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Abstract

In this study, differential item functioning (DIF) detection performances of multiple indicators, multiple causes
(MIMIC) and logistic regression (LR) methods for dichotomous data were investigated. Performances of these
two methods were compared by calculating the Type | error rates and power for each simulation condition.
Conditions covered in the study were: sample size (2000 and 4000 respondents), ability distribution of focal
group [N(O, 1) and N(-0.5, 1)], and the percentage of items with DIF (10% and 20%). Ability distributions of the
respondents in the reference group [N(0, 1)], ratio of focal group to reference group (1:1), test length (30 items),
and variation in difficulty parameters between groups for the items that contain DIF (0.6) were the conditions
that were held constant. When the two methods were compared according to their Type | error rates, it was
concluded that the change in sample size was more effective for MIMIC method. On the other hand, the change
in the percentage of items with DIF was more effective for LR. When the two methods were compared according
to their power, the most effective variable for both methods was the sample size.

Key Words: Differential item functioning, MIMIC model, Logistic regression, Uniform DIF, Type | error rate
and power.

INTRODUCTION

Test items may be biased since they may contain constructs that are undesired to be measured along
with the desired ones. Any item may also be in relation with a second or more factors other than the
one which is of interest. Those factors that are irrelevant to the construct being measured may affect
the performances of individuals. This issue is known as test bias. While test bias focuses on test scores
and is interested in fairness of a test, item bias focuses on the relationship between answering an item
correctly and group membership. And hence, item bias is related to a specific item. Differential item
functioning (DIF), which is a statistical method used in item bias analysis, has been the subject of a
vast majority of recent studies (Zumbo, 1999).

DIF occurs when respondents who are at the same ability level but from different groups have different
item response probabilities on a specific item (Crane, Belle & Larson, 2004; Mazor, Kanjee & Clauser,
1995). In other words, the expression of DIF is that an item displays different statistical properties in
different groups for individuals who are at the same ability levels (Holland & Wainer, 1993). Many
methods have been developed for detecting test items with DIF. Some DIF detection methods used for
dichotomously scored items are; chi-square test based on item response theory (Lord, 1980),
standardization (Dorans & Kulick, 1986), Mantel-Haenszel (MH) (Holland & Thayer, 1988), item
response theory likelihood ratio test (IRT-LRT) (Thissen, Steinberg & Wainer, 1988), logistic
regression (LR) (Swaminathan & Rogers, 1990), simultaneous item bias test (SIBTEST) (Shealy &
Stout, 1993), and multiple indicators, multiple causes (MIMIC) model (Finch, 2005; Oort, 1998).

Fleishman, Spector, and Altman (2002) mentioned in their study that when there are more than two
groups, methods get very complicated for testing DIF in IRT framework. As they mentioned in their
study, the MIMIC model has an advantage of including multiple exogenous variables to the analysis
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simultaneously. Because of allowing a simultaneous analysis of several groups in a single framework,
MIMIC model seems to be very useful (Muthen, 1988). This method has become an interesting
research subject when its advantages on DIF researches are considered. MIMIC method is quite new
with respect to the other methods mentioned above, and especially regarding dichotomous data, there
are few studies in the literature involving MIMIC method (see Finch, 2005). Some recent studies on
this method were conducted by Fleishman et al. (2002), Woods (2009), Wang, Shih, and Yang, (2009),
Woods, Oltmanns and Turkheimer (2009), and Wang and Shih, (2010). Considering these studies, it
is reasonable to investigate that under which circumstances MIMIC method is more effective in DIF
detection. The aim of the current study is to compare the performance of MIMIC method with LR
method - a commonly used method - in detecting items with DIF and interpret the results of these two
methods. The DIF detection methods used in this study was explained in detail in the following
sections:

Logistic Regression DIF Detection Method

As specified by Swaminathan and Rogers (1990), in detection of differential item functioning, LR
model for the two groups of interest can be expressed as:

o(Boj Byjor;)
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u;;: response of ith individual in jth group to the item,
Boj: intercept parameter for jth group,

Blj: slope parameter for jth group,

0;: ability of ith individual in jth group.

In Equation 1, if logistic regression curves are the same for the two groups, i.e., B, = B, and B,, =
B,,, no DIF is present. However, if B, = B,, and B, # B,, since the LR curves are parallel, it can be
concluded that uniform DIF exists. If B, = B, and B,,# B,,, since the curves are not parallel, it can
be concluded that nonuniform DIF exists (Swaminathan & Rogers, 1990).

MIMIC DIF Detection Method

MIMIC method, which is newer than LR, is based on confirmatory factor analysis (CFA) (Finch,
2005). As outlined by Finch (2005), in DIF context, MIMIC model is as Equation 2:

;= At Bzt & (2)

where yi* is the latent response variable for ith item (when y;" >1;,y; isequal to 1, otherwise y. is equal
to 0; t; is the threshold parameter and is related to item difficulty for ith item), 1 is latent trait variable
that is aimed to be measured by the test, A, is the factor loading, ; is random error, z, is grouping
variable that indicates the group membership and B, is the slope that relates z; with y;" (Finch, 2005;
Wang et al., 2009).

MIMIC is a method that allows conducting DIF analyses with multiple grouping variables, and the z
symbol in Figure 1 is defined as a vector of the aforementioned multiple grouping variables. The z
vector may have continuous or categorical values. Thus, it can be said that MIMIC method is more
flexible than traditional DIF detection methods (MH, SIBTEST, IRT-LRT, etc.) that use just only one
categorical grouping variable (Wang et al., 2009).
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Figure 1. Detecting Differential Item Functioning in Item Y1 with the MIMIC Method. Adapted from
“The MIMIC Method with Scale Purification for Detecting Differential Item Functioning” by W. C.
Wang, C. L. Shih and C. C. Yang, 2009, Educational and Psychological Measurement, 69(5), p. 717.
Copyright 2009 by SAGE Publications.

The underlying base method for DIF detection by MIMIC method involves evaluation of both direct
and indirect effects for a grouping variable. By investigating the indirect effect of the grouping variable
(z) on item responses through the latent trait (n)), it is indicated whether the mean of this latent variable
differs across the groups or not; thus, computations are carried out for group differences on the latent
trait. By investigating the direct effect of the grouping variable (z) on item responses (Y1), i.e. B1 # 0,
it is indicated whether any difference in response probabilities exists across the groups or not. This
relation, after checking the differences in the mean of latent trait for groups, is the test of uniform DIF
(Finch, 2005).

DIF detection models to be used in bias studies must be appropriate for the test used and for the
properties of the groups to which the test is applied. This study used different conditions for
dichotomous data to investigate the circumstances under which the MIMIC method produces more
accurate results in DIF detection. The conditions used in the current study differ from previous studies
in terms of the levels of these three conditions: sample size, ability distribution across groups, and
percentage of items with DIF. It is an important question whether the MIMIC method works similarly
in cases with different sample sizes (Wang & Shih, 2010). Therefore, different sample sizes in the
study were compared. The data used in the study were produced according to the three-parameter
logistic model (3PLM), and the test length was taken as 30 items to show similarity with actual
applications. In addition, the focus of this study was on the assessment of uniform DIF.

In this study, the MIMIC method was compared to the LR method, which is a relatively more
traditional method. This study compared how Type | error rates and power of MIMIC and LR DIF
detection methods changed according to sample size, ability distributions of the groups, and percentage
of items with DIF. In summary, the goal of this study was to investigate the performances of MIMIC
and LR methods under various conditions according to their type | error rates and power when
detecting DIF items on dichotomous tests. The research questions were as the following:

1. How do Type | error rates and power of MIMIC and LR DIF detection methods differ
according to sample size?

2. How do Type | error rates and power of MIMIC and LR DIF detection methods differ
according to ability distributions of the groups?

3. How do Type | error rates and power of MIMIC and LR DIF detection methods differ
according to percentage of items with DIF?
METHOD

Simulation Conditions and Data Generation

This study is a DIF detection research using MIMIC and logistic regression methods for dichotomous
data based on various simulation conditions. In this simulation study, conditions different from those
of previous studies in which the MIMIC model was used were investigated.
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The conditions that were kept constant throughout the study

For all conditions, the ability parameters of the individuals in the reference group were generated based
on the standard normal distribution, N(O, 1). Furthermore, 30 dichotomously scored (either O or 1)
responses for each individual were produced. The change in the item difficulty parameters between
the groups for the items with DIF was set to a constant value as 0.6 units against the focal group to
form medium DIF. The ratio of the focal group to the reference group (1:1) is another condition that
was kept constant.

The conditions that were varied throughout the study

One of the conditions that was varied in this study was the sample size. Two levels of large sample
size were used: 2000 (R: 1000, F: 1000) and 4000 (R: 2000, F: 2000). Finch (2005) found in his study
that MIMIC method produces type | error rates higher than .05 nominal alpha level for a shorter test
(i.e., 20 items) responded by a sample of 1000 (R: 500, F: 500) individuals under 3PL model. Based
on the findings of Finch (2005), for a test with 30 items under 3PL model considered in this study,
larger sample sizes were taken into account. In addition to sample size, ability distribution of the focal
group was also a condition that was varied. Two levels of ability distribution of focal group were used:
N(0O, 1) and N(-0.5, 1). For the first level of the ability distribution of focal group condition, the cases
where the distribution of the reference group and the focal group is the same were considered. For the
second level of the ability distribution of focal group condition, the cases where the distribution of the
focal group is lower than the reference group were considered Another condition that was varied in
this study was the percentages of items with DIF. Two levels were used for this condition: 10% (3
items) and 20% (6 items). Items with DIF were kept the same throughout the test. In 10% of items
with DIF condition, DIF was formed for items 4, 15, and 27 and in 20% of items with DIF condition,
it was formed for items 1, 4, 15, 18, 26, and 27. By crossing the levels of each condition, total of 8
simulation conditions were created.

For each simulation condition, the data were derived for dichotomously scored (0/1) items using a
3PLM via R 3.0.2 program (R Core Team, 2013). The derivation of the data was performed 100 times
for each condition. The item parameters used in this study were selected randomly from the item
parameters used in Finch’s (2005) study. The selected parameters are shown in Table 1.

Data Analysis Procedures and Evaluation Criteria

In the DIF analyses of the data, Mplus 6.12 (Muthén & Muthén, 1998, 2010) program was used for
the MIMIC method and SAS 9.1.3 (SAS Institute, 2007) program was used for the logistic regression
method. The DIF analyses were conducted using a pairwise approach in which the groups are
compared with each other (i.e., focal group compared with reference group) (Sari & Huggins, 2014).

In the study, the effects of sample size, ability distribution of focal group, and the percentage of items
with DIF on Type I error rates and power were investigated. The level of significance (o level) was
assumed to be .05 in detecting items with DIF. Type | error is defined as a misclassification of an item
without DIF as an item with DIF. Under 10% of items with DIF condition, there were 27 non-DIF
items whereas under 20% of items with DIF condition, there were 24 non-DIF items. The percentage
of non-DIF items that were falsely detected as DIF items was calculated for Type | error rate. The
concept of power, on the other hand, is correct classification of an item with DIF as an item with DIF.
Under 10% of items with DIF condition, there were 3 DIF items whereas under 20% of items with
DIF condition, there were 6 DIF items. The percentage of DIF items that were correctly detected as
DIF items was calculated for power. Both Type | error and power are equally important for DIF
researches (Vaughn & Wang, 2010). According to Cohen and Cohen (1983) when investigators need
to set the power, it is reasonable for them to choose a value in the .70 - .90 range. In the current study,
the desired value for power rate was considered as .70 and above.

ISSN: 1309 - 6575 Egitimde ve Psikolojide Olcme ve Degerlendirme Dergisi
Journal of Measurement and Evaluation in Education and Psychology 4



Ugurlu, S., Atar, B. / Performances of MIMIC and Logistic Regression Procedures in Detecting DIF

Table 1. Item Parameter Values Used in Generation of Simulated Data
Reference Group

Item a; bl' Ci
1 1.10 -0.70 .20
2 0.70 -0.60 .20
3 1.40 0.10 .20
4 0.40 0.80 .20
5 1.40 -0.40 .20
6 1.60 -0.10 .16
7 1.20 0.50 .20
8 1.20 1.40 A1
9 1.80 1.40 12
10 2.00 1.60 .16
11 1.00 1.60 A3
12 1.50 1.70 .09
13 0.70 -0.50 .20
14 1.20 -0.30 .20
15 0.90 0.20 .20
16 0.70 -0.40 .20
17 1.00 0.70 15
18 1.60 1.10 12
19 1.10 2.00 .06
20 1.10 2.40 .09
21 1.70 1.30 A7
22 0.90 1.00 A5
23 0.50 -0.60 .20
24 1.30 0.40 .18
25 1.30 1.40 .06
26 1.10 1.20 .05
27 0.90 0.80 .20
28 0.40 -0.40 .20
29 0.80 -0.70 .20
30 1.00 1.10 A3
RESULTS

Type | Error Rate

Type | error rates are calculated for each condition, namely sample size, ability distribution of focal
group, and percentage of items with DIF and given in Table 2.

Table 2. Type | Error Rates According to Sample Size, Ability Distribution of Focal Group, and
Percentage of Items with DIF

DIF % Sample Size Ability Distributions R/F MIMIC LR
10 2000 0,070 121 069
(0,1) 7 (-0.5.1) 120 068

(0,1)/(0,1) 065 087

4000 (0.1)/(-05.1) 090 097

20 2000 0,1)/(0) 129 122
(0,1)/(-05.1) 128 129

(0,1)/(0,1) 076 244

4000 (0,1)/(-05.1) 078 189

Note. DIF % refers to the percentage of items with DIF; LR = Logistic Regression; MIMIC = Multiple Indicators, Multiple
Causes Model.

The main finding of this study was that the sample size was an important factor in DIF analyses
conducted with MIMIC and LR methods. As the sample size increased from 2000 to 4000, the type |
error rates decreased for MIMIC method but increased for the LR method when other conditions of
the study were equal. For the MIMIC method, while the lowest rate was calculated under the condition
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where the sample size was 4000, percentage of items with DIF was 10%, and the ability distribution
of both groups showed a standard normal distribution N(O, 1), the highest rate was calculated under
the condition where the sample size was 2000, percentage of items with DIF was 20%, and the ability
distribution of both groups showed a standard normal distribution N(O, 1). On the other hand for the
LR method, while the lowest rate was calculated under the condition where the sample size was 2000,
percentage of items with DIF was 10%, and ability distribution of the focal group was N(-0.5, 1), the
highest rate was calculated under the condition where the sample size was 4000, percentage of items
with DIF was 20%, and the ability distribution of both groups showed a standard normal distribution
N(O, 1).

The second important finding was that the percentage of DIF items was an important factor that
effected the type | error rates. As the percentage of DIF items increased from 10% to 20%, type | error
rates were very similar in MIMIC method, however, increased in LR method when other conditions
of the study were equal. According to the study results, in terms of type | error rates, the percentage of
DIF items was more effective factor for the LR method.

The third finding was that the change in the ability distribution of focal group did not have an important
effect on type | error rates for both methods.

Power

Table 3 presents the power values for the two DIF detection methods for all conditions included in the
study. The acceptable power rate for this study was .70 and above. In general, both methods had power
rates above acceptable levels for all conditions.

The power rate of the MIMIC method was quite high for conditions with a sample size of 4000
respondents. The power rate of the LR method, on the other hand, was quite high for conditions
wherein the sample size was large and the ability distribution of both groups showed a standard normal
distribution N(0, 1). The standard definition of power at a specified level of alpha is not meaningful in
cases where Type | error rates are high (Finch, 2005). However, all power results were included in this
study for comparison purposes. The power rates were shown in italics for cases where Type | error
rate was higher than .10. Considering all conditions, both methods had power high enough and these
results reached a higher value when sample size increased.

Table 3. Power Rates According to Sample Size, Ability Distributions, and Percentage of Items with
DIF

DIF % Sample Sizes Ability Distributions R/F MIMIC LR
10 2000 0,1) (0,1) 770 .800
0,1) (-0.5,1) .750 .700

4000 0,1) (0,1) .933 .910

0,1) (-05,1) .910 .817

20 2000 0,1) (0,1) .852 .827
0,1) (-05,1) .780 772

4000 0,1) (0,1) 977 .935

(0,1) (051 .943 .872

Note. DIF % refers to the percentage of items with DIF; LR = Logistic Regression; MIMIC = Multiple Indicators, Multiple
Causes Model.

The condition in which the power was closest to perfect for the MIMIC method was the one in which
the sample size was 4000 respondents, ability distributions of the reference and focal groups showed
a standard normal distribution, and percentage of items with DIF was 20%. The power results of the
MIMIC method were larger than those of the LR method, except for a single condition. This condition
was the one in which the sample comprised 2000 respondents, ability distributions of the reference
and focal groups showed a standard normal distribution, and percentage of items with DIF was 10%.
The differentiation of the ability distributions for the focal group affected the power of the LR method
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more than the power of the MIMIC method for almost all conditions. In addition, the change in the
percentages of items with DIF did not substantially change the power of both methods.

DISCUSSION and CONCLUSION

In this study, the performances of MIMIC and LR methods were compared according to their type |
error rate and power. It can be concluded in this study that the MIMIC method produced lower Type
I error rates than the LR method in conditions where the sample size was larger (4000 respondents);
the LR method produced lower Type | error rates than the MIMIC method in conditions where the
percentage of items with DIF was lower (10%) with smaller sample size (2000 respondents). In
general, the Type I error rates of the MIMIC method were observed to be lower than those of the LR
method. However, for both methods, Type I error rates exceeded acceptable alpha level (o = .05) in
all conditions. Specifically, while the increase in the sample size substantially reduced the Type I error
rate of the MIMIC method for all conditions, its effect on the type | error rate of the LR method
changed according to the percentage of items with DIF. While the change in the sample size had a
very small effect on the Type | error rate of the LR method for 10% DIF items conditions, it caused a
substantial increase in the Type | error rate of this method for 20% DIF items conditions. In the study
conducted by Finch and French (2007), Type | error rates of the LR and CFA methods in detecting
items with nonuniform DIF were not substantially affected by the increase in the sample size. Based
on this results, it can be concluded that similar results obtained from current study for the LR method
with only the 10% DIF items conditions. As can be understood from this current research, in the
conditions where the percentage of items with DIF is high the LR method is more sensitive to the
sample size condition. But the MIMIC method is affected by the sample size in the same manner for
all conditions. The difference based on CFA between current and Finch and French’s (2007) study can
be attributed to the type of DIF. In their study they focused on nonuniform DIF and emphasized the
guestion of the usefulness of CFA method for identifying this type of DIF. MIMIC method is also
based on CFA and it is capable of detecting uniform DIF as also stated by Woods (2009), and Woods
et al. (2009).

On the other hand, in the current study the increase in the percentage of items with DIF did not affect
the Type | error rate of the MIMIC method importantly but increased that of the LR method. It can be
seen in Finch’s (2005) results that for the MIMIC method, in the bigger test length condition the effect
of percentage of items with DIF was reduced for both sample size conditions, 600 and 1000
respondents. In the current study for both sample size (2000 and 4000 examinees) the effect of
percentage of items with DIF was already quite low but still the type one error rates were not small
enough as they were desired. By combining the result of these two studies it can be concluded for the
MIMIC method that, big sample sizes or relatively small sample sizes with bigger test lengths are
needed to reduce the effect of percentage of items with DIF.

The other result obtained from this study is that, the difference in the ability distribution of the focal
group did not substantially affect the Type | error rates of both methods. In conclusion, when these
two methods were compared in terms of Type | error rates, the change in the sample sizes was more
effective for the MIMIC method while the change in the percentages of items with DIF was more
effective for the LR method.

When the results were examined in general, the power of both methods for all conditions was above
the acceptable level (.70). For conditions where the sample size was higher, the power results of the
MIMIC method were quite high. The power of the LR method, on the other hand, was quite high for
conditions where the sample size was large and the ability distribution of both groups showed a
standard normal distribution. The power results of the MIMIC method were higher than those of the
LR method, except for a single condition. This condition was the one in which the sample comprised
2000 respondents, the ability distributions of the reference and focal groups showed a standard normal
distribution, and the percentage of items with DIF was 10%.

The increase in the sample size increased the power for both methods. The fact that the ability
distribution of the focal group differed from the ability distribution of the reference group decreased
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the power of both methods. The amount of reduction that this change in the ability distribution caused
was more for the LR method for almost every condition. The increase in the percentage of items with
DIF increased the power of both methods to a small extent. As a result, considering the change in the
power, the sample size was the most effective variable for both methods.

Specifically, the change in the sample size was very effective in changing the power of the MIMIC
method. The power of the MIMIC method increased as the sample size increased. Finch (2005)
concluded in his study that the power results of the MIMIC method for 2PLM were generally as high
as the power results of the classical methods or even in some conditions higher than those of the
SIBTEST and MH methods. Similar results were obtained in this study for 3PLM, the power results
of the MIMIC method were higher than those of the LR method for almost all conditions.

In the study conducted by Finch and French (2007), the power results of the LR and CFA methods in
detecting items with nonuniform DIF were below .70 for all conditions. In current study, the power
results were over .70 for both methods for all conditions. Finch and French (2007) reported in their
study that the power of the LR method increased as the sample size increased. But, according to their
results the power of the CFA method decreased or stayed the same while the sample size increased. In
current study, as the sample size increased, the power of both LR and MIMIC methods increased.
These two studies support each other in terms of the increase in power of the LR method according to
the sample size condition. However, the results differed in terms of the change in the power of the
MIMIC method, which is a method based on CFA. As mentioned before this difference between two
studies can be attributed to the difference of the type of DIF (uniform or nonuniform) used in these
studies.

In this study, three main conditions and eight sub-conditions were considered, with two different
sample sizes, two different ability distributions for the focal group, and two different percentages of
items with DIF. The number of items in the test was kept constant for all conditions. In future studies,
the number of items in the test can be increased to see how the results are affected in long tests. As
seen in the comparison of recent and previous research, test length may have an important effect on
MIMIC method.

It is an important issue how the MIMIC method performs in terms of DIF at different sample sizes.
Two different sample sizes, 2000 and 4000 individuals, were used in the study. However, the desired
Type | error rates could not be achieved even with a sample size of 4000 individuals. This points out
an important issue. And hence, future studies can be conducted on larger sample sizes to investigate
the ideal sample size for the MIMIC method.

In the study, the ratio between the reference and focal group sizes was taken as 1:1. However, during
the actual examinations, there can be different situations regarding the proportions of sample size of
these two groups. Therefore, studies can be done using different ratios. Furthermore, the study was
conducted with 3PL model-based data. Similar work can be conducted with 2PL model-based data,
and comparisons can be made between these studies.

It is thought that this study will be a reference to the studies on DIF detection through the MIMIC
method and that it will make it easy for researchers to decide the appropriate DIF detection method
according to sample size and ability distributions in the analysis of the actual test results.

The aim of this study is to provide a reliable source to researchers in selecting DIF detection techniques
that are appropriate for the test to be used and the properties of the test group. Thus, with the help of
more reliable DIF detection techniques, tests can be made fairer.

Based on the results obtained from this research, it can be suggested to choose the LR method in DIF
analysis studies performed on small samples such as the one comprising 2000 respondents and with
small amount of DIF items such as 10% of test items; and the MIMIC method in DIF analysis studies
performed on samples as large as approximately 4000 respondents and higher. Subsequent to the
detection of items with DIF using these methods, it is advisable to refer to expert’s opinion to conduct
a study to detect bias in these items.
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MIMIC ve Lojistik Regresyon Yontemlerinin DMF Belirleme
Performanslari

Girig

DMF (Degisen Madde Fonksiyonu), esit yetenek diizeyinde ancak farkli gruplarda yer alan bireylerin
belirli bir maddeye verdikleri cevaplarin dogru olma olasiliginin birbirinden farkli olmasi1 durumunda
ortaya cikar (Crane, Belle & Larson, 2004; Mazor, Kanjee & Clauser, 1995). DMF’li maddeleri tespit
etmek iizere ¢ok sayida DMF belirleme yontemi gelistirilmistir. Bu ¢ok sayidaki yontem arasindan
MIMIC (Multiple Indicators, Multiple Causes) yontem oldukca yenidir ve ozellikle iki kategorili
puanlanan test maddelerinde MIMIC yontemin kullanildigi arastirma sayisinin eksikligi goze
carpmaktadir (Finch, 2005). Bu nedenle, MIMIC yontemin DMF belirlemedeki performansinin
aragtirilmasi gerekli goriilmektedir.

Hem siirekli hem de kategorik birden c¢ok sayida gruplama degiskeni ile kullanilabilen MIMIC
yontemin, sadece tek bir kategorik degiskenle analiz yapmaya izin veren yontemlere kiyasla daha
esnek oldugunu ifade etmek miimkiindiir (Wang, Shih & Yang, 2009). IRT (Item Response Theory)
kapsaminda ele alinan DMF testlerinde ikiden fazla grup s6z konusu oldugunda yontemlerin oldukc¢a
karmasiklastig1 goriilmekte iken MIMIC yontemin ayni anda ¢ok sayida degiskeni analize ekleyebilme
avantaji s0z konusudur (Fleishman, Spector & Altman, 2002). Birden fazla grubun eszamanli olarak
tek bir agsamada analizine olanak sagladigi icin MIMIC yontemi oldukca kullanigh bulunmaktadir
(Muthen, 1988). DMF arastirmalarindaki avantajlar1 géz oniine alindiginda bu yontem oldukga ilgi
cekici bir arastirma konusu haline gelmektedir.

Yanlilik arastirmalarinda kullanilan DMF belirleme yontemleri kullanilan teste ve testin uygulandig
grubun ozelliklerine uygun olmalidir. Bu amagla, bu arastirmada MIMIC yontemin hangi kosullar
altinda daha dogru sonuglar verdigi ortaya ¢ikarilmak istenmis ve arastirma iki kategorili verilerle
cesitli kosullar kullanilarak yiiriitiilmiistiir. Calismada etkisi incelenen kosullar érneklem biiyiikligii,
DMF’li madde ylizdesi ve gruplar arasi yetenek dagilimlaridir. Ayrica, bu arastirmada tek bigimli
(uniform) DMF’nin belirlenmesi iizerine odaklanilmistir. Ozetle bu arastirmada MIMIC ve LR
(Logistic Regression) yontemleri farkli 6rneklem biiyiikliigii, gruplarin yetenek dagilim farkliliklar:
ve DMF’li madde yiizdesinin degistigi kosullarda Tip 1 hata ve giiglerine dayali olarak
kargilagtirilmigtir. Buna bagli olarak aragtirmanin problem ciimlesine asagida yer verilmistir:

MIMIC ve LR DMF belirleme yontemlerinin Tip 1 hata ve giicleri 6rneklem biiyiikliigl, gruplarin
yetenek dagilimlari ve DMF’li madde yiizdesine gore nasil degismektedir?

Yontem

Bu calisma iki kategorili puanlanan veriler i¢in yiiriitiilmiis, simiilasyona dayali bir DMF belirleme
caligmasidir. Calismada kullanilan DMF belirleme yontemleri MIMIC ve LR’dir. Caligmanin
verilerini {iretmek {izere R 3.0.2, DMF belirleme analizleri icinse MPlus 6.12 ve SAS 9.3.1
programlarindan yararlanilmigtir. Analizler her bir kosula ait veri setleri {lizerinde 100 kez
tekrarlanmuistir. Ayrica arastirmanin verileri 3 parametreli lojistik modele (3PLM) uygun olacak
sekilde iretilmistir.

Caligmada sabit tutulan kosullar su sekildedir: referans grupta yer alan bireylerin yetenek
parametrelerine ait dagilim [N(0,1)], test uzunlugu (30 madde), DMF’li maddeler i¢in gruplara ait
giicliik parametreleri farki (0.6 birim), odak gruptaki bireylerin sayisinin referans gruptakilere orani
(1:1). Calismanin degisen kosullar ise su sekildedir: 6rneklem biiytikliigii (2000, 4000), odak grupta
yer alan bireylere ait yetenek dagilimlari [N(0,1), N(-0.5, 1)] ve DMF’li madde yiizdesi (%10, %20).
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Ozetle bu arastirmada drneklem biiyiikliigii, yetenek dagilimi ve DMF’li madde yiizdesinin MIMIC
ve LR yontemlerine ait Tip 1 hata ve gii¢ iizerindeki etkileri incelenmistir. Genel olarak bakildiginda
MIMIC yoéntemine ait Tip 1 hatanin LR yontemininkilere gore daha diisiik oldugu goze carpmustir.
Ancak her iki yontem igin de tiim kosullarda Tip 1 hatalarinin kabul edilebilir alfa diizeyinden (a =
.05) yliksek ¢iktig1 goriilmiistiir. Kosullar detayli olarak incelenecek olursa, drneklem biiyiikliigiindeki
artis tim kosullar icin MIMIC yontemin Tip 1 hatasini 6nemli 6lgiide diisiirmiistiir. Ancak LR
yontemin Tip 1 hatasindaki degisim DMF’li madde yiizdesine bagli olarak degismistir. %10 DMF
iceren kosullarda Tip 1 hata 6nemli 6l¢iide degisiklik gostermezken %20 DMEF’li madde kosulunda
hata 6nemli 6l¢iide artmistir. Demek oluyor ki LR yontemi DMF’li madde yiizdesi arttikga 6rneklem
biiyiikliigline duyarli hale gelmistir. Daha 6nce benzer sekilde LR ve DFA (Dogrulayici Faktor
Analizi) yontemleri ile yiiriitiilen Finch ve French’in (2007) ¢alisma bulgular ise neredeyse her iki
yontem i¢in de bu arastirmanin sonuglarindan farklilik gostermektedir ve bu farklilik MIMIC yontem
icin daha belirgin ¢ikmustir. Finch ve French’in (2007) bulgulari LR ve DFA yo6ntemlerinin Tip 1
hatalarinin 6rneklem biiyiikliigiinden 6nemli derecede etkilenmediklerini isaret etmistir. MIMIC
yontemi DFA’ya dayali bir yontemdir. Bu iki ¢alismanin sonuglar1 arasindaki farkliligin sebebinin bu
acidan disiiniildiigiinde DMF tiirii olabilecegi sdylenebilir. Ciinkii DFA yonteminin tek bigimli
olmayan DMF’yi belirlemedeki kullaniglihigindan siiphe duyuldugu Finch ve French’in (2007)
aragtirma sonuglar arasindadir. Ayrica DFA’ya dayanan MIMIC yonteminin de tek bigimli DMF’yi
belirleyebildigi, tek bigimli olmayan DMF’yi belirlemede yetersiz oldugu Woods (2009), Woods,
Oltmanns ve Turkheimer’in (2009) arastirmalarinda agikga belirtilmistir.

Caligmanin bir bagka sonucuna gore, hem 2000 hem de 4000 kisilik 6rneklem biiyiikliiklerinde DMF’li
madde yiizdesindeki artisin MIMIC y6ntemin Tip 1 hatasina etki etmedigi ancak LR ydntemininkini
arttirdig1 goriilmiistiir. Finch’in (2005) yiiriittiigli arastirmada 600 ve 1000 6rneklem biiytikliiklerinde
test uzunlugunun artmasi ile DMF’1li madde yiizdesinin MIMIC yontem tizerindeki etkisinin azaldig
goriilmistiir. Bu iki arastirmanin sonuglar1 birlikte diisliniildiiglinde DMF’li madde yiizdesinin
MIMIC yontem fizerindeki etkisini azaltmak igin 2000 ve 4000 gibi daha biiyliik 6rneklem
biiyiikliiklerine ya da 600 veya 1000 gibi nispeten daha kii¢iik drneklem biiyiikliikleri ile birlikte daha
biiyiik test uzunluklarina ihtiya¢ duyulmaktadir.

Arastirmanin bir baska sonucu ise odak grubun yetenek dagilimindaki farkliligin her iki yontemin de
Tip 1 hatalarim etkilemedigi y&niindedir. Ozetle, iki yontem Tip 1 hatalari bakimindan
karsilagtirildiginda MIMIC yontem i¢in orneklem biytkligindeki degisim daha etkili iken, LR
yontem i¢in DMF’li madde yiizdesindeki degisim daha etkili olmustur.

Arastirma sonuglar1 yontemlerin gligleri bakimindan incelendiginde, her iki yontemin gii¢ degerlerinin
tim kosullar i¢in kabul edilebilir degerin (.70) iizerinde oldugu gozlemlenmistir. Arastirma
sonuglarina gore her iki yontem i¢in de gii¢ degerleri agisindan, 6rneklem biiyiikliigli en etkili degisken
olmustur. Ayrica sonuglar neredeyse tiim kosullarda MIMIC yontemin gii¢ degerlerinin LR
yontemininkilerden daha yiiksek oldugunu isaret etmistir. Benzer bir sonuca Finch’in (2005)
aragtirmasinda rastlanmistir. Bu arastirmada da MIMIC yontemin gii¢ degerlerinin klasik
yontemlerinki kadar yiiksek oldugu vurgulanmigs ve hatta bazi kosullarda SIBTEST ve MH
yontemlerine gore daha yiiksek gii¢c degerlerine sahip oldugu belirtilmistir.

Bu aragtirmada her iki yonteme ait gii¢ degerlerinin tiim kosullar i¢in .70 ve iizeri degerler verdigi
tespit edilmistir. Finch ve French’in (2007) arastirma sonuglarina gére ise LR ve DFA yontemlerinin
giic degerlerinin neredeyse tiim kosullarda .70 degerinin altinda oldugu goriilmiistiir. Ayrica, 6rneklem
biiyiikliigii arttikga LR yonteminin gii¢ degerinin arttig1 ancak, DFA yonteminin gii¢c degerinin azaldig
ya da ayni1 kaldig1 belirtilmistir. Bu arastirmanin sonuglarina gore ise drneklem biiytikliigii arttikga LR
ve MIMIC yontemlerin giic degerlerinin arttif1 gézlenmistir. Bu bakimdan iki ¢alisma LR ydntemi
sonuclarina dayali olarak birbirini destekler nitelikte iken MIMIC ve DFA yontemleri sonuglari
bakimindan birbirini desteklememektedir. Daha dnce de belirtildigi {izere MIMIC yontem DFA’ya
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dayal1 bir yontemdir ve bu iki arastirma sonucundaki farkliligin sebebinin DMF tiiriine (tek bigimli ve
tek bigimli olmayan) dayandig1 s6ylenebilir.

Bu aragtirmada test uzunlugu sabit tutulmusgtur. Ancak test uzunlugunun MIMIC y&ntem {izerindeki
etkisinin daha net ortaya konabilmesi i¢in ileriki aragtirmalarda arastirmacilara daha biiyiik test
uzunluklarin1 kullanarak arastirmalar yiiritmeleri Onerilebilir. Ayrica, MIMIC yo6ntemin farkl
orneklem biiyiikliiklerinde nasil sonuglar verdigi 6nemli bir aragtirma sorusudur. Bu arastirmada 2000
ve 4000 olmak {iizere iki farkli 6rneklem biiyiikliigl ele alinmistir. Ancak, 4000 kisilik 6rneklem
biiyiikliiglinde dahi istenen Tip 1 hata oranina ulasilamamistir. Bu nokta 6nemli bir soruna isaret
etmektedir. ileriki arastirmalarda daha yiiksek 6rneklem biiyiikliikleri kullanilarak MIMIC yéntemin
yaklasik hangi 6rneklem biiyiikligiinde ideal sonuglar verdigi tartigiimalidir.

Bu aragtirma ile, MIMIC yontemin kullanilarak DMF’li maddelerin belirlenmeye calisildigi
arastirmalara bir referans olmasi amaglanmistir. Boylece, kullanilan teste ve testi alan grubun
ozelliklerine uygun DMF belirleme yontemlerinin segiminde arastirmacilara giivenilir bir kaynak
saglanmas1 umulmaktadir. Bununla birlikte, gergek test sonuglarinin analizinde 6reklem biiyiikligii
ve yetenek dagilimlarina bagli olarak uygun DMF belirleme yonteminin secilmesinde arastirmacilara
yardimc1 olmak istenmistir. Daha giivenilir yontemlerin yardimiyla testler daha adil hale getirilebilir.

Bu arastirmadan elde edilen sonuglara dayanilarak 2000 gibi kiigiik 6rneklem biiyiikliikleri ve %10
gibi kiiciik oranda DMF’li madde iceren ¢aligmalarda LR ydnteminin, yaklasik 4000 ya da daha
yiiksek orneklem biiyiikliikleri ile yiiriitiilen calismalarda ise MIMIC ydntemin tercih edilmesi
onerilebilir. DMF’1li maddelerin belirlenmesinin ardindan, bu maddelere yonelik yanlilik ¢alismasi
yapmak iizere uzman kanisina bagvurulmasi da 6nerilmektedir.
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