2T 5L TS 28T, BEIEDHE
BEEETSE. ZOHECE-T, EFHEVPWOMALELD L {HOFRELRTO%E T — R % 5H U 72t
DN REL 05,

FEBRIZBIT D {t},(0,--- , T - L) 1%,

t=0: i=1,-- ,LDOYXX
t=1: i=2,  L+1DLE

t=I-L: i=I—-L—1,--,]DL&

E35. RBEETNE, U1 Y RUYA X LAWNSWEGEITEEIE 0, WEHHHOFE BRI O AR ET 5
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(BEEHEEIZ B VW THEDFEBREOT — 2 2L GHT2) ETNVERD, LBPKREVWEEX]1 DD 0,
NEMB OB ERICHET S (FIMEHEIZPVWTREDEERBEOT— X 2HE 0 SH LR €T
N5,
REETNVTRRRLICBWTHEEE jARE I v b k TIEET 513 Pjy, IR TET.

Pijtk = Pl — Prik—1 (5)

! (6)

Pr.. =
Gtk (1 4 exp (— ai(0jc — bir))

a; | FFRE i DFASINT A=K, by FE i T U M EPRRINZROHEGEER TV AT A—4,
00 \ZRFRt TOFEEFE j DRI NT A=K EERT. 2L,

05t ~ N(0jt—1,6) (7)
0jo ~ N(0,1) (8)

ZZTC, N(p,o) 3V pu, BERE o OEHDEEERT. KX (7) 26 6 FRFHFFHEIZ K 288 DZEFH DK
EXERTNIA=RLAREL. BEETIVOHWIE, FA4FIVvITEAAY MIBWT, EHEDH
BEED S FHFORNMELFEADNR T4 =< v A2 TFHTEI e THS. BEETLVDOT 4V RUH 4
AL ERESMEDEF T A—X 51X, BRIHEICHHT2FE T — X BERIHEEMD b L — N4 7 Dl
R RIS 572D DEEREE %2 S D,
RBEETNVIE, 71V R4 XL 228U -BIE25510%, BAIE M EEDT —X 2 5HE
TRRINEBLUBRVET N 435720, EDIRT ETIVERELUETVERETLIENTE S,
SHRNZ LGN 21T 5 72D121%, ZHICELETRELR T 41 Y R UY A XL EEFBHNNT A —& § DA
EHLEERDDIBENRDHL. ZD2DODNRTRA—REEAIETEI LT, BETTIVIISHLEZEBRICE
IR IR ZeNTES., VAV R UYL XL EEHNRITA =R § OERBRIIITOEY TH 5.
1) L& §HPEizhzn
00 DRCEET DZAERA DL, BAOEHEIZIFHI 5007z, ThE TOFEERRICERRL,
0,0 IFL A EEBILLBVET L.
2) LANEL §AREL
ERTOFEEFZDOAFEIN, BEHHEOLTEARKE V2D, 0, ORBREHNEI 5ET L.
3) L& snHizkEn
TNETOFEHBRITEGEELZ, 0, PRELLHTLET .
4) LAKEL §ARTV
INETOFEBBOMELZIT DN, 0 OLAWBEHZNHT2ET L.
WET, KETNDINT A —RPTIEIZOWTHERRS,

6 IEENIAXA—9HTE

WRDBEBERIGE TN DINT A —RHEEIZIE, M, =a—b Y I TV VEPEM 703V XL6%HW
7= EHERE (Marginal Maximum Lilkelihood: MML) X K H&MERHEE (Maximum A Posteriori:
MAP) HRHWSNTEZ. £/, EETIE, VA THEEEE Y T 00 (MCMC) % 7 AR S
T (Expected A Posteriori: EAP) £ —f&IiZ22 02055, —a— by T 7V VikE W MAP #
EX MMLH#E R, 2 RO VAT 1y 7ETUVRERIEMIGE T VR EDHFMLET IVER NS HER, K
BEOTF—ADPEONTWEGEIZIEEBIZZE LT A —RMEENTRETHEH, EHleETVEHRD
GEI I HEREME R T 5. MCMCIERRERDANSDT VX LY VTV ERNTAT A =X 2 HET
ABFETHY, FHEIZAMIBEWD, AFEO LS IZTETIABREELREEX T — XD WS Sl
JE7eN T A — 2 HEEZFBTE 5 [19)].

295



ZIT, ERFGA—RDELEETNETNO = {010, 0511}, a={ay, - a1}, b= {b11, - ,brx_1},
00 & a; DFEFINGEEZTNEN g(01),9(a;) £ U, by = {bi,- bix_1} DFEFNHEEZTNEN g(by) &
7.

ZDEE, KinT—& X 252 U A =X OERNHIZLTDO XS ICEES.

p(0,a,b| X) x L(X | 0,a,b)g(a)g(b)g(0)
I-L L+t+1 K ‘|

= 1T II TI®sm

t=0 i=t+1 k=1

I
[H g(as) - g(bs)
=1

[IHL ﬁ g(%t)}

t=0 j=1

(
(

10 zj=k
Zijk = .
0: _EFLIAL
MCMC OFEDSL, 709 X TA - T) v FEEA MO R ANS AT 4 VT ABEEHAE
DY FIE [18][19] T/RT A =X H#EEITS. PAFICFIHEZRT.

Algorithm 1 MCMC algorithm
Given maximun chain length S ,burn-in B,interbal FE

Initialize MCMC sample A + ¢
Initialize 6°,a°,b°

1: for s=1to S do

2: for je{l1---J} do

3: Sample 03 ~ N(0§717 oly_pr)

4: Accept 03 with the probability «(05 | 0;71)
5: end for

6: forie{1---I} do

7: Sample af ~ N(ai™ ', 01)

8: Accept af with the probability a(a$ | ai™")
9: Sample b ~ N (b~ ', 01x_1)

10: Accept bi with the probability a(bs | b5~")
11: end for

12: if s > B and s%E = 0 then then

13: A<« (6°,a°,b°)

14: end if

15: end for

16: 0 average value of A

1) #IDIZ, ERTA—XOYIMEZ FRIDANS TV R LI VT ) V755, RETIE, &37A—
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R DEFDAIZZNTIIRD LS ITHRET 5.

loga; ~ N(0.0,0.2)
0;0 ~ N(0.0,1.0)
G‘t NN( jt—1, )
b; ~ MN(u,X)
pw={-20,-1.0,0.0,1.0,2.0}
¥ = diag[0.16,0.16, - - - ,0.16]
2) 0 = {00, 011} BBAEDINT A — Rl 0, 1\THKIFT 28E 01 q(0; | 0;') I L7zdi>TH VT
V27U, ARNOBIREKIZEDVTHEIRT 5.
X P AN N I-L X
(05 | 657) = min [ L1 1650 BV 1L 9(6s0) 71> (10)
L(X; |05, a",b") [[,Z5 9(0},)
RENMIZIE NG, oli_r) EHVWS. TIT, 1, iEnxn ORAITHZERT. AHETIE, 0 =0.01
&9 5.

3) NIA=Ra; &b IZOWTH LFLEFBRIZY YT V7 %175,

4) WIMMEOREE ML T7/20IZ, burn-in THRELZEEE D ETOY > FVIdEET 5. /-, ACHE
EHREL, B5072Y 2 7O thining 217\, TOH Y IVIOMRHEEZHEEMHE L T5. AL TIX
burn-in % 20,000 [#] & LT, 20,000~40,000 [D 5 555 1,000 [FOfETY > IV E2EEL, £0
EYAMEE EAP HEEf e U7z, REET IO MCMC 7V 3 XL OHHE 2 — K% Algorithm1 (277

AT SR ER
7.1 FT—%

FHSEER T, TR oI I VI HIFEORFE TS NEWRIZ TR ST 3 /7Hﬂ B35 L — AR
I8 HBIZIDOWT, 3BETRUAZVATLAZHAVWTEE T — X2 NELZ. FHE T TEROMARER] [%&
43I while W — 71 Tfor v—7") TEEH) TEEEL - AV RIFOH L] OXXFEIZDOWTEY L, &AfEE%
2B, WIHT AN —ARBEIZEE TS, 270, ZBBOMAHR ] [5&4:20 while L — 7] [for
N—T1 3% 48, g TEA% - AV w RIFUH L) TIRE 3SEVPH-EI NS, BB & U TEEERD 5
LETOOHEL L Y POWNEEMNEIZR U, £72, EI O Y MREKREFHIIB TS b RLT

EEREZR 1ITRT.

HHDOE > MK 1 Ol EEW®&5:,fﬂf?:Vf®%wmﬁ%ﬁ’ﬁw1®ﬁ%%%ﬁTé.t
v MERBEEE UEGAICIE, HELAMNDO X112, TR7 5 LADEITOEIEIZOWNT, 2 ERER L

F£ 1 ZFEIBIIAe Y MY FRLUTOESR

EE 1 2 3 4 5 6
b MK 8 8 8 9 0 11
EZEE (%) | 60.0 66.7 653 46.7 50.6 46.7
e 7 8 9 0 11 12
b MK 9 8 3 12 12 13
EZEG (%) | 547 54.7 50.6 53.7 48.0 80.0
e 13 14 15 16 17 18
v MK 7 0 1 6 9 8
EE#EG (%) | 813 86.7 49.3 947 80.0 49.3
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TWL., EIi DY NI K DL &, 285 j Py bR UTERLEGHICZ¥EEE j 08T
Zr;=0&L, BV M EPRRINEZBIZEBLZGEE 1) =k BREOE Y PRI NTHIR
f:i%é‘i Tji = K+1 tj_é

::nm \“

—X
&L

72 FBTHIKRBRV AV RIYAXEEEBNIA—FDRE

SETHRARZE B, BEETIVIE, REIME 0 »WFEITHET 2B (7 + Y R UY 1 X)L OfEIZ & -
THERZETNERS, 2, ETNVILIZRIDEER NI A—X § OREME BTS20, HEA L
LS DMALDLEERDIVBELRDH L. BEETILTIE, M=oV I F—=RBDBT 1V RPNk

TEHT 728, FURE® AIC, BIC & X OREKDE TIVEREHETIE, o OREEERDLZ L&
MTEHWV., £IT, KFETHE, UTOFHTEHINS FHIEELZRKIZTS L & § DAEDLER
BodfEE 5.

1) L&6Z5ELT, EETNVOHRINTA=RLLY FXTA—=K%E MCMC 7V 3V XL TH
ET 5.

2) REETIVEMAWC, 28Ej»fEic {2, , 18} BTk ¥ ke {0,1,--- ,K} CIELT 51
B Py KD, Py AL By b EE2PRRMEE Y M E,; 25,

Zj, = arg max Pjju (11)
kef{0,1,- K}

R, Py OFSUCRIT &L EEOMS 0, 13, -1 BHOF—2 20V = {20, 255 1)
ZHWTLATOD EAP #EETRD 5.

Ojc = B0 | =\ Y]
I 0,9(0,0L(2 Y | 6,0)d6;, (12)

fj;o g(Gjt)L(wY_l) | 0;¢)db¢
Z Z T,
1) i—1<LDrx
00 ~ N(0.0,1.0) (13)
i—1 K
L@~ [ 6;0) = T] [T (Posun)7 (14)
i'=1k=1
2) i-1>LoDkeE
9~t ~ N(@jt,l,(S) (15)
L(x{™ | ;1) = HH&mw (16)
—i+1 k=1

EBzIE, RbhORISIE —2.5 < 0, < 2.5 TD 100 miD X5 KEEE AW OELUEE KD 5.
3) FEEHjORE ITBILEEO v MR, L FHRAE Y MIE,; 2HWT, &RE B
5 —8H ¢, BIRATRD .

1 J

=7 > (@i i) (17)

j=1

22T, (i) i oo BBT AL L, FITHRVEFIZ0R L BEKLT 5.

298



2. YHIRIHE Y MO THIKEE

VR ANAE )

delta 1 2 3 4 5 6 7 8 9
0.1 |521% 63.4% 65.6% 65.1% 64.3% 64.0% 63.4% 63.2% 63.3%
0.2 | 54.6% 64.2% 65.4% 64.7% 64.2% 63.9% 63.3% 62.8% 62.8%
0.3 | 54.7% 63.1% 65.3% 64.4% 63.5% 63.5% 63.0% 63.1% 62.8%
04 |57.1% 63.1% 65.0% 64.3% 63.3% 63.7% 63.0% 62.8% 62.8%
0.5 | 55.6% 64.0% 65.0% 64.2% 63.2% 63.1% 63.0% 62.3% 62.2%

delta | 10 11 12 13 14 15 16 17 18({€kd IRT)
0.1 | 629% 623% 623% 62.0% 61.9% 612% 61.3% 60.8% 60.95%
0.2 | 625% 61.9% 62.3% 61.8% 61.7% 61.0% 61.1% 61.2% 60.95%
0.3 | 624% 62.1% 61.9% 61.8% 61.5% 61.0% 61.0% 60.7% 60.95%
04 | 622% 61.7% 61.9% 61.8% 61.1% 61.3% 61.1% 60.8% 60.95%
0.5 | 62.3% 61.9% 61.8% 61.8% 61.4% 61.2% 61.0% 60.6% 60.95%

# 3 WEI L OTHAA L v MO T HIEE

E2  REE3 #FE4 FEs  FWEoe BWEr FEs  HE9 #FE 10
REETINV(L=3,6=01) | 527% 63.9%  46.9% 50.9% 68.8%  55.7%  62.7%  48.3%  57.2%
KD IRT €TV 34.2%  60.3%  46.3%  45.4%  64.8%  52.8%  52.7%  46.7%  56.0%

DA 38.7%  30.7%  9.3% 1.3% 1.3% 8.0% 8.0% 0.0% 0.0%

A1 12 BE13 iS4 HE1s HE16 #E1T HE18
REETNV (L=3,0=01) | 493% 79.7% 83.5% 87.6%  50.5%  96.0%  91.6%  69.2%  65.6%
fEkD IRT €5V 40.2%  67.0%  83.0%  87.6%  49.7%  85.3%  90.7%  69.0%  60.3%

DA 0.0% 0.0% 1.3% 0.0% 0.0% 0.0% 2.7% 1.3% 5.7%

4) FIE(3) TR BERELTORECOVTIEHL, RETFLOFIME c & LTRRAE KD 5.

1
c:ﬁZCi (18)

#2112 Le{1,2,--,17} £ § € {0.1,02,0.3,05} KBTI 2 FHKEE c 2R7. TIT, V1V Ro¥
A AL =18(2iE) ODREET NI, RKOIRT EF N L KT I LICERI NV, RERTH,
5> 0.5 DFERZRLTWARWD, § 005 X KEWVWERIEX, ETOT—RAIZBWT 6 =0.5 & KEME
T2 2MERLTNS.

F2&Y, THKE cHBRKREZEDIE, 714V RUY A X% L=3, BBHEOEHIEEZ =011
REETNVTHY, RO IRT ET N LD KIFIZFHREENKEL TWDE I Lhbhrs.

7.3 BREIEOFAEY MO TFRABE

AHEITIE, Bl LY 2HAVWEREETIV(L=3,0=0.1) 2RO IRT €5V, ERKOXAF3Iv
ITRAAYVNFE[AIZOWT, FifioFHEERETFIE (3) THONIZFEIT L ORI v MO Tl
W o, Z M3 5. 72770, WEDXAFIvITHARAY NFETIE, ZEENINE TRV E
THHAUZe Y MIOFEEZROFETOFRFHA e v e LT, FIE3) TTHKEZKRD 5.

FEAERERIITRT. £3 L0, BETTINVEETOHEREIZEWTHRED IRT TV & O &\l
EERUZZEWbnrd, 12, EDOEXALFIv I THARXAY NOFE (DA) T, REETN, KD
IRT €T WIZHARTEL K FHKEE RN Z D301 5.

ZIT, BEETNVERKDIRT ETINVDNT A — RPEEMORHRE T 572012, REETN (L=
3,0 =0.1) LHERD IRT ETNWVIIBIT BT A—XMEMEE K 4ITRT. K4 LD, BREETILVTIEREE
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DIRT ETNVED Y PRI A=K by, MESHESNBEMPHS. ZOBEHIZOWT,
MDD SN 5.

R

=
A
B
o
=

F 4 EOFRNIINTA =R q; LV RMINT A=K by,

ek IRT £ 5V

| a bio bi1 bio bis bia bis big bi7 bis big bi1o bi11 bi12 bi13
1 120 | 1.83 1.10 058 037 -0.12 -045 -095 -1.36 -2.46
2 1.06 | 2.02 146 071 037 0.06 -0.56 -1.28 -1.51 -2.21
3 1.18 | 1.68 1.02 045 031 0.14 -0.38 -1.00 -1.22 -2.24
4 097 | 225 134 068 049 016 -0.22 -0.69 -1.13 -1.34 -2.10
5 1.03 | 208 139 110 0.76 0.47 -0.07 -0.18 -0.52 -1.01 -1.51 -2.30
6 131 1.69 106 083 056 0.34 0.04 -0.15 -0.54 -0.80 -1.00 -1.82 -2.16
7 1.00 | 1.86 149 096 0.63 0.54 -024 -0.57 -1.25 -1.66 -2.23
8 1.13 | 1.75 093 064 039 0.08 -0.24 -0.60 -1.60 -2.38
9 1.16 | 216 140 109 090 066 037 028 -0.01 -043 -093 -1.11 -147 -1.72 -231
10 091|179 130 1.14 0.83 058 046 0.07 -0.18 -0.30 -0.74 -1.27 -1.79 -2.29
11 0.84 | 214 165 1.06 081 052 030 0.19 -0.03 -024 -1.02 -1.40 -1.71 -2.22
12 1.40 | 142 092 084 074 060 031 0.12 -0.27 -0.47 -0.69 -0.88 -1.63 -1.89 -2.26
13 1.36 | 1.18 0.72 048 0.14 -0.29 -0.81 -1.46 -1.93
14 1.57 | 1.06 0.74 056 042 0.23 -0.03 -0.26 -0.74 -1.29 -1.56 -2.14
15 1.19 | 209 087 073 1.02 055 054 012 -0.22 -047 -0.89 -1.50 -2.29
16 1.51 | 0.71 044 024 -0.09 -0.84 -145 -2.07 0.00
17 149 | 094 076 060 034 0.14 -034 -0.62 -096 -1.65 -2.20
18 099 | 1.50 114 0.79 035 -0.18 -0.33 -0.79 -1.26 -2.49
REETNV (L=3,0=0.1)
| bio bi1 bia bis bis bis bis bi7 bis big bi1o b1 bi12 b1z
1 1.14 | 1.14 058 0.21 0.05 -0.33 -0.58 -1.04 -1.39 -2.47
2 1.29 | 097 056 -0.02 -0.25 -0.46 -0.93 -1.52 -1.65 -2.31
3 1.73 | 045 -0.04 -0.44 -046 -0.50 -0.85 -1.30 -1.36 -2.56
4 1.26 | 1.13 041 -0.08 -0.17 -0.38 -0.64 -1.00 -1.28 -1.37 -1.90
5 1.31 | 1.00 0.50 032 0.11 -0.06 -043 -047 -0.71 -1.08 -1.55 -2.35
6 1.84 | 046 0.01 -0.12 -0.29 -042 -0.57 -0.61 -0.85 -0.92 -1.00 -1.89 -2.06
7 1.28 | 0.80 0.57 0.17 -0.05 -0.08 -0.70 -0.93 -1.52 -1.82 -2.25
8 1.47 | 0.57 -0.05 -0.21 -0.31 -045 -0.60 -0.76 -1.65 -2.39
9 1.50 | 1.01 044 0.22 0.10 -0.05 -0.23 -0.26 -045 -0.79 -1.26 -1.33 -1.66 -1.76 -2.33
10 1.16 | 0.76 043 035 0.18 0.06 0.02 -020 -0.36 -0.39 -0.74 -1.26 -1.78 -2.31
11 1.00 | 1.24 086 038 0.22 0.03 -0.09 -0.12 -0.26 -0.40 -1.19 -1.51 -1.74 -2.24
12 2.11 | 0.22 -0.16 -0.18 -0.21 -0.24 -0.39 -043 -0.65 -0.72 -0.79 -0.87 -1.74 -1.88 -2.07
13 2.12 | 0.03 -0.30 -041 -0.57 -0.77 -1.08 -1.54 -1.69
14 2.78 | -0.06 -0.28 -0.38 -0.42 -0.47 -0.53 -0.59 -0.88 -1.29 -1.45 -1.96
15 1.60 | 1.02 039 013 030 0.09 -015 -045 -0.66 -0.77 -1.07 -1.57 -2.23
16 2.59 | -043 -0.65 -0.71 -0.80 -1.31 -1.52 -1.75
17 2.22 | -0.06 -0.18 -0.27 -0.40 -0.48 -0.79 -0.94 -1.16 -1.87 -2.31
18 1.01 | 096 069 043 0.09 -0.32 -046 -0.87 -1.31 -2.52

7.4 BENME O DHE

HIEI T, BETTIUBMED IRT ET ML TEHEORT7 4 —< VAR EMIZFHTEZ 2%
MUz, F72, EINDET NI A—ROMEDAEREZ R U, KEITI, BEETIV KD IRT €
T THE SN DRENHEEMDAERIZDONWTERT 5.

ZIZTIE, EROIRT ETNE 6 =01 ICEELZHEDREET IV (L=15L =10,L =6,L =3) %
FAWT, & (= {1,---,18}) B 2P EORENHEEME X (12) TR, FREZ L ICRESHEEE
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D EFH Uiz, #ERER 5IZRT.

P55, fKDIRT €T IVIZFEEBRBIZBE VT 0 WRESELHLTWLE I LD D. —71, R_RE
EFIN T O ODEBHNS L, HEREIEDPRZIZEAT 5. 6D IRT € TV IS HEEH D EDORE
FE X 0 BRFMIENDDIZX L, IREETNCTIIRENEDLET) T A — & % il U Tl % k) 72
DNORMEOEH 2R TWD. BIFITRULZMEKD IRT ETIMIE T DY bXT A =& by, OKH#E
TN, BEEOBKEENENTH D EEZSND.

(=)
& |- #EERORTEFIL
-4 =15
-+ L=10
-~ =6
° -%- (=3 ) B
s 2 URORTEFL [o_ /o,
s H St L=15
& f
2 .,,+,..+.v.+...+,..+..-+”+
3 2+ A AT B L=10
o L L A “. ‘-" - L:e
(0] + + )
5] \b——&—e—e—+4_e,e__o__¢'e ©
E X Xm0 Hem Hm - R - S K - K K RN R K
| =
o

5: FEEDRIEDHER

7.5 FRIFAEY MROBREST

T3ETIHBEET IV (L =3,6 =0.1) LD IRT €TV & O EMEIZEHED N7 —< v A% THlT
52 mU. ZITIE, BEETINV(L=3,0=01) KD IRT ET VL5 FRIFIHE Y D
MAEENNTBEDIL, RETVZLEFHIRHAE Y VEBEBROMMAL v M & DL h o B EDEH
B LD o FEEDOE G EZRDT.

FiRZ2 R ITRT. lextra) FREHETTHRH L > MDY EBROFHE > MR E 0 & o E&E2EL,
missing] 1 FHFHE > MEPEBEOMHE v M & v D aroEEGE2RS. K5 L0, REET IV
(L =3,6=0.1) ¥ extra BN E <, missing WREWZ &h 5, BERb v MR /NS S A
WChHBIEPonb. —H, RO IRT €F NV Tlkextra BAE L, BERE ¥ MR BAIZ TS 26
DHAINS . HERD IRT ET NV TIFRENMHEDO LT 2 ZRETIZ T A —XHEEIT>TVWD DT, FE

# 5 FHRIAHE ¥ MEOBKTHIER &S TR

AEE 2 B3 FRRE4 FEs Be FRET eSS 9 10
BEETI extra 4.1% 6.5% 9.1% 2.7% 2.9% 3.2% 2.9% 6.3% 2.9%
missing | 43.2%  29.6% = 44.0%  46.4%  28.3%  41.1%  34.4%  455%  39.9%
PERDIRT €TV | extra | 29.3% 151%  87%  13.7% 141%  83%  183%  155%  7.5%
missing | 30.1%  25.1%  45.9%  41.3%  19.7%  39.3%  292%  37.6%  37.9%
A1l PRl P13 P14 FE 15 P16 HE1T BE1s ¥y
BEETI extra 3.5% 2.9% 0.1% 0.5% 4.8% 1.1% 1.9% 3.1% 3.4%
missing | 47.2%  17.3%  16.4%  11.9%  44.7% = 2.9% 6.5%  27.7%  31.0%
RFDIRT €TV | extra | 21.9%  20.7%  3.3% 4.0% 3.5% 12.9%  2.7% 0.4% 11.7%
missing | 37.9%  11.9%  13.7%  84%  46.8% = 2.1% 6.7%  305%  27.3%
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BROBESIMEDEFNTIE L7z V PRI A—XPHRESNTE ST, fAEEHNIE TV eERILND.
Ueno and Miyazawa[10] &A@ E2 G L@/ iE & T, &N AN FZEME (HT - F#ER T2
FDER) BRWIEERELTWS. Zhky, FHIRIHE Y MIOHERENEL, by MUE#ENS
W& BIEMD D HIREET IV (L =3,0 =0.1) T, HEKD IRT IZHARTEWEEGESIPRTE 5.

8 LIV
A FIvITHAAY ML, BEOFHEED» S RGPIHILEFEEDNN T A=<V A2 FHlITHZ
ETHDEVWRD. KX T, FHERET — X X HENEMREEZ2 AWy MERBOFEEEDIE
Bz TS 222 2HME Uz, BARIZIE, ZEZEORIIEEBRZIZBEVTEIL TV
T 2% EHE KGHEGIC AR A, FEFEORNPERN IV 7@RIZHE > TEHT 5 2 E L7z, #Hil
WENTL I 7 IRT EFVEELELZ. BEh<)la 7 IRT EFL TR, fEEDIRT EFMIZBEWT, ¥
WREZ K o TR H ORESMEDE KGR £ 72 128/ NGl S 5 Z & 2l 572012, FHEBRIZE T 568
THEDEE R % KT 2 AT A =R § &, FEBRIZBWTH DR TOEEZORIMEL T 5
EEZONDHER (V4 VYR IY AR L ZNRTA—REUTHZICEALUZ BEETIVIE, V1V Y
VARAL EEFNRTA—R§ 2T =06k T 52210k -T, BENHREICHHAT2¥E T — 2L
BENEZ DT ED ML — NA 7 OREZ ML, SEFIERFEBRERITLZ LV AHEL L5
KX T, BEEFTVEHVEFZBRIZE>TUTR2RE L.
1) BEEFVIMEKRD IRT EFNVDNT 4 =TV ADTFHKEEZ KE WET LI 2R U
2) FERT-RIIREETNVEBEMTEILI2LD, HERD IRT € 7 )V T O HE 7 HEEE D i ol 3 % |5
5 ZeNHEEE R D.
3) AKX TIE, BEINEZZAFTIVITEAAY ML XBBOFEEFEDO T+ —< VAP HI% M L
S cArAd
FEEEORGWTITHEM L, FEMROF M2 SBOBEEL U\, BIEHPNTIERER L Mo A 205
METIER L, 2o nimnk SR, FIEPHAMLI N TOARWEERRIZEL TWE. £0D
72, TuTIIVIO N —ARBIZRS T, BUERPIEs CEMER BRI IGHT 52 e RN TES
[20][21]. 7z72L, Ueno and Miyazawa[10] THFE S N7z AT AT, bR EIEE—RIZIRE L
BWA—=7 Ty FOFEIITESETERY, JTE, A= VIV FOREIIHLTET TR2AA Y M
K0 R E M &4 S EHE KGHGRAER L TN T WS [19][22]. RBFIEIZZ D &S BFEEZRD AND T
CIZkD, ATV ROFEIHINT IV AT LAICHETEZ B 5HBOREE Lz,

S XXk

1] L.S. Vygotsky, Thought and language,Harvard University Press,1962.

2] L.S. Vygotsky, Mind in society,Harvard University Press,1978.

3] J.Bruner, The Culture of Education, Harvard University Press, 1996, 1996.
]

4] D.Wood, J.S.Bruner, and G.Ross, ” The role of tutoring in problem solving.” ,Journal of child
psychiatry and psychology, and allied disciplines, pp.89-100, 1976.

[5] A.Collins, ”JS & Newman,SE(1989).Cognitive apprenticeship: teaching the craft of reading, writing
and mathematics,” Resnick, LB Knowing, learning and instruction, pp.453-494, 1989.

[6] A. Brown and R. Ferrara ” Diagnosing zones of proximal development ”, In Culture, communi-

cation, and cognition: Vygotskian perspectives, J. Wertsch,ed., pp.273-305, Cambridge, England,
Cambridge University Press,1985.

[7] D. Wood, ”Scaffolding contingent tutoring and computer-supported learning,” International Journal
of Artificial Intelligence in Education, pp.280-292,2001.

[8] HEEFE L MAEER, "HHKIGHERE AW CHEIGH e > N 2R T 2 RGN Y AT L7, B E R
FF 2 XEE D, Vol.J98-D,No.1,pp.17-29,Jan.2015.

[9] M. Ueno, and Y. Miyazawa, ” Probability based scaffolding system with fading”, Artificial Intelligence
in Education - 17th International Conference, AIED 2015. pp.492-503,2015.
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[10]
[11]

[12]

M. Ueno and Y. Miyazawa,”IRT-based adaptive hints to scaffold learning in programming”, IEEE
Transactions on Learning Technologies, vol.14, no.8, Aug, 2017.

WHET MBERE XA Iv I T AA Y FDEOHOENT L7 IRT €577, EFHEREEES
A SCEE D, Vol.J102-D,No.2,pp.79-92,2019.

TG HALEEHEE R (TPA),” 5 QB H AT & B BRI AL P 22 e O S B - 3BR HH G P 5 AL B HE it
BEME (IPA), https://www.jitec.ipa.go.jp/1-13download /hani_
ver4_0.pdf, 2] Aug,2018.

F.M.Lord and M.R. Novick, Statistical theories of mental test scores, Addison-Wesley, 1968.

F.B. Baker, and S. Kim, Item Response Theory: Parameter Estimation Techniques, Second Edition,
NY: Marcel Dekker, Inc,2004.

F.Samejima, " Estimation of latent ability using a response pattern of graded scores,” Psychometrika
Monography, no.17, pp.1-100,1969.

S.Impedovo,A. Ferrante and R Modugno,”HMM Based Handwritten Word Recognition System

by Using Singularities,” 10th International Conference on Document Analysis and Recognition,
I%DAR’OQ,pp.783—787,2009.

J.Ortiz, A.G.Olaya and D. Borrajo,” A Dynamic Sliding Window Approach for Activity Recogni-
tion,” UMAP’11 Proceedings of the 19th international conference on User modeling, adaption, and
personalization, pp.219-230,2011.

R.J.Patz and B.W.Junker,” Applications and extensions of MCMC in IRT: Multiple item types,
missing data, and rated responses,” Journal of Educational and Behavioral Statistics, vol.24,n0.4,
pp-342-366, 1999.

M.Uto and M.Ueno,”Item Response Theory for Peer Assessment” IEEE Transactions on Learning
Technologies ,vol.9,n0.2,pp.157-170,2016.
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WA, B, B, RAREHE RIS e N ET — 27— b EHW#EEN 71 7T 3
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Knowledge Tracing @ 7z & @ Sliding Window 231~ )L 3 7 IRT

1 FL®IC

A, AV =X Ty MNaROE R R>TAHY I VFEEV AT L EAWZFENLED,
REOZHERET — R (FHEORFEANDKIET —R) ZRBIATTED LS T o7, ATHIBEDE TIX
FET—REQNTEHILICLD, FEBRIIB T 2 FEEORNEPHFRREZLEL, RAIOREAND
Rtz IS 2 Z LR E o T b, HEIIEFEE ORIMEXHFRRELZLES 2 Z L THEEDR
HAOHEERFE L, BAORRIZEERIGEEEITO Z VAL 25, FEBRIIB T2 8EDFEE T —
20 o BIIEDREJ AR KGRI G % #EE 9 5 FILITHERN T 7o —F ([1,4,5,6,7, 8,9, 12, 13, 25, 26, 28])
ET4 =TT —= 77 Tu—F ([14, 27, 29]) IZKAITE 5. fiERKT 70 —F Tl Bayesian Knowledge
Tracing (BKT)[4] &£ HH KB (IRT : Item Response Theory)[1] 2RI 6T \W\W5. BKT 3% E#EREIC
BIIAFEEOHREOLEA 2BV ATEFNVTERE UL ETVTH 5. FHEDBEMIIZ
BEIRAF )N 2 EOREEF L TW L0 EL, REANDEEMHREL PS5, IRT IZBED¥E T —
R % FITFEB ORGIREE R THERRBENAEBEHE L, RANOFEANDEEHRO P27 BHET
VTHL. LU, BKT TIZFEEEDHRED 2 HDOADFENLEH TRE I N TS D, IRT TIZFEH
FRIZHB 1T IR BEEDZEAE B S N T WA, TD7d, BKT, IRT X5 TORESER A
RO ZE M EFIIIRBT LIV TERVE VWS HEND 5.

WA, FEERE T OFEEEDRIMEZ R~ IV 2 7RI > THRERIZ (LS B2 fdh <)L 2 7 IRT (HMIRT
: Hidden Markov IRT) MEEHRE TN T WS [5, 6, 8, 9, 13, 25, 26]. HMIRT I3 H175IK 8 % il TR BT
U7z BKT O—f&fk, GEIMEDRRINEZEZER L 72 IRT O—RILTFIETH 2 LR TE 5.

—}, T4 —75—=v777u—F &L Tk Deep Knowledge Tracing (DKT) BHI SN T2 [14].
DKT @£k DFHE 7 — 2 L RHEZ ML, Long short-term memory (LSTM) % Fi\ T # 35 O KGR
EEHEL, RUOHEANDIGE FHIT 5.

EAEDZETIX, INSDMRNT Tu—F T —7 ==V 7 70 —F O FHNKEEOEBAED
MINTHY, &7 70 —FOFHNEE % I U 72 EBRATTHhNT WS [25, 27, 29]. Wilson & [6, 25] I%
=7 70 —FFike UTIRT, #HE/ 5 A —XIZHFT 7 % 5 U 7z Hierarchical IRT (HIRT), it
EO¥E T — 2 % 5T 0% £ DHr 727 HMIRT (TIRT : Temporal IRT) & DKT & O g6k % 47
W, 3DODMERINT 70 —FFENDKT OKE%Z ERS 2L 2R U7z, S5 DKT IZiEFa—=v IR
TA=ZDELL, TOHREPHLVWEIERIL TS, 72, DKT THE I NE /3T X — X IIMIR ] gEME DS
BWZ & HMEEE LTHEF TV,

EE, DKT O FHIKEE 2 EXE 57012, EAFINVOBERELHEFT S Memory Network % 7z
Dynamic Key-Value Memory Network (DKVMN) MR I TW5 [29]. & 512, DKT ¥ DKVMN ©
NT A= ZOFRA RN % ] X872 FE e LT, DKVMN & IRT %#l#A 417z Deep-IRT [27] D32%E
INTWS. Deep-IRT IZEWFHEE L XT A — X OMRATREME AW L TWA Z e BRHEINTE D,
HEHZEDTNS.

Bt Tl & Gl d 5720121, FEEEFIZE T 2 2EFEORNIMEL\LZ ERICIET 2 08X H 5.
D7=dITIE, RESMEREE DBRIZFHEEIET — X 2 YN SH U RITER S RWv. ek o, FEEORE
NPFEEREHN & > TELT 256, HWAEHBRET — X IBEORNZEL KLU TWARWEGED
HY, POMEDT — R EHNMEHEIZHCS D (EOBEMITOT — X 2 50T 25) 12k >T, KIE¥
HREEPZLLTLE IO THD. TD1D, KInTHREZRKRET 2 L5 ICEDRRMFTOT — &
EIRHIT 20 ERDRT IR SR,
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LU, BEINIA—RE2LODMEFETRIFHREZRRET 2L ICEET X DOEMETS 2L
WEEL W, BIZIE, TIRT IZEGEO KNS A =X 2KDD, —RIEGHEDOF 2 —=2 7T A =K%
BRHPHDIAT ED72DICRET 200 L\, £/, T4 —TF—=V T FiEIL lorget gate] &IF
ENDEHINT A=K %EE D, forget gate IFBAEDRESEI B EDFEE T — R ENZITKIFT B2k
DERTA=RTHDBEN, T—RANDT v T4 V7 2mblbT s L ICHEINTED, KEMIRE %
AW FRIORELIZITONTVRNZD ML ==V 7 F =22 U CGRZES 2 2 3 afREtE2H % [29).
DKT TIE@FHEEH DI Ray TT7 Y b REDTRPINTVED, TN5E2HNTHEH T A —
2 O T BB AL LR 12 S M T WA, DKVMN % Deep-IRT (2 513 2 551/ X — X 3 TIRT
EFABRIZ N T X — X DRl I DR ER D K 0 7=, BBV L .

Is DR Z RS 572012, KiX Tl Knowledge Tracing D7z @ Sliding Window 2 <)L 3
7 IRT (SHMIRT: Sliding HMIRT) %253 % [31]. Sliding Window 77 2\ Ei UL X5 5 ALE, @15 T
FREDDPHETHOONDEFIETHY, BELZEID Window BWEEHEOFHERET —X E2BH#L,
Window WO FHEET — X O A% W TRESMERT %175 [3, 15, 17, 24]. 2F 0, Window 4 DFEE
JET — 213 5H9 5. Window size [JBEDFEEGET — X DSHEZRET 57 A=K THbY, FHN
BARIZE D XD ITRE T 208N DB, KX TREINT WS Window size |3l B2 BEHUE TREL
N57-0, EEEOSH AT A =& KD BERHPAIVIE L, RERGER E2HWTESICRE(LT S Z & T
E5. ZDLD, NIA-XDOBEREHSIENTELILHRETH S,

AWE T, T TEEBERETOEEEORIMEHEEIZHW SN T E 2 Fik (Logistic Hidden Markov
Model [12], IRT [1], HIRT [25], TIRT [6], DKT [14], DKVMN [29], and Deep-IRT [27]) & $REF-3 & D
TR E R Z TS, FHEIAM - FEER - FEROR R4 08T — X 2HWTERZITV, RETF
EOEHMEZERT.

772U, ¥5 [30) TH Sliding Window BEt <)L a3 7 IRT 2R L TWa 2%, @ikt v b2 iRT
572D Y NETFTILTH Y, Knowledge Tracing D7z DARGHD HIW & 1$H4R 5.

2 EBFEDBENE (NHRE)HEETIV
ARFETIE Knowledge Tracing (2B S 2 BEEX HIFIREEDOHEE €TV AN T 5. AL TIEFEE ERE
FoRIIPIIBEBERE I, BERE M 2 EL, U OBRE m KT BET— & 1 BT T
*7.
1: PHEDFEEm ITIEE
T Vo0 Rab

X:{xim};(izl,-..’I’mzl’...7M)

2.1 Bayesian Knowledge Tracing (BKT)

BKT 32 E @R COPEZOHFREOZ {2 BN VA TETIVTREALZBIEETLTH Y, Y
FHOMEDEREIET — 2 5 5 FREMRPIT BB A X)L (FIZIEEHRTH L TN, ME, BE, RE)
RE) NOHGIREEZHEET 2 [4]. FHEORPABRAFNVEFAET 5 Z L TRICFEEVR O MO R &
WA PRIT S Z A HERICAR S [2, 11]. BKT TRZFEEVREHTE2AF L E2EHBFLTWE2LTY
RN E 2MEDRNEBTRET 5. IEHETIE, FEECHEDME~ DR E ZE U 72 BKT OILIRFEAD
REINTWS [T, 12, 28].

BRBLF LWL L LT, Pelanek & [12] 1X BKT (2B 1) 2 HFIREOZE(LZ & 0 iEMICILET 5720,
HIGRIR AR % B PSR AR BB I HER U, THRIKSHERD T VA7 1w 7 BEBUZHE S Logistic Hidden Markov
Model(LHMM) % B L 7z. LHMM (¥#8#% L EOMBEEZ X #I 0 FHOMAEEZ T A—RE L
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THAAATE D, FEORMZZRBUZHELAREL > TWD. FHE  ORERIREY s € {1,--- |5}
ThdrE, FHEmMIZEETHHREUTTERT.
B 1 (1)
~ 1+exp(—a(s/(S—1) —b)
ZIZT, SIRHERRIEDBPEE, o 1FFMI NI A =&, bIZHBENRTRA—RERL, Zim 3FEE D
SR m AT B HIERIREENME s 2 & ZHERE R E RS, LHMM TIXHAGRREEDE T & 2 DL EDER
BRI SZVWEREINTE D, MEREDERMHIREINTVWAZERSETIVE L TOFRMMEIZKRITS
EWSTIEDNRDH B.

2.2 Item Response Theory (IRT)

FRTRY AT LAOPATIE, IRT IXBEEDOFE T — X 2 FIGREEEH ORENR T A -2 2 HE L, #
HEOPENDOKIET — R LD REIHMEZHE L, REOMENDKIG% FMlT 5 [22, 25, 30]. IRT 13FHH
DEESIE % RN A B CHE T 5720, BKT THE I N5 2 HOEEHUE D HIFRIRBRR N A & » FikR
IR RE L 72 5. ZZ T, IRTDHFTE —BRIIZEZSHVWONE 2BEA VAT v Z7ETIVIZDONT
HHT 5. 2RO YVAT 4y ZETIVCIE, BEIME 0, DFBE i FRE m (IEE T AMERE RN TR

1

1K$M1:1|9”::1++mp(*mnWi*me )

ZZT, py \FFRE m OFAIINT A =R, by, [FFRE m OEEZ LN T A =R, 0; 1$7EEE i OREIHEREN
BRERT. HEHNT A=K a, by [ FFET — X SHATITHEE U722 V5. BRI IRT T
MR TOFEZEORNEILXEEMETH 5720, FHEORIMEZIEIKM I T VR,

2.3 FTA4—T53—=VIFEXK

ARETE, T4 -7 7=V T &AW FEEORIEHE FIE (DKT,DKVMN,Deep-IRT) % #H/13
5. BKT ZEAFNDT =R EJZIZANTEZEUNTE R o725, DKTIZETDAFILDOT —X
ZFRIFFIZANITE S [14]. 7z, DKT 3ZEEEDOHFIREZ Long short-term memory (LSTM) D ikt
R E UTHREL, THIKEED BKT 2 L2 Z &P REINT WS [14]. LA L, DKT OHEEMHEIZE A
FILZFIGLTE S S, MIRAEEMEMEV & WS fENH 5.

EAE, DKT OFHIEEZ M LI 572012, £AFIVOEHBREZ 17T 5 Memory Network % A\
7z Dynamic Key-Value Memory Network (DKVMN) 23R X T\ 5% [29]. DKVMN (d & W\ FHINEE %
RTZEDRFSNTWSD, DKT LHERIZ/ST A — R OBIRAREMEIME N2 WS R H 572, £ T,
DKT % DKVMN D35 A — X QR gelt: 2 1 E X872 Fk e LT, DKVMN & IRT ##lAas&hE7
Deep-IRT [27] BMRE I N T 5. Deep-IRT 1F &\ FHIFEE & X T A — X OFERRATREMEZ M L TWa Z
EHBEINTED, HHEEDTVWS. /-, EARNTHFEKRIZ Deep Learning & IRT %2 AE&HE /-
Item Deep Response Theory Mg I N TW5 [32]. 727Z2L, AFEIET A MGRE L THFEINTSED,
REJIE D RRAIZEALIZ I3 IE U TR,

T4 =TI ==V FEPECTFHREE 2 RS EEO—DIZ, BUEDORIMEIEEZDOFEE T —RIzEh
EIHKIFES 20 % kD 5 I5HIXN T A —& Tforget gate] 25D ehEIFoNnD. LAaL, DKT TET —
RANDT 4y T4 V7 2miilbd 2 X ICHREINTE D, KEMGER 2 AWz FHlORELE LT\
WD == T = RN U TTREE &R 2 SRR T T B [29]. DKT TlEFEE 2B <
ZOIZRBY TTY MR EDTRPINTVWEA, INSEHVWTERHIT A —ZOFlEHEIZEE R
PNZIRAREE X 172\, DKVMN % Deep-IRT 12851 2 mHIN T A — X GEGAE» OBMREMLBIE K TH S
7= D EGELAYHE L.
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2.4 BRI IRT 57/

—75, A, HERWNT To—F T, FEHEBRTOYHEORNEL(ELET 572012, FHEDREN
A EZRNTIL AT ET IS TEMIE SN~V a7 IRT(HMIRT : Hidden Markov IRT) »342
EINTW3 [5, 6,8, 9,13, 25, 26]. TN 5 DE T IVIEEEE O MR 2 HEEDORNERTERILL /-
BKT FEDO—-ILET L EHNZ 5.

Wilson & [6, 25] 2322 U 7z Temporal IRT (TIRT) 1%, ¥#8 7 —XDEH/NTF A —X %% D HMIRT €
FITH O, FHORBIFRNC X > TEEIERE IV S FE T — X 2 B2 CSHSE 5 FiETH S, TIRT
TRt CORENDPHEBHLEZUTD LS IZET ML TWS.

1

Pl =00 = 4 o Can, (0~ b)) ?)
i, = —— (4)
V14 o0aZ Ay
=L,
9it ~ N(Qitflaa-% 01'0 ~ N(Ov 1) (5)

O WXIFALt TOFHEE  ORENEZRT. A IFHEITID A ZR S S ORERMEZ XL, o 137H
T—RADRHEEZRET DEHNTA—RTHD. o lFTHFED T A—-RTHY, 0 >00D&E, Kbl
IDSEINS 2 Z & @A an, DN KRV IRLZITBEDFHET — R 25HT 5. 0 =0DHEICIFEY
F— R B U — N2 IRT & —8F 5. Wilson & [25] Tl, TIRT OEHINT A =R E2¥EHT—X
ZhRBELT 2221280, DKT S0 EWTFHKE R SND Z W RINTWS. L, —MiICdEiE
DF 2 ==V T RT A= RIBHEHFADILT E L2 E# T 2008 L Ve WS ERD 5.

3 Sliding Window @t~ /L1 7 IRT
(Sliding HMIRT)

HIEE T FEE B TOEEFDORENMEL/L%E €T VL L7z BKT, HMIRT FEXFEE T —XOEHINT
A=REEHDOT 4 =T 75—V FiE, TIRT 28N L7, FEEOREANDOKIGZ EMIZPHIT 572012
&, BEOFE T - REWEYNISHL, FEBRETORIMELLE X0 EMICRT 2 BELNH L. LrL,
TA—=TF7— V7 FER TIRT 2B T 5 5H/37 A =X TFHREEIZOWTOREIDPHETH - 7-.

o DREZ IR T 272012, RigL Tl Knowledge Tracing @7z & @ Sliding Window &L~ )L 3
7 IRT (SHMIRT: Sliding HMIRT) %243 % [31]. SHMIRT Ti& Sliding Window /iRZ & 0 #=HEF D
REJIEHEE 217 5. Sliding Window J5 20X HERMLIEC 35 0, @E T¥ 2 OB THWS NS FIET
HY, HELZEZD Window PW¥EEEOFEERET — X E2BE L, Window ND¥EEF— X DA%
WCHRENEZHEET 2 [3, 15, 17, 24]. 720 B, Sliding Window D E X % /89 Window size 1Zi# £ D%
BT — 2 DEHEEZRET 537 A =X TH Y, Window S OBEDFHBERET — X 2 5HT 5.

Window size X FHIKEEN R KIZHR S LS5 ICHRHELT 2 HBERH S DY, KX THWS Window size
L={1,2,--- M} ZDROMBMTREINS 2, BHEMEOKHNT A =2 &0 BERHEFHIEL, 4
MR 2 HWTAGICREI TSI e N TEL. £/, RETFHEIIEIEOEHIEZ HIRT 508085
A—Rogkbb, TONTA—XOBEEIZL> TRFHZESIENTELZ L ERMTH 5.

SHMIRT 13388 m = L DA OBEHEHEEIZHWT, K1 DX ICHEEICHW 22 EHE2 1o
592 & TREMMEDZ L2 KT 5. Z DTFiEIE Window DEEZ 4 372 & T H @M 2 @RIz o
#HIU CTHEJMEHEE 217 5 Martin 5 DFIE 8] D— b THH 5. £72, AHRD L 51T, S [30] 1 Sliding
Window BEtv<) L3 7 IRT 2L L TWE D, #iaiat Y b 2iRT 570D v hADZEBET IV
TH Y, Knowledge Tracing IZIXFH WS Z LI TE RV,
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student i’s response X;,,

@) @ @

___________________________

student i's proficiency 6;;

1: Sliding HMIRT

SHMIRT TIZH Rt IZBEWTEEE ( BE m ICEE T R P, #IRATHRT.
1
Pim ==
T (1 + exp (—am (B3t — b))
U (TFRE m OFBINIINT A=K, b, 1ZREm OHGFENRT A =R, 0, 13RSt TO¥EEE i ORENER
=9. -7L,

(6)

Ot ~ N(gitfho') (7)
91‘0 ~ N(O, 1) (8)

o WFREIEDEE ZHIRT 20 NNFTA—XTH 5.
SHMIRT (& Window size L & 3H/ST A —&X ¢ DMflAGHLEZELI T L Z & T, LREAFEEREZ#R
B2 Z e TES. Window size L 28N T A —X o ODEARIILLTOM®ED TH 5.
1) L¥ohStohan
L DINZWT2DIZ 0; DT 2HEED DL, o NS WO NEOEER S IZIFRZ Swn. Z
D7z, TNETOEEERICBEREL 0, DIFLAEELLRZWET L.
2) LANE o HKEL
L NS WD EFIOFE BRI OAFEI N, REICH U TEIAGEORENKELRD, o WK
SV O DA EREFNEZZET V.
3) L&onizkEwn
LOBREVEDIZENE TOFHBERICE ZEL2Z), REVPHEIOMITHT U THEMWIZKRELS R
D, o WREWVWED 0; BWEERfERART EAM (5 UIETAR) ICKELLHTIZET L.
4) LHPKEL o B/hI 0N
LBREVEDIZENE TOFZEEROFE LR ZIT DD, 0 NI WD 0, DAL E) % T
THETI.
TR, REMGEREZHWTEE T — X ZLICEHBFOFH 2 RKIZT 2MAGLE 2 REHEE L
THRET S, RFET, KETFIVDNRT A= ZEEIEIZDONVTHRRS,

4 NRIA—SHEE

AT NT A =X HEEFEE LTI a 7EEEE VT hba (MCMC) % O 72 A5 s e =R e
(Expected A Posteriori: EAP) % FH\5 [10, 23]. 525 [30] Tl 7 — X &7 Window size L & BEJIME
DN T A =R o ZEREZHOTRD T WD, ZET—RXDBWRICHREE, RERMAGbEZK
D25DITGRIERZ T 5 L WS BN D > 7. AR TIE, HEEIMZ L, KEBEE 7 — 218
RSB 0% MCMC 7OV IV ALTHET S, 7z, 5 [30] TIETE Lo 72FEHFE T LI



D BN PR DHGEITHNT A - X2 WREL T 5720, FEBE j 1 n BRI HEER S &
ﬁ—d—’[EH{T‘_& J; = {Jily' .. ,Jik, sy zn} f‘c&ﬁXﬁj—é.

ZIT, BNNTA—RDEEGETNFNO = {910, s ,OIT},am = {am:1, cee ,CL"L:]\[},bm = {bm:h cee ,bm:M},
BHU D% TNTI g(0i4)0),9(am), gbm), glo) ERT. ZDL &, KT —4% X, HFT—X J; %
HEUNRTA=RDEBRDMIILLTD LS ITRES.

p(0,a,b| X) x L(X | 6,a,b)g(a)g(b)g(0|o)g(o)
[T L+t+1

II II Py 1]%Jm¢)1mthn] 9)

t=0 n=t+1
[H 9(am) 'g(bm)] [HHQ(GMU)} 9(0)

MCMC DFED S L, A FBRYANS AT 4 VT AETNRIA=RWEZITD. UFICFIHEZRT.

1) #IDIZ, ERTA—XOYIMEZ FRIDAN S TV Z LY VTV V7T 5. RETIE, K587 A—
RDHEFAMIZENZIIRD K S ITHET 5.
10g t ~ N(0.0,0.2)
00 ~ N(0.0,1.0)
Oit ~ N(0it—1,0)
o~ IG(1.0,1.0)
by ~ N(0.0,1.0)

2) 0; = {00, ,0;7} ZBEDHEENE 0, ITHKIFT DIRED q(0; | 0;/) \ZLizhioTH T v oL,
PR OEIRRIZE DV TRIRT 5.

o6 6:7) = mm(uxiewﬁyﬂqniwwm7g (10)

L(Xi |0 ,a,b,0") [T}_, 9(6%)

REMEIIE NG, 0lp) ZHWE. 22T, 1, & n xn DHAFTHZRT

3) NTA=R Gy, by, 0 IZDWVWTH FRLEHBRIZY VTV VT RTS.

4) MIAEOFEE L T72012, burn-in THE LA K W RTOY > FVIdEET 5. £/, H OB
EHEREL, B5N7zY 2 7O thining 217\, TOH VIV OMMGEEZHEEMHEE T5. LTI
burn-in % 20,000 [E & LT, 20,000~40,000 [HD > HH5 1,000 BIQMEETY > TV E2EEFL, TD
EYgfE%E EAP #EEfi e U7z, $BEET IO MCMC 70TV ZLOHEL T — R % Algorithm1 1Z/5R7.

5 MR

ARETIE, INE THEBETOFEEE ORIMEHEEIZH W ST & 72FE (LHMM [12], IRT [1], HIRT
[]TBT[LDKT[]JMVMNP%ﬁmN%@JMWWDt%%?&ﬂ%ﬁé?¥%®?ﬂ%ﬁﬁﬁé
5. 22T, IRT FHEET 4 =T 77—V I FHEOEVCERT 2HELH 5. IRT FECBIT27H
FHOBEANDOKIGIIMNLTH D Z EPMBEESINT WS 7280, [ UEICHE DR UL M #3213 T
SR\, T I, FIHiE TTHRAZ IRT FRFZBIEBDAFVNEEND LS BEBRTDAF IV EH
LUTWaRW., LEdoT, T4 =77 —=V 7 FHEL IRT FETIRAFIUTHT 288 EZ ERICAT
IZHIR S B Z L I3HE L WS, RIFETIE RN A Y T A VEEERICE W TEBENDEEE O KG%E
FHIL, FHKEE DK ZTS.

309



Algorithm 1 MCMC algorithm

Given maximun chain length S ,burn-in B,interval £
Initialize MCMC sample A + ¢
Initialize 6°,a°,b°,0°
1: for s=1to S do
2 forie{1---I} do
3 Sample 85 ~ N (0!, o17)
4 Accept 03 with the probability (03 | 6;71)
5 end for
6: form6{1~-~M}d0
7 Sample af, ~ N(a3 1, ol)
8 Accept a$, with the probability a(as, | a3 1)
9: Sample b5, ~ N (b5, 01)
10: Accept bg, with the probability a(bs, | bs,1)

11: end for
12: Sample 0* ~ N(c°~1 o1)

13: Accept o® with the probability a(o® | o571)
14: if s> B and s%E =0 then

15: A« (6%,a°%,b° 0%)
16: end if
17: end for

18: u average value of A

5.1 TFT—4IC&i#E%A Window size DRE

REFHEIISH /ST A —& (Window size)L 2 ¥ H 7T — X T IZiilbT 2681 H 5. K%K TIE, 10
DEEMGETER 2TV, UTOFIETHEEINS FHURKEZRRIZT S L 258157 A — X O R#ElE

EDOBENT A=K ¢ % MCMC 7TV AL THET 5.

) TRDINRTA—=REFGELEL, ¥BTF—XOKOD 1EET A F—& & UTEEH i OREIE
6; % MCMC 7V 3V RAATHET 2. ¥8H i Hin BE M HE J, CEET LM% P, , &k
B, Piy,>0508E &y, =1, Py, <0508 E &, =0%&FHKIE Ly, £T5. Py, OF

RIS B KRB E ORESIE 0 1%, UTFDHETKRD .

1) n<LDEE
PR T, MO T — 2 &) = {2y, 2, ) EFWTELF O BAP #EIETRD 5.

1) ¥ET—2DIFZIMT -2 LT, LERGEUTRED#MINNINT A —K a, BHENSTA—X
b, #eM
(1

b0 = Elfio | "]

T 0i0g(i0) Lz | 6,0)dbg (11)
S5 g(0i0) L") | 0i0)dbi0
ZIT,
n—1
(Jin-1) _ T,
L(z; | Oi0) = H(PiJikt) ik (12)
k=1

FEEIZI1E, RPFOBEDIE —3.0 < 0,0 < 3.0 TD 100 HORXAHRBEEZHNTELEZ KD 5.
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2) n>LDO&&E
MCMC 7 VT ) XA THEE U7z 0y (t = 1,- -, T) V.
3) ¥EE I O Ji, KBIBEBOKIET =K 2y, L FRKIE &y, ZFHWT, E¥BE BT 5
—HHEHE Ace; ZIRATRD 5.

1 « R
ACCZ' = m kz_z,(/}(xinfik’xi]ik) (13)

ZZT, w(l'iJik,.’ifiJik)lixiJik é:j:iJik N—HTHLEIZL, FHOITRVWEEIZ0Z 8T 5.
1) FIE (3) TR BEGE R TOEEE ST, FUBE Ace ¥ LTRAE KD,

I
1
Acc = 7 ; Acc; (14)

LIZL=1%20EE UTHRZIZRESLTWE, Ace PRKRIZAD L 2H#EHEE UTHRAT S,
WFIEDT 2 —= 0 78T A =R LZEMGETRGEE 2 RET 2 BEDR D 555613 Ll & FRkIZHRE
5.

5.2 /NEEZRFT—4

ZITlE, e7—=V 7Y AT A [Samurail [18, 19, 20, 21, 22] Z& A\ TIEE U 72 /NS D IR 51 773
T—=REAVWTEREZITS. FET—RI0TNERFPEZHRIZ L DOBETNEINZLDOTHS. £
LIZEEE T — RO 2R 7. RPOEMRITEE T — X 2RO IEEDEE, FFEBILFEE IEF
BT U 7B Ol (FEEROEY) 2K Y. AL THW /MUY E T — X AT L2 7
PEELZWED, EFETFT—RIZ1DDAFILOANREGENS LIRET 5.

ARFEBRTIE, FFIEOFHIEE 2 KT 2 7-DIC FHIKIG L FET — X D—E#EIE (Ace), AUC, F iz H
U7z, BFEICBT2Fa—o VI NI A—ROPEE RN VLT D120, Fa—=V T RT A — RO E
50— U7z, EBERZK 2 IORT. BETEICBY ST A - X OR#EiE L = {1,2,3,4,5}
SHEEL, 70253V 1TIRL=2, 70253072 TIEL =3, MEHNATIEL=4288EE 72>
7z. Wilson 5 [25] (21 HIRT & TIRT I8} 3 F 2 —= 2 785 A — R OF#EALGEDSHT E N T O
728, ARWFFETILATIIGE [25] IZB 1T /8T A — R il % S5 2Bl AL D 5 D OER % VW 7z. HIRT
WIEFa—= VIR A=R e UTCHREDOHERE R T A= ZDNAIN=NRF A =R o, 7 FIET D, 0,7 D
BEfE I {0.05, 0.1, 0.3, 0.5, 1.0} x {0.0, 0.1,0.3,0.5, 1.0} % 5 R ZMGEZE W T THKEE % BRI2 3 25
AEDEIZHIELR., TIRT B 5T —XDEHINS A —& ¢l o ={0.0,0.01,0.1,0.5,1.0} »*5 HIRT
CRIBRIZHER U 72K, B TIL o =0.0, TN TIE o =01 DB 2572, £/2, T4—7
7 — =V I FEOBRNEORITTE L DKVMN, Deep-IRT O X € VY ORI S HEKIZ {10, 50,100, 150,200}
MORBEMEEZRE L. AT ORTEUANDTAE TR EF 2 —= 2 F 8T A — XATH5% 29, 27) T
BELINflEE AW, 72, REBRTHWEZEFEDOF 2 -V I NRNTA—XDEMEEZR 3 ITE L
7.

* 1 M FET—X
FET—X FEEH S MR R

VA=V AN 148 7 60.4% 7
Tars IV 2 75 18 65.8% 18
R 7 125 45.3% 125
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* 20 IR T — X2 BT 5 FHINEE

FET—X DKT DKVMN Deep-IRT LHMM IRT HIRT TIRT Proposed

Acc | 0.702 0.669 0.747 0.642 0.696 0.700 0.758 0.747

JusZ3Ivs1 | AUC | 0.761 0.690 0.716 0.681  0.754 0.758 0.866 0.818
F1 0.692 0.577 0.620 0.580  0.667 0.663 0.701 0.720

Acc | 0.645 0.611 0.739 0.696 0.712 0.713 0.736 0.762

JursZ3Iv72 | AUC | 0.660 0.661 0.744 0.659  0.757 0.758 0.828 0.822
F1 0.564 0.526 0.695 0.561 0.634 0.632 0.574 0.702

Acc | 0.734 0.650 0.732 0.624 0.732 0.732 0.732 0.746

WA AUC | 0.801 0.722 0.788 0.616 0.799 0.796 0.799 0.816

F1 0.724 0.627 0.724 0.531  0.721 0.717 0.721 0.734

Acc | 0.694 0.643 0.739 0.654 0.713 0.715 0.742 0.755

Average AUC | 0.741 0.691 0.749 0.652 0.770 0.771 0.831 0.819

F1 0.660 0.577 0.680 0.557  0.674 0.671  0.698 0.723

£ 3 FEBICHWEEFIEOF 2 — =V 78T A — RIGEHiH

Fik | A
REFIE L=1{1,2,3,4,5}
HIRT o =1{0.05,0.1,0.3,0.5,1.0}
7 =1{0.0,0.1,0.3,0.5,1.0}
TIRT o ={0.0,0.01,0.1,0.5,1.0}
DKT,DKVMN A E ) DIRTTH
Deep-IRT {10, 50, 100, 150, 200}

#2 &0, AUC OFEMETIE TIRT PMEEFEL D EWMEZ R UZDY, Acc & F EDFHHEITRETE
PO FHE LI L TR B WEZ R U, TIRT OFRISEET 2, FEFEOFEMERNIEZ513E
FHREEME T T2 AR SND. DX 0, TIRT LB 5T — X siIEFE@MERE NG EICEMTH
D, FEBRPEL RBIZEAEMENPRBDT L bbb, —F, BREFIRIIEHREBIEL S THE
WPHKEEZRLUTWS. REFEOREHNT A =X LIFR#EPESTH S22, TIRT ODEHINT
A—REODERHEELZEEZOSNS.

FEHFORESMEZAZZR LW IRT & HIRT TiE, Wilson & [25] TR I /58 & HERIZ HIRT »°
IRT &0 OFTPCECTFHKEEZ R Uz, HoOEBRTIE, HIRT IEMEOFIEICHARTHRE FHIKE D E W
CHELTWA, AR TIHRAKOBREG SN Lr o7, ZhiE, FEHTF—RIZ1IDDAFIVU1HK
EINTVWRWEZDIZ, HEOHRE T A —RIZBI} 5 AF VO HRIMIBEEE L 22 h - 72 2 & HE
HThdrEZOND.

£72, LHMM (3 IRT O FHIEE Z FE DR & 2o 72, Bl 2 BESUE o KGR 8 % £ > LHMM (25}
LT, EfECRENMEAZHEES 2 IRT IRHANPEL, L EORIEISENHEENTRETH S Z & dvb
5.

Fa4 =TTV I FETE, MR OEET—RIZB 5 AUC & FEMEOFE T — 22 U TH
WHEE 2R U7z, MR M0 7 — X L MR TEEERR L W EE T - Thh, T4 —7I7—=
VI FERIE BN EWNVEERRETAEMTHE L VWA S, £, TA—T IV IFEDOSL, BRHEVL
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FHIFEEE % /R U 7z Deep-IRT 1%, TIRT L BEFIEERVZHERNT 70 —F FHEICH U TEHEMRER Y
o7z, Deep-IRT X IRT FiEe T4 —7 I —= VI FiEEMARDOEZFIETHH7-0, WHEDOHRZE
NPT ETEVWTHEEZRLEZEEZOSNS.

5.3 XEBRZEZEF—4

AEITIE, AV IAVFEY AT LATIEI N KREBIBRR Y F v —2 T — X+ v b ASSISTments2009
1, Statics2011 2, KDDcup2006-2007 3 % W C FHIKE I 2175, KBIBEE T — X 072 £ 4 12
M. RPOEIRERIFEEVRE L - 2B OFIME, dhbbPHEREoRI 2R, fFHillA
X1 AF VB0 OPYIRERERT. AN=ARIZ10 A (5 N) L FOFEERE LI fEOE & %
KU, HENRTRA=ZDRDHT— 2P SHESINEEGZ2/7RT. LHMM & IRT FE2 AW EBR T,
ASSISTments2009, Statics2011 D¥EF—RIZDOWTAF VX I TTF—RE2HEL, AF LTI L
7-FETF—RERE LT TR ZIT 572, ASSISTments2009 (Z 13 EREIZHL b fHA 72 H B0 IZ A 70
AXNHIFAET D720, EBD 30 ARIMDAF N TF—X 2B W2TF—Xt v b ASSISTments2009* &
KUz, T4 =77 ==V FEIIBVWTIIRT FE e ARICRENDOK S Z AJEL 58546 L, Piech
5 [14] LABRIZBEAFIVADOKIGE AN L THEEOMADFHKEE 2R TS, AFNVASTIEFAL A
FLDTRTOBELEME AL, EOMENTA—KE2ED. £z, KIETIET — XD D 2>
572012, ANT2HEET—20LEREZFEE 1 ANTOE 200 e U7k [27).

* 4 KEEFET—X

FEHT—X FEEHR AFOVE BER O EME PHERER ASN-2%
ASSISTments2009 3,776 111 26,587 68.0%  70.8(8.62) 55.2%(33.1%)
ASSISTments2009* 2,944 49 2,635  63.8%  42.2(12.4) 0%(0%)

Statics2011 229 41 1,095  77.7% 180.9(15.3) 2.56%(1.46%)
KDDcup2006-2007 820 43 476 78.3%  11.9(11.9)  57.8%(22.7%)

BEFHETLIZHE U7z Ace, AUC, FiEZ K5 ITRT. RAEBRTEEFIRIIBI2Fa—=v I NF A~
R1EFK 3 DMl » SHEE L7z, IREFEIIBIT DR EHANT A —ROEwEEIL L = {1,2,3,4,5} 25 HfEE
U, 2@CO¥HEFT—RXTL=2%7%->7. HIRT (ZB) 5 o, 7 DEf#EIX {0.05, 0.1, 0.3, 0.5, 1.0} x {0.0,
0.1,0.3,0.5, 1.0} 7 5 RZMGEE FAWT FHKEE 2 BRI T 2MAGDEICRE L. TIRT X857 —X
DEHINT A =R g% o ={0.0,0.01,0.1,0.5,1.0} 725 HIRT & [AHIZHEE L, Statics2011 Tl& o = 0.0,
ZTHUNTIE o = 0.1 DREE L I o/z, £z, T4 —FF7—=V 7 FEORENEDORICE E DKVMN,
Deep-IRT ® A € Y ORFLES FELIZ {10, 50,100, 150,200} 2> & HodfE 2 RE L7z, A €Y ORGTHEEAIND
T REF 2 — =V I NT A= RIFFRATISE [29, 27) THROBilL S Wizl % 7=,

FEE LD, Acc,AUC,F1 OL2TOVEYETRETIEMO FEO FHIKEE % Ll > 72, Bz, REFE
RSO T 4 — 7 5 —= v 7 FHETH D DKVMN & Deep-IRT K O EWTFHKEEZ2RLTED, FH
FT—RADGHERELT IRETFHEFIT A —T 7 -V 7 FERIOMBNTHLZ b h 5. TIRT &
REFEI D FHKEIMEL, 5218 TR BV ZEEHMMPEL 23 I2ONTHEMET I 5
MAH 5. EEIEEME D E W ASSISTments2009 Tld TIRT IHBEFELVEVWTFHIKEZSRL,
KDDcup2006-2007 Tl TIRT ® AUC & F1 I3iOFEX D @V EZ R L TW5. Wilson & [25] DEERT
13 HIRT 23t IRT FHEIZHARTHRS FHEENEVWETILE LTRINT WD, AERTIZIRT &0
PR EITASNRP o7z, 2L, Wilson 5 [25] IZIEF a2 —=V 78T XA =R O b AIERHRE I 1

Thttps://sites.google.com/site/assistmentsdata/home/assistment-2009-2010-data
2https://pslcdatashop.web.cmu.edu/DatasetInfo?datasetld=507
3https://pslcdatashop.web.cmu.edu/KDDCup/downloads.jsp
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5 KB T — X2 B1) 5 Pk E

DKT DKVMN Deep-IRT LHMM IRT HIRT TIRT Proposed
R T—R item  skill  item = skill  item skill skill item  item  item item
Acc | 0.765 0.759 0.637 0.763 0.683 0.768 0.679 0.720 0.724  0.757 0.738
ASSISTments2009 | AUC | 0.800 0.781 0.659 0.807 0.710 0.806 0.737  0.785 0.786  0.804 0.831
F1 0.713 0.697 0.602 0.714 0.647 0.718 0.526 0.636  0.593  0.559 0.631
Acc | 0.690 0.689 0.681 0.690 0.681  0.699 0.656 0.701 0.701  0.707 0.753
ASSISTments2009* | AUC | 0.682 0.693 0.696 0.718 0.702  0.719 0.704  0.755 0.755  0.763 0.819
F1 0.608 0.633 0.618 0.641 0.619 0.640 0.533 0.609 0.609 0.621 0.671
Acc | 0.769 0.777 0.805 0.780 0.817  0.787 0.798 0.816 0.819 0.816 0.831
Statics2011 AUC | 0.666 0.652 0.819 0.721 0.822 0.722 0.650 0.819 0.816 0.819 0.825
F1 0.483 0.461 0.679 0.521 0.681 0.526 0.471 0.581 0.577  0.581 0.627
Acc | 0.777 0.784 0.760 0.773 0.779 0.792 0.586 0.733 0.733  0.759 0.750
KDDcup2006-2007 | AUC | 0.549 0.538 0.565 0.594 0.561  0.588 0.588 0.614 0.527 0.676 0.675
F1 0.439 0439 0.464 0439 0.447 0.455 0.319 0.522 0.522 0.561 0.553
Acc | 0.750 0.752 0.721 0.751 0.740  0.762 0.680 0.743 0.744  0.760 0.768
Average AUC | 0.674 0.666 0.685 0.710 0.699 0.709 0.660 0.743 0.721  0.765 0.788
F1 0.561 0.557 0.591 0.579 0.598  0.585 0.462 0.575 0.576  0.581 0.620

TWERWEORERIEZFHWTERE[LZITo720, Fa—= I NT A —ZDEGHETH 5 7= DI HERH
BIES BEADHE L W EDFEKRE LTEZONDS. 72, NTA=RHEEIEN MCMC TH-72Z 2 i
KD—20% LRV,

TA—T TV I FEIZBWTIE, AFIVAT (skill) AFREAT (item) % BRI KGR & 22572, &
ANDOREE AL UG EIZIEHET 237 A =X BB RIZH D EBEF 2RI 720, ELUHEEHHT
ONTVWERWAREMENH 5. ASSISTments2009, KDDcup2006-2007 TIHIRETFHEE T —T 5 —=0 7
FIEL O FHKEE K. £ 4 XD, ASSISTments2009, KDDcup2006-2007 TlE A/ 8N— ALK 5 <, 1/
B0 DIREZEDDR N 2R UTWE., 207D, BEHEEZT A —TI7—=V TFELID A=
F—=RIZH U TS THDAREMEDRDH D, — 7, ASSISTments2009* & Statics2011 T, &ifED T — &
MHHIRKEVWZD, BEFEPMOFELD SEHWTHKEZRT Z e Bbhrs.

6 RE/NTA—YIHTE

MEETT, REFERIBHAFELERUCTIRBELNGWI L 2R U2, KBTI, REFELEED
IRT[1] CHERE S N3R5 X — X 2 LR ST 5. £ 6 IJEETIE L IRT THEE S h- &/ i
BT — X DA SN A=K o LEEGHENRAT A —X b OMHBEBEEZRLTWE, X512, 2 I12H#
TINRTG A= R OWEMHEDOEAXZ R Uz, £6 X255 A=-21FT07 T3 00 2 PR
2D XS IZEEERPEWVEE 2 20N ST A — X OMBBREANE 25 Z e h 5. IRT 3%
HEETEHEORAELEE S N T WS -OFEEIEY I 2 L EOHEEIZIRT 5. L L, &
KFEENENE LT T 2 - 0FEBREDNEWVE AN T A =2 OB KEL %Y, IRT Ok
BMINTRA =R R R 5T B BRSNS, —F, Tar53I0202, MBF 2R 28T —
RTINS F A =X OHBEBRERAE V. ZhoDEHT—R1X 1 AFVH 70 OFEYMERL Dk
WZ o EEERENIEL, HEEORMEICRERENHRL /2720 ThHIEZOND. HPENRT
A—=RIFFEHOEIIZEKRR L, KELRHEBEREZRL .

7T FEREORNHEE

ARETIE, RETIE N IRT THE X NS RIMEHEEM DRI OVWTERT 5. ZOFERTI
R 7222 MRRIC B 1 2 FEEORNEZRL 2 S 572012, AT D 2 DDfEEZRE T U,
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F 6 MEFEL IRT ITH T 2N T A — ZHEEME O HBEREL

FET—X Al d e HSHE D
Tars3ivs1 0.590 0.996
AT A A A 0.359 0.985
BRI 0.065 0.948
ASSISTments2009 0.459 0.860
ASSISTments2009* 0.540 0.938
Statics2011 0.478 0.778
KDDcup2006-2007 0.463 0.882

Programming 1 Programming 2 Discrete mathematics ASSISTments2009

PR S
PR
O Ol

IRT
09 10 11 12 13
TR R N B |
IRT
08 09 10 11 12 13
T R R R S
T S R

08 09 10 11 12 13

£
Al
L
-
IRT
0.98 0.99 1.00 1.01 1.02 1.03

Proposed Proposed Proposed Proposed

ASSISTments2009* Statics2011
.. -~ .

!

!

IRT

095 100 105 110
IRT

070809 10 11 12 13
IRT

08 09 10 11 12

!

L

I

1 .

T Z( max 67, — 12}32” OiJik) (15)
ZET, Oy, WEEE A kB OB T, RS U R T ORI 2 R

2) R Ji RIS LW T ORMER B O (ZB)iE)

1
T -1 Z 10i g — Oigires | (16)

ERA2RTIORT. BIETHERBRRZE B0, IRT TREFEREPEWVIZERENIEPIPERL TV DIZRL,
REFIECIHEIEPLF Ukt 5 7-ORIMEDO DB KREL LRLEMANDH 5. ZD7D, LD 2 DODH
BUIRETFIENIRT KO KREL Lo TH Y, FEHEBRETORNMEE(LDEEZ KL TV, KIZFHE @R
DEVHHEF CIERETIEL IRT OEVEHETH 5.

S IIBERE AT BT B IRETHE (Window size L = 4,0 = 0.5) & IRT THEI Nz, H2¥FEEDRE
JHEHER TH 5. HMtllE A7 E OREE, G FEE OEADKIG, HllLEE RS, FHEE
DIFEND T FEFHE DV FREANEE L2 &2, BB L2 Elz0 k5. 3 &b, IRT IZ%EERH
LREEHED L RENEOHEEMEAINR L, ZHLRWI b1 5. —f, RETERIFEEDKIGIZHE> T
BEMENAZEF) Uil T\Wd., 3EHTHENLEED, RETFIE (Window size L = 4,0 = 0.5) 1Z L AVNE L,
o MR E W2 ORENEIXERTOFE T — R OMMIFEL, REIEORMNREEF R RKEVETILE L
THESINTVDS. B3PS EREFEICIIBNMEMIEID 5RHATEEVHSBEIZERAL, MET
LT T2MEAPROSNG. RBEFEIZERIICL D SRS A =22 R#ELT 5720, Eflo%y
WREDFEEORNELE 2 E@UNHE KM TE 20T, FHEBE NGWEFZO6ND.
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® T RETFTIRE IRT 2B SV EHEEME D2 5 (U )

FHT—X& ETN i ZH)iE
Jnu253Iv2 1 | Proposed | 1.272 (0.213) 0.324 (0.026)
IRT | 0.868 (0.080) 0.254 (0.008)
FUs53v27 2 | Proposed | 2.041 (0.291) 0.203 (0.018)
IRT | 1.311 (0.099) 0.132 (0.013)
e & Proposed | 4.117 (0.295) 0.219 (0.009)
IRT | 1.547 (0.253) 0.043 (0.002)
ASSISTments2009 | Proposed | 0.850 (0.011) 0.382 (0.003)
IRT | 0.584 (0.009) 0.331 (0.002)
ASSISTments2009% | Proposed | 1.392 (0.019) 0.302 (0.004)
IRT | 0.896 (0.012) 0.238 (0.003)
Statics2011 Proposed | 1.399 (0.067) 0.302 (0.013)
IRT | 0.752 (0.016) 0.185 (0.004)
KDDcup2006-2007 | Proposed | 0.842 (0.053) 0.304 (0.020)
IRT 0.706 (0.023) 0.283 (0.007)
— IRT
< 4 Sliding HMIRT(L=4,sigma=0.5) . ;‘:;iggn'gg"'RT(L=4~Si9ma=0~5)
3 2
g ) Response
w4 AV \V 2
T T T T T T T
0 20 40 60 80 100 120
task
3: FEEDORIMEHER
8 F&o

WA, NTHIBEDHTEREL Y /T —RE20MT5 221280, FEBRIZE T 25EHDRESMEDH
FORRE % HU#E 3 % Knowledge Tracing MEH SN T WA, FEHEDREIELLZ EMEICILET 5720121,
REJIEHEE DB FHZEDOFHBERE T — X 2 MUNZSHT 20 ENH 5. RiwL Tl Knowledge Tracing
D721z SlidingWindow A RIZ & > TilEDFHHE T — X %2 5HT 5 SlidingWindow fEii~ )L a2 7 IRT %
RELZ., BEFETEFYET -2 ORHEZIET 5 Window size BHEEIETH 5720, Fill% HAkIC
D RMEIRSH N T A — R ZRFEMEE R ETHEGITRD D Z ENHRETH 5. FHEiFEERTIX BKT, IRT,
DKT B DB FFIE L IREFEZ OV TERAFEO T E IR Z 17T, REFEVPBETFEO FHKEZ
WETHZLERL.

WA, TA4—T 77—V T FRIIB I IE8ENMEHRETIE 1 DOFEICERDOAF VBFEET 5 LKE L,
AXNZ e OFERFOERE % THT 27 TN TS, REFEIFFHEI O IRT €7V [16] (ZHE5R
THILT, HEAFIIIBITZRENEDPHDOAFVOENEORES I L > THIEI NI ET VRS, 5
BITFEFOREIMEE X0 FEMICHET 2720, ZUGEOAFIVIEGT 5 E T IVITHEEL TWE 720,
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AR, VT4 VEBEOERIIE, REOFEBIET — XBPEBHIIATFTEL LD 1Tho7-. HEBS
TRFHEOHKERMBT D, TNSDTF—RIZHEIWTHL OHFEZITEL, B iErs515Z 8
WHREEL Lo TS, ALHEESE T, BMEEFEREAVCTGAEROZEEIE» O FZHEDAFVOHE
REEHE L, FEEDORMOIHEANDKIGTFH %175 Knowledge Tracing (KT) MEHZHESHTWS
3,4, 7, 10, 12, 13, 14, 16, 18, 19, 22, 27, 29, 30, 32, 33, 34].

KT OfRFENZRFiEL LT, Bayesian Knowledge Tracing (BKT) &S T\WwW5 [7]. BKT ik~ v
ATETIVICEEDNWT, FEHEDVREMPT BB RAGEE (AFV) 28/BLTWa 0% 2MHTHEL, KX
DIHAANDOKIGF#IZ1T 5. BKT FERIZHRA RINEFEPHIE I N T VS D, AFIIVOEIRED 2ET
RINDTZDIZATIVOBMEL( % FZRIZRITHZ LR TE R[5, 12, 16, 18, 19, 21, 32]. 7z, %
AFNVOMSMEERE L TWD 72D ZAF IV OBRM 2B L 2 EREH T 275 Z e TER.

BKT FEOREE RS 5720, WEYE %MWz KT F£& LT Deep Knowledge Tracing (DKT)
MREINTWS [22]. DKT & Long-short term memory (LSTM) [23] & AW THEH D A F )L OE{HIR
BEREL, PHEORHEANOKIGE FHITA2ET NV THS. DKT Tl LSTM ORNEIZETDAF
VOBRIRENEMEEINTWE AR LTEY, BKT Bk KL CREFHEE GV LB HE S
TW5.

— /T, TOHBOWFETIE, —MBICFEZEORNHEE TV E U THAT NS IHE KR (Ttem Response
Thory; IRT) ¥ KT FiEE LTHWONDE K S51272 572 [2]. IRT 3 FEEDOREII N T A —X LHHDH
BHNT A =R, WHENRT A —-RIIHDE, KHEHIINT2EHEOEEHERE2 FHTI2ETLVTH 5.
IRT ORESI/NT A —RIGfE TR INS 720 BKT & $REIDE . 72, Wilson 51 IRT O Kt
FHKEEH DKT % EH2 2 X 270U TW5 28], X512, KRIIFBEBEET — X ~OHADRD, ¥EiE
FRIZB W 2B HEORNEZ RN <L 3 7@RICHE > TRERIIZ LS B zfEaNn <)L 3 7 IRT BEEBURE X
nTWa 8, 17, 27, 28, 35, 36]. N5 DOFEIK IRT O—MfbFiETH Y, KT FEE L THWS Z & T,
FEFEE AW KT FEL D @ERISTHIZT5 2 eAWRINT WS (28, 36). LU, IRT FEAT
FIHE QRN ZRKE L TWB 720, HUHBIZHEV IR U MEEEICIREGETERN. T512,
BOAXNVOBRMEZRUBENHEEEZITO ZLIETERL.

EAETIE, EEFEEZHWEF2KT FEL LT, 77y varye AEY) 2y 7 —2% [\ Dynamic
Key-Value Memory Network (DKVMN) ML I NTW5 [34]. DKVMN IAMBICE#RZ RIFT 5720
® Memory Network % € T IVZHIAAL Z £12& D, DKT & 0 KIS THIKEE L@ <, @Ik Iz<w
ZENHEINTWS. LH2L, DKVMN IZBWTEEEEORNIPBNEBATIIERHINTE D, %
AFNIZBITBRENEAEBIRTE2Z LW, £72, HHMREE2RT NI A=ZXPEFEELRVR Y,
EFILDIFEFYEAME N &\ o 2RI D 5.

X 512, DKVMN D85 A — X Ot % [f] £ X872 F3 2 LT DKVMN & IRT ##lA &8 72 Deep-
IRT HHEE I N TS [30]. Deep-IRT (3837 A — X &2GHHET 5720 DRNEZEMNT 5 Z £ T, DKVMN 7
OPHNEEZE LTI, NIA—XOMRMEZ M EXE5 2 ehmEInTnsd. UL, Deep-IRT
THESINDEIMEITTHEORE TKFLTWD. Thbd, 2TOHBIREETHS ZeBRHEINT
By, BRZHEBICOWTOREIHE EMEIXE—RE ECTHIRT2ZEAHEL V. [>T, BRI A—X
DL NS A — R DRI IZRFA D 5.

—J, RTFSIXEESE L IRT 2 HW/-HlIEE 7 )V Item Deep Response Theory (IDRT) %##2ZE L T\
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X 1: EEEEETI

% [37). IDRT IFHNZ UZHE Xy M7 =2 2 FFEHEX Y M7 =212k > TR S, THERM ICKREET
WCHEBHEORMEZHETE 5. AT TIEBE N HEEMOEENE L KN TFHRELNE W EARINT
W5, U2 L, IDRT IZBEHDRINZELEZRL T\, FEERTORENZEIE BB TE A\,
7z, IRT L ERICEBO ARV OBEFREZE@BUZENIHEEE2TS 22X TE R\,

TIN5 DREZ RIS B 7012, KIRSCTIRST A — X ORI & @&k 22 5t Tl % #3797 % 87 72
R -HEA Y MU —2 %KD Deep-IRT #$2%E 3 5. Deep-IRT & IDRT QR E AL HE, GESID
RRHNZAL 2 KRBT 2FEEX Y MU =2 CHN R A Y MY =212 X W ZEHEDHEAANDO K% Tl
TEETIVEMET 5. REFEIIFEHZEORNVHET 2HE ORMIKFE T, HBOAFIVIZETS
LRTDREN % RITES, 2%, WEETNVTHELIRICIRT EFNVDEEHINT A—XRT RV L[HE
FROBRDHEEL 725 [1]. X 51, BEFD Deep-KT F% (DKT, DKVMN, Deep-IRT) Tl UAF )b
ERELTHHBRRTHELAKRLTED, SHEOREDENEZ XKML TWAWT LXK Tl Z %k
IEBFEEER->TWD., TIZT, REFIETIIIEH & ZOHEHEIZBERZAF )LD DR EBE L - K
e PR ZLTS.

AT, REFELCBFFE (RT, IDRT, DKT, DKVMN, Deep-IRT) % HWTH¥EE D KIG T
HIKEE DB 24T\, IRETHEOARMEEZRT. 512, BETFHEOREN AT XA —&, WEEE S A —ZH
EWERME 2SO Z L 2R T

2 Knowledge Tracing €7/l
2.1 Bayesian Knowledge Tracing

BKT [ FEERICB T2 AFNVOEGREOZMEZREN IV ITET N TRELEZBHEET LV TH D,
YEHEOPEIEET — 20 SIREEE CBERAFLEFELTOERLTOARVDE 2 [ETHET S (7).
FHEDORERRAFNVEREL, WIZFEHEPMOMOAREHEE 2 PHT 2PELE AT LICHNS
NTET[6,20]. EETIE, FEHECEHEHOMEL ORMEZZE L 72 BKT OILRFENERREINTWS
[11,21,32]. L2 L, Z0560 BKT FETEEAFILVOERE M TH D LIHESNTE Y, AFILH
DEAFER % Z B U 7= BREHEE 134T 2 00
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2.2 Deep Knowledge Tracing

BKT O Z RS 272002, HEFEZ2HAVE L THFEBHRTOTRTOAF VORFREZEBL T
KTl 2475 DKT AfFETNT WS [22]. DKT IH#EDOFE T — X LR#EEZFHA L, Long short-term
memory (LSTM) [23] Z HHWTIHEAND K% Tl 5. LSTM OFRNEIZIXFEEE DA F )L OEGIRE
MEPRTTPDOERETRINTE S, 7z, EAFNVEOMIMIERTS, H2HHNMEBDOAF )L % 5%
WY T LGATHHEMAPARETH L. BENETIE DKT 28 BKT O FHKEZ L[ 2 Z 2 RENTWS
[22]. U2 L, DKT ZETOAFIVIIHNT 2GR IREZ B—DRNEHNT FIVTERBT 570, £AF
W EOREER[RUIZNrE2RIT LI LIETER.

2.3 Item Response Theory

AR, FEEORNIEETIVE U T—HRICHAHT S HH KGR (Item Response Thory; IRT) [2]
MKTFEELTHVWSONS L5240, IRT IZDKT K0 SWKIGFENKEE 2 RT 2 e BREINTVWS
[28]. A%, IRT ZTANTF—RDEODHEET VDD THEH, BEOEET — R 5FHEDHE
fETHEH DRMEAN T A =R Z2HEL, RHMDEEANDIEE PHIT 2 KT Fike A%E 5 (28, 35, 36].

ZITIE mH MR 2 XTI A—RO T AT 4y 7 ET IV (2-Parameter Logistic Model; 2PLM) (2D
WCHIHT 5. 2RO VAT 4y ZETIVTIE, BEJMHE 0; € (—o0,00) DFEEE ¢ BEHH j ITIEE T 51
RERATET.

Pj(0;) = p(ui; = 116;)
B 1 (1)
" 14exp (—a;(6; —b;))

22T, a; €0,00) RIEH j OEIISIST A=K, b; € (—o0,00) RIHAH j OEEIE S A — & LIFIETH
BT A=A ThH5. EHEWLR IRT TRYEBRETOYEEORARERMETH 570, HEHDOIR
IR E T VA,

2.4 Dynamic Key-Value Memory Network

AR, Fi7z7a KT FEe UTEAF VDO EFIREZ R fE T 5 Memory Network % i\ 7z DKVMN 7%z
EINTW3 [34]. DKVMN T, N {HOEBIEAFNVEZIEL, FEH LEBEAFILVOBEGEE key memory
MF € RNXde (Zf{ 17 L, Wit DFIBER F VKT 2080 % value memory My € RNVXd (Z{{17F %
(K 1(a)). TZT, dy, dd3Fa—=VINITA—-RLUTHETS. £/, j HFHOHHIL j HHOEFE
DAHAM 1, MDOFEFEH 0 D one-hot vector ¢; € R TRELL, Kt DA q; 1ITMT 26 FHZIRD &
21247 9.

FFTELDIZ, RQ)EHAVTAN ¢ LVERINBEARY ML Y 2HWT, HA j &1 RHOB
TEAFIVOBRMEDORT 2RT T T VY a vy w 2itHT 5.

ﬂy) — W(ﬁl)qj + T(ﬁl), (2)
wj;; = Softmax (Mlkﬁy)) , (3)

ZZT, M} i3Zkey memory D[ 1THZRY. &¥B, AWXTE W, midEThTh=a—IFtxy b7 —
TDEINTA—=L, NATANTA—RET 5.
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Wiz, 77 v 3 Y&V value memory DEAM EHIA 5% EHE AL ML o 23H L, V) Lfla
GbEs I TR L DIEE j NDOIEEHER p,; 25HHET 5.

N
61" = > wy (M)" @
=1
05” = tanh (W(ez) [9?)1 ﬁﬂ + 7'(02)) ) (5)
Ptj =0 (W(y)aét) + T(y)) ; (6)

ZIT, Mj &, MP OIATHZERL, [ E3R7 PLVOKEERT. £/, o) Z¥7EA FEBERT.
ZUT, KRt DAS ¢ EEBROKIGy; 25 LITHDAARNRT ML c; ZFHT 5.

¢ = [O’Qj] yj =1 (7)
[g;,0] y; =0

T, 0 FMERZT 0 Z2WARLZRT PLTHD.
®EIZ, ¢; T T ¥ aryed i value memory MY 289 5.

vy =W'¢; +71°. (8)
e = o(We, + 7°). (9)
a; = tanh(W%, 4+ 7%). (10)
M, 4y = M} @ (1 — wyey). (11)
M1y = M(vt+1)l +wyay (12)

e 1%, X (9) DL SITENE TD value memory Dffi e & DFEERFEL THE L HIEIL, X (10) D a; 1F
Rt ORGSR % EOREERKMT 200 L TW5B & AT 5. DKVMN EE WIS THNEE 2R 2 LA
HoNTWaD, DKT LFEBIZEEZE DRSS T A —ZXRHE /T A — X DFEFAREMEDME N &\ S
MR N TV [30].

2.5 Deep-IRT

D KT F#£TlE, DKT ® DKVMN D8 T A — X DFEFRA g % [ E X872 FE e LT, DKVMN
& IRT Z#lAEDE 7 Deep-IRT [30] BRE I N T WS, Deep-IRT & DKVMN (23N g 280U, R
FREARRESI ST A — R LIREEEE ST A — ZDMESND XD IZHEINEETLTH S (M 1(b)). Bk
&, BURO &S ikt CHEE j 255 & 20l o8 LIHE j oWEEEE Y % DKVMN 0= (2)
Y (5) EWTHEIT 5.

057 = tanh (W)0)) 4 7)), (13)
) — tanh (sz) BY) 4+ T(’B2)> 7 (14)

INZEHNT, ROXSICIEEMHEREZRD S.
piy = o (3.0 05 - ") (15)

ZIT, o) WY ZEA RBEIBRARL, RED 3.0 & p, HEEAREEIS 2 L & AT 520 0%KT
H5. FEEOBRDE MY ITEMINTNWD EEZS5NDD, Deep-IRT CTRIHHEEDTY 7Y 3 v w,
EH LI MY OBEAMFEHDS 00 2FELTWS10, B5NBHENMEAHIEE ORI KEL T\,
X7, 0 #FET BB, FBEARY MV ETHANRY MVOW A EHCTE Y, i & WEEE % s
5ZEMTETVARY. ZD70, Deep-IRT IZRRATEER /N T A =X 2D — /T, ZOMRMEIX+4T
ROEWAD.
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2.6 Item Deep Response Theory

ARTS (2020) FEEZEE & IRT 2 W7 A MEGHE U T Item Deep Response Theory (IDRT) % &
KLU TWS [37]. IDRT 3MNZUZHE Ay T =27 L ZEBE XY T =212k o THEk S, HERMEIC
WP FICFEEORNMEEZMEETE S, £, FEEOHEANOKIE TR ZTS. IDRT @ EEIHEE
DEHME L MG FHKEEZRT Z ERHRESINT VS [37]. LA L, IDRT IXRESH ORERSIZ I EZEL T
Wi\, FEBETORNEMERITE RV, £/, IRT L HERIZEROAF VOGN E2ZE L
RENHEEERITD Z L IETER .

3 Item Deep Response Theory for Knowledge Tracing

I T, PEBRTOEREEDOKIG T Z1TS KT Fik& UT BKT, IRT, #EFZEFEEBN L.
AIRFETIE AT A — X DR & @RS 72 Tl Z W33 572012, Deep-IRT & IDRT OF## % flAA
b, BHORRIEZ2RET2¥EEELXY N =2 LN RIEHLX Y b7 =212 X D ZEHEDHEHAD
Kt % Fl9 2% 727 Deep-IRT #RET 5. BEETIVIIFEE ORI EMEIHEE ORI IZREE T,
BEOAXIVIZET 2L IRTCOENIZ2RIT LI ENARTHS. 517, BEOEEFEYEFIETIEFEL
AFNAEBRELTIHEAZ2ETRAEEARLTWS ), KRIEHOREOEWARBREINTE ST, KIGTF
WAz EIFEKER>T WS, TIT, HEETFNVTIRMETHIEH L ZOEAPKREL TEAF)LD
BHEANE L, WHORHEER TS TCRIGTFHBEDOH EEZHIET.

BEETVOMENZX 3 IZRT. #EETIVIXIDRT LEBEOFEEE LAY T —2, IHHA Y b T —
JD2DOOMNLIz=a—F 0V xy NT—I 6K INE. FEELXY N7 —21ZIE DKVMN & RKD
ARV XY N —IRERHWTE D, HEHXY VY= TIRIFETAEHL TDHANBEL T5AF)L
ORFiEAIIE L, HEHOKNHEZHI )19 5.

BETTINTE, ZEE ORSt IZB51EH j "OEZHREZROFIETKD 5. 4B, LTFTIEA
BED O FEE | ORFLITEWT . FHEXY N7 —2TiE, IDRT BT 5 (16)~(18) RicKD %,
DFRDOESICHEE =2 —F )3y VT =2 238U, HE j IS T 80000 28T 5. %4
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FExy b= DR n IFET — ROV THREEEZRET 5.

N
o) =" My, (16)
=1
Ol(f) = tanh (ka)e,‘fll + 7(0’“)) , (17)
01 = w! oM, (18)

22T, kidk={23,-,n}Thb. IDRTTH O L =a—FL 2y b7 —2&2HVTELELTNS
R, BEET TNV TERERST — XIS 5728 value memory DfHIZIEDWTHIT 5. 51z, RET
F)V Tl Deep-IRT & 8720, 75> a3y w; 3 (26) THWA Z 212k b, o 24 21HH j Lok
VRO B ZEHTES. LhioT, AT OY 2 EHEOENAL ML EAAT. TRIRAEE
TN T B%IRIG IRT IZH T 2 HE)ME & FRRIZARATRE T H 5 [33)].

Wiz, HHX Y v 7 —2 T, HHj OREE ), L TOHEEICLERAXVOREE 8 kD, 2

item

NoDOHERETAMOREEL 35, g IFIDRT IZBFBR (5)~(7) ILEIVWT nfED=a—5)

item
v b7 =2 TUTO LS IZHET 5.
BY = tanh (le)qj I .,.(ﬂl)) 7 (19)
BY) = tanh (WGP, 4 r(00), (20)
ﬂz(ge)m — W(Bn)ﬁy(i]) + T(ﬁn) (21)

R, HHj ICBBERAFIICEY T ZERORN 1, MOEHZ0 ORZ ML s; e RS9S B, %
R 5.

A9 — tanh (Wm)sj + T(m) , (22)
’Y;(Cj) = tanh (W("”“)’y,(vjjl + T('y’“)> , (23)
BD = W)y @) ) (24)

FHA Y N7 — 2 QOFBIIFEE Ry N T — 2 ERABC k= (2,3, 0} B S HEF— ZITHD WV TRE
EPUET B, $REE TV L Deep-IRT OB, FEHEDREN AT A — 2 L FEEE T 2 — A H5ER105
HEESNTWBZLTHE. ZhICE D EBEORAREMENEE ORI HAr S S, AENIE & R ORR
PeASi L3 2 - LA E B,

Bz, HEIIE & R O & E AR % THIT 5.

Ptj =0 (9(t’j) - (52‘(56)771 + 5%11)) (25)

REETFIVTIE, BTOEM T A=K, N T AT A=K ¥ key memory, value memory D& EFE%E T
NRTHEMHIZEE TS, BARIIZIE, UFOZU0ALY b —(E2RB/MET B LSR8 TDRITA—X %
HHd 5.

l=- Z (yelog pej + (1 — yi) log(1 — py;)) (26)

t
RETFIEFETONRITA=RIZDOWTHAAREIZEGFT SN TE D, HRNAEEZHVWTERIZ AT A—X
EWETBHILMNTE S,

4 FRINEE T
AETIE, INFEFTEHEOKIGFEICHW ST E72AEKK 2 FE (IRT,IDRT, DKT, DKVMN, Deep-
IRT) L fREFEEZHAVWCTEEBEOKIG TR ZITS. BARIIZIE, 10 2#IREMGEEZ AW T EET — X
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— Proposed
-~ DKVMN
Deep-IRT

0.820
!

Prediction Accur
0.805 0.810 0815
1 1 I

0.800
I

0.795
1

0.790

B 3: DL & B FHINEEDZAL

ZIRT — & LM T — X HEIL, JHET — XNORIE» SHEE L7285 A =X ZFH U CHHiT — &
DRIEFHEITS. THKEEOFMER L U T Accuracy(—8# &), AUC 227, FEEZRETS. 22
T, IRT Tl EZEOEEHEANDOKISMERATMNLTH S LIRESINT WS 728, FRUHEHEICHD K
UHO MOFEIZIZEETE RV, X512, AiffiE TTlARZ IRT FEREBE—~OHEIZERD 2 F V145
FNBEIBERTDAFINEZEB LU TVWRNWI LIZERT H2HEND 5.

AERTIE, —MRIZABINTWE KB R Fv—2F =X+ v b ASSIST2009', ASSIST20152,
Statics2011®, KDDcup?ZMH\W5. #ET—XOWEEZ K 1 IIRT. EFE T - RXIIFEEOKIG y; =
{1,0}, B LUAHEBES L ARV R IPAEINT NS, FH T — RIIHEEE T L ITWEBNKRE L B
% [30) ZEMHEINT VS, AMETET —Z DD 28T 272012, T EREM LK, A
NTBEEF— 2D ERE2ZEEZH 1 ANZOE 200 & Uz, RPOFEHMREBIIANT — 2D ER% 200
& U7 BE I 2B8EPRE U - 2EEROEEEE RS, AN—ARIZ 10 ALATOEFEI ML L 7-1H
Ho#EGZRL, HEANI A =XPDET -2 hoi@InzE8E&%27RT. 72720, ASSIST2015 7—X
CIEAFLVOBHL2EENTEST, HEPKITERWZOMEERLZK2 TIIN/A LKL T 5.

AWFZE B B Deep-KT Fk (DKT,DKVMN,Deep-IRT, 2L Fi£) Tik, IRT FE & FABRICEEAD
Ktk AN T 2858 L, Piech & [22] L HRRIZE A X IVADKIGE AT & 28556 DO T lkEE %
BT 5. AFNVANTIERILAFVOTRTOEHE Z2%EMe AL, WEOWHEE AT A-2%2ED. /-
72U, IDRT ZEEHADOKIG T Z AR IZHFEINZETILTH Y, AFIAADKIGTHIZIEE L TWRN
OEHDAE AL U, BEFIRIME L ZEHE ZOHEE IS SN AF VOGO EE AL
%. F72, ASSIST2015 T —RIZIXAFILDBERL»EENTE ST, HHEADKHTE RO Deep-KT
FHEDOAIZHEHAL .

ZZT, REFHEOEHEZLSEEED ASSIST2009 O FHIKEEDELEK 4 1ZRT. MEbhn=2
DEEFITHRADFHMELZFE DD, UTFOERTIEETn =2 £ Uk BOUEORIGE S DKVMN,
Deep-IRT, fEFIED A €Y ORI N IFEEFHIZE & FRRIZ {5,10,20,50,100} 5 S R ZEMREE % O T
HEEZRE U2, AT OB ORHET REF 2 —= 2 28T A — XIXJATHISE [34, 30) TR b X

Thttps://sites.google.com/site/assistmentsdata/home/assistment-2009-2010-data
2https://sites.google.com/site/assistmentsdata/home/2015-assistments-skill-builder-data
3https://pslcdatashop.web.cmu.edu/DatasetInfo?datasetld=507
4https://pslcdatashop.web.cmu.edu/KDDCup/downloads.jsp
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z 1. F—Xtv bOHM
Dataset FEER AFVE HEEHR EER O PHMER ANSN-AK

ASSIST2009 3,776 111 26,587  68.0% 70.8 55.2%
ASSIST2015 19,840 100 N/A 73.2% 34.2 12.6%
Statics2011 229 41 1,095  77.7% 180.9 2.6%

KDDcup 820 43 476 78.3% 11.9 57.8%

# 2: FEZ DK THNEE

IRT DKT DKVMN Deep-IRT IDRT REFIE

item item skill item skill item skill item item skill item&skill

Acc 0.72 0.765 0.759 0.637 0.763 0.683 0.768 0.71 | 0.711 0.768 0.765
ASSIST2009 | AUC | 0.785 0.8 0.781 0.659 0.807 0.71 0806  0.77 0.75 0.818 0.810
F1 0.636 0.713 0.697 0.602 0.714 0.647 0.718 0.613 | 0.651 0.725 0.722

Acc | NJA N/A 0.754 N/A 0732 N/A 0727 N/A | N/JA 0752 0.752
ASSIST2015 | AUC | N/JA N/A 073 N/A 0749 N/A 0747 N/A | N/A 0.751  0.751
F1 | NJA N/A 0433 N/A 0541 N/A 054 N/A | N/A 0.543  0.543

Acc | 0.816 0.769 0.777 0.805 0.78 0.817 0.787 0.81 | 0.819 0.789 0.822
Statics2011 | AUC | 0.819 0.666 0.652 0.819 0.721 0.822 0.722 0.823 | 0.821 0.721 0.821
F1 0.581 0.483 0.461 0.679 0.521 0.681 0.526 0.585 | 0.679 0.522 0.69

Acc | 0.733 0.777 0.784 0.76 0.773 0.779 0.792  0.72 0.78  0.786 0.802
KDDcup AUC | 0.614 0.549 0.538 0.565 0.594 0.561 0.588  0.61 0.57  0.588 0.601
F1 | 0.5622 0439 0439 0464 0439 0.447 0.455 0.501 | 0.455 0.469 0.478

Acc | 0.768 0771 N/A 0745 N/A 0765 N/A 0760 | 0.773 N/A  0.793
Average_item | AUC | 0.760 0.707 N/A 0713 N/A 0727 N/A 0753 [ 0739 N/A  0.761
F1 | 0.636 0598 N/A 0631 N/A 0639 N/A 0625 | 0641 N/A  0.668

Acc | NJA  N/A 0769 N/A 0762 N/A 0769 N/A | N/A 0774  0.785
Averageskill | AUC | NJA  N/A 0675 N/A 0718 N/A 0716 N/A | N/JA 0720  0.746
F1 | NJA N/A 0508 N/A 0554 N/A 0560 N/A | N/A 0565  0.608

NrzfExE AWz, FPHKEE OFEBRIERERK 2 1TRT. RPOD Average_item [FIHE AT ARER T — X v

MZBIT 2 TFHKEEDOEEHETH D, Averageskill IZAF IV ANDTEERT =Xty MZBET S FHKEE
DIYIETH 5.

K2 XD VWTNDFHEIZENTEH T RTOIBETHE & AF VO DNEHRE AT & U REFENS -
EEEWRIGTHNKSE 2R U2, BETETH S IDRT O FHIKEES ERl->TE D, KRIETIVICHERT
5 CEREIZRIS T ZITD 2 ERNAEEIC R o722 B X 515, ASSIST2009, Statics2011, KDDcup
IZBWTIE, Deep-KT FEFZAFIVAN LEHAANO FHKEEIZEDH Y, DKT, DKVMN, Deep-IRT,
REFEOVTNEFRKORHEZRL TV,

AFXNDADATITIEAFNVHNOTNTOIHHE ZEfi& AR L TWBE 720, HHEORMENRLR Z5E1E
WHENTA =22 ELSHEETET, THBEMETLTW iR H L. —F, HEANIHEEZ
CHEEE N T A — R E2fET D720, HEHORMENPRR GG IEVWTFIEELZRTEEZOND. o
T, AFXNWVATLHEHATDOE S 50D ATIFFRIHE ODRHEIZ & > TRISFHEEZE LR WATREMED
. DED, REFERFHEBEAFLVONGOREEZERT 22T, KbTFHKEIEZN S LHAETD
B4 8T — ZTEBE R KR TFHIRARETH D L 5 2 5.

HHDAD AJIDREFIETIE, Acc & F1 DEETERED MWHEEZ /R U2, AUC X IRT 23&E W
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EaRUZ., HEANORERIZEET S &, K2 KDDcup TIX IRT Y AUC ® F1{HIZ DO WTEWHE %2
ARLUTW5. KDDcup IZIEELENEL, MIGIKRY DHBT—KTHY, X 5IFEHH O EYMERH
WA, 2O Z 05, Deep-KT FEIE IRT IZEEAR TGO D & DT — ZIZHigs T H 5 alaetEH
BB, AFNDHE AN L UREFETIZTRTOHEEIZE W THEGFD Deep-KT FiE & 0 @&\ FHIKEE
ERUZ. RETIVIE, ZOOMNRERERY h—"7—2%EA L7202, KD Deep-IRT 1ZHEAR TS
T A= RBDBIKIIZHIILTWS, F Yy HLADFTIDN—I)IZHEZIE, FHKEAM ET 22 8 I3HELD
LRWDS, T4, EEYETIIERRY N =225 Z 8 THIEE 2 ETE 5 2 & AR
RIS N TETWVWS [15,9]). REFERINSOMEIZL > TFHREZM ELTELLMINTE 5.

5 RO MESR
5.1 RESN/NT X —4 OFFMEER

I Cl, BEFEIBATFEL KR CPHBE NS W L 2R U7z, AT, ET—XE2HVTE
EFRIEORENHEEME D @ RN 2 D Z £ 2R T, Yeung[30] Tl Deep-IRT % W THEE L 728 A F )L
BT SRENEHR 2R, TOMRMEOEI Z®BFAL TS, L L, EBRIZIEKX (15) TREZI NS
JHEP S EAF NV DRENHERS Z RIS 5 Z L IZNEETH D, FAFIVITBIT D880 2 AT 5721135
PRISHREDI B L 72 2T REME DN @V, — T, REFREI n@OFEEEX Yy N — I CHEINDIHEINT
A= RNY DIVRSIRTCAF VG DRESME LRI TE, BAHIHNTH I LN TES.

AFEFRTIE, ASSIST2009 DT — & 95 JefTif5E [30] TEHEINTWE 4 DDAF)VIZHETHHE DA
R U2 P ERET — X 2ER L, 4IRTCDREN N TA—ERT MV ELDETNEFEH LKL, 22T,
HBHEFBFIZODWTHHIO 30 HEIWIZDODWTOEMEHE UZGEN/3T A —XDOELEK 5 1Z5RF.  Htdh
A EE OREIIME, G FEEEDOHEANDKIG, #iEldEE 2£T.

M&b, UFOXSIMIRTE 5.

1) 1~3 IHHE”equation solving more than two steps” D A ¥ )L IZH T 2HEMBHEI W TH O, ¥4
BHINIEET D ERIMEDV A LU, BRET 5 LaIMEL TS5 Z &5, thetal AT DAFIVITHT
LEENMEERTEEZONS.

2) 6~17 JHHIX equation solving two or few steps” D A F IV Ind 2HEMNHEI N T WS, FHH
MIEET 2 LHIMERA EL, BET 5 EHIMENE RN TS Z &9 5, theta2 X equation solving two
or few steps” D AFIVIZKT 2RENEZ R T LR TE 5.

3) 18~24 I HIX"ordering factions” D A F VI HIH T HIHEPHE T 1, FEZFIZ TR TCOHEITHRE
LTWwWa. 2o OEHBIZK U T thetad DEVRHREREMELTFTLTWS Z 55, thetad 1X”ordering
factions” D A F )T HRE1MEE R T LR TE 5.

4) 4, 5JHH & 25~30 HH L finding percents” D A ¥ )VZK R T 2HE B HBEI N T WS, thetad 1$FH
HHVRE L4, SEHETIEKTNL, #EETESE L 26~39HHTLER L TWA7®, finding percents”
DAF I T DaEEE KT EINTE 5.

PED X 51T, BEFRIZEAFNVICBITIBNEOHBE Z AL T 5 Z LA TE, SWERMEE
B9 5.

5T, BETFHEEFEAFIVHEOMNMEZMRE L TWARWZ0, MDA FIIHE LZ5HETHRIED
ZARECTWD Z e brd. Zhid, AFIVHEOBREEZZE L LTHIZHETEDL L WVWIRT
WD IRT FIEL D BENTWVWE L EX 5.
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<+ - — thetal equation solving more than two steps
--- theta2 + equation solving two or fewer steps
- theta3 ordering factions
- thetad e « finding percents

Proficiency Value 0
0
1

TResponse

4
1

T

0

- 00 0 > - o O S5
g eh o st st %
: ) ! J i 2 s 3 ) ! o i : :
true_value true_value
(a)Deep-TRT 12 & % R Hesi i (b) SERTFHEIC & B R s

B 5: HEEWHEL T X — & L EOAEOHHE X

5.2 HREE/NTA—45 DFEMEER

RIZ, FRFETFIEL Deep-IRT IZHEWTHREEEL ST X — X OHEERE DB 21T 5. AERTIINT XA -
DIFFPED W 2PLM 2D W T RO R MA R SR ES LY Ial—varvT—XzHn5.

6 ~N(0,1), a~LN(0,1), b~ N(0,1)

FIHH DA DR & {5 U7 S A - XEQFEZBAL T2 L1280, WEE NS A —-XDHE
NG & I 5. HOWHE & Deep-IRT % W THEE U7 REEE ST 2 — X OBAAK %K 6(a) 12, H
DR 2 FRRTEZ W THEE U2 N ST A — X OBAEM %2 6(b) 1R, K6 &b, BEFILIZ
Deep-IRT & I L CEDNEE A WVECTHEE NI A —XZ2HEL TWDE I D5, EBEIZK 6(a)
DFBEREIZ 0.611 THZHDIZX L, B 6(b) OMBMREIX 0.886 £ K& < LH 57, Deep-IRT DK #EE
XT A= 2 OMBIREAMEN DI, BENST A= R L REEENRT A —RESZRIIDHETE TRV &
FREEEZ NS, TabL, ETERIFEEECHAZ2SR2ICOMT 22T, RO RS
TA =R OREEP BT R 572 Z L 2R T . LT, BEFERFIVEREOEVEEE TV LT
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HdIENRINT.

6 LIV

AL TIE, ML REEHE - THE A Y N7 — 2 28K D772 Deep-IRT Z2E U 72, BARH)IZIX, Deep-IRT
& IDRT DRz filAaabt, fIORRINEMERETLFEEELX Y VT —2 LM REELA Y FT—
ZIZE D FEHEQHANDOKIGE FHT2ET IV EMHET 5. ZOMBIZLD, FEEDRIMIRET DI
HORMEIZIKGFE T, HBOAFIWVIZET 2L IRGCDREN 2 RETE 5. X512, BFD Deep-KT FIET
WRIUAFVZRELTR2HHIIETHELARLTED, SHHOREOEWVAKMENT WP o7
D, REFETHEHEAF VOGO AEZR L2 K6 TPl ZIT> Z LT, KitTkEED [ ET S
ZE%mRLU.

REFIEEIZOOMNAREE XY b—7—2 %8 A L7202 D Deep-IRT (ZHART8T A — X8
PRIEIZHML TWD., —fRIZ/8T A — X OB FHREE 2K NI WEENEVWEZEZ S5ND A,
EAEDHETIETER R Yy b7 — 2 2 KT 5 2 & T FRKEEAM LT 5 2 & DSHERIIZI S T
ETW3 (9, 15]. METFEIIATA—XEDBHMLTEE00, MWia¥HE - HEXY b7 —2 %2 FH
U, KIS FPHIZEEREHE L AFVONFOREEEZRT ST, FHBENW LLZEEZOND. F
7o, BEEFIEIZREN ST A =R EREEE ST A —ZIZDOWTEWERMEZ $ 5, Deep-IRT & 0 sk 72
ENHEETH DI LERUT.

B O T, Deep-KT FILITHHEDNEZMARAATERTHILITLD, AXLRTE2ME LA
STHEEHEDZ FARY 72 HET D FEPHFEI N TS 24]. £/, HEHONEZZETH I L
THAF I EHHOEREBROREEE & 0 @HEICHETE 2 [31]. Zho D2 REFIRICHARAD
Zoizky, RKEHOEWETIVICHERT 2 Z L AFHETH S. S 51T, Ueno and Miyazawa(2015, 2018)
Fe Y b EEUEEIIEWT, RO IRT ZHWTHEEFICL V 2R LG EDOEEHEZ FHIL, #
HEDEE UGG T PENENRKR L 722 FHIEEHR 50% OEOL v MR T 2T XTI T4 77—
ZVTVAT L ERFLTWS 25, 26). RETFEILY bOFHETICHEBICIERTE 5720, 5%
REFIEE (25, 26) DY AT LTHEBL, FEEOKIGTFHEZA LIELT XTI T4 75—V TV A
TLEERHLUTWEZ .
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Attention % V> 7z Knowledge Tracing & 7 )V D =l E#E (b

ESINN=RE
BAUBERY: MHRBEE L2717 5 A

1 FALE

AR, AV TA VEEDE RN, KREOFHEBIET —AWNEBHIIATFTEL L8077 HEBS
TIRFEBEHEDREERMT 2D, INOEDTF—RICEDINTHERE T L ICHBAMRICBE R AX)L (FI 2 I1EH
BoFETHNUE, INE - HE - TBE - RELY) OBGREEZ R UEY A EE2 522 Z e HHE B>
TWd. ANLHIBESBH CTREEHAEFEEHCTEBEOFZHBE» O FEEORNIEZHEL, FEHED
FHOHEHEAND KT %175 Knowledge Tracing(KT) WEH ZHEHTWS [1, 2, 3,4, 5,6, 7,8, 9, 10].
HEHANDOKNZ FHITE Z 2128, BN EHEORESYE - SFAH2EEL, BAICHEU ZHBE R
XLEEITD AR RS,

KT FEICITHERET V2 VRN T 70 —F LB ERET VERVET —7 5 —=v 77 7n—
FRHD. HERKT 7 0—FDNREXNLTEIZIE Bayesian Knowledge Tracing (BKT) [1, 11, 12, 13, 14]
X Item response Theory (IRT) 23H Y, FHEEET — XN OEAXIVIIET 2 FEHOBAELREME
EHEL, RAOEAANDOEEHERE2 FHTE 2N TES, HERNT 70—FI3FE8EHOREHEDAMIZ,
HHOMGEZRI/INIA—=RE2ED/0D, NI A-LERENE L, ZL<OFEEIEI AT LATHNGHN
TWad. UL, HELNT 70—F THEINDBEIEIFAF IV T ITHNITH Y, ZIRTED A FIVORFR
PZE2ZBRUZBRDHENT IRV, £72, IRT FEFFEHEDOHEADOKRMIMIITH S Z EMREI N
TWa 720, FUEBIZHEDIEURYHOFETEHANS ZENTER.

F72, FHKER EOZOIZZRAAFNIIEITDFEEORNENEZR LT —TF7—=2 T 7
O—F DR INT NS, T —TF7—=2 77 0 —F TIIREXNETIEL U T Deep Knowledge Tracing
(DKT)[2] B2 I N T3, DKT iE Long-short term memory (LSTM)[15] % W CT¥E & DRE £ AL
RRBL, FEREOKHEANOKEEZ FHITEETIN THD. DKT Tlk LSTM ORNEIZETOAF
WV OREIHENFEREINT VWD EAZRLTEY, BKT FiEL KU TRIGTHEE NGO ENREINT
Wb, IHIZDKT OFHMEEZA EIE272012, EAFIVOREIIEZ RF T D Memory Network % FH
72 Dynamic Key-Value Memory Network (DKVMN) Mg I N TS [16]. DKVMN @& e Tl
W& R gAY, DKT LERICEEZEDRNNT A =252 727F, ETIVOMBATREMEDME &0 S FTED
Ho7. I T, DKT » DKVMN D85 A —ZfEfagett 2z m L3842 FE e UT, DKVMN & IRT
% MAGDE 72 Deep-IRT[17] PHREINT WS, Deep-IRT I DKVMN OEWFHKEE 2 K H 805, #
BHEDRESI/INT A =B RHHDHGEINT A —RBQENT A—=Z DRSS, TFHEEDTWS.

XLIELE, Hi-RT4—T7—=v 77 7a—F & UTHFKD KT FED & 512 Recurrent Neural
Network(RNN) % F\ 97, Transformer & IFEA D Attention DA% VN2 E 7 )L SAKT 2FFE I TW»
2 [18]. Pandey & EERDT 4 —F 5 =22 77 TO—FIZHEAT A — ZHERI NG KBRS =
LEAN—AT =R LT TH 2D MEEERM L, KIS FHEIZ Transformer DEAZREL T\ 5.
Transformer AR SFELEDO T TISHWOND FETH Y, RMETHRWEKTFEFREEDSFET —4
DFPNIH U THHTH D Z LR SNTND [19]. Pandy 50 SAKT IZEWTHIEDFEHH O KR
BEDKIGET —EPRESERLTOD ZLIEHLTEY, ZEFEOBEORTOER T —L %2 HNT
KIS FHZITS. AR U, Ghosh HIFFEHEFEDBAEDKISEETOBEDFEE T —LIMKFTLDT
A<, EEOEWHBEOFEEIKFET S Z e 2 ERUTWVD [20]. TIT, #561F SAKT IZEEDEH
TR ERTSHL, IHICEEDFEIZKESEFRTIAFIVE LY EET D & S IT Attention % 55
T2 ¥ 727 Attention E 7 )b, Attentive Knowledge Tracing(AKT) 2#2ELTW5. ZOFEITLY,
kDT« =T 7=V 77 TO—F LR U CEEEO RIS TFREER L5 2 LRI N/,
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U2 U AKT CTIEHGRBRADBEBUHE > TRZ ISR EDFE T — 2 2 R T 2720, BREOFEHIZENT
B DEE T — A0 ) A R UTHESTUESMEMARD - /-,

ZOMBEEMERT 272012, AR TIE AKT OIS FERICHWS 7 — 28 AEHIRT 5 Z L T/ A ATk
2 YHKEER T 20 <H/2R AKT FIE2RETS. HELARIDT— 22 HOTTFHlZTY, T
HDOTF—ZIFTBRICEHMINDER T — 2 HET D2 LIZX ) KIS FHKEEOH EXHFTE 5.

AR T, EBICA Y T VERY AT LATNEINZFEHBRET — X2 &2 VT, [k KT FIET
» 3% DKT, DKVMN, SAKT, AKT &##FEFiEEAWT, FHEONKIGTHKEEILEEZ 175, FEIERH,
FRER, HEBOBRB L2 RFERT =22 AOTEREZITY, BEFEOAMEZRT.

2 FEEDOREAOMEETIV
ARETIREGFD KT FEE2BNT 5.

2.1 RNN ZHWEFE
2.1.1 Deep Knowledge Tracing

DKT (&2 5 DS ¥EE TV Td S LSTM(Long term short memory)[15] % FWV Tl KD¥EE 7 —
BINORHDODHEANDK N E FHITEET IV THS. DKT TIEAFIVIEIOMNMZ KEXET, LSTM DOf
NEIZFEEDAFIVORIMEE LR H DR THRMNTE S, UL2L, DKT ZFEEEDTRTOAF
V& B—DRNERANT MVTERILU TV 72, FEEVEAFIVICHET A EOBREEG L 20
ERETERVHEEND - 7=

2.1.2 Dynamic Key-Value Memory Network

DKT O FAKEE % M £ X B4 20K AT I)IVOREJIME % (/179 D Memory Network % v /2 DKVMN
NEREINTVD [16]. DKVMN TIHFEEEFRIZ N EOEHEAFIICHIST DREN MDD LIKEL, FIH
HEWBHEAFIVOBBRERTE U RS KIGFHIZTTS. DKVMN @O KIS FHIKEE 2 /59 2 L 2NRE X
NTWEH, DKT & ERICEEEDRIMER RIT 2/37 A =X 2 F-50 72, RIREMENE WS
b o 7.

2.1.3 Deep-IRT

DKT, DKVMN FEIZEWTI/NT A — X DFREFRPEIME N &0 S B Z @35 72012 DKVMN & IRT
ZHAG DT Deep-IRT BHHFEINT WD [17]. FHEDREN/INT A —XETHBOHHE/INT A -2 %%
B, EORERME L SOS T HIKEE 2 RS 2 EBE INT WS, Deep-IRT Tl, FEHEDHEEAND THIES
MeE p, ZFHEDORII/NT A=K 0 LIHHOMGE /ST A =8 BEHAVCTUTOANSLRKD B,

pr=0(3.0x0—-7) (1)

2.2 Attention Z AL\ =FE
2.2.1 A Self-Attentive model for Knowledge Tracing

—H, #72RKT FiEe UTHED KT FE0D & 512 RNN %2 W, Transformer & FEIER 2 Attention
DA% HNDH 7278 KT FENFHEBINT VD [18, 20]. Transformer IZHAFFELIDO T TE < HNS
NdFETHY, RYHPMTHRNMEGFREBREZ EDOSET — 2O FHICH L THMTH D Z LM ENT NS
[19]. Pandey 51X FEBERRICEVTEREDFHEDKRIIFTBEDOKIET —ANKESBERLTNDE Z

333



IZHEH U, Transformer HOWTEEEDREDETOFEYE T —RIIB )2 EBBREHEL, MKIGTHlZE
119 SAKT FiEZREL 72 [18].

BOIERNN 2 W2k D T — 75 —=0 77 T —F 1238 A — R HERIZG R IZRERE D 005
EEAN—AT=RIZH LT TH 2 o Z B L, SAKT 2V Z & THET DI L2 RU 7.
F 7z Attention 2 VD Z L CTHHEHMOBMEZRKDD Z LN TE, HEEZAFIVEHIIZ I AR VT
GBI EMNABETHD. F7/2, Transformer TITZERIZEEZ1TS RNN &V HAFIFEICEL TWB 742
&, SAKT TIIERTIEICHAREH I 2 BN RN EARINT VD,

2.3 Attentive Knowledge Tracing

X 512, Ghosh HIFFFMERIIB I 2FHEDMIGIE, 2TOBREDFEET—XIMEEFT 2D TIERL,
IEDFINAB DOZEENARAFT D LARE L, SAKT Bwfﬂﬁ@?@?—&%MﬂﬁéﬁtaiﬁAmmwe
Knowledge Tracing(AKT) 2R L T3 [20]. AKT IFEEDFEE T — X 2 R4 HIT B LFIRIZ,
EDFBFIIKEILBEBRTEIAFINEERT D LD IT Attention ZFHHET D, ZOFIEIZLY, ﬁE?F@T’]’“
75— 77 Ta—F LU CRIEFRRED M BT 5 2 EAVRINAZ. AETIE AKT FEIZOWT
FELSEHT 5.

AKT TRZPEEVIMAZEHE ¢ CEHEANDOKIG rp & FAWT, HEHEAOREENY ML 2, &5
BHEOWIERRESI R My, ZRBT D, t — 1 RETOFET—E00 {27,002} & {Y1ror Yi—1}
ZRIEL, WSt CTEHENHDIEHIZIEE T DMHERE FHIT 5.

AKT ETWVEKREL 2DDATY TIZHhNTW5. FTHEHORMENRY MV {21,..., 2} 1DV,
FHEHEAFVORBREEZ XS T T Y ay aziltEL, HiBRHEBOREENY MU {d,...,4} ZKD
B, AR {y1,en g1} ET TV Y3V adbAFIVOBGEEZ BB U 72 RE8ENRT MV {1, ...y 1}

ZRDD. BARMIZIE, Kt DA 2 WOWRFR T DAS 2, FTOFBFT—RIIBIDT770¥3ava
IFIRDORTRD S
Tk, exp( T)
Q= softmax( 1) = '“T ; (2)
VDS eap(tkz)

Z :—C, gt € RDle, k‘t € RDkXI Ci Tty Tr 7)‘61&?1‘*&3‘97@60
qt = .’L‘tWQ,k‘T = l‘TWK (3)

WIEEAZRT., INOLEZHCTUTROESIC 2 25HH TS, ¢ HHBKICHETS.

Ty = Z Oy, Ur 4)
t=1
UT = {L‘TWV (5)

WIZ, £ g 2ACTEEENRAt CHEICIELE T 2MRE2RD D, AKT IZZEEHENIY) MA ZIEE R
S UTTREDEE T — A2 R4 ICEHI L0077y aveEs>. TO7 7YY 3% Monotonic
Attention & .38, Monotonic Attention (FEARDATERIND
, exp(s,

Qy

T ZT’ e‘rp(st,‘r’)

_exp(—0-d(t,T)) - qlk,
St,T - \/m (7)
NAN=NFTRA=201F0>0,0c RTHY, KX (4) IXEIZ exp(—0-d(t,7)) <1 DEZEED =D, d(t,T)

DAEIZ & T Monotonic Attention IZ1/td 5.
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T<t&ddEdT)IE

dit,m) =t -l Z Ve, t's (8)
t'=7+1
Tk/
cap(%hh)
Vv = n (9)

Zl<7”<t exp(qt =)
e

TROOEND. K (8) IR N5t FTOFEEHDIH, FHIEMTDIAFNIZOWTOREAREALT
%. Ghosh & d(t,7) = |t — 7| £ LT Monotonic Attention % k72 E T )N TEREILEZITR>TND
N, RN ZHVEZGEDOAPECTFHIKEZ RTIEPREINTVS. §4b5, AKT TIRHEAD
POt TR 247 5B, @EDOFEEEN D OREREIZ L M EBEETIAFINDOEAZEEITD I L
2k, FHKEEZMN EIE2ZLRTES.

UL, AKT IZE T2 SHAETIE, FEBMEIE LI F EBEMEDERNAFIVOEARN ) A XL LT
BoTUESMENHS. K 11EHDFEED 200 MEOREZ FHIT L, WEDOEIHH £ D Monotonic
Attention DA AT 2R U757 Thd. 77 7OftE Monotonic Attention DETH Y, HifilLF
HENPINYMAZHBEESZRKY. KLY, EIED 100~200 JHHE Tid 200 fH & OBERE 21 U THEE
XINTHWED, THUROEEIZ—EMIZIRLUTWS., ZOEMNS, AKT IXIZE A CEEEO WG
EDTF—=ZEHCTRIEFZITERS>TNEZ Wb d. ZNOOBEMEDKVCEED T =208 ) 1 X
ey, R TFHRBEZEKFIETHSARENH 5.

0.010
oo
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s &
e ® 0
0.006 - o o s° .
.\t :t:. o.'.' ™ o ®
m“ﬁ o tt. - * ®
0.004 - [ -? .'l'l !- F
» .'::‘\; :. :'ho
-. ¢e . ®
0.002 LI I
e %o
0.000 ~— . . . r . r . -
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X 1: »2FEFHIH T D% 200 HOFLHEE & OB E

3 B’EETNL

HIE TR AKT IZPERTFHE L IR U TEWKIFHEE Z R TE D00, EREDOEEFIZEWTIIIHOY
BT — 2 OBEEIMELS /Y oA AL UTHERDMEZ R LU /Z. ZOMEZ RS D202, ATk
AKT IZBEWTKIG TRV S 7 — 2 8 & EROBENTHIR L, /1 X2k D FHKEK T 28 <Hiz R
AKT FiEZ2RET D, BARRIZIEZK 2D ESICANT—E ML %% EL, Wt — LSt ETOY
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L :

"
AN AN I NN IR E N NN E AR SRR NSNS SRR AR En

LLL]

FLLL]
L

AN ESSENS S S RS ES SRS ESS R RS s R R’

2: ETIVORFE

X1 T2y FOFEM

Dataset FEER AFNE HEHK CEAMEHER  SEEEEER
Statics2011 333 1,223 NA 168.1 79.8%
ASSISTments2009 4,151 110 16,891 52.1 63.6%
ASSISTments2015 19,840 100 NA 33.9 73.2%
ASSISTments2017 1,709 102 3,162 187.7 39.0%

Br—22HNTREt+ 1 TORIGZEFHTS. $42D05, Wit — LUOYE T —XIE%R2THT
5. ZOMMAMZE>TAKT IZBWTIHMEDDRN ) A AT — A2 RETD I EMNAREL R 5.
REETVIUATO LS ICERMELI N D,

d(t,r) = |t — 7] - Z Yo 11 (10)
t'=7+1
k/
exp(Lst)
Veovr = 2z (11)

qt -r’)

Do n<r<t P pe

LR EVGESITEHFEOHEE 2%\, LAV/NIWIGEIIN RHEEOEH 2> ETIVE RS, BET
TFINTIHIDLENA/IR=NFGA—=R L ULTT =AY MIGUTHBEERZIRETS.

4 FIEFBEE
4.1 T—4tvh

AEBRTIE—MRIZAHINT D KR V51 V3EH Y AT ATIEE X v/ Statics2011, ASSIST-
ments2009, ASSISTments2015, ASSISTments2017 % fH\\ 2. TNH6DTFT— XD EZ EKOITRT. T—
ZXw MIFBEBICEHEHEZES L AFIVEENFEINT VS DY, Stratics2011 & ASSIST2015 TIXIEHHE
BEMBENZOHERIEINA L RGE U2, £, RIETIIANTIFEET X DR 2l 5 72DICA
HE2%FET—20 EREFHEZE 1 ANTDE 200 & U7 [17).
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* 2: FEHEORIE T HNEE
DKT DKVMN DeepIRT SAKT AKT REEFIV

Statics2011 0.8233 0.8195 0.8086 0.8029  0.8265 0.8300
ASSISTments2009  0.8170 0.8093 0.8126 0.7520  0.8300 0.8312
ASSISTments2015  0.7310 0.7276 0.7246 0.7212  0.7296 0.7643

ASSISTments2017  0.7263 0.7124 0.7187 0.7073  0.7561 0.7693

Statics2011(Z #1072 L& AUCD Bt ASSISTments2009Z #3112 L& AUCT BIEM
08 - - pe R .
0.8285 - 826 . .
0.828 .
5 LAl -
0.827 fe o .
L]
8265 g2
100 150 200 0 50 100 150
ASSISTments2015(Z 3112 L& AUCE IR ASSISTments2017{_ F{1 2 L& AUCHRIEM
766 s
0764 = . . 0.769 - LN
. L ]
6. L 768
L] L ]
6 L ] 767
58 766
L]
56 » 765 .

X 3: L ¥ AUC D%

4.2 FUMEER

REFE GO KT FiEZ AW TEEEOKIG FHKE O EZ 175, BAKIZIET—422Y D 60%
ERNLV—=VTTF—R, 20% %N T—aVT—4&, 20% T AT —RE UTHERERERIEEITRS
7o, FHFRARIZIE MR KT FEOMEHRBICHWSNE AUC A7 2 HH LU 7.

FHRKEEDOFBFERZ R 2 ITRT. BETTNVETOT—ZEY MIBWTHIOET IV & D & EOFHIKE
ExERUZ. R, REFIRIIFZEE OLEMREBEDN D200 Assistments2009 & Assistments2015 1254
TH AKT FiE% B> THY, BT T — XA BEL U RREFIEVNEITH o2 23D » 5.

4.3 AANT—IEHE AUC O

SICEFE T —RIZBVWTREETINVDOANT — B LERL - & SO FRKEEZ/R9. it AUC,
K% L 2R,

Statics2011 TlE L DY A AWNI KRB IZDONTAUC DIEPHEL THWDEZENLEEFETEIT—XD
BB REIWE B DID. Monotonic Attention (XFRAFEDIS ¢ L ZHEMNBEEOHEBIZEYD A 72
T DG U THET % 728 Statics2011 D & S IZHHEH D EBNAE NN Y ) A ZADOMENPRKINEE
ZoNd., BEETINTIKL=37 TREBVWEEZ/RL, HRWNDZLWIEHBTE +2 @ WKEE TR
TEBENBDMHD7-.
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ASSISTments2015 Tl L ORI K I K ZRZIFEHENH EL TWS. ASSISTments2015 D EfEE IH
HEBUIEEB/NS W20, BEDHEDREENN ) A RIZBVIZSWEEZLGNS. ULILUZTDEETE
L=17, TAKT XV ERVFHIBE2RL /~.

3 &Y, ASSISTments2009, ASSISTments2017 Tid AUC DNEIENFHFTH YD, RO THIBE Z2RT
BOHA L WEET S Z &2 RUT WA, ASSISTments2009 1& L=100, ASSISTments2017 & L=97 Th®
RWHEZ7R U2, AKT TIRIEH % 200 HHOGTOZBZUTHARS ERPEBUC R > TH Y, AERT—
RE ST THIEENNETDZ ENbhror.

U EDEINS AUC 28 KIZT 2 LEBRL, BYIIT—R 25T LNEETHD Zenbhorz,

5 BbHUYIC

AFETIE AKT 1B I3 T — 2 SH %2 5t 3272012, KISTFHIZHWS TF—282HKRT25 28T
HREDDRNT =R RIS HT 28725 AKT FiE2REL 2. FHiERTIIIRTOT—Z Y
WZEWTEEEO K TFHNEE A A LU 7.

72720, BETTNVANE L OEG#EE % ERT 2 72OIME T IR EERB P IEFIZES< A>T
W3, F72 Attention Z# AW/ KT FEIFFHEEDNZ W /2O RNN &2 AW/ EBEEFEFEIZHEARE < DO ERH
PBETHD. BEETIVIEI DV oK UBEOR A H 2 EF X TS, AKT TIETNTOIH
HEIZH U Attention 23 B LTS, ULNAUABNT =4 L 2HETNIERER I LFEOEBIZR LT
TTyyavEHRETNEROWAZOHEENHO TS L EXD. ETIMILOMEIZGLTT Ty Yaryn
HEREWOTLEE(TD 2L TAKT OED 1 D Th o 3G 26 THENTETHI L ERD.

FAmER L ABRTEZTNIV ALTHEH, BHUEO TN T) ALATIEHBT UERREDMEEZ OIS
ZEMTIRVEVIREANDD. Attention 2 W 72T TINTEHEM N L < o T L £ 5 72OMEIC
B2 LOMZ2RTEFEGEPEH LU TELSBZ>TULED. o TOMERA R TILVT) AL %2EAT
522 THEMMERS LZY, REOLOEZADITOND LI RETIVICARDEERD.

KT CIEFHKEEZ TR AR ERMEOEILEETHY, RO KT FEI) BRRE2EO-ETV
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