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3} Z+th(Kang & Chen, 2008).
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1999b). & el M wel ARk W& Hgsho], GRM¥ GPCMS] E45 F74
aolth. mFEAIE ) GRMTF GPCM, F =& #-d B4 45 98t

MOMC WS Abg3tomn 49 &

T AP 5% ol &35k GRMY GPOM B EFE FA5HA Hast=s 319le
H  GRM¥} GPCMS thE7] 98ke] WinBUGS(Spiegelhalter, Thomas, Best, &
Lunn, 2003)2 %3lo] AASFQa, GRMI} GPCMS $13F WinBUGS =& =1
of A= dTh

4. 2% £79) 29 FFE A S-X°
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IRT 2% stollA Ag=e #e A= & B2 IRT oA B HAT
(Bock, 1972; Douglas &Cohen, 2001; Glas &Suarez-Falcon, 2003; Liang
&Wells, 2007; McKinley &Mills, 1985; Orlando &Thissen, 2000, 2003;
Sinharay, 2003, 2005; Stone, 2000; Stone &Zhang, 2003; Suarez-Falcon
&Glas, 2003; Wells, 2004; Yen, 1981).
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<3 IV-2> GRMO.Z =8 B4 A, 5— X2 A3 (a=.05)

- Test Sample A A
length (n) size (N) = &

10 500 0.104

GPCM 1000 0.128

20 500 0.069

1000 0.084

10 500 0.088

1000 0.058

GRM
20 500 0.051
1000 0.062

<3 IV-2>9] A3} 9A], GRMC.ZE A H AEE GRMCE Aes o] o=.05
oA 77k #hol US & 4 Ak, whdHo| PSR AAdHE A=

2l GRMS.Z #4 A, a=.05°14 Aoz W Fro] Yy AS T

»

p

LA

T AT FAHCR B, &4 AIFF #hal F F A= a=.05° 7}
7hE e ATk Bk AAlE] AuEw, AR GRIY uf o] AuE F
Y =, RNz 2w fdAbdel7E @ai(ie., n=10) #2717 &
& dF(i.e., N=500)5 Al<star 494 A1 277k 0.058, 0.051, 1]l
0.062% Fo|gFel ¢ ZHFS = 5 A, = <F V-1>3} <F IV
—2>9] k& vas] 29, GRMCeZ AW ARE PR A H 9o A
& GPOMe.Z AAHE AEE GRICZ E48E F$o nlat] A1F <
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<E IV-3> 5—Xx?* A3 BA oA
1053}, 50094, 5070 dataset = 3} 2%

CM=GPCM, GM=GPCM

il S— X*? A& p-value
1 28.064 23 0.213
2 24.387 28 0.661
3 15.277 21 0.809
4 22.996 18 0.191
5 34.331 26 0.127
6 18.403 20 0.561
7 18.301 19 0.502
8 41.417 27 0.038x
9 13.67 27 0.984
10 34.182 23 0.063

* p-value < 0.05

<E IV-3>2 AAAEF Y &

1

Ry BE GPCM o W, s—-x2ZAd F 10719 &

=
k=3
&, 5009, 5070 AR T 3 Ao ®A dAE BAFEr. 9 FeAAM =

%)

I A vke} Fol o] A ZoAE 1HAA 10W w&9 s—x? B4 Ay F 8

H FEgo A FE L0594 GPCMel e AR He Hx g o=

AHAT. 2] AfEE dHNETF 18 WA & A9 HAsA dRE
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2. AA AA 329 2¥ IAF=E A4 CSiF CSy

<E IV-4> GPONO.E 2B B4 AL, CS; Z3H(a=.05)

aM Test Sample 73 A
length (n) size (N) A1E o+

10 500 0.16

GPCM 1000 0.34

20 500 0.16

1000 0.28

10 500 0.36

GRM 1000 0.26

20 500 0.12

1000 0.36

<3 IV-5> GRMO. &= #Ats B4 A, CS; 29 (a=.05)

Test Sample s
GM .
length (n) size (N) A1FF
10 500 0.62
1000 0.8
PCM
GPC 20 500 0.9
1000 0.94
10 500 0.72
1000 0.94
GRM
20 500 0.9
1000 0.94
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el Aw7F Ao R AEFHAEAE AtstaL olF 5008 Ui A

a4 AT e s, AT 50090 -, a=.05914 .05 7}
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A UskA k. A7 1,00090 A= 2 gte] A S & 4 Ut
AEA A1E 7Y #tol (059 wlg- e gto = yskedl, ole AlE

GRM, GPCM 7 o= m3gog HAsloy% H|=37] wiol, Maydu-Olivares,
Drasgow, & Mead(1994)9] Aol A9} o] ojW B3PS MElsto] Al&slo] =

2 ARES Fol7h gt F4L welsd SR YL Aol #AW, 5,

b

AAE AHT 5 S Ao 4 e ARyl AEEHY] WEd ojd &
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IV-6> GPCMo. 2 =tz B4 Al CS2 A3 (a=.05)

aM Test Sample 73 A
length (n) size (N) A1E o+

10 500 0.2

GPCM 1000 0.14
20 500 0.1

1000 0.16

10 500 0.14

GRM 1000 0.16
20 500 0.06

1000 0.16

<E IV-7> GRMe.2 =5 #241 A], CS2 23 (a=.05)

oM Test Sample 3 A
length (n) size (N) A1E L+
10 500 0.28
1000 0.4
GPCM 20 500 0.26
1000 0.26
10 500 0.24
GRM 1000 0.2
20 500 0.1
1000 0.16
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ABSTRACT

A simulation study: a comparison of fit in generalized

partial credit model versus graded response model

Kim, Myung Yeon
Department of Edutation
The Graduate School

Sungshin Women's University

This study set out to investigate differences, 1f any, in fit or
power to practically explain data between GPCM and GRM, which are the
two models usually used to analyze the results of academic achievement
tests or psychological tests comprised of items to be scored
polytomously. For that purpose, the investigator examined differences
in model fit between the two models through simulations. The two models
were used to generate data under conditions of various levels and
analyze the same data. Based on the results, the following research was

conducted:

1. The S—Xx? index was employed, which is regarded as the most

excellent i1tem fit index in terms of control of Type 1 error
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and statistical power in recent years, to examine if each model
would record better fit for their own data at the item level
than other models.

2. The model-data overall fit was obtained at the overall test
level to see whether there were any significant differences in
data  fit between the two  models. The  raw  scores
distribution observed in each data was compared with the
reproduced raw scores distribution by model application to

obtain the (CS; value and CS» using S— X2.

The investigator also produced polytomous items data with GRM and
GPCM. Considering while setting simulation conditions for the
simulation study were the two test lengths(I=10 and 20) and two sample
sizes(N=500 and 1,000). In each condition, 50 data were repeatedly
generated, to which each of the two models was applied to estimate item
parameters. Based on the two models' fit results, (CS; and (CS,, which
were the overall fit indexes, along with a test S— X? were calculated
for individual data in each condition. The results were then compared

with one another.

The research findings can be summarized as follows:

1. According to the S— X? results, the experiential Type 1 error

was similar to a significance level of .05 when the

production model was the same as the analysis model at the
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Key

item fit level.
According to the results of a chi square test using (S; and
(CS2, the results were very bad in terms of control of Type 1
error, which suggests a need to improve the CS;
statistical index.
The (52 results were not similar to .05 but more rational that
the CS; results.

When considering the item fit index, GPCM had more
explanatory power or fit than GRM regardless of which

model was used to generate data.

words:  Graded FKesponse [Model, Generalized Partial Credit

Model, Type 1 error, S—X?*, CS; CSo
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BE 1: GPCM® GRME 9% WinBUGS 2=

- GPCME $13F WinBUGS Z=

# WinBUGS code for calibrating Generalized Partical Credit Model

model
{
for (j in 1:N) {
for (i in 1:T) {
rl(j,il<resplj,il;

}H

for (j in 1:N){
for (i in 1:T) {
denom[j,i,1] <= 1;
numer[j,i,1] < 0;
enumer[j,i,1] <= 1,

13

# GPCM
for (j in 1:N) {
for (i in 1:T) {
for (k in 2:mI[i]) {
numer[j,i,k] <- alil*(thetalj]l - bli] + tauli, k]
numer[j,i,k-11;
enumer[j,i,k] <- exp(numer[j,i,k]);
denom[j,i,k] <- enumer[j,i,k] + denom[j,i,k-1];

denom2[j,i,1] <- denom[j,i,mI[i]];

for (j in 1:N) {
for (i in 1:T) {
for (k in 1:mI[i]){
plj,i,k] < enumerl[j,i,k]/denom2[j,i,1];
r(j,i] ~ dcat(plj,i,1:mI[i]1]);
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}
thetalj] ~ dnorm(mu,1);
}
mu ~ dnorm(0,1);

# Priors
# item discrimination
for (i in 1:T) {
ali] ~ dlnorm(0.,1.) ; +

# item difficulty
# for (i in 1:T){
# b.pre[i]~dnorm(0.,1.) ; }
# for (i in 1:T){
# bli] <- b.pre[i]-mean(b.pre[1:T]) ; }
for (i in 1:T){
bli]~dnorm(0.,1.); }

# The first Category of every item
for (i in 1:T) {
tauli,1] <- 0; }

# From the second to (ml-1)th Categories of each item
for (i in 1:T){
for (k in 2:(mI[i]-1)) {
tauli,k]~dnorm(0,.1); 3

# The last Catetory of every item: It makes the sum of all catetory
parameters be 0
for (i in 1:T){

tauli,mI[i]] <= -sum(tauli,2:(mI[i]-1)]); }
# If you are interested in parameters about the categories without item
difficulty
# for (i in 1:T) {
# stepli,1] <- 0; }

# for (i in 1:T){

# for (k in 2:mI[i]){

# stepli,k] <= bli] - tauli,k] ; |3
}
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- GRM #1¢g WinBUGS =&

# Graded Response Model

model

{

for (j in 1:N) {
for (i in 1:T)
r[j,il<-resplj,il

1

# GRM
for (j in 1:N) {
for (i in 1:T) {
for (k in 1: (mI[i]-1)) {
plj,i,k] <~ 1/ (Q+exp(-alil*(thetaljl-bli,k1)));
H

for (j in 1:N) {
for (i in 1:T) {
pcat[j,i,1] <= 1-p[j,i,1];
for (k in 2: (mI[i]-1)) {
pcat[j,i,k] <= plj,i,k-11-plj,i,kl;
}
pcat[j,i,mI[i]] <= p[j,i,(mI[i]-1)];
3

for (j in 1:N) {
for (i in 1:T) A
for (k in L:mI[i]) {
pclj,i,k] <= pcatlj,i,k] / sum( pcatlj,i, 1:mI[il] ) ;
}
r[j,i] ~ dcat(pclj,i,1:mI[i]1]);
}
thetalj] ~ dnorm(mu,1);
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}

mu ~ dnorm(0,1);

# Priors
for (i in 1:T) {

a[i] ~ dlnorm(0, 1.);

bli,1] ~ dnorm(0,.1);

for (k in 2: (mI[i]-1)) {
bli,k] ~ dnorm(0, .1) I(bli,k-1], );
}

}

# code below is very useful because they fix the mean of item
difficulty as zero

# But, when you use this, there can be 'trapping' often

# So, I didn't use this for this study

for (i in 1:T) {
ali] ~ dlnorm(0, 1.);
b.pre[i,1] ~ dnorm(0,.1);
for (k in 2: (mI[i]-1)) {
b.preli,k] ~ dnorm(0, .1) I(b[i,k-1]1, );
}
}
for (i in 1:T){
for (k in 1: (mI[i]-1)) {
bli,k] <= b.preli,k]-mean(b.pre[1:T,1:(mI[i]-1)1) ;

F= o F F H H H H R

b}

—

_49_



HE 2 S-X° A4S 91 MATLAB 2=

- GM=GPCM, CM=GPCM, ZAA} &3=20, ¥dA} 4=1,000¢1 7%
gpgp_SX2_22.m

B 0 0
%%% Codes for item fit analysis using s-X"2

%%% of Polytomous items (GPCM)

B 0 0
clear all; % CONDITION 22, GPGP

% SX2 for GPCM

1=20; N=1000; nd = 50;

% Item Parameter

load 'c:/PROJ2011/KMY/parabu/gpgp2212all.txt'; itemest=gpgp2212all

% ability distribution

k=-4:.2:4; den = normpdf (k,0,1); den=den/sum(den)§ J=1ength(k);

abilpara = ones(J,2); abilpara(:,1) = k'; ; abllpara( ,2) = den';
gquad=abilpara(:,1); densi = abilpara(:,

n=3; % Callbrat1on Model = GPCM: 1 a, i b and 1 taus, # of parameters per item
% 123 data —> 012 data

nc=3; C=2; nos=I*C+1; x=[0:1*C]; NG=I*C-2+C+l;

TNG = I*C-1; % total number of groups that exclude zero(0) and full(I*C) scores.
nl=2+I + C+I; % number of lines per dataset

% original DF (before being midified with cell-collapsing)

or iDF=NG*C-m;

% result collects:
resul tSX2=zeros(I*nd,7); resultSX2(:,1)=2212;

for v = lind;

itempara=zeros(nl,1); itempara = itemest(v*nl-(nl-1):v#nl);

a=itempara(1:I); b=itempara(I+1:I#2); tau = zeros(I,C);

for u=1:1

dtau(u,l:C) = itempara(2%I+u*C-(C-1):2*I+uxC)';

en

itemesti=zeros(I,C+2); itemesti(:,1)=a; itemesti(:,2)=b; itemesti(:,3:(C+2))=tau;

% read data

dfilen = ['c:/proj2011/KMY/gp_ori/2212/gp2212¢', int2str(v), '.dat'l;

datc = load (dfilen); totdat = datc - 1; % to make 012 data with 123 data, missing is now "8"

% item index

ti=(1:I); ii=zeros(I,I—1);

ii(1,:)= t1(2 I); 1i(I,:)=ti(1:1-1);

for 1—2 I-1
11(j, )=ti([1:(j-1) (§+1):11);

end

% calculating P_jiw for each item's category

pofc=zeros(I,nc,J);

pofc-pofcateGPCMS(ab1lpara itemesti); % P(item, category, examinee) = P_iwj

% Conditional Distribution of Number-Correct Raw score for each theta value , Pr(X=x|theta)

% Recursion Formula

allitemSk=ones(J,nos); % Sk(theta)

for j=1:J

] allitemSk(j,:)=recursive3(pofc(:,:,j));

en

% each item E_k,w,i: group, category, ite

% homogeneous groups from C to (I-1)C: (I 1)*C-C+1=NG

% categories: 0, 1,2,...C

Ekwi=zeros(TNG,C+1,1);

for i=1:1
ipofc=zeros(I-1,nc,J); % except item i. P(item, category, examinee) = P_iwj
ipofc=pofcateGPCM3(abi lpara,itemesti(ii(i,:),:)); % K thetas and I-1 items (no item i was
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included)
% Recursion Formula
Skwoi=ones(J,nos— C) % Sk(theta) without item i
for j=1:1
] Skwoi(j, :)=recursive3(ipofc(:,:,j));
en
% C+1 numerators and 1 denominators for each group: #groups by C+1 or 1
nEkwi=zeros(TNG,C+1); dEkwi=zeros(ING,1);

% low extreme scores from 1 to (C-1)
for gr=1:(C-1)
for j=1:J
for imC=1:gr+l % temporary valid category numbers
nEkwi(gr,imC) = nBkwi(gr,imC) + pofc(i,imC,j)*Skwoi(j,gr+1-(imC-1))*densi(j);

en
. dEkwi(gr) = dBkwi(gr)  + allitemSk(j,gr+1)+densi(j);
en
end
% middle scores from C to (I-1)*C
for gr=C:(I-1)*C
for j=1:J
nEkwi(gr,1) = nEkwi(gr,1) + pofc(i,1,j)*Skwoi(j,gr+1-0)*densi(j);
nBkwi(gr,2) = nBkwi(gr,2) + pofc(i,2,j)*Skwoi(j,gr+1-1)*densi(j);
nEkwi (gr,3) = nEkwi(gr,3) + pofc(i,3,])*Skwoi(j,gr+1-2)*densi(j);
%nFkwi(gr,4) = nEkwi(gr,4) + pofc(i,4,j)*Skwoi(j,gr+1-3)*densi(j);
i dBkwi(gr) = dEkwi(gr) + allitemSk(j,gr+1)*densi(j);
en
end
% high exreme scores from (I-1)*C+1 to (I#C-1)
for gr=(1-1)*C+1:(I%C-1)
for j=1:J
NVC= I*C-gr+l; % number of valid category numbers for each high score group
for imC=(C+1)-(NVC-1):(C+1); % temporary valid category numbers
d nEkwi(gr,imC) = nBkwi(gr,imC) + pofc(i,imC,j)*Skwoi(j,gr+1-(imC-1))*densi(j);
en
. dEkwi(gr) = dEkwi(gr) + allitemSk(j,gr+1)*densi(j);
en
end
Ekwi(:,1,i) = nEkwi(:,1) ./dEkwi(:);
Ekwi(:,2,i) = nEkwi(:,2) ./dEkwi(:);
Ekwi(:,3,i) = nEkwi(:,3) ./dEkwi(:);
%Ekwi(:,4,1) = nEkwi(:,4) ./dEkwi(:);

end

%plot(C:(I-1)*C,Ekwi(:,1,1)); hold on;
%plot(Ci(I—l)*C,Ekw1(:,2,1));

%plot(C: (I-1)*C,Ekwi(:,3,1));
%plot(C:(I-1)*C,Ekwi(:,4,1));

%plot (C: (I-1)*C,Ekwi(:,5,1));

%% Pkwi (=the observed proportions) P_k,w,i: group, category, item
Pkwi=zeros(ING,C+1,1); % observed...
% number of people belong to a group
denP=zeros(ING,1); denPP=zeros(ING,1);
newtotd=totdat; % newtotdat: for missing treatment
for j=1:N
for i=1:1
if totdat(j,i)==8
newtotd(j,i)=100;
end
end
end
div= sum(newtotd'); % total test scores: 0 to I*C
for gr=1:1*C-1 % necessary groups : from 1 to I*C-1
for j=1:N
if div(j)==gr
denP(gr)=denP(gr)+1;
end
end
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end
denPP=denP;
for gr=1:1+C-1
if denP(gr)==0;
denPP(gr)=999;

end
end
numkwi=zeros(TNG,C+1,1);
for i=1:1
for gr=1: I*C 1 % from 1 to I*C-1
for j=1:N
if (div(j)==gr) & (totdat(j,i)==0);
numkwi(gr, 1,i) = numkw1(gr 1,i) +1;
elseif (div(j)==gr) & (totdat(j,i)==1);
numkwi(gr, 2,1) = numkwi(gr, 2,i) +1;
elseif (d1v(]) gr) & (totdat(j, 1)==2);
numkwi(gr, 3,i) = numkwi(gr, 3,i) +1;
% elseif (div(j)==gr) & (totdat(j,i)==3);
% numkwi(gr, 4,1) = numkwi(gr, 4,i) +1;
end
end
end
end
for i=1:1
for w=1:Ct+1
Pkwi(:,w,i) = numkwi(:,w,i) ./ denPP;
end
end
%plot(C:(I-1)*C,Pkwi(:,1,1)); hold on;
%plot (C: (I-1)*C,Pkwi(:,2,1));
%plot (C: (I-1)*C,Pkwi(:,3,1));
%plot(C:(I-1)*C,Pkwi(:,4,1));
%plot (C: (I-1)*C,Pkwi(:,5,1));

% make pik and eik as a counts rather than proportion
elwi=zeros(ING,C+1,1); pkwi=zeros(TNG,C+1,1);

for i=1:1
for w=1:C+1
ekwi(:,w,i) = Ekwi(:,w,i) .* denP;
pkwi(:,w,i) = Pkwi(:,w,i) .* denP;
end
end

% final results of S-X"2 calculations:
% columns
% 1) condition name
% 2) data set number
% 3) item number
% 4) S-X"2
% 5) DF having —m in the calculaiton of DF, i.e. K(J-1)-m, considering loss of DF by collapsing
% 6) P-value with I(NC-1)-m, considering loss of DF by collapsing
% 7) MISFIT item
% resultSX2=zeros(I*nd,7);
resultSX2((v-1)*I[+1:vxI,2)=v;
? collﬁp?ing them to maintain a minimum Expected frequency equal to 1
or i
eee= zeros(NG C+1); ooo zeros(NG C+1);
eee(1,1)= sum(ekwi (1:C,,1)); ooo(1, )= sum(pkwi (1:C,:,1));
eee(NG, 1)= sun(ekwi (ING-(C-1): NG, :.1)); 000(NG, :)=sum(pkwi (ING-(C-1): NG, :,1));
for gr=2:NG-1
for w=1:C+1
eee(gr,w)=ekwi (gr+(C-1),w,1);
d ooo(gr,w)=pkwi (gr+(C-1),w,1);
en

end
% S-X2 and modified DF after collapsing

imsisx2df=zeros(2,1); imsisx2df=sx2df(eee,000,0riDF);
resultSX2((v-1)*I+i,3)=i;
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resultSX2((v-1)*I+i,4)=imsisx2df(1); %SX2(i);
resultSX2((v-1)*I+i,5)=imsisx2df(2); %modified DF(i);
resultSX2((v-1)*I+i,6)=1- chi2cdf(imsisx2df(1),imsisx2df(2));
d resultSX2((v-1)*I+i,7)= (resultSX2((v-1)*I+i,6) < .05);
en
end
dlmwrite('SX2_gpgp2212.txt"',resultSX2)

pofcateGPCM3.m

funct ion[newpofc]=pofcateGPCM3(abilpe, itempe);

imsiN=size(abilpe); N=imsiN(1);

imsil = size(itempe); I=imsiI(1);

nc=imsil(2)-1;

gquad=abilpe(:,1); %densi=abilpe(:,2);

a=zeros(I,1); b=zeros(I,1); tau2=zeros(I,1); tau3=zeros(I,1); %taud=zeros(I,1); taub=zeros(I,1);
a=itempe(1:1,1); b=itempe(1:1,2); tau2=itempe(1:1,3); taud=itempe(1:1,4); %taud=itempe(1:I,5);
tauS=itempe(1:1,6);

pofc=zeros(N,I,nc); tt=zeros(N,I,nc); denom=zeros(N,I);

for j=1:N
for i=1:1
tt(j,i,1) = 1;
tt(j,1,2) = exp(a(i)*(gquad(j)-b(i)+tau2(i)));
tt(j,i,3) = exp(a(i)*(gquad(j)-b(i)+tau2(i) + gquad(j)-b(i)+tau3d(i)));
%tt(j,1,4) = exp(a(i)*(gquad(j)-b(i)+tau2(i) + gquad(j)-b(i)+tau3(i)+
gquad(j)-b(i)+taud(i)));

%tt(j,i,5) = exp(a(i)*(gquad(j)-b(i)+tau2(i) + gquad(j)-b(i)+taud(i)+ gquad(j)-b(i)+taud(i)+
gquad(j)-b(i)+tau5(i)));
‘ denom(j,i) =1+ tt(j,1,2) + tt(j,1,3) ;% + tt(j,i,4) + tt(j,1,5);
en
end
for j=1:N
for i=1:1
for w=1:nc
pofc(j,i,w)=tt(j,i,w)/denom(j,i);
end
end
end

? to.m?kﬁ it sure that the sum of pofc's(prob. of category) is the unity
or j=1:
for i=1:1
totpofc(j,i)=pofc(j,i,1)+pofc(j,i,2)+pofc(j,i,3); %+pofc(j,i,4) +pofc(j,i,5);
pofc(j,i,1) = pofc(j,1,1) / totpofc(j,i);

pofc(j,i,2) = pofc(j,i,2) / totpofc(j,i);
pofc(j,i,3) = pofc(j,i,3) / totpofc(j,i);
% pofc(j,i,4) = pofc(j,i,4) / totpofc(j,i);
% pofc(j,i,5) = pofc(j,i,5) / totpofc(j,i);

end
end

% P(item, category, examinee) = P_iwj
newpofc=zeros(I,nc,N);
for j=1:N
for i=1:1
for w=l:nc
newpofc(i,w,j)=pofc(j,i,w);
end
end
end

recursive3.m
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function[xnew]=recursive3(temppro);

% input: probabilities of each examinee: item by category

B%%%%%%%%%%BHT%%%hHT%% %% %" %% %% %% %% %%

% Recursive Formula: pp.219-221 in Kolen and Brennan (2004)%

%%%%%%%%%%% %% % %% % %% %% %% %% % %% %% %% %% %%

par=temppro;

itembyca=size(par); T=itembyca(1l);

nc=ones(T,1)*3;

%nc=zeros(T,1);

%for ii=1:T

2 : nc(ii)=sum(par(ii,:)<9); % recognize if each item has different number of categories
en

% Recursion Formula to get p(x|theta of the examinee j), x=T through T#*ncat

xold(1) = par(1,1); % Pr(X=1|theta) at the first item
xo0ld(2) = par(1,2); % Pr(X=2|theta) at the first item
xold(3) = par(1,3); % Pr(X=3|theta) at the first item
%xo01d(4) = par(1,4); % Pr(X=4|theta) at the first item
maxn=3;

for ii=2:T

minn = ii ; maxn=maxn + nc(ii);
mino = ii-1; maxo=maxn - nc(ii);
if ii>=3
xold=xnew;
end
for h = minn:maxn
in=h-minn+1;
xnew(in)=0;
for s=1:nc(ii)
io=h-s-mino+1;
if (io >= 1) & (io <= maxo-minotl);
xnew(in) = xnew(in) + xold(io)*par(ii,s);
end
end
end
end
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5 3 : CS13 CSy AbE 9Isk MATLAB ZE

- GM=GPCM, CM=GPCM, ZHA} £3=20, S ¥} 4=1,000%1 A $-

gpgp_FIT 22.m

B 0 o o 0
%%% codes for model-data fit analysis

%%% of Polytomous items (GPCM)

B 0
clear all; % CONDITION 2212, GPGP

% Data-Model FIT for GPCM

1=20; N=1000; nd = 50;

% Item Parameter

load 'c:/PROJ2011/KMY/parabu/gpgp2212all.txt'; itemest=gpgp2212all

load c:WPROJ2011WKMYWSX2WSX2_gpgp2212.txt;

% ability distribution

k=—4:.2:4; den = normpdf(k,0,1); den=den/sum(den); J=length(k);

abilpara = ones(J,2); abilpara(:,1) = k'; abilpara(:,2) = den';
gquad=abilpara(:,1); densi = abilpara(:,2);

m=3; % Calibration Model = GPCM: 1 a, 1 b and 1 taus, # of parameters per item
% 123 data -> 012 data

nc=3; C=2; nos=I*C+1l; x=[0:1*C]; NG=I*C-2+C+1;

TNG = I*C-1; % total number of groups that exclude zero(0) and full(I*C) scores.
nl=2+1 + C+I; % number of lines per dataset

% original DF (before being midified with cell-collapsing)

or iDF=NG*C-m;

% result collects:
resultFIT=zeros(nd,9); resultFIT(:,1)=2212;
% 1) condition name
% 2) expected score distribution - observed score distribution: Chi-square
% 3) d.f = #scores - 1
% 4) p-value
% 5) fit or misfit
% 6) S-X2 based FIT
% 7) d.f = #scores - 1
% 8) p-value
% 9) fit or misfit

for v = l:nd;
itempara=zeros(nl,1); itempara = itemest(v*nl-(nl-1):v#*nl);
a=itempara(1:1); b=itempara(I+1:1*2); tau = zeros(I,C);
for u=1:1
dtau(u,l:C) = itempara(2*I+u*C-(C-1) :2xI+u*C)';
en
itemesti=zeros(I,C+2); itemesti(:,1)=a; itemesti(:,2)=b; itemesti(:,3:(C+2))=tau;
% read data
dfilen = ['c:/proj2011/KMY/gp_ori/2212/gp2212¢', int2str(v), '.dat'l;
datc = load (dfilen); totdat = datc — 1; % to make 012 data with 123 data, missing is now "8"
% calculating P_jiw for each item's category
pofc=zeros(I,nc,J);
pofc-pofcateGPCMS(ab1lpara itemesti); % P(item, category, examinee) = P_i
% Conditional Distribution of Number—Correct Raw score for each theta value Pr(X=x|theta)
% Recursion Formula

_55_



allitemSk=ones(J,nos); % Sk(theta)
for j=1:J
. allitemSk(j,:)=recursive3(pofc(:,:,j));
en
% Distribution of Number-Correct Raw score , Pro(X=x)
Pro=zeros(nos,2); Pro(:,1)=[0:1:1#C]"';
for z=1:nos
for j=1:]
Pro(z,2)=Pro(z,2) + allitemSk(j,z)*densi(j);
end
end
% Expected Frequency Distribution of the raw scores
EPro = Pro; EPro(:,2)= Pro(:,2)*N;
% observed Frequency Distribution of the raw scores
rs = sum(totdat'); OPro = zeros(nos,2); OPro(:,1)= [0:1:I*C]";
for z=1:nos
for j=1:N
if rs(j) = (z-1)
OPro(z,2) = OPro(z,2) + 1;
end
end
end
%dlmwrite('imsil.txt',rs")
% Chi-Square
CS1 = 0; DF1= nos-1;
CSlres = zeros(2,1); % chi-sqare value and modified df
CSlres = CSlcal(EPro(:,2), OPro(:,2),DF1);
resultFIT(v,2)= CSlres(1);
resultFIT(v,3)= CSlres(2);
resultFIT(v,4)= 1- ch120df(CSlres(1) CSlres(2));
resultFIT(v,5)= (resultFIT(v,4) < .05);
% S-X2 based FIT
iFIT = SX2_gpgp2212(v+I-(1-1):v*I,4:5);
resultFIT(v,6)= sum(iFIT(:,1));
resultFIT(v,7)= sum(iFIT(:,2));
resultFIT(v,8)= 1- chi2cdf (resultFIT(v,6), resultFIT(v,7));
resultFIT(v,9)= (resultFIT(v,8) < .05);

end
dlmwrite('FIT_gpgp2212.txt"',resultFIT)
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