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ABSTRACT

The objectives of this research were (1) to study the effectiveness of person parameter
estimation, and (2) to study the differential item functioning by Using Maximum Likelihood (ML),
Bayesian (Bayes), and Bayesian with Testlet (Bayesy). In this study, the data were simulated.
All conditions were consists of 2 levels of testlet effect (equal effect, independent + testlet),
3 levels of ability distribution (normal, negative, and positive skew distributions), 2 amount of
items with DIF (5, and 8 items in the 40-item test length), and 2 levels of ratio of a reference
and focal group (1000:1000, 1000:100) The entire total of testing conditions was 24 (2 x 3 x
2 x 2). The 100 replications used to estimate the item parameters and test statistics in each
condition. The research results were as follows:

1. From the comparison of ML, Bayes, and Bayesy for person parameter estimation, it
was found that Bayesy had the best estimator.

2. From the study of the detection of Differential Item Functioning, it was found that
the Bayes, and Bayes y estimate procedures had well-control of Type | error rate and higher
the power rate when negatively skewed ability distributions and sample sizes were increased
but it is not adequate for criteria, whereas ML estimate procedures had not control of Type |

error rate and high power of DIF detection.

Keywords : Differential Iltem Functioning/ Testlet/ Bayesian estimator
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M50 1 ARaeRYil RMSE 90919 8inesanuaunsaveasyaou

TestletEff. Dist.theta NumDIF R:F ML Bayes Bayesy
0.8,0.8, 0.8, 0.8 Un@ 5 1000:1000 0.2906  0.2431  0.2349
0.8, 0.8, 0.8, 0.8 Unf 5 1000:100  0.2830  0.2532  0.2452
0.8, 0.8, 0.8, 0.8 Unf 8 1000:1000 0.2883  0.2443  0.2364
0.8, 0.8, 0.8, 0.8 Unf 8 1000:100 02743 02476  0.2386
0.8, 0.8, 0.8, 0.8 \Ueng 5 1000:1000 0.6371  0.4103  0.3192
0.8,0.8, 08,08 \eng 5 1000:100  0.6407  0.4147  0.3230
0.8,0.8,0.8,0.8 \egng 8 1000:1000 0.6339  0.4051  0.3150
0.8,0.8,0.8, 08 wegne 8 1000:100  0.6372  0.4100  0.3169
0.8,0.8,0.8, 0.8 W0 5 1000:1000 0.6165  0.4071  0.3170
0.8,0.8,0.8, 0.8 W7 5 1000:100  0.6013  0.4051  0.3138
0.8,0.8,0.8, 0.8 W 8 1000:1000 0.6212  0.4054  0.3137
0.8,0.8,0.8, 0.8 RVl 8 1000:100  0.5908  0.4034  0.3172
0, 0.25, 0.56, 1 Unf 5 1000:1000 0.2305  0.1863  0.1572
0, 0.25, 0.56, 1 Unf 5 1000:100  0.2109  0.1911  0.1624
0, 0.25, 0.56, 1 Un@ 8 1000:1000 0.2236  0.1842  0.1561
0, 0.25, 0.56, 1 Un@ 8 1000:100  0.2038  0.1859  0.1557
0, 0.25, 0.56, 1 e 5 1000:1000 0.6053  0.3781  0.2766
0, 0.25, 0.56, 1 W 5 1000:100 05836  0.3651  0.2762
0, 0.25, 0.56, 1 LUeng 8 1000:1000 0.5818  0.3607  0.2770
0, 0.25, 0.56, 1 \eing 8 1000:100 05850  0.3629  0.2766
0, 0.25, 0.56, 1 W70 5 1000:1000 0.5693  0.3601  0.2745
0, 0.25, 0.56, 1 W 5 1000:100 05371  0.3558  0.2733
0, 0.25, 0.56, 1 WY 8 1000:1000 05713  0.3624  0.2726
0, 0.25, 0.56, 1 WY 8 1000:100  0.5446  0.3555  0.2727

NANTWA 1 WU JANISUTZUIUATNISITLADTAMUAILITH WU ALRAYNYTE RMSE 9849

WI5ITLHDTAUAINTD WPETIULAITENIN 0.1557 - 0.6407 MINNATAUINNLITNITIUN1TUTZUUAN

wud WuunTluladdgaiienseving 0.2038 - 0.6407 T3 Bayes desyning 0.1842 - 0.4147 uaxTs
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2. UsE@180IMN1RII80UNITYINNLNT 2.1 HANISILATIZHEATIAINUAATN
ANNUTDIUREDU (DIF) 9835 ML 35 Bayes uaz  tadouuszinni 1 (Type | Error Rate) U99n1591579
7% Bayesy goumsyiuthfisnstuveatedey sl

A9 2 HANITIATIEVDATIANUAANMARBUUTLLANN 1 VBINITNTIVADUNISYINVILNNANIUVBIUDEDU

Testl etEff. Dist.theta NumDIF R:F ML Bayes Bayesy
0.8,0.8,0.8, 0.8 Un 5 1000:1000 0.3606  0.0040*  0.0000*
0.8,0.8,0.8, 0.8 Un@ 5 1000:100  0.5517  0.0040*  0.0074*
0.8,0.8,0.8, 0.8 Un@ 8 1000:1000 0.4613  0.0000*  0.0000*
0.8, 0.8, 0.8, 0.8 Un 8 1000:100  0.5625  0.0069*  0.0088*
0.8, 0.8, 0.8, 0.8 LUsne 5 1000:1000 0.4149  0.0040*  0.0040%
0.8, 0.8, 0.8, 0.8 Legne 5 1000:100  0.6000  0.0260%  0.0291*
0.8, 0.8, 0.8, 0.8 Leng 8 1000:1000 0.4275 0.0156*  0.0181*
0.8,0.8, 0.8, 0.8 Legng 8 1000:100  0.5338  0.0344*  0.0319*
0.8,0.8,0.8,0.8 W 5 1000:1000 0.4214  0.0009*  0.0023*
0.8,0.8,0.8, 0.8 W77 5 1000:100  0.6137  0.0100%  0.0231%
0.8,0.8,0.8, 0.8 W77 8 1000:1000 0.4675  0.0050%  0.0084*
0.8,0.8,0.8, 0.8 W 8 1000:100  0.5969  0.0269*  0.0244*
0, 0.25, 0.56, 1 Un@ 5 1000:1000  0.4071  0.0000*  0.0000*
0, 0.25, 0.56, 1 Un 5 1000:100  0.5637  0.0029%  0.0020%
0, 0.25, 0.56, 1 Un 8 1000:1000  0.4809  0.0009*  0.0009*
0, 0.25, 0.56, 1 Un 8 1000:100  0.5481  0.0084*  0.0091*
0, 0.25, 0.56, 1 Legne 5 1000:1000 0.4717  0.0254*  0.0083*
0, 0.25, 0.56, 1 Legne 5 1000:100  0.6437  0.0394*  0.0329*%
0, 0.25, 0.56, 1 W 8 1000:1000 0.4969  0.0400*  0.0181%
0, 0.25, 0.56, 1 Lsgne 8 1000:100  0.6194  0.0516*  0.0419%
0, 0.25, 0.56, 1 kTR 5 1000:1000 0.4629  0.0123*  0.0023*
0, 0.25, 0.56, 1 W7 5 1000:100  0.5977  0.0297*  0.0223*
0, 0.25, 0.56, 1 W 8 1000:1000 0.4872  0.0388*  0.0200%

0, 0.25, 0.56, 1 WY 8 1000:100  0.6416  0.0413*  0.0356*
*gansnAuANANLARALAABUUEINT 1 IelaiAu 0.0500 ($evay 5)
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NAITNT 2 WU HANITIATIZAEAI
mmﬂmmﬂﬁlauﬂizmwﬁl 1 (Type | Error
Rate) ¥94015752980UNI5VNLTIR 19 UTD
Yogou WU LagsIndAISEIINg 0 - 0.6437 wse
AnduSesaz 0 - 64.38 mnfin1sanau3sTlely
N15USTZUIUAT WU 35 ML UA15E1RI9 0.3606 -
0.6437 visoAnduSasay 36.06 - 64.38 75 Bayes
$iA1581I19 0 - 0.0516 wseAnluipeaz 0 - 5.16

Wazds Bayesy UAN5¥#INN O - 0.0419 I3ouaz
0-4.19 19878 Bayes uaz35 Bayesy au150AIUAY
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avavdeuMsiminiissiuresedeulunuuasy
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2.2 NANTIHATILANDIUIANITNAADU
(Power Rate) ¥99n159529a8UNSVINNTNNANAU
Ya3tadau 1umll

AN 3 WANNSIATITIANIBIUIANITNAADU (Power Rate) UBINISASIVADUNITVINLNNAN9UYDS

Uodou

TestletEff. Dist.theta NumDIF R:F ML Bayes  Bayesy
0.8, 0.8, 0.8, 0.8 Uni 5 1000:1000 0.9420*  0.1000 0.1240
0.8,0.8,0.8,0.8 Un# 5 1000:100 0.7900  0.0980  0.0900
0.8,0.8,0.8,0.8 Un# 8 1000:1000  0.9425* 0.1038  0.0763
0.8,0.8,0.8,0.8 Un# 8 1000:100 0.7863  0.1138  0.0450
0.8, 0.8, 0.8, 0.8 LUeny 5 1000:1000 0.9800*  0.6600 0.7180
0.8, 0.8, 0.8, 0.8 \Ueny 5 1000:100 0.8560*  0.3680 0.2800
0.8,0.8,0.8,0.8 wegne 8 1000:1000  0.9613* 0.6000  0.5275
0.8,0.8,0.8,0.8 LUeng 8 1000:100 0.8113* 0.2250  0.1475
0.8,0.8,0.8,0.8 RUTeY 5 1000:1000  0.9720* 0.6640  0.7000
0.8, 0.8, 0.8, 0.8 LU 5 1000:100 0.8340*  0.2940 0.2320
0.8, 0.8, 0.8, 0.8 LU 8 1000:1000 0.9588*  0.5450 0.4988
0.8,0.8,0.8,0.8 W7 8 1000:100 0.7800*  0.2875  0.1475
0, 0.25, 0.56, 1 Un# 5 1000:1000  0.9740* 0.2660  0.3740
0, 0.25, 0.56, 1 Un# 5 1000:100 0.7500  0.1000  0.1260
0, 0.25, 0.56, 1 Un# 8 1000:1000 0.9375*  0.1150 0.1550
0, 0.25, 0.56, 1 Uni 8 1000:100 0.7388  0.0975 0.1000
0, 0.25, 0.56, 1 wegne 5 1000:1000  0.9400* 0.7200  0.7820
0, 0.25, 0.56, 1 LUeng 5 1000:100 0.8640*  0.3320  0.3900
0, 0.25, 0.56, 1 LUeng 8 1000:1000  0.9663* 0.5588  0.6863




AT 258 MsansnsAnw eIy U9 13 atudl 1 ImsAnw 2560 (N3NYAX-5UIAN 2560)
TestletEff. Dist.theta NumDIF R:F ML Bayes Bayesy
0, 0.25, 0.56, 1 LUeny 8 1000:100 0.8275*  0.2488 0.3063
0, 0.25, 0.56, 1 RUCTel! 5 1000:1000 0.9520*  0.6140 0.7480
0, 0.25, 0.56, 1 RICTel! 5 1000:100 0.7460  0.2200 0.2860
0, 0.25, 0.56, 1 RICTel! 8 1000:1000 0.9475*  0.5913 0.7025
0, 0.25, 0.56, 1 RICTel! 8 1000:100 0.8063*  0.2638 0.2888

*$119LUNAA 0.8000 YulU (3peay 80)

91nM15197 3 WUI1 WANITILATIZRAN
91U1AINTNAADU (Power Rate) UDINIINTIVADU
AT Tiasiurestodeu wuan Taesausian
5¥1119 0.0450-0.9800 %3edmluSouay 4.50-
98 Mnfiarsamudsildlunisussaiani wu
11 38 ML HA5¥ming 0.7388-0.9800 visaAmdu
Souag 73.88 - 98 15 Bayes #A15¥1I19 0.0975-
0.7200 viseAnduSesay 9.75-72 uazis Bayesg
NansAnwASIT nud1 MsUsTInAINSTee s
mmmmsmm;ﬁaaummwuaauﬁﬁé’ﬂwmmaﬂ
wiaav d@1ulng/is Bayesg Tunsiasgidedou
Pfignwazvosnudunaannanluwuuaoy
AITHNINTINERUTDYANDUNITIATIEVNAMAIN
oAU WU MINVBLARINANNTONNITUINUAS
wUUUNA AIsUSTINUATS 1 Hmesvesdadaulng
1933 Bayesenanisanwadel wuin n1snsaeeu
ATt TirnsurededeuTitdnvarvesay
Duwmaanmauluwuvaeu meldiFouly 4 Jade
WAE ML sdidru19n15nsradeun1syingng
pneiuvetaaaugs uwilianunsnauaNgnIInY
Aamdeulssland 1 ldaunasiiidivmun fss
PAUID Bayesg AITANEITI0ALLEUAUDIAILYS

Wiy Tegludlianvianenaneunniu wu anuey
YDIDVNTNAVDINALAN LALDNTNAVDINITVNNLNT
A uTDItaaau [uduy

]
=

msAnudnuazvedeyaluiudug 7
ANANTENUADNITUTLTUIUAINISITLADS NI D
AIRsIaEeuUNSTIMTianstureedeu wu
wuaeusznousetoyadifinsgame (Missing
data) Toyagalss (Outlier) uuvasuiideya
NENAUVDIIDNITIAALLUUI U UD L UUEDIATLAE
#awA1 (Dichotomous and Polytomous data)
Hudu

w9135 Bayesg AITANWIANWUEAIY
Humaaniifinasonsuszanamanuasnsaly
NIUVDINITVAGDULUUUSULLNE MBABUNILADS
(Computerized Adaptive Testing: CAT) {losan
msfcjmLﬁaﬂéﬁaaa‘ummﬁmmaﬁﬁwammawm
Fogeudeniunanlandvesdndeonis (Cross-
information) Bauansderuldidudaszvasnis
paumaululsazds yIlMAANITAIUIUAIAIIL
mmsmaqﬁaaumﬂmﬁau WAIAINARONTEFNTS
AUNBUNIUA
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