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10. IRT #7704 5 L EasyEstimation D 1t#k
10.1 EasyEstimation ') —XDH#IE

AR BN TIET A MEROREFFOBRIC, IEET LV E L THE MG (Item Response Theory:

UUF IRT &9%) ZHWTWD., ZOOSINIIIHEHOHEY 7 N =7 BUHEATHDH. D LX)
TREE Y 7 MZIEPEM Y 7 b & L TiE Scientific Software International f1:¢> BILOG-MG <> IRTPRO,
PARSCALE, Australian Council for Educational Research (ACER) ® ConQuest 72 &S, F/27 U —V
T HRELTHEHRD Itm Ry r—U 72 EMNBH 5. PARSCALE DFE/E/X— 7 3 1% NAEP C, ACER ConQuest
IEPISA R ETEHRA STV S, LaL, WIS A ORES R O ¥k 7 m 77 I 7 A%
VBB Z L, F T2 ConQuest TIHRZ DB MUGET /WVICHIBRR &5 Z L 8 h, —MRITIXR)
RFALIZS W, 22T, FRk 2 SEEIGHIRPELRENE TREHRBEOFIHMEICK I 2 HET X
Ny HE DB ATREMEIZ DWW C ) CIEZUCERH L, BILOG-MG <> IRTPRO OHEEFEFR & &7 v AN 77—
Ta rEITWRNORERO M S 2R CTE 72, BEA (2009) 12 X 5 EasyEstimation 2 AL CTH
BHLE.

EasyEsimation 3 U — X (FB4} 2009, 2012) 8i21%, 22— —A L F—T = A ZAZG)D, LAFITRT X
oﬁ@htﬁﬁkﬁw%$®ﬁé#%ét@ HERETIET TS O ZERRBEE~F U o n— R E
WEHT LT A MR R SIS TWD. A%ESE TR FTHEDAREMICE RSN D XD
272, R EM Y 7 e LT, FRESGRELED T, SHIA b LIZRDTH
A9

F9°, EasyEstimation O4F & LTI

1) WFFEHANICIRY IR CRIHCE 2EEO 7V —Y 7 hu =7 Th b.
2) v U ABMED BTN ARER GUL (/T 7 4 N e a—HF e A F—Tx2—X) [TLV, TA]
IRAUNE e kwf%@%KAﬁ%iﬁ?%é
) ZRHEMHT, —HOHEHBEEEIC L 50878 L, FEH LB AT a VBHEES
nTunid
DHEBRIZBNTH, oY 7 Ny =7 L ORBRHFNZ2IN TS
5)EasyEstimation (% 2 fERT — % DT X M iC VBN 52, EOIENT IAFAF ZER T
% F @ EasyEstGRM, & FNJE T — % D EasyNominal, DIF (HpEIEHHERE) S5#H7 @ EasyDIF
(Re4¥, 2012) L \Wo7e Y7 by =T HAEN TV D.

DEECE 5. E7o, ElfREL LT

L7 hZ7 2V v 7 fHEREATHIN 6 OEAE 2 FIH L7z — R ook O ARE DR,
2. HHEBEOHE,

8 http://irtanalysis. main. jp/
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3. ZERA R OHERE,

4. TEHAFRMEMRR, 7R MERESROH T,

DA->EFEHSTWS (X10.1) .
TikR35.

LI FClX, EasyEstimation OFAEREIZOWT, ZOFHEAREIC OV

ot EasyEstimation Ver1.6.1

Presented by Ryuichi I{umaga‘ o o 5 e S

Language

AT B NIRER TUIE,

— TR

TSIV HERRRE TR S, 20U T 0s b eFRmLET.

B RIAHEE

1-, 2+ 3N5A DU AT o DET IR E S AR RELE .

EREREEDEE

HREREENASADEEELE.

HHE Fr L
TR

B FriEdhe, T2 MG RE ST E A L3S, End

10.1 FEasyEstimation ZE47H &

102 TR O—RTIEMESR

WD IRT ST TIET A RB—RIEHEE A LTS (—oDERMBAZHIELTWD) EWHEE
FEWVWTWS 2 It EEE L2 IC IRT EF A HEE X TV 3) . FasyEstimation T,
FARB—KITMHEEZH L TWANEFHERTHT-0DO—o0E L LT, 5 72U v 7 HEREITS

MORERHSNLEAEE YT 7T

Licbo (A7 V—=7wy ) 2HAT5. @%, HFo0 O

B CHEAME 2GR T 258 IR MEBEREATIIN NN D08, BT A VENDRWGEEDONT A
UINT =4 (L2 X0-1 02T —%) I L TothaFiTd 5L, THREEE] (23 L7zK
TR s o2, EELIRVELRH LD, T A MIHrOXIRTIZT b7 =2V v 7 FHBHREAT
FI (BERLT — 2 TIEARY 2 U v ZHBEREATS) VWb ND.

T hT7 a3y ZAHBRENE, EERD DL ZENTERWEYD, BEFFEICEVHEHEI RO b5
Z & &7 5. EasyEstimation TlE, Olson (1979) TR TWABELEHZFIH L-&x LHEEEIC
K07 b7V v 7HBEGREEHETEL TWD.
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10.3 IEHEBHOH#HTE

EasyEstimation Ti%, 2T — X T ABEAKSET IV (1, 2, 3RXTRAXAZ - a AT 47
EBTN) OHARBEEZHEST 220N TESH. HABKROHEEIIE, BEUsELHEEE BT AZ -1
VAT A v s BT MIBNWTOHR, B THEERNT A ZIX—Z 52 Hilintn &3 254 IHEE %
FIAD) Z#8A LTS, BEEHEEEICOW T, k2 2 FE SRR A L5t [2EBE O
FHREICB T HEMET A MpiHE#EH ORA ) 5 3 B2 Iz, EasyEstimation % W\ IH
HEEHEE ICRB W TIE, —HoEBBEROELEME LT, 0 OHEEEREZHEET 28N FIH T
5. FEBRIIKRMEICBIT2F oI T ZOMEZFIA L TV D.

10.4 ZEREBBOHE
EasyEstimation TiX, ZBEARNHOHTE S EL LT 1) HROHEERE, 2) naximuma posteriori (MAP)
1%, 3) expected a posteriori (EAP) {EAFIHT HZ LN TE 5. HALMEEOSLE, RFEE GR
) OZEBREICBWTCIL, SBMERBAHET S22 ENTE R0 o722, EasyEstimation Tliifk b ik
BDOENEBIZOWT 0.5 1IBF RE) LWHBBEMKS Y 25252 LT, 2% GRE)
DEIERZ AT LTS, A6hOHEMEZ 52247 a Y AHEISNTWD. ZREREBHEEIC
BWTIE, RBEHEEMEOIED, OREREREL LOZBREEASE (person—fit) FRENEHEIND.
Z OZEREE S EEEIZ DWW TIX, Drasgow, Levine, & Williamas (1985) 38 J 0" Drasgow, Levine, &
McLaughlin (1987) (2X % 7, Mt EZHA L T\ 5. 7, $iEFEITEEES DMWY, ZOMEPAIC
REWVEEETADLTMAEL TS (T2 2E, WEEREmWEBISENY IEE L, WEEMEOIE

HIZITFAELTWD) ZLithks.

%7 EasyEstimation TlE, ZMHERMEDO L DO TiH e, RHEMOSAOHELITOMELH D, =
BRE R R BHEEIE TR O 5, EXBRENBOERREZ RO D &, REORBIZI Y BEDHE
I BERERAENKE 0D (BAPCVMAP ZFIH L7261, FRIHAA O HF I HEEE MR D & v
IS AMEEEORHEIC LY, FERAEIT NS RD) . 22T, FXBREOBEEHET 2D TIT
<, BEHNMARET 2 2 &L TREOREIIMA, FERELZEOMEIZE DTS2 EAREE R
5.

10.5 IEBE4FMHR - T X MEREHBEORT
RIRHIA H OFFIE 10. 3 THEE SN H B RRIC K VIRESNL S D, iEZ0b 0 X0 &, HEFHE
Hi#k (item characteristic curve; LA'F ICC) ZFT 5 Z & THOLNDIERN L. FRZEHEAT

— S THEROEABEA B ONS DL nh, KNS 100 2MH 5 - L ALEE RS,
EasyEstimation TiE, Z D ICCIZTOWTHEHGICHITAZ LN TXS.
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2 NHEROMHL AT, 7 A M ORKEIXMEEMERE L LT 0~1 OFETRBE I, IRT T, 7A
FOREEZ T X MERBEEE WD, BIERFEREMEORMEKE LTRIT L. 2% 0, EOrElHEHEIC
BOWTHENREOVON (RWon) 2RHATHZENTE, ZO0BKE 77 7ICLEb0E2T A M
WEHR L MRS (M10.2) . F7o, BEMREN T —2 2y MIKFEL RIS (B,
FCHBEEELDR 57 A NTH, SBREVNBRLIVIHREROMENR R/ D) OITKL, 72 MEHREIT
HEHBEIZEVRESND D, =Xy MIMYLTWVWE2ZLHERERENTHD.
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11. SERBDEELED

KBTI % 33T D BMIT O ORI AR A b3 5. A) BN REN O 2KE T
2 DN B WITAEAFIZ 32 Dy, B) AR Z D O RIE S N FEEE T 25~ 2 D7
C) #HORFEHZREMMICOIesTE=X—TE5L9I2T5D0 LRV D0, D) IR EA
TEET D00, BET IAMERD HOETWELEZNE OB TR DN, RETHDH. 72
L, TOFEOHMINEE LRWVIRY, [MEELT500HBHETE 20,

ZZTRONTZTEEIFMOPTH o & b2IE L 2E VSV OFERMRICLELFERETEDD
EPMBEIRRMERITHE L, TSSO LWEFORERINORM A [SCHR A ZFEmE 7
DA ZTER U7 P RRRE AT IS BT 2R AMFZE] | & U TRk 22 RN B ARFEE D 3 FERMIIC T2
STk, ZOREELRE Lo, Ll (2011) , 42l (2012) W NCAREEICRD.

HARMIZIE, a) BEAFESREZEMAT 52 L, b) HEEBBERELNGEET L2 L, o) RELMN
F=F—TEDHT L, d) BHET HAMIERE OREMEL ST TE 22 L, ZPERGTOEREORA b
L7z, 72720, BN O TR BHEW LT, R0y 70 v 7 5EOwEH B RIEA5 %O
MEET5Z2LELT, KRYD3ODEFLET I TEHINABEZ B L. 2O, FHollE
£F /L2 NAEP ° PISA 72 E THAH SN TV A IEH BUGCFEH ( Item Response Theory; IRT) €5
B LT,

F9, 1) PR 22 FEEICB W TIEMBET X MypfHED#EH %2, /N 6 FARER b NTHFK 3
EARAICEA L TRAT. RIS, 2) Rk 28 IV TIE, TR 3FEADE T & EHFE Rz —
T4 VT TU—ICEEAEWD) ICALTEET X M HEZER L, BPICBW TRAEHR
WA THDZ AR LTz, £, ZOFEENLRERE LZEREICEO CTRERAMBEORFICEE L T
H IRT ET NVOHFROZERERIGET ANRFATE L Z L 2R Lic. THORERITZ & 21387 OFEY]
7 EORRICHAITE S, 3) AIEE PRk 24 4FE) I2B W TE, BOHPEK 3FELEOH T L
EFEZ x5, HBEFEROR L, SiCHE B I T 2 MR- ORY 72 £ b < HERIKEHROHE
ENDOEBEFRERRY DR T4 TRE LTHENS M EMA LT ST A v & LTHE
WIRIRGE 7 v 7 T A V&2 BAL, £, YATL T LB A & O O 7o O ICHERE

(Plausible Value) ZHIH L7=%EHl%4 R L7z,

PLFICHKEEDOREEZ Y A RNT v 7T 5.
111 F22FE : 2EREOZHFABRICE TS EETA MoMEERDEA
B . TEHET A FrfttiETtem Matrix Sampling) | (—#OREM I2AFE T 57207 T, WEIAVE

WOEZRNARET 2 Z ERAREL R D5 FE) ORRIZEBITLEM ) UNUEHESLT D72, iRE
DIRFEE 21T > 7.
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z$-¢(3,4,56,7,1,2,5,6,7,1,2,3,4,6,7,1,2,3,4,57,1,2,3,4,5,6)

%1 1—TUAKBEROR JOJ 5L x <~ t(matrix(z, 7,4))
X
# # kekka <- isGYD(x, T)
# R 2 4 FEXEHFEAREHR
i
# 1) BIBDAA—TUAKRTHDZ LEREIT S kekka$ Number of occurrences of treatments in d
# 2 ARTIOHEERRD t ( kekka$ Row incidence matrix of d* )
it t ( kekka$ Column incidence matrix of d* )
# R version 2.14.0 (2011-10-31) t ( kekka$ Concurrence w.r.t. rows™ )
it t ( kekka$ Concurrence w.r.t. columns™ )
# SHIBYAMA, Tadashi at TOHOKU University
# 2013.3.30 # /
# # t 2 £RTIOMEERENS
1 /

# 1) BIBDAA—FTUARTHSZ LEREIT S
#YDS BIB(7,3,1) [EEE
require (crossdes)
cmat<-t (matrix(c(1,1,0,1,0,0,0,0,1,1,0,1,0,0,0,0,1,1,0,1,0,

# A—T A PISARETHEOLATWSTHA Y 0,001,1,01,1,000,1,1,0,0,1,0,0,0,1,1,1,0,1,0,0,0, 1)
# H24A EECHEAT A TY1 Y )
2$-¢(1,2,3,4,5,6,7,23,4,5,6,7,1,4,56,7,1,2,3) cmat
x <- t(matrix(z, 7,3))
X cmat %+% t(cmat)
dr<{-diag (cmat %% t (cmat))
isGYD(x, T) dr
t LOWES HABFETERTZTHAY t(cmat) %% cmat
# de<-diag (t (cmat) %% cmat)
dc

106



#YSD(7,4, 2)

cmat<{-t (matrix(c(0,0,1,0,1,1,1,1,0,0,1,0,1,1,1,1,0,0,1,0, 1
1,1,1,001001,1,1,00,1,1,01,1,1,0,0,0,1,0,1,1,1,0)
J1,7)

cmat

cmat %% t (cmat)
dr{-diag (cmat %% t (cmat))
dr

t (cmat) %% cmat
de<-diag (t (cmat) %% cmat)
dec

#B1B(7,7,4,4,2)

cmat<{-t (matrix(c(1,0,0,1,1,1,0,0,1,0,0,1,1,1,1,0,1,0,0, 1, 1,
1,101001111010001,1,1010001,1,1,01
),1,1)

cmat

cmat %% t (cmat)
dr<-diag (cmat %% t (cmat))
dr

t (cmat) %+% cmat
de<-diag (t (cmat) %% cmat)
de

#B1B(4,6,2,3,1)
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cmat<{-t (matrix(c(1,1,1,0,0,0,1,0,0,1,1,0,0,1,0,1,0,1,
0,0,1,01,1),6,4))

cmat

cmat %% t(cmat)
dr<-diag(cmat %% t(cmat))
dr

t (cmat) %+% cmat
dc<-diag (t (cmat) %% cmat)
dc

#notBIB H23 #FETH1 v

cmat<{-t (matrix(c(0,0,1,0,1,0,1,0,1,0,1,1,0,0, 1,1,
1,0010101010110011,1,1010101,00,0,1,1,0,0,
0101010101100110000101101001,1,0,1,1,
1,0,101001011100011,110101,01,00,0,1,1,0,0,
0,1,01010101,1001,1,0),16,8))

cmat

cmat %% t(cmat)
dr<{-diag (cmat %% t(cmat))
dr

t (cmat) %% cmat
dc<-diag (t (cmat) %% cmat)
dc



%2 HEBEZRODODOR TOT L

# IRRDERTE
getwd ()
setwd (hEEI A/ SADREEZT S &t
)

it SWESOEE 1, 2, 3, 4, 5, 6, 7 —#
#//////11111117777111111177771111111/4%

booklet <= 1  #LLLLLLLLLLLLLLLLLLLLLLLLLLLLLKLLKKL book et >2>>
#//////11111117777111111177771111111/4%

# booklet = 0 for debugging #

if (booklet = 1) { sink ("PVsink1.txt”, split=TRUE)}
if (booklet = 2) { sink("PVsink2. txt”, split=TRUE)}
if (booklet = 3) { sink("PVsink3. txt”, split=TRUE)}
if (booklet = 4) { sink("PVsink4. txt”, split=TRUE)}
if (booklet = 5) { sink ("PVsinkb. txt”, split=TRUE)}
if (booklet = 6) { sink ("PVsink6. txt”, split=TRUE)}
if (booklet = 7) { sink ("PVsink7. txt”, split=TRUE)}

it HMOER—E
¢ ("H &S, book let)
c(” ZHRES, nofsub jects)

# Pluasible Values

# SHIBAYAMA, Tadashi at Tohoku University

# JUne 14, 2011 for Grants-in-Aid for Scientific Research (B)
# August 16, 2011 for JART 2011 at Okayama Univ

# May 29, 2013 for MEXT Item Matrix Sampling
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PMoril 13
CONST, EAP

2013
EHET S

EWBREDEENMOTENRSEL, REENTT—F/NSLMEEZRDH D
E.#(=Plausible Values) F4E S5

HHt estimation process of PV for a sutudent #HHHHHHHHHHHHHH

H o H = H H H O H H O H H H = H O H O H H O H O H H H = H

X
theta
fxtheta

gtheta

hthetax

. an item response pattern for an i—th sutudent
S ability 6
. the item response probabirity : f(x|80)
given by
TTJ Pj#eXij Qe (1-Xi )
where Pj could be 2PL model.
: a normal disitribution may be N, 1): g(8)
We can use a R faunction, “dnorm”
ex. dnorm(theta, 0, 1)
> dnorm(0,0, 1)
[1] 0.3989423
. the posterior distribution S h(8 1%
given by
h(6|x=f(x| 6)g(6)/If(x|0)g(0)dO

We can estimate a value of [T(x|8)g(0)dO as follows:

theataEAP

PVs

fg <~ function(8) {f(x] 8)g(0)}
constfg <~ integrate(fg, 4, 4)
and so hthetax could be determined as follows:
htheta<-function (8, constfg) {fg/constfg}
. Expected a posteriori estimation of an ability 6
eap <~ function(@) {B*htheta}
thetakEAP <- integrate (eap, -4, 4)
- We can get PVs for a student with item
response pattern x
drawing random numbers from the probability



# distribution with density h(8|x)
# 5 plausible values are typically genertated

#//////////1111111111177177177117111777/771771171111177/771717/ /%
##t Nodes and weights for the 5—point Gauss-Hermite formula #Htt

#
#
#
#
#
#

Integrate of f(x) * exp(-x"2) = Sum of f(x) * weight

ex. Integrate of exp(-x"2) = sqrt(pi) = 1.772454
Sum of weights = 1. 772454

npoint <~ 64 #100 #64 #32 #20 #15 #5

if (hpoint = 64) { npoint <- 22} # 22 points in the 64-point GH formula
xnodes <- matrix(0, npoint, 1)

weight <- matrix (0, npoint, 1)

if (npoint =22 ) {# 22 points in the 64-point GH formula

#— N of Points = 22 points in the 100-point GH formula
xnodes[12] <- 1. 38302244987009724116e-01

xnodes[13] <- 4.14988824121078684584e-01

xnodes[14] <- 6. 91922305810044577278e-01

xnodes[15] <- 9. 69269423071178016745e-01

xnodes[16] <- 1. 24720015694311794072e+00

xnodes[17] <- 1.52588914020986366295e+00

xnodes[18] <- 1. 80551717146554491895e+00

xnodes[19] <- 2.08627287988176202084e+00

xnodes[20] <- 2. 36835458863240140418e+00

xnodes[21] <- 2. 65197243543063501106e+00

xnodes[22] <- 2. 93735082300462180976e+00

k <~ 23

for (i in 1:11) { xnodes[ i] <~ - xnodes[k-i]}

#
weight[12] <- 2.71377424941303977947e-01

#
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weight [13] <- 2. 32994786062678046649¢-01
weight[14] <- 1.71685842349083702001e-01
weight[15] <- 1.08498349306186840632¢-01
weight[16] <- 5. 87399819640994345496e—02
weight[17] <- 2.72031289536889184544¢-02
weight[18] <- 1.07560405098791370492¢-02
weight[19] <- 3. 62258697853445876057e-03
weight [20] <- 1.03632909950757766343e-03
weight[21] <~ 2.50983698513062486093e-04
weight[22] <- 0.5*sgrt(pi)- sum(weight[12:21])
k <~ 23

for (i in 1:11) { weight[ i] <~ weight[k-il}
} # Don't Delete !

#—N of Points = 22 points in the 64-point GH formula—t#

#

# Bock and Liberman (1970)

#
#

# for approximating the unit normal distribution #

#

cl <~ sart (2 # 1.414214

c2 <~ sart(pi) # 1.772454

for (i in 1:npoint) {

xnodes[i] <~ xnodes[i] * ¢l

weight[i] <- weight[i] / c2

}

“22 nodes in the 100-point GH formula”
xnodes

“22 weights in the 100-point GH formula”
weight

“Sum of 22 weights in the 100-point GH formula”

sum (weight)
#

#

fgdx <- function(xi, theta,w, a,b) {



#

# This funcion is the part of the quadrature form
# given by Bock and Mislevy (1982)

#

# m  number of items

# theta : ability

# w . quadrature weights for the fixed theta
# a © item discriminating powers

# b . item difficulties

# ptheta : log of P(theta)

# gtheta : log of Q(theta)=1-P(theta)

# Xi © item response pattern for a student

m<- length(a)
ptheta<- matrix (0, m, 1)
gtheta<- matrix (0, m, 1)
ptheta<- 1/ (1+exp (-1. 7xa* (theta-b)))
gtheta<- 1-ptheta
|ogofptheta<-log (ptheta)
|ogofgtheta<-log (qtheta)
v<-0
for (j in 1:m) {
temp <~ xi[j] * logofpthetalj] + (1-xi[j1) * logofgthetalj]
v <~ v + temp
]
fgdx <- exp(v) * w
]
#

#

fg <~ function(xi, theta, a, b) {
#

# This function generates item response probability
# for a fixed ability on 2-parameter logistic model
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# with the prior distiribution g(8) which is a density function
# of the standard normal distribution

# m © number of items

# theta o ability

# a © item discriminating powers

# b . item difficulties

# ptheta : log of P(theta)

# gtheta : log of Q(theta)=1-P(theta)

# Xi . item response pattern for a student
# dnorm  : a R function

m<- length (a)

ptheta<- matrix (0, m, 1)

gtheta<- matrix (0, m, 1)

ptheta<- 1/ (1+exp (-1. 7*a*(theta-b)))
gtheta<- 1-ptheta

| ogofptheta<-log (ptheta)
|ogofgtheta<-log (qtheta)

v<-0

for (j in 1:m) {

temp <- xi[j]*logofpthetalj] +(1-xi[j])*logofathetal ]
v <~ v + temp

}

fg <~ exp (v)*dnorm(theta)

#tfg <- exp(v)

}

# #
# #
testinfo{-function(trait, a, b) {

# #

# test information function
m<= nrow (a)
ptheta<- matrix (0, m, 1)



gtheta<- matrix(O,m, 1)

ptheta<- 1/ (1+exp (1. T*ax(trait-b)))

gtheta<- 1-ptheta

testinfo<—sum (2. 89*a*xaxptheta*qtheta)

]
#//////111111177771111111777111111177771111111777711111177771 7%
4 Program Starts Here. /////////////////////111111111111111///%
’///111111111111717177777777777777777771171111111111111111171/%
# #
# Input Item Parameters estimated with EasyEstimation

B XERRERENR TRUEE $F PRIF4

# BIBD EEtEY R 7

£EHE Y FOHIZIL8 EE
TEAHEITHEFEEIILL & o1

o 7

H=H H = =

#
#////11/1171111171177177177177177117717717717711711771771771/%
# SMCEITYR T4ty tBICHEEZE L D5

# booklet : SMBEEEEETHLT, TOHMD
# ZREY EHEBREOEEEY TS
w/////111111177711111111771111111177771111111777711111177771 7%
# #
it specify a seed for generating randum numbers —
set. seed (booklet) IoMES L — FEESSE TS
# #
a-c¢(  1.5016 # S01-1

1.43151 # S01-2

1.06211 # S01-3

0. 64068 # S01-4

1.18036 # S01-5

1.00537 # S01-6

0.62508 # S01-7
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1. 22397
1.01936
0. 69764
1. 22533
0.86273
1.42416
0.8543

1.09215
0.5314

0.93478
0.91722
1. 36693
0. 81466
0. 79646
1. 28242
0.59168
1. 58592
0. 83296
0.51323
1.03028
0.87428
1.1789

1. 00534
1. 35864
1.89109
0.98318
1.07419
0. 60785
1. 20344
0. 92999
1.10479
1.2335

H o H = H H H H HF H H H O H OH OHF O H OHF OH H H OH H OH H H HF H H H O H

S01-8
S02-1
S02-2
S02-3
S02-4
S02-5
S02-6
S02-7
S02-8
S03-1
S03-2
S03-3
S03-4
S03-5
S03-6
S03-7
S03-8
S04-1
S04-2
S04-3
S04-4
S04-5
S04-6
S04-7
S04-8
S05-1
S05-2
S05-3
S05-4
S05-5
S05-6
S05-7



b<-c (

1. 30506
1.23412
1.01617
1. 32836
0.86411
0.97241
0. 69491
1.07921
0. 77921
1.01852
0.66172
1. 0691

1.03244
1. 03736
0. 64825
0. 60992
0.78434

H oH = H H H H = H = H = H = H H H=

-0.86212 #
-0. 88752 #
-0.01799 #
-0. 85269 #
—0. 45684 #
-0. 46732 #
-0. 81506 #
-0.98444 #

0. 30493 #
-0.74172 #
-1. 35076 #

0.25146 #
-0.90175 #

S05-8
S06-1
S06-2
S06-3
S06-4
S06-5
S06-6
S06-7
S06-8
S07-1
S07-2
S07-3
S07-4
S07-5
S07-6
S07-7
S07-8

S01-1
S01-2
S01-3
S01-4
S01-5
S01-6
S01-7
S01-8
S02-1
S02-2
S02-3
S02-4
S02-5
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-0. 34602 #
-0.52575 #
0.22322 #
-0. 68371 #
-0.32134 #
—0. 45345 #
1.03072 #
-0. 58385 #
-0.95767 #
-0. 16330 #
-0.30197 #
-1.14353 #
-0. 18568 #
-0. 16087 #
-0.05181 #
—0.77284 #
—0. 15336 #
-1.26539 #
0.16921 #
-0. 38421 #
-0.57142 #
-0.59394 #
0.28947 #
1.7 #
0.50682 #
-0.51857 #
-0. 86924 #
-0. 13640 #
-0. 88265 #
-0. 54447 #
0.33318 #
—0. 85530 #

S02-6
S02-7
S02-8
S03-1
S03-2
S03-3
S03-4
S03-5
S03-6
S03-7
S03-8
S04-1
S04-2
S04-3
S04-4
S04-5
S04-6
S04-7
S04-8
S05-1
S05-2
S05-3
S05-4
S05-5
S05-6
S05-7
S05-8
S06-1
S06-2
S06-3
S06-4
S06-5



-0. 69070 #
-0. 08366 #
-0. 28639 #
-0. 48622 #
-0. 90563 #
-1.00784 #
-0. 73339 #
-0.91422 #
-0. 20357 #
-0. 76857 #
, -0.69193 #
)

# HEtY MIBEFNLEEBESOERE

bl <~ ¢(1:8)

b2 <~ ¢(9:16)
b3 <~ c(17:24)
b4 <~ ¢c(25:32)
b5 <~ ¢(33:40)
b6 <- c(41:48)

b7 <~ ¢(49:56)
b1:b2;b3;b4;b5;b6:b7

# HMCEFNLHERE Y FOFEE

s1 <~ ¢ (b3, b, b6, b7)
s2 <~ ¢ (b1, b4, b6, b7)
s3 <~ ¢ (b1, b2, b5, b7)
s4 <~ ¢ (b1, b2, b3, b6)
sb <~ ¢ (b2, b3, b4, b7)
s6 <~ ¢ (b1, b3, b4, bb)
s7 <~ ¢ (b2, b4, b5, b6)
s1;52;83;54,85,56;s7

it 2 TONMTLEDE

S06-6
S06-7
S06-8
S07-1
S07-2
S07-3
S07-4
S07-5
S07-6
S07-7
S07-8

IHEESOIEE

nofitems <~ 32 HEIE S EE
nofrands < b 1218 L ICERT DELEDEL
i

"SE L ITERT BELBO”
nofrands

m <- nofitems

it Mk - TELGSE

# debug F

i f (book let==0) {

i o1 EFEo =T/ Ny TRERE;

itemsets <- sl

nofsub jects <- 5;

apara <- matrix(a[itemsets], nofitems, 1) ;
bpara <- matrix (b[itemsets], nofitems, 1)
}

if (booklet =1) {

# o

itemsets <~ sl

nofsub jects <- 366 ;

apara <- matrix(a[itemsets], nofitems, 1) ;
bpara <- matrix (b[itemsets], nofitems, 1)
}

if (booklet =2) {

t o2

itemsets <- s2

nofsubjects <- 356 ;

apara <- matrix(a[itemsets], nofitems, 1) ;
bpara <- matrix (b[itemsets], nofitems, 1)
}

if (booklet = 3) {

i o3

itemsets <- s3



nofsub jects <- 356 ;

apara <- matrix(alitemsets], nofitems,
bpara <- matrix(b[itemsets], nofitems,

]

if (booklet = 4) {

% a4

itemsets <- s4
nofsubjects <- 355 ;

apara <- matrix(a[itemsets], nofitems,
bpara <- matrix (b[itemsets], nof i tems,

]

if (booklet =5) {

# S,

itemsets <- sb

nofsub jects <~ 368 ;

apara <- matrix(al[itemsets], nof i tems,
bpara <- matrix (b[itemsets], nof i tems,

]

if (booklet = 6) {

¥ o6

itemsets <- s6

nofsub jects <- 366 ;

apara <- matrix(a[itemsets], nofitems,
bpara <- matrix (b[itemsets], nofitems,

]

if (booklet =7) {

¥ o7

itemsets <~ s7

nofsub jects <- 366 ;

apara <- matrix (a[itemsets], nofitems,
bpara <- matrix (b[itemsets], nof i tems,

}
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# HfOEE—%

c (" ES", booklet)

c(” ZHREE, nofsub jects)

mat <- matrix (c(itemsets, apara, bpara),m, 3)
colnames (mat) <- ¢ ("IEB®ES", "#RAlAH", "HEE")
c(” EEER

mat

#

HHH AR CFET
xdifficult <- bpara
xdiscrim <- apara
"IAE/NT A Z”
R

xdifficult

"R

xdiscrim

zmax <- 4.75

zmin <~ -zmax
zbreaks <~ (zmax-zmin)/11
# Number of Subjects”

n <- nofsubjects

n

# IRT Parameters
ax<~-xdiscrim
bx<{-xdifficult

# number of items

" EEM

m

mx<-m

mx 1<-mx-+1

#

# Input Response Patterns



# width=c(1,1,~, 1) EERTEI14#7 id <~ xal I [, 1]
# skip=0 FEEITANO1T xall <- xall[,4:59]
# n=20 RORSITHR (RGN —2 D) A 2017 xall <~ as.matrix(xall[, itemsets])
# xscore <- rowSums (xal )
# x[i, ] BA i ORIGNE—2 # #
# x[, j] BB j ORIG/NE—> # Test Information Curves
# x[i, il A i 0mER j I HRE # #
# # z<-seq (4. 75, 4. 75, length=100)
Hit LT csv DInE XREREMIR (FR24 %) xinf<-matrix (0, 100, 1)
for (i in 1:100) {
if (booklet = 1) { xinf[i]<-testinfo(z[i], apara, bpara)
xal [<- read. csv (“book|et1. csv”, header=T) ]
} xinf<-cbind (z, xinf)
if (booklet = 2) {
xal I<- read. csv ("book | et2. csv”, header=T) win. graph()
} trange=c (min (0, xinf[, 2])*0. 9, max (xinf[, 2])*1. 1)
if (booklet = 3) { plot (xinf, type="1", x|ab="Abi l ity”, ylab="Test
xal I<- read. csv ("book | et3. csv”, header=T) Information”, x| im=c (-4. 75, 4. 75), y| im=trange, col="red”)
} # #
if (booklet = 4) { # const = (x| 8)g(8)do
xal 1<~ read. csv ("book | et4. csv”, header=T) # #
} const<-matrix (©, n, 1)
it (booklet = 5) { for k in 1:n) {
xal [<- read. csv (“book | et5. csv”, header=T) xi<-xal | [k, ]
} temp<-matrix 0, npoint , 1)
if (booklet = 6) { for (i in 1:npoint) {
xal 1<~ read. csv ("book | et6. csv”, header=T) temp[i] <~ fgdx(xi, xnodes[i], weight[i], apara, bpara)
] }
if (booklet =7) { const[k, ] <~ sum(temp)
xal I<- read. csv ("book let7. csv”, header=T) }
} # const
head (xall, 5) write. table (const, “PVconst. txt”, quote=F)
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# # write. table (maxpdc, “PVmaxdensity. txt”, quote=F)

# Estimation a priori : EAP "BERBRDEN KT H - 1-1ERE"
# # mxsubj <- (1:length (maxpdc)) [maxpdc=max (maxpdc) ]
eap <~ matrix(©,n, 1) mxsub j
fork in 1:n) { "FDEE"
xi <- xall[k, ] axpdc [mxsub ]
temp <~ matrix (0, npoint ,1) BYID—AEITOHB A"
for (i in 1:npoint) { xal | [mxsubj[1], ]
temp[i] <- xnodes[i] * fgdx(xi, xnodes[i], weight[i], apara, bpara) "BEEBORKENEADT TR/ TH - 1HERE"
} mnsubj <- (1:length (maxpdc)) [maxpdc=min (maxpdc) ]
eap[k, 1 <~ sum(temp) /const[k, ] mnsub j
} "FOEE"
it EAP maxpdc [mnsubj [1]]
write. table (eap, “PVeap. txt”, quote=F) "BHID—AEITOH A"
# # xal | [mnsubj[1], ]
# Max. Density of Posterior Distributions #
# # # Rejection Samling starts here.
maxpdc <- matrix(,n, 1) # = 0.1499402 for Niigata DATA 4549 %4> DON' T DELETE! #
# zmin pv <~ matrix (0, n, nofrands)
# zmax pdemax <- maxpdc + 0. 01
# seq(zmin, zmax, length=100) kekka <- matrix (0, n, 3)
z <- seq(zmin, zmax, length=100) kkmax <- 0
for(k in 1:n) { # # kk <=0
pdc <- matrix(0, 100, 1) for(k in 1:n) { # k
xi <~ xall[k, ] xi <~ xall[k,]
for (i in 1:100) { yheight <- pdcmax [k]
pdcli] <~ fg(xi,z[i], apara, bpara)
] zmin <- eap[k] - 4.75
pdc <- pdc / const[k, ] zmax <- eap[k] + 4.75
maxpdc[k] <- max (pdc) nofpv <- 0
} # # kkmax <- max (kk, kkmax)
#maxpdc kk <- 0
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while( nofpv <= nofrands ) {

if (booklet =2) {

y <~ runif(1, 0, yheight) write. table (kekka, “PVresults2. txt”, quote=F)
z <~ runif( 1, zmin, zmax) }
kk <- kk + 1 if (booklet =3) {
fgvalue <- fg(xi, z, apara, bpara) /const[k] write. table (kekka, “PVresults3. txt”, quote=F)
if(y <= fgvalue) { }
nofpv <- nofpv + 1 if (booklet = 4) {
if ( nofpv > nofrands) break write. table (kekka, “PVresults4. txt”, quote=F)
pv [k, nofpv] <- z }
} if (booklet =5) {
} write. table (kekka, “PVresultsb. txt”, quote=F)
I k }
“HHEZSLIETORYERLE &XE if (booklet =6) {
kkmax write. table (kekka, “PVresults6. txt”, quote=F)
t OHERE }
Hov

if (booklet =7) {
write. table (kekka, “PVresults7. txt”, quote=F)

#write. table (pv, “PV. txt”, quote=F)
i HEEDOTFY

pvmeans <- matrix(0,n, 1) ]
for (k in 1:n) { H#ovs <~
pvmeans [k] <- mean (pv[k, 1) cbind (rep (book | et, nofsub jects), sort (rep(id, 5)), rep(c(1:5), nofsubjects), ¢ (t (pv)))
} pvs <-
#pvmeans cbind (rep (booklet, nofsubjects*b), sort (rep(id, 5)), rep(c(1:5), nofsubjects), ¢ (t (cbind(ea
it EAP p, eap, eap, eap, eap))), ¢ (t (pv)))
ttkekka if (booklet =1) {
ttkekka <- cbind (id, eap, pvmeans, pv, xscore, const, maxpdc) write. table (pvs, “PVsl. txt”, quote=F)
kekka <- ]
data. frame (ID=id, EAP=eap, PVmeans=pvmeans, PV=pv, SCORE=xscore, AREAS=const, MAXPDC=maxpdc if (booklet =2) {
) write. table (pvs, “PVs2. txt”, quote=F)
if (booklet = 1) { }
write. table (kekka, “PVresultsl. txt”, quote=F) if (booklet = 3) {

} write. table (pvs, “PVs3. txt”, quote=F)
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]
if (booklet = 4) {

write. table (pvs, “PVsd. txt”,

}
if (booklet =5) {

write. table (pvs, “PVsb. txt”

]
if (booklet = 6) {

write. table (pvs, “PVs6. txt”,

if (booklet =7) {

write. table (pvs, “PVs7. txt”,

g — B

“ID o ID”

“EAP D BRSO TOEFE"
“PVmeans : HEEIEDFH"
“PV D HEEE"

“SCORE @ TR MFR”
“AREAS 1 HERSMOFERIERE

“MAXPDC : BERAMDFBREAEE

"EfRETE”
summary (kekka)
“HERR R

cor (kekka)

" ERFEER”

var (kekka[, 2:8])
win. graph ()

plot (kekka$EAP, kekka$MAXPDC, type="p", x|ab="EAP”, y lab="Density”, main="Maximum Density
of Posterior Distribution”, xIim=c (-4. 75, 4. 75), col="blue”)

quote=F)

, quote=F)

quote=F)

quote=F)

D Jf(x]6)g(6)d6
max of h(6[x) = f(x|0)g(8)/Sf(x|0)g(6)d6”
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win. graph ()

plot (xinf, type="1", xlab="", ylab="", x| im=c (-4. 75, 4. 75) , axes=F, col="red”)
par (new=T)

plot (kekka$EAP, kekka$MAXPDC, type="p", xlab="", ylab="

“ main="", x| im=c (-4. 75, 4.75), col="blue")

win. graph(Q

plot (kekka$EAP, kekka$PVmeans, type="p”, x|ab="EAP”, ylab="means of 5

PVs”, main="", x| im=c (-4. 75, 4. 75), col="blue")

“Correlation btween EAP and PVmeans”
cor (kekka$EAP, kekka$PVmeans)

" PV - PV5 7
"Bt E
summary (¢ (pv))
" (PVs) ”
mean (¢ (pv) )
"S5 (EAP) ”
mean (eap)

"R RE (PVs)”

sd(c (pv))

"EEERE EAP)”

sart (var ((eap)))

win. graph

boxplot (c (pv), ylab="PVs™)

win. graphQ

x<-quanti le (c (pv), ¢ (0:100) /100)
plot (x, xlab="100%", ylab="PVs")



