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Introduction

Critical in assessment and testing theories in the fields of education and psychology, the ultimate
aim is to interpret unobservable (latent) variables based on the observable ones. In spite of its common
use, classical testing theory has important drawbacks. Estimation of item and test parameters
depending on specific groups and thus the variation of estimations from one group to another is one of
the reasons of criticism. Even though item parameters vary from one group to another, guessing success
as one of these parameters is invariant and independent of groups and item samples since it is
determined based on the number of options in the item. When the respondent does not possess the
desired behaviour and reaches the correct answer totally by luck, this is called “guessing success”. This is
a possible phenomenon in all multiple choice items (Turgut & Baykul, 2010).

Item Response Theory (IRT), a recent common theory, explains the relationship between the
individual’s estimated characteristics and his or her response through a mathematical function. IRT,
which can estimate individuals’ skills based on items and independent of tests, can estimate guessing
parameter specific to item and independent of group. Guessing parameter (c) can provide the possibility
of answering an item by guessing and indicates the starting point on Y axis in item characteristic curve. It
can have a value between .00 and 1.00 as it refers to possibility (Lord & Novick, 1968). As guessing
parameter gets closer to .00, the item’s and thus the test’s certainty and explanation increase
(Hambleton, Swaminathan & Rogers, 1991). Baker (2001) argues that guessing parameter should not be
higher than .35 whereas for Harris (1989), it should not exceed .30. Warm (1978) and Akindele (2003)
suggest that guessing parameters higher than .30 are not good and items at .20 or lower can be
considered as good items. When guessing parameter is higher than .00, this decreases test information.
Yet, if ¢ has higher values, this can also lower the test information (Baker, 2001). The information given
by a test shows how much the test can provide information regarding the characteristic aimed to
estimate (Hambleton et al., 1991; Reid, Kolakowsky-Hayner, Lewis & Amstrong, 2007). Furthermore, the
information provided by a test can be used to calculate the standard error and reliability in IRT (De
Mars, 2010; Hambleton & Jones, 1993). Therefore, guessing parameter is an important parameter in IRT
affecting reliability and validity. In a three-parameter model, the possibility of an individual giving the
correct response to an item can be calculated considering item difficulty, selectivity, and guessing
parameter (Crocker & Algina, 1986; Embretson & Reise, 2000; Hambleton et al.,1991). Thus, c
parameter has a significant role in estimating skills. However, in order to be able to identify the
underlying characteristics being estimated and interpret test and item parameters, individuals first need
to respond to the items. Thus, if individuals fail to respond to some of the items due to various reasons
or skip some of them, this will result in missing values in data sets and hinder the possibility of making
such estimation.

Hohensinn and Kubinger (2011) refer to missing values as a common problem that can never be
totally avoided despite carefully planned research procedures. The standard statistical calculations in
data sets are done on matrices composed of lines made of observations (from individuals) and columns
consisting of variables; and the pores of matrices should be totally full. When an item is left
unresponded; in other words, has missing values, statistical calculations cannot be performed owing to
the blanks in the matrix. Rubin (1976) maintains that estimations can allow subjectivity when missing
values are not at an ignorable level. That missing values can be ignored means that missing values are
randomly formed and do not have a specific pattern; that the distribution of the data will not show a
deviation or difference; and that, in case there is a multi-variable data which show normal distribution,
the process of forming missing values for each variable will be equal. Rubin (1976) states that there will
be no difference between the estimations of complete data sets and sets with missing values if missing
values are proved to be random. Thus, whether missing values are formed randomly or completely
randomly should be identified. Otherwise, it should be noted that a non-ignorable missing value can
result in subjectivity.
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The existence of missing values in missing completely at random (MCR) mechanism indicates that
missing values do not have a relationship with any variables. Donders, Heijden, Stijnen and Moons
(2006) maintain that the group of variables without missing values is a sample of the target population
when the data set is known to have missing values completely at random. Therefore, most methods
result in objective estimations in case of MCR assumption (Satici, 2009). When there are missing values
in a variable and when this does not have a relationship with the variable where missing values are and
when these have a relationship with other variables, then they are missing values at random (MR).
Enders (2010) states that MR explains the possibility of missing values and the systematic relationship
with one or more variables. It has been suggested that when missing value mechanism is MR, model
based or multiple imputation methods will yield in objective estimations (Donders et al., 2006; Saticl,
2009). If the possibility of missing values is associated to its variable and other variables, then it is
missing at non-random (MNR). The methods used for missing value analyses are not suitable in case of
MNR and cannot avoid subjectivity (Enders, 2010).

In addition to being random or not, it is also important to determine the level or amount of missing
values since missing values formed at random because of any reason can result in reducing the data set
and thus weakening the estimations. While statistical analyses cannot be performed on data sets with
missing values, there is a possibility of subjectivity due to systematic differences between the individuals
who responded and the ones who did not (Rubin, 1987). Therefore, the rate of missing values should
also be considered as an important factor.

There was significant advancement in developing methods to deal with missing values in 20th
century. Graham (2009) explains the reason that statistical analyses developed at the beginning of the
20th century could be performed on complete data sets. Almost none of these analyses had a
mechanism do deal with data sets with missing values. This resulted in a need to develop methods to
work with data sets with missing values and led to new statistical methods to deal with such data sets
(Graham, 2009).

There are two approaches to score measuring instruments. These are multiple scoring and two-
category scoring. Erkus (2012) describes two-category measuring tools as the ones used to determine
the existence of a phenomenon with yes-no, there is-there isn’t, true-false options. The most common
method used to deal with missing values in two-category data sets is to accept the missing ones as
“wrong” or “unapplied”. However, it is known that both of these methods result in subjective and
mistaken estimations. Therefore, more complex methods developed to work on such cases should be
applied (Hohensinn & Kubinger, 2011). It is suggested that model based methods will generate objective
estimations in MCR and MR mechanisms (Graham, 2009).

Model based missing value methods are missing value methods based on the estimation of
parameters depending on the possibility and a posterior distributions in a model created from
observations. The main advantage of these models is their flexibility. They conduct calculations through
model assumptions avoiding temporary methods. They provide variance estimations considering
missing values. There are various models to use for estimations based on models. Particularly,
expectation—maximization (EM) algorithm, which started by Lord (1955) and developed into theory by
Dempster, Laird and Rubin (1977) and multiple imputation developed in a study by Rubin (1987) are
among the model based methods.

Having missing values in data sets is an unavoidable issue in research and thus, there is a need to use
a model to deal with missing values. Otherwise, the estimations can be subjective and result in arriving
at misleading conclusions and decisions. It is believed that in two-category tests related to cognitive
field, guessing parameter as an issue can lead to subjective estimations that can result in wrong
conclusions. Therefore, in case of ignorable missing values, how guessing parameter in one dimension
item response theory in three-parameter logistic model is affected from methods used to deal with
missing values. Therefore, the study aims to identify the effects of multiple imputation and expectation—
maximization (EM) algorithm methods used in data sets with ignorable missing values on guessing
parameter in one-dimension item response theory in three-parameter logistic model.
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Method
Research Design

Since the aim of the present study is to identify the effects of multiple imputation and expectation—
maximization (EM) algorithm methods used in data sets with ignorable missing values on guessing
parameter (c) in one-dimension item response theory in three-parameter logistic model, the study is
basic research (Karasar, 2007). The results are meant to contribute to the existent literature and is
suitable for basic research design.

Data Generation and Analysis

In order to develop the data for the study and the desired rates of missing values suitable to missing
value mechanisms, R program (R Development Core Team, 2011) was utilized. To estimate the guessing
parameter in three-parameter logistic model in item response theory, {Itm} pack in R program was used.

The data were generated based on three-parameter logistic model in item response theory. The item
number in the generated data was fixed to 20, the sample sizes were 500, 1000 and 3000, and the
response category was determined to be 2 (1-0 scoring). Item difficulty in the data sets was limited to -
2.00, +2.00 interval, item differentiation to .50 and 2.00 interval, and guessing parameter to between
.00 and .25.

The rates of missing values in the data generated were determined to be 2.00 %, 5.00 % and 10.00
%. When developing MCR mechanism, pores were deleted in 2.00 %, 5.00 % and 10.00 % rates in the
codes written in R program. As for MR mechanism, another variable with three categories (1, 2 and 3)
was assigned in equal rates randomly. Missing values were then created randomly on the levels
generated. On the 1st level, 10.00 % of the pores were deleted, 30.00 % on the 2nd level and 60.00 % of
the pores in the 3rd level were deleted to obtain missing values in 2.00 %, 5.00 %, and 10.00 % in total.
The generated data sets with missing values were then completed using multiple imputation and
imputation with expectation—-maximization (EM) algorithm methods. It has been indicated that
imputation of a level between 3 and 10 is sufficient when using multiple imputation method (McKnight
et al., 2007). The multiple imputation value was determined to be 5. The completed data sets were
analysed for the second time based on three-parameter logistic model in order to determine the
guessing parameter and the reference points in the complete data sets were interpreted.

Results

The effects of multiple imputation and imputation with expectation—maximization (EM) algorithm as
methods of dealing with missing values and on guessing parameter are displayed below first for missing
completely at random and then for missing at random mechanisms.

Figure.1l shows the effects of multiple imputation and imputation with expectation—maximization
algorithm methods on guessing parameter in missing completely at random mechanism when the
sample size is 500. The results indicate that both methods provide close estimations to complete data
sets when the missing value is 2.00 %. When the missing value rate is increased, guessing parameter
estimations obtained from completed data sets get further from reference point. Both method show
similar performance and when the missing value rate is 10.00 %, both get the furthest from reference
point. In other words, the performance of multiple imputation and imputation with expectation—
maximization algorithm methods scale down as the missing value rate increases.
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Figure 1. The effects of multiple imputation and imputation with expectation—-maximization (EM)
algorithm methods on guessing parameter missing completely at random mechanism (n=500).
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Figure 2. The effects of multiple imputation and imputation with expectation—-maximization (EM)
algorithm methods on guessing parameter missing completely at random mechanism (n=1000).

Figure.2 presents the effects of multiple imputation and imputation with expectation—maximization
algorithm methods on guessing parameter in missing completely at random mechanism when the
sample size is 1000. When the missing value is 2.00 %, it is observed that both methods provide
estimations close to reference point. However, when the rate of missing value is 5.00 %, their
performance fall and the effects of both methods on guessing parameter drop. As missing value rate
increases, imputation with expectation—maximization algorithm method is observed to provide closer
estimations to reference point compared to multiple imputation method.

When the sample size is 3000 and when the missing value mechanism is completely at random,
multiple imputation and imputation with expectation—maximization (EM) algorithm methods are found
to yield close estimations to reference point when the missing value rate is 2.00 %. The performance
scales down as the rate of missing value inclines. In other words, as missing value rate increases,
guessing parameter estimated through completed data sets with multiple imputation and imputation
with expectation—maximization (EM) algorithm methods gets further from reference point. However,
compared to sample sizes of 500 and 1000, a better performance is obtained as the missing value rate
increases. Therefore, it can be suggested that multiple imputation and imputation with expectation—
maximization (EM) algorithm methods perform partly well on guessing parameter in high missing value
rate if the sample size is large enough.
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Figure 3. The effects of multiple imputation and imputation with expectation—maximization (EM)
algorithm methods on guessing parameter missing completely at random mechanism (n=3000).
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Figure 4. The effects of multiple imputation and imputation with expectation—-maximization (EM)
algorithm methods on guessing parameter missing at random mechanism (n=500).

Figure.4 presents the effects of multiple imputation and imputation with expectation—maximization
algorithm methods on guessing parameter in missing at random mechanism when the sample size is
500. The results indicate that the performance of multiple imputation and imputation with expectation—
maximization (EM) algorithm methods on guessing parameter differed in all missing value rates for MR
mechanism and that estimations were not close to reference point. Thus, it is shown that model based
methods used to deal with missing values performed weak on guessing parameter in MR mechanism
and lead to lower or higher estimations than expected.

When the sample size in MR mechanism is 1000, the effects of multiple imputation and imputation
with expectation—maximization algorithm methods on guessing parameter are displayed in Figure 5.
Both methods perform relatively well when the rate of missing value is 2.00 %. When the rate of missing
values increase, the performance of both methods is observed to fall generating higher estimations for
guessing parameter or in other words, a guessing parameter with a higher value than reference point is
obtained.
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Figure 5. The effects of multiple imputation and imputation with expectation—maximization (EM)
algorithm methods on guessing parameter missing at random mechanism (n=1000).
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Figure 6. The effects of multiple imputation and imputation with expectation—-maximization (EM)
algorithm methods on guessing parameter missing at random mechanism (n=3000).

Figure.6 shows the effects of multiple imputation and imputation with expectation—maximization
algorithm methods on guessing parameter in missing at random mechanism when the sample size is
3000. Both methods provide estimations close to reference point when the missing value rate is 2.00 %.
However, when the sample size is 500 or 1000 or when the rate of missing value increases, the
performance of these methods drop down. In addition, it is not possible to say that the performance
was the same for all items when the missing value rate is low (2.00 %).

Discussion, Conclusion & Implementation

The results of the present study, which investigated the effects of model based missing data
methods on guessing parameter in case of ignorable missing data, show that expectation—maximization
(EM) algorithm and multiple imputation methods performed well depending on the rate of missing
value in MCR mechanism. When the rate of missing values is 2.00 %, both methods showed good
performance in all sample sizes, but got further from the reference point as the rate of missing value
increased. Yet, when the sample size is 3000, they provided closer estimations even when the rate of
missing values was high compared to smaller sample sizes. This may indicate the importance of the size
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of the sample in making model estimations in item response theory. Rubin, (1987), Schaffer (1997) and
Allison (2007) state that these methods provide better estimations in large samples compared to smaller
ones. Agresti and Finlay (1997) claim that multiple imputation and expectation—maximization (EM)
algorithm methods provide objective estimations in large samples (Baykul & Giizeller, 2013). The results
of the present study are thought to be in line with these findings.

It is also concluded that both methods performed well on guessing parameter when the rate of
missing values was low, but their performance weakened significantly as the rate of missing values
inclined. Neither multiple imputation nor expectation—maximization (EM) algorithm methods perform
well on guessing parameter in MR mechanism. Although there are studies indicating that these models
perform well in MR mechanism in literature (Allison, 2003; Baraldi & Enders, 2010; Donders, Van der
Heijden, Stijnen & Moons, 2006), the findings of the present study indicate to the contrary. Enders
(2013) claims that the performance of all mechanisms to deal with missing values will decrease as the
rate of missing values increases. The findings are in line with this claim for MCR and MR mechanisms.
When the performances for MCR and MR are compared, it is found that both methods perform better in
MCR mechanism. Previous studies also indicated that both methods performed well in MCR mechanism
(Arnold & Kronmal, 2002, Baraldi & Enders, 2010; Barzi & Woodward, 2004; Buhi et al., 2008; Graham et
al., 1994; Leite & Bretvas, 2010; Newman, 2003; Wayman, 2003). As a result, it can be suggested to use
model based missing value methods in MCR mechanism. It is also suggested that more detailed
information on performance can be achieved if the effect of model based missing value methods on
guessing parameter is investigated considering and manipulating the sample size, the rate of missing
value, item differentiation index and difficulty index.
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Tiirkge Siiriim

Giris

Egitim ve psikoloji alaninda yapilan 6lgmelerin ve test kuramlarinin temelinde goézlenen verilerden
hareketle gozlenemeyen (gizil) degiskenlere yonelik ¢ikarim yapmak yatmaktadir. Klasik Test Kurami
(KTK) yaygin bir kullanim alanina sahip olmasina ragmen bu kuramin 6nemli dezavantajlari
bulunmaktadir. Madde ve test parametrelerinin gruba bagh olarak kestiriimesi ve bu ylzden gruptan
gruba kestirimlerin farklilasiyor olmasi elestirilen yonlerinden biridir. Madde parametrelerinin gruptan
gruba farklilasiyor olmasina karsin yine bir madde parametresi olan sans basarisi (parametresi) gruptan
ve madde 6rnekleminden bagimsizdir ve sabittir. Clinkii yoneltilen ¢coktan segmeli maddenin segenek
sayisina bagh olarak belirlenir ve yanitlayici yoklanmak istenen davranisa sahip olmadigl halde dogru
cevabl tamamen sansla bulmussa, bu “sans basarisi” olarak adlandirilir. Tum ¢oktan se¢meli maddelerde
bu durum s6z konusudur (Turgut & Baykul, 2010).

Son yillarda giderek yayginlasan bir diger kuram olan Madde Tepki Kurami'nda (MTK) bireyin olgilen
ozellige sahip olma dizeyi ile yanitlar arasindaki iliski matematiksel bir fonksiyon ile agiklanmaktadir.
Bireylerin yeteneklerini teste bagli kalmadan maddelerden yola cikarak kestirebilen MTK’'da sans
parametresi de gruptan bagimsiz olarak madde 6zelinde hesaplanmaktadir. Sans parametresi (c), bir
maddenin tahminle yanitlanma olasiligini vermektedir ve madde karakteristik egrisinin Y ekseni
Uzerindeki baslangic noktasini gostermektedir. Olasilik ifade ettigi icin .00 ile 1.00 arasinda deger
almaktadir (Lord & Novick, 1968). Sans parametresi sifira yaklastikca maddenin dolayisiyla testin
sundugu bilgi ve kesinlik artar (Hambleton, Swaminathan & Rogers 1991). Baker (2001), sans
parametresinin .35’ten, Harris (1989) ise .30°da biylik olmamasi gerektigini vurgulamaktadir. Warm
(1978) ve Akindele (2003), sans parametresinin .30’dan bliylik maddelerin iyi maddeler olmadigini, .20
ve altinda degere sahip olan maddelerin ise iyi maddeler oldugunu belirtmistir. Sans parametresinin
.00’dan buyik olmasi disik yetenek diizeylerinde test bilgi miktarini diisirmektedir. Bununla birlikte,
c¢’nin buyuk degerler almasi test bilgisini genellikle dastirmektedir (Baker, 2001). Testin verdigi bilgi
testin 6lgmeyi amacladig 6zelige iliskin ne kadar bilgi sagladigini gosterir (Hambleton et al. 1991; Reid,
C.A., Kolakowsky-Hayner, Lewis & Amstrong, 2007). Buna ek olarak, testin verdigi bilgi MTK’da 6lgmenin
standart hatasini ve glvenirligi hesaplamada kullanilir (DeMars, 2010; Hambleton & Jones, 1993). Bu
nedenle sans parametresi MTK'da da giivenirligi ve gecerligi etkileyen &nemli bir parametredir. Ug
parametreli bir modelde, bir bireyin, herhangi bir maddeye dogru cevap verme olasiligl, madde guglik,
ayiricilik ve sans parametresi hesaba katilarak hesaplanmaktadir (Crocker & Algina, 1986; Embretson &
Reise, 2000; Hambleton et al. 1991). Bu nedenle ¢ parametresi yetenegin kestirilmesinde de belirleyici
role sahiptir. Ancak testlerle 6l¢lilmeye c¢alisilan gizil 6zelliklere ulasmak, test ve madde parametrelerini
kestirebilmek icin ©ncelikle bireylerin kendilerine testle yoneltiien maddelere yanit vermesi
gerekmektedir. Bu baglamda yanitlayicilarin kendilerine yoneltilen maddeleri herhangi bir nedenle
yanitlamaktan kaginmasi, bos birakmasi ya da bu maddelerin atlanmasi, bir diger deyisle kayip veri
ortaya gikmasi, aslinda bu tir bir gikarimi yapilabilmenin 6niindeki en 6nemli engellerdendir.

Hohensinn ve Kubinger (2011), kayip degerlerin genellikle karsilagilan bir problem oldugunu ve
arastirma sireci uzmanlar tarafindan ne kadar dikkatli planlanirsa planlansin tam olarak 6niine
gecilmesinin miimkiin olmadigini belirtmistir. Clinkl toplanan veriler tizerinde yapilmak istenen standart
istatistiksel islemler satirlari gézlemlerden (bireylerden) situnlar degiskenlerden olusan matrisler
Uzerinden yapilmaktadir ve bu matrisin tim gozeneklerinin dolu olmasi gerekmektedir. Bir bireyin
herhangi bir maddeye yanit vermemesi durumunda bir diger ifadeyle kayip veri olmasi durumunda
matriste olusan bosluk nedeniyle istenen istatistiksel islemler yapilamayacaktir. Rubin (1976), olusan
kaybin ihmal edilebilir diizeyde olmamasinin kestirimlerde yanhliga yol agacagini ifade etmektedir. Kayip
verilerin ihmal edilebilir olmasi, kayip verilerin rastgele olarak olustugu yani herhangi bir 6rintt/yanhhk
icermedigi, dolayisiyla veri dagiliminda bir sapma ya da farkhlik olusmayacagi, verinin ¢cok degiskenli
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olmasi durumunda ¢ok degiskenli normal dagilim varsayimi saglandig takdirde, her bir degiskene iliskin
kayip veri olusma durumunun esit olacagi anlamina gelmektedir. Rubin (1976), kayip verilerin rastgele
oldugu kanitlandigi durumda eksiksiz veri seti ve kayip veri iceren veri setlerinden yapilacak kestirimler
arasinda manidar bir fark olmayacagini belirtmektedir. Bu nedenle kayip verilerin tamamen rastgele ya
da rastgele olup olmadiginin incelenmesi gerekmektedir. Aksi durumda ihmal edilemez bir kayip ile
karsilasildiginda bunun yanhhga yol agacagi unutulmamalidir.

Veri setinde tamamen rastgele kayip (TRK) mekanizmasinda kayip veri olmasi, kayiplarin ne diger
degiskenlerle, ne de bulundugu degisken ile iliskili olmadigini ifade etmektedir. Donders, Heijden, Stijnen
ve Moons (2006), verinin TRK oldugu bilindiginde, kayip veri icermeyen degiskenler kiimesinin, hedef
kitlenin rastgele 6rneklemi oldugunu belirtmistir. Bu nedenle, kayip veri incelemeleri igin TRK
varsayiminda birgok yontem yansiz sonuglar vermektedir (Satici, 2009). Herhangi bir degiskende kayip
veri olmasi olasiligl, modeldeki diger degiskenlerle iliskili ve bulundugu degiskendeki gozlenen degerlerle
iliskisiz ise kayip veri rastgele kayiptir (RK). Enders (2010), RK durumunun aslinda kayip veri olasiligi ile
bir veya daha fazla degiskenin arasindaki sistematik iliskiyi acikladigini belirtmistir. Kayip veri
mekanizmasi RK oldugu durumda model tabanh ve ¢oklu veri atama gibi yontemlerin objektif sonuglar
verecegi belirtiimektedir (Donders et al. 2006; Satici, 2009). Herhangi bir degiskendeki kayip verinin
olasihg modeldeki diger degiskenlerle ve kendi degiskeniyle iliskili ise kayip veri rastgele olmayan
kayiptir (ROK). ROK mekanizmalari altinda kayip veri analizi mevcut yontemleri kullanmaya uygun
degildir ve olusan yanlilik giderilememektedir (Enders, 2010).

Kayip verinin ihmal edilebilir yani rastgele olup olmamasinin yaninda orani yani miktari da 6nem
tasimaktadir. Clinkii herhangi bir nedenle olusan kayip veriler, veri setinin daralmasina ve buna bagl
olarak da yapilacak kestirimlerin zayiflamasina yol agar. Kayip verilerin mevcut oldugu veri setleri
Uzerinde istatistiksel analizler yapilamadigi gibi, yanitlayan ve yanitlamayan bireyler arasinda, ¢ogunlukla
sistematik olan farkhlklardan dolayi, bir yanlilik olusmasina da neden olabilir (Rubin, 1987). Bu nedenle
arastirmalarda kayip veri miktarinin da géz 6ninde bulundurularak sonuglarda dogacak yanliliklara
¢6zUm aranmasi dogru olacaktir.

Kayip veriyle bas etme yontemlerinin gelisimi incelendiginde 20. Yuzyilda bu alanda énemli yol kat
edildigi gorlilmektedir. Graham (2009), bunun nedeni olarak ¢ogu 20. Yuzyilin baslarinda gelistirilmis
istatistiksel analizlerin eksiksiz veri setleri lizerinden yapilabiliyor olmasini géstermektedir. Istatistiksel
analizlerin neredeyse tamami, kayip veri iceren veri setlerinde kayip veri sorununa dair herhangi bir
mekanizma icermemektedir. Bu durum kayip veri sorunu ile bas etme yontemlerine ihtiya¢ duyulmasina
neden olmustur. Bu ihtiya¢ dogrultusunda kayip veri sorunuyla bas etmede istatistiksel yontemler
gelistirilmistir (Graham, 2009).

Olgme araglarinin puanlanmasinda iki tiir yaklasim vardir. Bunlar ¢oklu puanlama ve iki kategorili
puanlamadir. iki kategorili puanlanan maddelerde dogru-yanlis, var-yok, evet-hayir gibi isaretlemelerle
dlciilmeye cahsilan &zelligin varligi ya da yoklugu belirlenmeye calisiimaktadir (Erkus, 2012). ikili
puanlanan maddelerden olusan testlerde karsilasilan kayip verilerde en yaygin yaklasimlar, bu kayip
verilerin “yanlis” ya da “uygulanmamis” olarak kabul edilmesidir. S6z konusu her iki yaklasimin da yanli
ve hatali kestirimlere yol actigi bilinmektedir. Bu nedenle bu tir kayip verilere yonelik olarak gelistirilmis
daha karmasik kayip veri bas etme yontemlerinin kullanimi gerekli gérilmektedir (Hohensinn &
Kubinger, 2011). Bu dogrultuda model tabanli yontemlerin kullaniimasinin hem rastgele kayip hem de
tamamen rastgele kayip mekanizmasinda yansiz kestirimleri saglayacagi belirtiimektedir (Graham, 2009).

Model tabanli kayip veri bas etme yontemleri gézlenmis degerler (izerinden kurulan bir modelde
olabilirlik ve sonsal dagilimlara bagli olarak parametrelerin kestiriimesine dayanan kayip veri
yontemleridir. Bu yontemlerin en blylik avantajlari esneklikleridir. Gegici yontemlerden kaginarak model
varsayimlari altinda ¢6ziimleme yaparlar. Kayip verileri de hesaba katarak varyans kestirimleri sunarlar.
Model lizerinden hesaplamalar yapiimasi planlandiginda bircok modelden séz edilebilir. Ozellikle Lord’un
(1955) calismasiyla baslayan, Dempster Laird ve Rubin (1977) ile teorisi ortaya konulan beklenti
maksimizasyon algoritmasi (BMA), Rubin (1987) calismasinda onerilen ¢oklu atama (CA) gibi yontemler
model tabanh yontemlerdir.
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Veri setinde kayip veri olmasi arastirmalarda oniline gecgilemez bir sorundur ve bu nedenle bir kayip
veri bas etme yontemi ile bu sorunun ¢ozlilmesi gerekmektedir. Aksi durumda kestirimlerde yanliliga yol
acilabilecegi gibi testlerden elde edilen sonuglarin hatali olmasina; buna bagl olarak da hatali kararlar
verilmesine yol acabilir. iki kategorili puanlanan bilissel alana yénelik testlerde halihazirda kritik bir sorun
olan ve yanli kestirimlere, hatali kararlara yol agabilen sans parametresinin kayip veri durumunda bu
yonini pekistirebilecegi distintilmektedir. Bu nedenle ihmal edilebilir kayip veri durumunda tek boyutlu
madde tepki kurami 3 parametreli lojistik modelinde (3PLM) sans parametresinin model tabanli kayip
veri bas etme yontemlerinden nasil etkilendiginin belirlenmesi bir ihtiya¢ olarak gorilmektedir. Bu
nedenle, arastirmada veri setinde ihmal edilebilir kayip veri olmasi durumunda kayip veri bas etme
yontemlerinden g¢oklu atama ve beklenti maksimizasyon algoritmasi ile atama yontemlerinin tek boyutlu
madde tepki kurami 3 parametreli lojistik modelinde sans parametresine etkisinin belirlenmesi
amaglanmistir.

Yontem
Arastirmanin Deseni

Arastirmada, model tabanlh kayip veri bas etme yéntemlerinden beklenti maksimizasyon algoritmasi
ve ¢oklu veri atama yontemlerinin tek boyutlu Madde Tepki Kurami (i¢ parametreli lojistik modelinde
sans (c) parametresine etkisini yapay veri setleri kullanarak ortaya koymayi amaglamasi nedeniyle temel
arastirma niteligindedir (Karasar, 2007). Arastirma bu haliyle mevcut bilgilere katki saglayici nitelikte
olup, temel arastirma ile uyumludur.

Verilerin Uretilmesi ve Veri Analizi

Arastirmada verilerin Uretilmesinde, Uretilen eksiksiz veri setlerinde kayip veri mekanizmalarina
uygun ve istenen oranlarda kayip veri olusturulmasinda R programi kullaniimistir (R Develoment Core
Team, 2011). Madde tepki kurami (¢ parametreli lojistik modelinde sans parametresinin
hesaplanmasinda R programi igerisinde yer alan {Itm} paketinden yararlaniimistir.

Veriler, MTK tek boyutlu lojistik modellerinden 3PLM temel alinarak iretilmistir. Uretilen veri
setlerinde madde sayisi 20 olarak sabitlenmis, 6rneklem buytikligi 500, 1000 ve 3000, yanit kategorisi
iki (1-0 puanlama) olarak belirlenmistir. Veri setlerinde madde gli¢ligl -2.00, +2.00 araliginda, madde
ayiricihgl .50 ile 2.00 araliginda, sans parametresi ise .00 ile .25 arasinda sinirlandirilmistir.

Uretilen veri setlerinde olusturulacak kayip veri orani % 2.00, % 5.00 ve % 10.00 olarak belirlenmistir.
Belirlenen oranlarda TRK mekanizmasi olusturulurken R programinda yazilan kod ile gbzenek sayisinin %
2.00, % 5.00 ve % 10.00 oranlarinda silinmesi ile kayip verili setler elde edilmistir. RK mekanizmasi igin
oncelikle veri setine ¢ kategorisi (1, 2 ve 3) olan siralama 6lgegi diizeyinde bir baska degisken rastgele
olarak esit oranlarda tanimlanmistir. Olusturulan diizeylerden farkh oranlarda kayip veriler rastgele
olusturulmustur. 1. diizeyden % 10.00, 2. dizeyden % 30.00 ve 3. diizeyden % 60.00 olacak sekilde
gozenekler silinerek ayri ayri toplamda % 2.00, % 5.00 ve % 10.00 kayip olusturulmustur. Elde edilen
eksikli veri setleri Coklu Atama (CA) ve Beklenti Maksimizasyon Algoritmasi ile Atama (BMA) yontemleri
ile tekrar tamamlanmistir. Coklu deger atama tekniginin kullanilmasi durumunda 3 — 10 arasinda deger
atama isleminin yapilmasinin yeterli olacagi belirtilmektedir (McKnight et al., 2007). Coklu atamada
atama sayisi 5 olarak belirlenmistir. Tamamlanan veri setleri yeniden 3PLM’ye gére analiz edilerek sans
parametresi belirlenmis ve eksiksiz veri setindeki degerler referans alinarak yorumlanmistir.

165



Duygu KOGAK — Pegem Egitim ve Ogretim Dergisi, 8(1), 2018, 155-172

Bulgular

Model tabanh kayip veri bas etme yontemlerinden coklu atama ve beklenti maksimizasyon
algoritmasi ile atama yodntemlerinin sans parametresi Uzerindeki etkileri dncelikle tamamen rastgele
kayip ardindan rastgele kayip mekanizmalari igin asagida sunulmustur.
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Sekil 1. Tamamen rastgele kayip mekanizmasinda ¢oklu atama ve beklenti maksimizasyon algoritmasi
ybéntemlerinin sans parametresine etkisi (n=500).

Sekil.1’de 6rneklem biyiikligu 500 oldugunda TRK mekanizmasinda CA ve BMA ydntemlerinin sans
parametresi lizerine etkisi verilmistir. Her iki ydntemin de kayip veri orani % 2.00 oldugunda eksiksiz veri
setine yakin kestirimler sundugu goérilmektedir. Kayip veri orani arttiginda tamamlanan veri setlerinden
elde edilen sans parametresi kestirimleri referans degerden uzaklasmaktadir. Her iki yontem de benzer
performans gostermekle birlikte kayip veri orani % 10.00 oldugunda her ikisi de referans degerden en
uzak kestirimleri sunmustur. Bir diger ifadeyle CA ve BMA ydntemlerinin performansi kayip veri orani
arttikca dismektedir.
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Sekil 2. Tamamen rastgele kayip mekanizmasinda ¢oklu atama ve beklenti maksimizasyon algoritmasi
yéntemlerinin sans parametresine etkisi (n=1000).

Sekil.2’de 6rneklem biyukligiu 1000 oldugunda TRK mekanizmasinda CA ve BMA ydntemlerinin sans
parametresi Uzerine etkisi verilmistir. Kayip veri orani % 2.00 oldugunda her iki yontemin de referans
degere en yakin kestirimleri sundugu gorilmektedir. Kayip veri orani % 5.00 oldugunda performanstan
dislis yasandigl buna bagh olarak da kayip veri orani arttiginda her iki yéntem icin de sans parametresi
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lzerindeki performansin distigl goérilmektedir. Kayip veri orani arttikga bu iki yontemin performansi
birbiriyle kiyaslandiginda ise BMA yonteminin CA yontemine gore referans degere daha yakin kestirimler
sunacak sekilde performans sergiledigi goriilmektedir.
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Sekil 3. Tamamen rastgele kayip mekanizmasinda ¢oklu atama ve beklenti maksimizasyon algoritmasi
yéntemlerinin sans parametresine etkisi (n=3000).

Orneklem biiyikligi 3000, kayip veri mekanizmasi tamamen rastgele kayip oldugunda ¢oklu atama
ve beklenti maksimizasyon algoritmasi yontemlerinin kayip veri orani %2.00 oldugunda referans degere
yakin kestirimler sunacak performans sergiledigi goriilmektedir. Kayip veri orani arttikca performans
dusmektedir. Bir diger ifadeyle kayip veri orani arttikca CA ve BMA yontemleri ile tamamlanan veri
setlerinden kestirilen sans parametresi referans degerden uzaklasmaktadir. Ancak érneklem buyiklGgi
500 ve 1000 olan kosullara gore kayip veri orani arttikca daha iyi bir performans gézlenmektedir. Buna
bagh olarak BMA ve CA yontemlerinin kayip veri orani yiiksek oldugunda 6érneklem yeterince biiylkse
sans parametresi tGzerinde kismen iyi performans gosterebilecegi ifade edilebilir.
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Sekil 4: Rastgele kayip mekanizmasinda ¢oklu atama ve beklenti maksimizasyon algoritmasi
yéntemlerinin sans parametresine etkisi (n=500).

Sekil.4’te 6rneklem buyukliga 500 oldugunda RK mekanizmasinda CA ve BMA yodntemlerinin sans
parametresi Uzerine etkisi verilmistir. Rastgele kayip mekanizmasinda tiim kayip veri oranlarinda CA ve
BMA yontemlerinin sans parametresi Uzerindeki performanslarinin farkhlastigi ve genel olarak referans
degere yakin kestirimlerin sunulamadigi gorilmektedir. Buna bagli olarak model tabanli kayip veri bas
etme yontemlerinin rastgele kayip mekanizmasinda sans parametresi tizerindeki performansinin disiik
oldugu, olmasi gerekenden daha diisik ya da yiiksek kestirimlere yol actigi gorilmektedir.
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Sekil 5. Rastgele kayip mekanizmasinda ¢oklu atama ve beklenti maksimizasyon algoritmasi
yéntemlerinin sans parametresine etkisi (n=1000).

Rastgele kayip mekanizmasinda 6érneklem biyikligi 1000 oldugunda CA ve BMA yontemlerinin sans
parametresi Uzerindeki etkileri Sekil.5’te verilmistir. Her iki yontemin de kayip veri orani %2.00
oldugunda kismen iyi bir performans sergiledigi gérilmektedir. Kayip veri orani arttiginda ise her iki
yontemin de performansinda 6nemli diisisler yasanmaktadir ve genel olarak olmasi gerekenden daha
ylksek sans parametresi elde edildigi bir diger ifadeyle referans degerden daha yliksek sans parametresi
elde edildigi gorilmektedir.

0.70
0.60

|
x
!

11 12 13 14 15 16 17 18 19 20

®%200CA +3%200BMA A %500BMA  <%500CA ¥ %10.00 BMA » %10.00 CA D REFERANS DEGER

Sekil 6. Rastgele kayip mekanizmasinda ¢oklu atama ve beklenti maksimizasyon algoritmasi
yéntemlerinin sans parametresine etkisi (n=3000).

Sekil.6’da 6rneklem bliytkligi 3000 oldugunda RK mekanizmasinda CA ve BMA ydntemlerinin sans
parametresi Uzerindeki etkisi sunulmustur. Her iki yontemin de kayip veri orani %2.00 oldugunda
referans degere daha yakin kestirimler yapacak sekilde performans sergiledigi gérilmektedir. Ancak
orneklem biiytklGgi 500 ve 1000 oldugu kosullarda da oldugu gibi kayip veri orani arttikca rastgele kayip
kosulunda BMA ve CA yontemlerinin performansi diismektedir. Bununla birlikte kayip veri orani distk
(%2.00) oldugunda da tim maddeler i¢in ayni sekilde performans sergilendigi séylenemez.
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Tartisma, Sonug ve Oneriler

Model tabanli kayip veri bas etme yodntemlerinin ihmal edilebilir kayip veri durumunda sans
parametresi Uzerindeki etkisinin arastirildigi bu calismada, veri setinde tamamen rastgele kayip
mekanizmasinda kayip veri olmasi durumunda g¢oklu atama ve beklenti maksimizasyon algoritmasi
yontemlerinin kayip veri oranina da bagh olarak performansinin iyi oldugu sonucuna ulasilmistir. Tim
orneklem buyukliklerinde kayip veri orani %2.00 oldugunda her iki yonteminde en iyi performansi
sergiledigi, kayip veri orani arttik¢ca referans degerden uzaklasildigi goérilmektedir. Buna karsin érneklem
blyuklGgi 3000 oldugunda kayip veri orani yiksek de olsa diger 6rneklem buyukliklerine gére daha
yakin kesitimler sunduklari sonucuna ulagilmistir. Bu durumu madde tepki kuraminda model
kestirimlerinin yapilmasinda 6érneklem buyukligiinin etkili olmasi ile iliskilendirmek mimkiindir. Rubin,
(1987), Schaffer (1997) ve Allison (2007) CA ve BMA yoéntemlerinin blylk orneklemlerde kuglk
orneklemlere gére daha iyi kestirimler sundugunu belirtmistir. Agresti ve Finlay (1997) da buyik
orneklemlerde BMA ve CA yontemlerinin yansiz sonuglar Urettigini ifade etmektedirler (Baykul &
Guzeller, 2013). Elde edilen sonug literatiir ile uyum géstermektedir.

Rastgele kayip veri mekanizmasinda ise kayip veri orani dusik oldugunda her iki yontemin de sans
parametresi lizerinde iyi performans gosterdigi ancak kayip veri orani arttik¢a bu performansta énemli
distslerin oldugu sonucuna ulasiimistir. Coklu atama ve beklenti maksimizasyon algoritmasi ile atama
yontemlerinin her ikisi de rastgele kayip veri mekanizmasinda sans parametresi tzerinde iyi performans
gostermemektedir. Literatiirde CA ve BMA yontemlerinin rastgele kayip mekanizmasinda iyi performans
gosterdigine iliskin bulgular yer almaktadir (Allison, 2003; Baraldi & Enders, 2010; Donders, Van der
Heijden, Stijnen & Moons, 2006). Ancak elde edilen bulgular RK mekanizmasinda kayip veri orani
yikseldigi durumda literatir ile uyusmamaktadir. Enders (2013), kayip veri orani arttikga tim kayip veri
mekanizmalarinda kayip veri bas etme mekanizmalarinin performansinin diisecegini belirtmektedir. Elde
edilen bulgular hem TRK mekanizmasi hem de RK mekanizmasi icin bunu destekler niteliktedir.
Tamamen rastgele kayip mekanizmasi ve rastgele kayip mekanizmasindaki performanslari
karsilastirilarak incelendiginde her iki yontemin de TRK mekanizmasinda daha iyi performans
sergiledikleri sonucuna ulasiimistir. Literatlirde CA ve BMA yodntemlerinin performansinin incelendigi
calismalarda her iki yontemin de TRK kosulunda iyi sonuglar trettigi belirtilmistir (Arnold & Kronmal,
2002, Baraldi & Enders, 2010; Barzi & Woodward, 2004; Buhi et al, 2008; Graham et al, 1994; Leite &
Bretvas, 2010; Newman, 2003; Wayman, 2003). Bu sonuglara bagli olarak arastirmacilara TRK
mekanizmasi durumunda model tabanh kayip veri bas etme yontemlerini kullanmalari énerilebilir.
Model tabanli kayip veri bas etme yontemlerinin sans parametresi Uzerindeki etkileri 6rneklem
buyuklGgi ve kayip veri orani ile birlikte madde ayiricilik indeksi ve gliclik indeksi de manipile edilerek
incelenmesi performansa iliskin daha detayh bilgi sunacagi distinilmektedir.
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