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Abstract

In adjustment studies of scales and in terms of cross validity at scale development, confirmatory factor analysis
is conducted. Confirmatory factor analysis, multivariate statistics, is estimated via various parameter
estimation methods and utilizes several fit indexes for evaluating the model fit. In this study, model fit indexes
utilized in confirmatory factor analysis are examined with different parameter estimation methods under
different sample sizes. For the purpose of this study, answers of 60, 100, 250, 500 and 1000 students who
attended PISA 2012 program were pulled from the answers to two dimensional “thoughts on the importance of
mathematics” dimension. Estimations were based on methods of maximum likelihood (ML), unweighted least
squares (ULS) and generalized least squares (GLS). As a result of the study, it was found that model fit
indexes were affected by the conditions, however some fit indexes were affected less than others and vice
versa. In order to analyze these, some suggestions were made.
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Oz

Olgme araglarmin uyarlama ¢alismalarinda ve dlgme araci gelistirirken capraz gegerlik calismalari kapsaminda
dogrulayici faktor analizi gerceklestirilmektedir. Cok degiskenli bir istatistik olan dogrulayici faktor analizinin
hesaplanmasinda kullanilan birgok parameter kestirim yontemi ve model uyumunun degerlendirilmesinde
kullanilan farkli uyum indeksleri mevcuttur. Bu ¢alismada, dogrulayici faktor analizinde kullanilan model-veri
uyum indekslerinin farkli 6rneklem biiyiikliikklerinde farkli parametre kestirim ydntemleri ile hesaplama
sonuglar1 incelenmistir. Bu dogrultuda PISA 2012 caligmasina katilan ve iki boyuttan olusan “matematigin
onemine yonelik goriisler” maddelerine cevap veren 6grenciler igerisinden 60, 100, 250, 500 ve 1000 kisilik
veri setleri belirlenmistir. Hesaplamalarda en ¢ok olabilirlik (ECO), agirliklandirilmamis en kiigiik kareler
(AEKK), genellestirilmis en kiigiik kareler (GEEK) hesaplama yontemleri kullanilmistir. Arastirmanin
sonucunda olusturulan kosullardan bazi uyum indekslerinin daha fazla, bazilarinin ise daha az etkilendigi
belirlenmistir. Bu dogrultuda analizler i¢in dnerilerde bulunulmustur.

Anahtar Kelimeler: dogrulayicit faktor analizi, 6rneklem biiyiikligi, uyum indeksi, 6l¢ek uyarlama ve
gelistirme

INTRODUCTION

Observing humans, as they are one of the most basic subjects of measurement, can lead to
information about humans, objects, actions, or processes (DeVellis, 2003). However, objects,
actions, or behaviors cannot always be observed directly in the studies concerning social sciences.
Psychological constructs that are subject to research via indirect methods bring about problems with
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the improvement of the measurement devices. For instance, psychological measurements are always
based on limited behavior patterns and there is always a chance for faulty measurements. Units that
are not defined precisely on the measurement tools and methods create a different problem for
measurements. Psychological constructs should be demonstrated with their relative underlying
constructs and observed phenomena because they cannot be defined as standalone, thus require
observed responses (Crocker & Algina, 1986).

Confirmatory factor analysis (CFA), which in terms of structural equation modeling explores the
relationships between latent and observable variables, analyses the measurement model where factor
count and relations indicated beforehand. CFA focuses on one variable explaining another variable
(or variables) and its error variances from all its sources. Error in measurement varies from each
other and unbound to the factors. Relations between factors don’t have to be completely analyzed
(factors are assumed to differ as a set) (Kline, 2011).

Since CFA is a multivariate statistics model; normality of the data set, single and multivariate
outliers, linearity, multicollinearity and homogeneity of variances should be analyzed before the
estimation (Tabachnick & Fidell, 2007). When multivariate normality assumption is not supported,
unweighted least squares method can be utilized.

In the estimation process of CFA, firstly the description of the model is presented, then the degrees
of freedom in the model is explored by identifying the model. After that, in accordance with the
features of the data set, a parameter estimation method is settled upon and used to determine the path
coefficients and error variances in the observed-latent variables. Lastly, to evaluate the model-data
fit, fit indexes are calculated and necessary adjustments are made according to the modification
suggestions.

CFA, which is a special instance of structural equation modeling that all the equations involving
multiple regression equations being calculated at the same time, is a multivariate statistics and it
depends on certain assumptions. These assumptions are level of scale, outlier, missing value,
normality, multiple connections, variable count, linearity, uncorrelated error term and sample size
(Schumacker & Lomax, 2004; Tabachnick & Fidell, 2007; Byrne, 2010). Kaplan (2001) suggests
that basic assumptions of structural equation modeling are sufficient sample size, mutlivariate
normality, missing data and proper building of the model. Fan, Thompson & Wang (1999) focuced
in their studies that effects of sample size, estimation methods, and model specification on structural
equation modeling fit indexes. Researchers state that although there are so many fit indexes which
were developed under different theoretical rationales, it is not known which fit indexes are the ideal.
Therefore, it is necessary to investigate the variables in which fit indixes are sensitive (Fan and
others, 1999). Fan and Sivo (2007) examined the sensitivity of model fit indices to different types of
models while controlling for the severity of model misspecification. At each level of
misspecification, the severity of misspecification is comparable across the three different models.
Ximénez (2009) first examined recovery for models correctly specified with the known number of
factors, and then investigated recovery for models incorrectly specified by underfactoring. Savalei
(2012) was studied with RMSEA under different types of misspecification.

Within the scope of this research, two models consisting of two dimensions were created. The
difference between the first model and the second model is the items of the dimensions. Within the
scope of research, three questions are answered:

o What are the fit indexes that were estimated via different parameter methods with different
sample sizes in Model 1?

o What are the fit indexes that were estimated via different parameter methods with different
sample sizes in Model 2?

e How do fit indexes differ within the Model 1 and Model 2, under different sample sizes and
different parameter estimation methods?
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Purpose of the study

CFA, which is used commonly to test a theoretical construct, used mainly in scale development,
scale adjustment, cultural comparison, and comparing groups. CFA should be properly managed in
areas like development and adaptation of scales used in the education field. When the literature in
the field is examined, it can be seen that confirmatory factor analysis along with structural equation
modeling is used frequently. However, in those studies sample size assumption is not properly
utilized or not determined in accordance with assumptions of parameter estimation methods. This
study aims to investigate the model fit indexes with different parameter estimation methods under
different sample size conditions.

METHODOLOGY
Research model

In this research, the effect of varying parameter estimation methods and different sample sizes on fit
indexes is meant to be explored. At the same time the effect of models set on the model-data fit
indexes are meant to be determined. From this point of view, the research can be classified as a
“basis research”.

Research Group

The research group consists of students who attended the PISA 2012 in Turkey. In PISA, 4848
students answered the questions in the “views on the importance of mathematics” dimension. The
missing or invalid and n/a data (n=1693) are removed from the data set and also analyses of the
assumptions were done. From the remaining student answers (n=3155), different clusters of 60, 100,
250, 500 and 1000 answers were pulled randomly and processed within the research.

Data Collection Tool

In PISA 2012, six items in the mathematics dimension of the research were scored in a four-point
likert scale. First three of these items ask about their friends’ view on mathematics, and the
remaining three asks about their families’ views on mathematics. Exploratory factor analysis was
used with the answers of 3155 students who responded to the survey items in Turkey. At the end of
the calculation, it was concluded that the dimension regarding the views of the friends of the students
accounted for %37.193 of the total variance, and the family dimension accounted for %32,740 of the
total variance. The total variance of the six items was calculated as %69,933. Cronbach’s alpha of
the first dimension was calculated as 0,824; reliability coefficient of the second dimension was
calculated as 0,705. The items can be seen in Table 1 below.

Table 1. Items and Dimension

Dimension Items

Friends X1. Most of my friends do well in mathematics.
X2. Most of my friends work hard on mathematics.
X3. My friends enjoy taking mathematics tests.

Parents X4. My parents believe it’s important for me to study mathematics.
X5. My parents believe that mathematics is important for my career.
X6. My parents like mathematics.

Analysis of The Data
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In the research, analyses of assumptions were carried out before analyses of the data sets. Firstly, the
students with missing answers to the items were removed from the data set. Following that,
univariate (determined with z statistics) and multivariate (calculated with Mahalonobis coefficient)
observations with extreme values were removed. In order to examine the normality assumption,
coefficient of skewness and kurtosis were utilized. It was calculated that the answers to the items
were between -1 and +1 in the given values. In addition, histogram graphics were examined and no
extreme deviation was detected in the values. In order to check if there is a multicollinearity,
correlation coefficients of the answers to the items were calculated and found to be between 0,074
and 0,709. Box’s M test was carried out and calculated to check the homogeneity of variances
(p>0,05). The aforementioned assumptions were analyzed in the groups of 60, 100, 250, 500, 1000
sample sizes that were pulled from the whole data set. In all data sets, it was found that there is no
significant differences between items correlation coefficients (p>0,05).

In the analysis of the data, Model 1 which was reached via calculations with different sample sizes
using exploratory factor analysis was calculated first. Then the factors with the least factor loads
were determined and replaced to reach to Model 2, which the calculations were based upon.
Estimations were carried out via LISREL packaged program.

- Xl - ¥

— ] o) = X2
=

- friend -3

— ] 0 = Pl

— = =R = b

Model 1 Model 2

Model 1: The model is specified in the first stage of DFA. Model 1 is specified in terms of AFA
results and survey assumption.

Model 2: Factors with the least factor loads (X3-X6) were determined and replaced to reach to
Model 2.

FINDINGS
1. What are the fit indexes that were estimated via different parameter methods with different
sample sizes in Model 1?

Analyses for Model 1 which were based on maximum likelihood, unweighted least squares and
generalized least squares estimation methods were carried out with sample sizes of 60, 100, 250,
500, and 1000. The fit indexes based on those estimations and their results are shown in Table 2.

When Table 2 is examined, it can be seen that X?/df fit index tend to increase with sample size for all
three estimation methods. RMSEA fit index tend to decrease as the sample size increases to 250 and
to increase with a sample size of 500. CFI, which is a goodness of fit index, tend to increase as the
sample size increases to 250 and it shows a stable value (similar in 500 and 1000 sample size) with
increasing sample size. NFI and GFI show a similar pattern as CFI.
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It is observed that overall model-data fit is achieved when the sample size is at least 250 in ML
estimation method, 60 in ULS estimation method, and 250 in GLS estimation method.

Table 2. Estimation Results for the Model 1

Estimation Sample Size X2[df RMSEA CFl NFI GFI
methods
60 2,78 0,174 0,88 0,83 0,89
ML 100 2,87 0,138 0,93 0,91 0,93
250 3,27 0,095 0,97 0,96 0,97
500 6,76 0,107 0,97 0,96 0,97
1000 12,20 0,106 0,97 0,96 0,97
60 1,34 0,088 0,97 0,92 0,96
ULS 100 1,46 0,058 0,99 0,96 0,99
250 1,49 0,045 0,99 0,98 0,99
500 3,01 0,063 0,99 0,98 0,99
1000 7,06 0,075 0,98 0,98 0,98
60 1,53 0,111 0,87 0,77 0,81
GLS 100 1,72 0,073 0,94 0,87 0,88
250 1,60 0,049 0,97 0,94 0,95
500 3,09 0,065 0,96 0,94 0,95
1000 6,16 0,072 0,95 0,94 0,95

2. What are the fit indexes that were estimated via different parameter methods with different
sample sizes in Model 2?

Analyses for Model 2 were carried out with the same three parameter estimation methods under five
sample sizes. Results are shown in Table 3.

Table 3. Estimation Results for the Model 2

Estimation Sample size X2/df RMSEA CFl NFI GFI Statistically
methods insignificant
article count
60 Model does not converge
ML 100 Model does not converge
250 269,29 0,345 0,51 0,51 0,74
500 564,80 0,362 0,52 0,52 0,73
1000 959,99 0,373 0,54 0,54 0,76
60 14,13 0,114 0,97 0,94 0,95
ULS 100 63,93 0,266 0,77 0,75 0,97 2
250 183,71 0,297 0,72 0,71 0,88
500 435,92 0,327 0,70 0,70 0,87
1000 316,27 0,278 0,77 0,76 0,89
60 15,39 0,125 0,85 0,77 0,66
GLS 100 164,78 0,441 0,00 -0,81 0,27 3
250 301,43 0,445 0,00 -0,49 0,40
500 784,54 0,384 0,00 -0,82 0,33
1000 565,00 0,374 0,00 -0,42 0,41

When Table 3 is examined, it can be seen that model did not converge with 60 and 100 sample sizes
in ML method. In ULS method, with 100 sample size (2 items) and in GLS method, with 100 sample
size (3 items), some items did not produce statistically significant results.
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When the information on Table 3 is analyzed, it can be seen that generalized least squares and
maximum likelihood method are affected the most from Model 2, and unweighted least squares
method was the least affected among the three. At the same time, it is observed that ULS method
overall manages to achieve data model fit in 60 sample size (relative to bigger fit indexes).

According to the information on Table 3, fit indexes of X?/df showed increase with the sample size
and a model data fit was not achieved in any sample size. RMSEA fit index similarly increased with
the sample size in ML overall. In ULS and GLS estimation methods,, RMSEA showed a decline in
250 and 500 sample sizes.

In ML parameter estimation method, CFI and NFI fit indexes produced similar results in every
sample size, whereas GFI fit index showed a relatively bigger estimation among others. In ULS
method, apart from 60 sample size, a similar change is observed. In GLS parameter estimation
method, GFI fit index produced higher estimations relative to other fit indexes.

3. How does fit indexes differ within Model 1 and Model 2, different sample sizes and different
parameter estimation methods?

Fit indexes that reduced in value after the estimations of Model 1 and Model 2 and differences
between them are analyzed. The differences between the reduced fit indexes are shown in Figure 1.

X2/df RMSEA

60 T00- 250 500 1000 60, 100 250 500 1000
-200 -01

-100 0,2
600 03
-800 04

-1000 05

ML uLs GLS ML ULS GLS

Figure 1. The Difference Among the Decremental Fit Indexes

As seen in Figure 1, X?/df fit index showed the most increase in GLS parameter estimation method,
and the least in ULS parameter estimation method. The biggest difference between the Model 1 and
Model 2 model was estimated with ML parameter estimation method in 1000 sample size. RMSEA
fit index is observed to not change in ULS and GLS in 60 sample size. ULS parameter estimation
method is found to be the least affected from the Model 2 setting of the model.

As seen in Figure 2, the least affected parameter estimation method from the Model 2 setting of the
model is ULS; whereas the most affected is GLS. In 60 sample size, the incremental fit indexes of
CFI, NFI and GFI show little or no sign of being affected by Model 1 and Model 2 setting of the
model. GFI fit index is found to be the least affected by the setting of the model among other
incremental fit indexes.

The fit indexes showing increase with the Model 1 and Model 2 model are shown in Figure 2 below.
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Figure 2. The Difference Among the Incremental Fit Indexes

RESULTS and DISCUSSION

In this study, the aim was to study the effect of different parameter estimation methods and sample
sizes on the fit indexes for two models in confirmatory factor analysis. Towards this, sample data
sets of 60, 100, 250, 500 and 1000 were pulled from answers to the “thoughts on the importance of
mathematics” section in PISA 2012 data. Six items in the mathematics section of the research were
scored in a four-point likert scale . Data sets were firstly analyzed in exploratory factor analysis and
it was found that scale factors were two dimensionally gathered in friends (%37,193) and family
(%32,740). Cronbach’s alpha reliability coefficients were estimated to be 0,824 and 0,705 in
dimension 1 and dimension 2 of the scale, respectively.

Firstly, Model 1 was formed with six items and two dimensions, and ML, ULS and GLS parameter
estimation methods were carried out with five different sample sizes. Results of the estimations
showed that X?/df fit index shows increase with the sample size. RMSEA fit index, on the other
hand, shows increase with sample size up to a point, then decreases with some parameter estimation
methods. Those which were referred to as decremental fit indexes showed a tendency to rise with the
sample size, meaning that they may be misleading with bigger sample sizes. Research shows that
X?/df fit index can be statistically underpowered in small sample sizes (Kenny & McCoach, 2003).
On the other hand, Kline (2011) suggests X fit index shows increase along with the sample size.
Sayin & Gelbal (2016) also states in their study that fit index shows increase with increasing sample
size, that model data fit cannot be achieved in especially greater sample sizes. On the other hand X?
fit index may be quite affected from the Model 2 model. Kenny, Kaniskan & McCoach (2014) states
that RMSEA, which is the most used to evaluate model data fits, fit index is not fit to be used in
small df models. They state that in especially small sample sizes, model parameters are estimated
lower than they should be with RMSEA.
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The fit indexes that showed an increase, CFI, GFI and NFI fit indexes produced and increase until
250 sample size, and remained stable after that point, overall. Accordingly, it can be said that 250
sample size is enough to measure the model data fit. Boomsma (1982) states that at least a sample
size of 200 is needed for structural equation modeling. Molwus, Erdogan, & Ogunlana (2013)
suggests, when the effect of sample size on fit indexes are explored, small sample sizes produce low
fit indexes, and as the sample sizes get bigger, fit indexes also do. The also suggest that is vital to
consider this aspect when studying with small and big sample sizes at the same time.

When parameter estimation methods are observed, ML estimation method achieved model data fit at
250 sample size, ULS at 60 sample size, and GLS at 250 sample size. Fan and others (1999), state
that ML and GLS should not produce different statistics from each other in theory, but there can be
variations in practice against prediction. Sayin & Gelbal (2016) states that ML estimation method
produces higher model fit index estimations than GLS. In this case if the prerequisite assumptions
are met, It is suggested that ML is used.

In the research, in order to determine the effect of modeling on fit indexes, the items with the least
factor loads were replaced and a Model 2 model was created. Same analysis procedures were carried
out for Model 2. In the Model 2, one of the decremental fit indexes, X%df fit index showed an
increase with the sample size and it showed no model data fit in any sample size. RMSEA fit index
showed an overall increase with ML estimation method, along with the sample size. In ULS and
GLS estimation methods, at 250 and 500 sample sizes, RMSEA showed a decline. In light of those
informations, it can be said that X*/df and RMSEA decremental fit indexes can be utilized if the
model is set as Model 2 but they should not be evaluated for their results in different sample sizes.
Fan and others (1999) states in their studies that RMSEA is more sensitive than GFI to model
misspecification.

In ML parameter estimation method, CFI and NFI fit indexes produced similar results in all sample
sizes, whereas GFI fit index was estimated to be higher than other incremental fit indexes. In ULS
method, a similar pattern was observed over 60 sample size. In this case, it can be said that GFI fit
index is the least affected from the Model 2 setting of the model, and whenever the model is
inconsistent, it should not be used. Fan (1996) states in his study that a completely wrong model
setting affects GFI fit index more than CFl and NFI. Schermelleh-Engel, Moosbrugger, & Miiller
(2003) also suggest in their study that GFI fit index estimates are higher than other incremental fit
indexes, and it is not affected by a Model 1 or Model 2 setting of the model. Sharma, Mukherjee,
Kumar & Dillon (2005) states in their studies that despite the percent of times misspecified model is
accepted is quite low for higher degrees of misspecification, RMSEA index performs better than
GFI. Also they noticed that the use of GFI should be discouraged.

GLS and ML methods are found to be the most affected from the Model 2 setting of the model,
whereas ULS method was affected the least. At the same time ULS method achieves model data fit
at 60 sample size (relative to the incremental fit indexes). In light of this information, it is suggested
that when the model data fit is achieved preliminarily, ULS should not be used. Fan and others
(1999) state that parameter estimation methods affect all fit indexes strongly. And they have found
similar results to these research results that fit index values based on GLS invariably appeared to
indicate a better fit than those based on ML. And also the research can be repeated with the
simulation study.
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GENIS OZET
Girig

Olgmenin temel konularindan birini olusturan insanlar gézlemlenerek; nesneler, olaylar ve siirecler
hakkinda bilgi edinilebilir (DeVellis, 2003). Olgiilmesi gereken psikolojik yapilar gdzlenen
degiskenler araciligi ile belirlenebilir. Ancak daha ¢ok sosyal bilimlerde dogrudan gozlemler yoluyla
gerekli bilgiler saglanamayabilir ve bir hata ortaya ¢ikabilir. (Crocker, & Algina, 2006).

Gozlenen cevaplar dogrultusunda gizil yapilarin belirlendigi ve daha ¢ok teorik bir yapmin test
edildigi Dogrulayici Faktor Analizi (DFA); 6l¢ek uyarlama, gelistirme, kiltlirel karsilastirma,
gruplar1 karsilastirma gibi alanlarda siklikla kullanilmaktadir. Egitimde kullanilan o6lgeklerin
gelistirme ve uyarlama siirecinde DFA'nin dogru bir sekilde kullanilmasi gerekmektedir. Alan
yazinda gerceklestirilen arastirmalar incelendiginde, yapisal esitlik modellemesi ile dogrulayici
faktor analizi calismalarmin siklikla kullanildigi ancak bu ¢aligmalarda Orneklem biyukligi
varsayiminin  incelenmedigi, parametre kestirim yOntemlerinin varsayimlar1 dogrultusunda
belirlenmedigi goriilmektedir. Bu calisma ile Orneklem biyilikliigli ile parametre kestirim
yontemlerinin uyum 1iyiligi indeksleri {izerindeki ne diizeyde bir etkisi oldugu belirlenmesi
amacglanmaktadir. Bunun yani sira DFA’nmin kullanildigi caligmalarda, ozellikle gelistirme
caligmalarinda, modelden tam olarak emin olunamadigi durumlarla karsilasilmaktadir. Bu
dogrultuda arastirmada ayni zamanda olusturulan iki farkli modelin hesaplama sonuglari
kargilagtirilmigtir. Sosyal bilimler ve davramig bilimlerinde dogrulayici faktor analizi siklikla
kullanilmasina ragmen bdyle bir ¢aligmanin yayginlagsmamasi arastirmay1 ayrica énemli kilmaktadir.
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Yontem

Bu arastirmada, farkli parametre kestirim yontemleri ve farkli 6rneklem biiyiikliiklerinin dogrulayici
faktor analizindeki uyum indeksleri iizerindeki etkisinin aragtirilmasi amaglanmaktadir. Ayni
zamanda model-veri uyum indekslerinin olusturulan farkli modellerde nasil hesaplandiginin
belirlenmesi amacglanmaktadir. Bu dogrultuda arastirmanin “temel arastirma” niteliginde oldugu
sOylenebilir.

Arastirmanin ¢aligsma grubunu Tiirkiye’de PISA 2012 ¢alismasina katilan 6grenciler olusturmaktadir.
PISA c¢alismasinda “matematigin Onemine yonelik goriisler” maddelerine 4848 Ogrenci cevap
vermistir. Eksik ve gecersiz veriler, veri setinden ¢ikarilmis ve varsayimlarin incelemesi
gerceklestirilmistir. Kalan 3155 6grencinin cevaplari igerisinden rastgele secilen 60, 100, 250, 500
ve 1000 6grencinin goriisleri aragtirma kapsaminda incelenmistir.

PISA 2012 calismasinda 6grencilerin cevaplandirdigi matematik anketinde kisilerin matematigin
onemine yonelik 4°1i likert tipinde derecelendirilmis altt madde yer almaktadir. Bu maddelerden ilk
ticii arkadaglarinin, diger iic madde de ailesinin matematige yonelik algilarim ifade etmektedir.
Tiirkiye’de c¢alismaya katilan 6grencilerin cevaplart (n=3155) dogrultusunda oncelikle agimlayici
faktor analizi hesaplanmistir. Hesaplama sonucunda arkadas boyutundaki maddelerin toplam
varyansin %37,193’line; aile boyutundaki maddelerin de varyansin %32,740’ma aciklik getirdigi
tespit edilmistir. Toplam alti maddenin varyansin %69,933’iinii agikladig1 belirlenmistir. Birinci
boyuttaki maddelerin Cronbach alfa katsayis1 0,824; ikinci boyuttaki maddelerin giivenirlik katsayisi
da 0,705 olarak hesaplanmustir.

Bu dogrultuda PISA 2012 calismasina katilan ve iki boyuttan olusan “matematigin dnemine yonelik
gorilisler” maddelerine cevap veren dgrenciler igerisinden 60, 100, 250, 500 ve 1000 kisilik veri
setleri belirlenmistir. Belirtilen sekilde iki boyutlu olusturulan Model 1 ile en ¢ok olabilirlik (ECO),
agirhiklandirilmamis en kiigiik kareler (AEKK), genellestirilmis en kiiciik kareler (GEKK) hesaplama
yontemleri kullanilarak hesaplamalar gergeklestirilmistir. Ardindan boyutlar igerisinde en diisiik
faktor yiik degerine sahip maddelerin yerleri degistirilerek Model 2 olusturulmustur. Model 2 ile de
hesaplamalar gergeklestirilerek sonuglar karsilagtirilmstir.

Sonug ve Tartisma

Arastirma kapsaminda oncelikle altt madde ve iki boyuttan olusan Model 1 kurulmus ve ECO,
AEKK ve GEKK parametre kestirim yontemleri ile bes farkli drneklem biiyiikliigiinde hesaplamalar
gerceklestirilmistir. Hesaplama sonucunda X%sd uyum indeksinin &rneklem biiyiikliigiine bagl
olarak artis gosterdigi belirlenmistir. RMSEA uyum indeksinin ise parametre kestirim yontemlerine
gore belirli drneklem biiylikliigline gore azalma, daha sonra ise artma egiliminde oldugu tespit
edilmistir. S6z konusu uyum indekslerinin 6rneklem biiyiikliigiine bagli olarak artis gdstermesi,
biiyiik 6rneklem biiyiikliiklerinde yaniltici olabileceklerini gostermektedir.

Artan uyum indeksleri olan CFI, GFI ve NFI uyum indekslerinin tim parametre kestirim
yontemlerinde genel olarak 250 drneklem biyiikliigiine kadar artig gosterdigi, daha sonra ise genel
olarak sabitlendigi belirlenmistir. Bu dogrultuda 250 6rneklem biiyiikligiinin model-veri uyum
tespitinde yeterli oldugu sdylenebilir.

Parametre kestirim yontemleri bazinda incelemeler gergeklestirildiginde ise ECO hesaplama yontemi
ile en az 250 orneklem biiytikliigiinde, AEKK ile 60 6rneklem biiyiikliigiinde ve GEKK hesaplama
yontemi ile de 250 orneklem biiyiikliigiinde model-veri uyumunun genel olarak saglandig1 tespit
edilmistir.

Model igerisinde maddelerin boyutlarindaki yerleri degistirilerek Model 2 olusturulmustur. Model 2
ile gerceklestirilen hesaplamalar sonucunda X%sd ve RMSEA azalan uyum indekslerinin degisim
gosterdigi belirlenmistir. Model 2 hesaplanmasinda en ¢ok GEKK yontemi ile ECO yonteminin, en
az ise AEKK’nin Model 1’den farkli sonuglar verdigi belirlenmistir.
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Arastirma kapsamunda gerceklestirilen hesaplamalar sonucunda X?sd uyum indeksinin érneklem
biiytikliigline bagl olarak artig gdsterdigi belirlenmistir. RMSEA uyum indeksinin ise parametre
kestirim yoOntemlerine gore belirli orneklem biiyiikliigline gore azalma, daha sonra ise artma
egiliminde oldugu saptanmustir. Arastirmalar X?sd uyum indeksinin kiigiik Srneklem
buiytikliiklerinde istatistiksel giiciiniin diisiik olacagini ifade etmektedir (Kenny & McCoach, 2003).
Buna karsmn Kline (2011) X* uyum indeksinin 6rneklem biiyiikliigiine bagli olarak artis gdsterdigini
ifade etmektedir. Sayin (2014) da ¢alismasinda X?/sd uyum indeksinin 6rneklem biiyiikliigiine bagl
olarak artig gosterdigi, ozellikle de genis Orneklem biiytikliiklerinde iyi uyum gosteren modelde
model-veri uyumunun saglanamadigina yonelik bilgiler verdigini belirlemistir. Kenny, Kaniskan &
McCoach (2014) model-veri uyum degerlendirmesinde en ¢ok kullanilan RMSEA uyum indeksinin
serbestlik derecesinin kiigiik oldugu modellerinde kullanilmasinin uygun olmadigini ifade
etmektedir.

Artan uyum indeksleri olan CFI, GFI ve NFI uyum indekslerinin tiim parametre kestirim
yontemlerinde genel olarak 250 drneklem biiyiikliigiine kadar artis gosterdigi, daha sonra ise genel
olarak sabitlendigi belirlenmistir. Bu dogrultuda 250 6rneklem biiytikliigiiniin model-veri uyum
tespitinde yeterli oldugu soOylenebilir. Bu calisma kapsaminda 250 6rneklem biiytikliigii ayni
zamanda serbestlik derecesinin katini da ifade etmektedir. Bu dogrultuda hesaplamalarda serbestlik
derecesine bagli bir orneklem biiyiikliigiiniin de belirlenebilecegi soylenebilir. Boomsma (1982)
yapisal esitlik modellemesinde en az 200 orneklem biiyiikliigiine ihtiyag duyuldugunu
belirtmektedir. Molwus, Erdogan, & Ogunlana (2013) 6rneklem biiyiikliigiiniin uyum indekslerine
etkisini inceledigi ¢alismasinda kiigiik 6rneklem biiyiikliiklerinde uyum indekslerinin diisiik, genis
orneklem biiyiiklerinde ise yiiksek ¢iktigini belirlemistir.

ECO parametre kestirim yonteminde CFI ve NFI uyum indeksinin tiim 6rneklem biiyiikliiklerinde
benzer sonuglar iirettigi, GFI uyum indeksinin ise diger artan uyum indekslerinden daha yiiksek
kestirildigi belirlenmistir. Bu durumda modelin farkli tanimlanmasindan GFI uyum indeksinin diger
indekslere gore daha az etkilendigi; modelden emin olunmadigi durumlarda s6z konusu uyum
indeksinin raporlanmamas: gerektigi onerilmektedir. Fan, Thompson, & Wang (1996) ise yaptigi
caligmada ise modelin tam olarak hatali kurulmasinda GFI uyum indeksinin CFI ve NFI uyum
indeksinden daha duyarli oldugunu belirtmistir. Schermelleh-Engel, Moosbrugger, & Miiller (2003)
caligmalarinda bu ¢aligma sonuglarina benzer sekilde GFI uyum indeksinin diger artan uyum
indekslerine gore daha yiiksek kestirimler gerceklestirdigi; farkli tamimlanan modellerdeki
hesaplama sonucunun ¢ok fazla degisiklik gdstermedigi belirlenmistir. Benzer sekilde Sharma, &
digerleri (2005) de GFI uyum indeksinin kullanilmasinin uygun olmadigin belirtmektedir.
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