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Abstract

In this study, person parameter recoveries are investigated by retrofitting polytomous attribute cognitive
diagnosis and multidimensional item response theory (MIRT) models. The data are generated using two
cognitive diagnosis models (i.e., pG-DINA: the polytomous generalized deterministic inputs, noisy “and” gate
and fA-M: the fully-additive model) and one MIRT model (i.e., the compensatory two-parameter logistic model).
Twenty-five replications are used for each of the 54 conditions resulting from varying the item discrimination
index, ratio of simple to complex items, test length, and correlations between skills. The findings are obtained
by comparing the person parameter estimates of all three models to the actual parameters used in the data
generation. According to the findings, the most accurate estimates are obtained when the fitted models
correspond to the generating models. Comparable results are obtained when the fA-M is retrofitted to other data
or when the MIRT model is retrofitted to fA-M data. However, the results are poor when the pG-DINA is
retrofitted to other data or the MIRT is retrofitted to pG-DINA data. Among the conditions used in the study,
test length and item discrimination have the greatest influence on the person parameter estimation accuracy.
Variation in the simple to complex item ratio has a notable influence when the MIRT model is used. Although
the impact on the person parameter estimation accuracy of the correlation between skills is limited, its effect on
MIRT data is more significant.

Key Words: Polytomous attribute cognitive diagnosis models, pG-DINA, fA-M, multidimensional item
response theory, retrofitting.

INTRODUCTION

Some of the specific measurement procedures used in education and psychology can be applied to one
or more attributes. Scales constructed to measure a single skill may also be applied to another, but high
correlations between the skills measured may render the scale insensitive to measuring other skills
(Reckase, 2007). Consequently, tests may appear to measure only one main skill. However, if the
correlations between measured skills are not too high, the main factor may not suppress other factors,
particularly in psychological-based measurements. Thus, multiple skills may be measured
intentionally or unintentionally.

Various psychometric approaches can be taken when measuring multiple skills. For example, in item
response theory (IRT), unidimensional IRT (UIRT) models can be applied multiple times to measure
one skill at a time, whereas multidimensional IRT (MIRT) models can be used to measure more than
one skill simultaneously.
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Multidimensional ltem Response Theory (MIRT)

MIRT models were developed to address the main limitation of UIRT models — they assume a single
underlying skill. In contrast, MIRT models can be used when multiple skills interact to determine the
probability that an individual will respond correctly to the test items (Ackerman, Geirl & Walker,
2003). These models can produce ability parameter estimates that correspond to the measured skills
(Reckase, 2009). MIRT applications have become increasingly common, as test items typically
measure more than one skill.

Various MIRT models have been developed and are generally classified as either compensatory or
noncompensatory models. In compensatory models, high levels of individual ability in one dimension
can make up (i.e., compensate) for lower ability in another dimension. Noncompensatory models are
harder to estimate, particularly if exploratory analysis is required (Chalmers & Flora, 2014), and so
compensatory models are more commonly used in the field.

MIRT models can also be differentiated based on the number of item parameters involved. If only the
item difficulty parameter d is involved, the MIRT model will be deemed to belong to the one-parameter
model family; for those that belong to two-parameter model family, the item discrimination parameter
vector a will be included in addition to d; and for those that belong to the three-parameter model
family, the pseudo-guessing parameter ¢ will be included in addition to a and d.

The compensatory two-parameter logistic (2PL) MIRT model introduced by McKinley and Reckase
(1982) is widely used. Here, the probability of an individual i answering item j correctly is given by
the formula:

1
0';a"d' =
p(6: a;.d;) T+exp(=D3jt (a;0;)+d;)’

where D = 1.7 is the measurement constant; 8;;, is individual i’s kth ability parameter; ajc and d; are
the kth discrimination parameter and difficulty parameter of item j, respectively; and m is the number
of dimensions.

Cognitive Diagnosis Model (CDM)

Other families of psychometric models called cognitive diagnosis models (CDMs) also available in
the pertinent literature. These models were developed to be used in conjunction with cognitively
diagnostic assessments (de la Torre & Minchen, 2014). The main purpose of CDM is to determine
whether individuals have mastered the attributes or skills measured by the test. As such, CDMs classify
individuals based on their mastery profiles, which can be used to identify learning deficiencies. CDM
research has recently increased, as CDMs are more effective for measuring finer-grained skills than
IRT models (Rupp, Templin & Henson, 2010; von Davier & Lee, 2019).

CDMs classify individuals into latent categories, which are determined by the presence or absence of
the measured skills. This classification is based on the individuals’ skills, or estimated mastery status,
in terms of the measured attributes. The mastery of an attribute is represented by 1, while nonmastery
is represented by O represents. A correct response to an item signals mastery of the attributes required
to correctly respond to the item. A high proportion of correct responses to items requiring a specific
attribute may indicate that an individual has already mastered this attribute (Rupp, Templin & Henson,
2010).

The Q-matrix, a common feature of CDMs, is used to define associations between measured attributes
and test items. In a Q-matrix, items are placed in rows and attributes in columns. The Q-matrix is
essential in a CDM and plays an important role in defining individuals’ attribute profiles, as the Q-
matrix clarifies the attribute requirements of each item (de la Torre & Minchen, 2014).

CDMs are commonly classified based on whether the measured attributes are dichotomous or
polytomous in nature. Dichotomous attributes are those specified as either required (i.e., 1) or not
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required (i.e., 0) for correct responses to items in the Q-matrix. Similarly, the attribute profile estimates
of individuals are represented by either O (i.e., nonmastery) or 1 (i.e., mastery) when the measured
attributes are dichotomously scored. If the attributes are polytomously scored, different levels of
measured attributes may be required for a successful response to an item, and individuals may have
mastered the attributes at different levels. For example, for an attribute with three categories, there
may be nonmastery (i.e., 0) along with two mastery levels (i.e., 1, 2). Polytomous attributes may thus
reflect different levels of item difficulty associated with the different levels of the measured skills.

Models that consider polytomous attributes can be viewed as extended versions of those that consider
dichotomous attributes. These extended models are more flexible and can address problems that
generally dichotomous models cannot. Thus, dichotomous models have been generalized to
polytomous models. The polytomous G-DINA (pG-DINA: Chen & de la Torre, 2013) model is an
example of polytomous CDMs, and is the polytomous version of the generalized deterministic inputs,
noisy “and” gate model (G-DINA; de la Torre, 2011).

Polytomous Generalized Deterministic-Inputs, Noisy “And” Gate (pG-DINA)

General CDMs can be reduced to specific CDMs by applying restrictions. General, unrestricted models
are referred to as saturated, and specific restricted models as reduced (de la Torre & Lee, 2013). For
example, the G-DINA is a saturated model, from which several reduced models, such as deterministic
inputs, noisy “and” gate (DINA; Junker & Sijstma, 2001) and deterministic inputs, noisy “or” gate
(DINO; Templin & Henson, 2006) can be derived. Similarly, the pG-DINA has been proposed as a
saturated model and can be reduced to restricted polytomous models through various constraints.

The pG-DINA first reduces the number of possible attribute vectors into reduced attribute vectors by
considering only the attributes required by an item. It then further reduces the number of attribute
vectors into collapsed attribute vectors by only considering the levels of the required attributes. The

number of reduced attribute vectors is computed by M5 , Where M represents the attribute level and
K;" the number of attributes required by item j. The number of collapsed attribute vectors is equal to

the dichotomous G-DINA case and defined by 255 For example, consider an item that measures two
of the three K = 3 attributes, each with three M = 3 levels, as in, 0, 1, and 2. Assume further that this
item requires levels 2 and 1 of the first and second attributes, respectively. Thus, the g-vector for this
item is (2 1 0). The original, reduced, and collapsed attribute vectors, as defined by Chen and de la
Torre (2013), are given in Table 1.

Table 1 shows that 3% = 32 = 9 reduced attribute vectors are obtained when only considering the
attributes that are required by item j. Similarly, the collapsed attribute vectors are obtained by
comparing the attribute levels in the reduced attribute vectors to those specified in the g-vector of item
j. When an attribute level of the reduced attribute vector is equal to or higher than the level specified
in the g-vector, it is represented by 1 in the collapsed attribute vector. Otherwise, it is represented by

0. The number of collapsed attribute vectors in this example then reduces to 2K =22 =4,
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Table 1. Reduced and Collapsed Attribute Vectors for Original Attribute Vectors

Original aj Reduced Attribute Vector ( aij*) Collapsed Attribute Vector (ai™)
(0,0,0), (0,0,1), (0,0,2) 0,0) ©.0)

(1,0,0), (1,0,2), (1,0,2) (1,0

(0,1,0), (0,1,1), (0,1,2) ©.1) 0.1)
(1,1,0),(111), (1,12 1,1

(0,2,0), (0,2,1), (0,2,2) 0,2

(1,2,0), (1,2,1), (1,2,2) 1,2

(20,0), (20,1), (2,0,2) 2.0) (1.0)

2,10), 2,1,1), 2.1,2) @1) (w.1)

(2,2,0), (2,2,1), (2,2,2) 2,2

The probability of success associated with the collapsed attribute vector or latent group «;™ computed
using the pG-DINA function is as follows:

P(“U) = 6]0 + ij=1 5jkalk +Zk{>k Zk]=1 5jkk,alkalk, + -+ 5]'1’".1(;,’ Hk]=1 alK;f'
The interpretations of the model parameters are the same as those for the dichotomous attribute cases
in the G-DINA model. Whereas the pG-DINA model uses the collapsed attribute vectors given in

Table 1, the fully additive model (FA-M; Yakar, de la Torre, & Ma, 2017), another polytomous CDM,
considers the reduced attribute vectors.

Fully Additive Model (fA-M)

If restrictions are applied to the saturated pG-DINA model, it can be reduced to a polytomous additive
CDM (pA-CDM; Chen & de la Torre, 2013). This pA-CDM is derived from the pG-DINA by setting
all interaction effects to zero. The intercept and the main effects of the mastered attributes required by
the item are summed in the pA-CDM to obtain the probability of a correct response to the item. The
fA-M can also be considered as an additive and restricted model. The main difference between these
two models is the latent classes for which they compute the item response functions. The pA-CDM
only considers the collapsed attribute vectors like the pG-DINA model, whereas the fA-M considers
reduced attribute vectors.

Although fA-M is a restricted model, incorporating the reduced rather than the collapsed latent class
in the item response function distinguishes it from many other CDMs. Rather than all-or-none, the fA-
M considers the contributions of all levels (i.e., 0, 1, 2,...), as in, it considers the levels of the
polytomous attribute in computing the probability of a correct response. This characteristic indicates
that the model mimics the compensatory MIRT model, as the higher level of skills (i.e., attributes)
leads to a higher probability of a correct response. The item response function of fA-M is given as

* K; M *
P(aj;) = 8jo + X)Ly Zmr Sjrom @i
where Jj is the intercept, Jim is the (main) effect of the m™ level of attribute K, K;' is the number of

required attributes, and My is the highest level of attribute k.

A characteristic common to CDMs and MIRT models is that both can be used with multidimensional
scales. In addition, both theories contain compensatory and noncompensatory models (Reckase, 2009;
Rupp, Templin, & Henson, 2010). These similarities indicate that these model families can be used to
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estimate multiple attributes or abilities. The type of the item structure in these models are also common,
as they can be simple or complex in both CDMs and MIRT models, which is of particular importance
in the analyses. However, these families of models differ in terms of other features, such as item
parameters, the nature of the person parameters, which can be continuous or discrete, and the
measurement units used.

The similarities between these psychometric models imply that deciding which model to use can be
an issue of high consideration. Under some analysis conditions, fitting various models to the data may
provide different points of view and lead to a deeper understanding — comparing the results obtained
from different models that have similar infrastructures can extend our understanding of the focal
phenomenon. Thus, evaluating the outputs of CDMs and MIRT models together can be of value.

To obtain additional information, a model that does not share psychometric properties with the tests
used to gather the data may be fitted to the data. This process, referred to as retrofitting, and can be
used to obtain potentially different information that supports or refutes existing knowledge about the
data. The results of a retrofitting analysis may be much more valuable when the true and retrofitted
models have similar structures, as with the CDM and MIRT models.

A literature review reveals that many studies have focused on retrofitting CDM to IRT data, and vice
versa. Various CDMs are retrofitted to data obtained via tests that have been developed for IRT
purposes (Ardig, 2020; Chen & Chen, 2016; Chen & de la Torre, 2014; Lee, Park & Taylan 2011; Liu,
Huggins-Manley, & Bulut, 2018; Sen & Arican, 2015). Other studies (de la Torre & Karelitz, 2009;
Wang, 2009) involve reciprocal retrofitting CDMs and MIRT models. However, no retrofitting study
that focuses on polytomous CDMs has been identified. Therefore, a significant contribution of the
current study is the reciprocal retrofitting of three models: two CDMs and one MIRT model.

Purpose of the Study

The aim of this research was to examine the level of information obtained through retrofitting two
specific CDMs and a MIRT model. We addressed this through the following sub-problems:

1- What levels of accuracy can be obtained for the person parameter classification and ability
level estimation from the two CDMs and one MIRT model when they are fitted to the MIRT
data generated under various item discrimination, item structure, correlation between skills,
and test length conditions? Is there a difference between the person parameter estimation
accuracy levels of the models?

2- What levels of accuracy can be obtained for the person parameter classification and ability
level estimation from the two CDMs and one MIRT model when they are fitted to the CDMs
data generated under various item discrimination, item structure, correlation between skills,
and test length conditions? Is there a difference between the person parameter estimation
accuracy levels of the models?

METHOD

Research Type

Experimental or theoretical studies that do not have any apparent specific application or use, and are
primarily carried out to obtain novel information on the basis of phenomena and observable facts are
defined as basic research (OECD, 2002). This study can be considered basic research as the aim is to
assess the comparability of the results from fitting a MIRT model and two CDMs to various data. The
data were generated using the models considered, and the analytic performance of the retrofitted
models and the generating models were then examined.
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Data Generation

Item discrimination, item structure, test length, and correlation between skills were manipulated to
obtain various conditions simulation conditions. Three levels of item discrimination were specified
and the generated discrimination parameters were drawn from uniform distributions, as in, a ~ U(0.6,
0.8), U(0.9,1.1), and U(1.5,1.7) for the low, moderate, and high item discrimination conditions,
respectively. The item structure was defined in terms of item complexity (i.e., whether the item
measures one or more dimensions/attributes). In this research, an item is said to have a simple structure
if it measures only one dimension/attribute, and a complex structure, otherwise. Tests with Q-matrices
consisted of 20%, 50%, and 80% simple structure items were considered to have mostly complex,
equal, and mostly simple item structures, respectively. In terms of the test length condition, the three
levels of test length (i.e., short, medium, and long) consisted of 15, 30, and 60 items, respectively. The
two levels of correlation (i.e., no relationship and moderate relationship) were created by setting the
correlation between skills to .00 and .60. Although the correlation cannot be zero in real data cases
and under compensatory models, this value was nonetheless considered because it reflects a situation
in which a relationship is not present, which may provide a better understanding of the parameters in
its related state. In terms of factor selection and their levels, the conditions used in other similar studies
(Chen & de la Torre, 2013; Wang, 2009) and factors affecting model performance were considered.
The study was conducted with 25 replications, as analyzing polytomous attribute data takes longer
than when using dichotomous attribute data (de la Torre & Douglas, 2004; de la Torre & Douglas,
2008; Huebner & Wang, 2011). Thus, in the three models, three-item discrimination levels, three-item
structure levels, three test length levels, and two correlation levels were crossed to yield 3 X 3 x 3 X
3 X 2 =162 conditions. With 25 replications for each condition, a total of 162 x 25 = 4050 data were
generated and analyzed using the two CDMs and the MIRT model.

Generation of MIRT data

For each level of crossed factors, two-dimensional 2PL MIRT data were generated using the R
program. For this data generation, the ability parameters followed a multivariate normal distribution,
and the attribute levels in the polytomous CDMs indicated the item difficulty levels. Specifically, the
Q-matrix entries of the polytomous CDMs were transformed into the item difficulty parameters. When
generating the data, the item difficulty parameters were obtained by multiplying each element of the
Q-matrices by 0.67 and subtracting 1.34 from each. Accordingly, the levels of 0, 1, 2, and 3 in the Q-
matrix correspond to the difficulty levels of -1.34, -0.67, 0, and 0.67, respectively. As 0 in a Q matrix
stands for an unmeasured attribute, the discrimination parameters of the items with the difficulty
parameter of -1.34 were set to zero to ensure that the item parameters of the CDMs and the MIRT
model were as matched as possible.

The continuous person parameters in MIRT were converted to discrete attribute levels in order to
obtain classification accuracy rates that can be compared. By applying the cut-off points (i.e., -0.67,
0, and 0.67) to the MIRT person parameters, discrete values of 0, 1, 2, and 3 were obtained for each
dimension resulting in individuals being classified into approximately four equal groups for each
dimension. The sample size was set to 5000 to obtain more stable item and person parameter estimates.

Generation of CDM data

Two CDMs were used in this study: fA-M and pG-DINA models. As the item parameters of these
CDMs differed in terms of number and structure, a two-dimensional 2PL MIRT data of 100000
examinees was initially generated to obtain related conditions for the CDMs. Item parameters
compatible with the fA-M and pG-DINA model were then obtained in the R environment for two
attributes. A self-written R code and the GDINA package (Ma & de la Torre, 2016) were used to
generate the data for the fA-M and pG-DINA model, respectively.
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Data Analysis

The generated data in MIRT were analyzed using the MIRT package (Chalmers, 2012). Person
parameter estimates were obtained based on the expected a posteriori (EAP) method. The estimated
person parameters were converted into discrete variables, similar to the generated person parameters
in order to obtain the classification accuracy rates of the person parameter estimates under MIRT
conditions. Analyses of MIRT data in CDM were performed using the GDINA package (Ma & de la
Torre, 2016) for pG-DINA cases and through a self-written R code for fA-M cases.

Although the data in the MIRT estimation of the CDM data were originally based on 2PL, the relative
fit of 2PL and 3PL MIRT models were both checked. After the data were analyzed in both models,
ANOVA tests on deviance indices were conducted through R. If the difference was statistically
significant (p < .05), the parameters of the 3PL model were considered. In general, the 3PL model was
observed to fit better with the data.

After the analyses, the correct vector classification rates (CVCR) of the person parameters were
obtained. If the estimated and generating ability/attribute vectors of an examinee matched, the
examinee was considered to be accurately classified by the estimating model. The ratio of the number
of accurately classified examinees to the total number in a dataset (i.e., 5000) provides the CVCR of
the model. The average CVCR of the study was obtained across 25 replications. The significance of
the differences between the CVCRs across models was tested through ANOVA. Since violation of the
equality of variance assumptions, pairwise comparisons of groups were performed using the Tamhane
procedure.

The ability/attribute-level accurate classification rates reflect the degree to which each
dimension/attribute level is accurately estimated by the model. It, therefore, reflects the performance
of the model at the individual ability/attribute levels. Accordingly, the averages of the correct attribute
level classification rates (CALCRs) of the ability/attribute levels of all examinees on two
abilities/attributes were obtained.

Data were generated for each model under 54 different conditions by crossing the main factors. As
these factors are independent of each other, no interaction between different conditions was identified,;
thus, the CVCR averages at different levels of the basic conditions were reported rather than at the
level of the crossed conditions. The findings can thus be effectively presented and interpreted. The
CVCR averages across the conditions and repetitions are presented in Appendix.

RESULTS

This section presents the results of retrofitting the CDMs to the MIRT data, as stated in the first sub-
problem, and of retrofitting the MIRT model to the CDM data, as stated in the second sub-problem.

Results of the MIRT Data Analysis

The CVCRs obtained by analyzing the MIRT data are presented in Table 2. The table shows that the
highest CVCRs are obtained for the MIRT data when the fitted model was the MIRT model, followed
by the fA-M. The CVCRs ranged from .41 to .60 when the MIRT model (i.e., the generating model)
was fitted, and from .36 to .52 when the fA-M model was retrofitted to the data. The lowest levels of
correct classification rates were observed when the pG-DINA model was retrofitted to the data, where
the CVCRs ranged between .26 and .33. These findings suggest that the CVCRs of the MIRT analyses
and the fA-M retrofitting results were comparable, which were different from the CVCRs of the pG-
DINA analyses.
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Table 2. CVCRs Obtained from the MIRT Data

Condition Level MIRT pG-DINA fA-M
Item discrimination Low 0.43 0.27 0.40
Moderate 0.50 0.29 0.45
High 0.58 0.33 0.48
Item structure Mostly complex 0.45 0.27 0.38
Equal 0.52 0.29 0.43
Mostly simple 0.54 0.33 0.51
Test length 15 0.41 0.28 0.36
30 0.50 0.30 0.44
60 0.60 0.32 0.52
Correlation between abilities 0.00 0.48 0.26 0.38
0.60 0.53 0.33 0.50

As the item discrimination increased, the correct classification rates of all three models also increased.
Moving from lower to higher discrimination levels, the increment for the correct classification
performance of the MIRT analyses (.15) was larger than those of the CDM cases (.06 for pG-DINA
and .08 for fA-M model). Similarly, regardless of the models, higher CVCRs were observed under
mostly simple item conditions. The average increments in the CVCRs of the MIRT, pG-DINA, and
fA-M model conditions were .09, .06, and .13, respectively.

In terms of the test length condition, an increase in the test length improved the CVCRs — the mean
CVCRs increased from .41 to .60 and from .36 to .52, respectively, when the MIRT model and fA-M
were fitted to the data. A relatively smaller increase (i.e., from .28 to .32) was observed when the fitted
model was the pG-DINA.

The CVCRs also tended to increase when the abilities were correlated. This increase was larger for the
retrofitted CDMs, particularly for the fA-M.

The ANOVA test results presented in Table 3 demonstrate the differences among the CVCRs of all
three models when they were fitted to the MIRT data. The results indicate a significant difference
between the CVCRs obtained through the analysis of the MIRT data [F(2,4047) = 1592.984, p <.001].
A pairwise comparison of the CVCRs obtained from the models using the Tamhane method reveals
that the CVCR of the MIRT is significantly higher than those of the CDMs (p < .001). Similarly, the
CVCR of the fA-M is significantly larger than that of the pG-DINA model (p < .001).

Table 3. Test of the Difference Between CVCRs of the MIRT Data Analyses

Variance Source Sum of Squares df F Difference

Between groups 30.807 2 1592.984* MIRT>fA-M

Within group 39.132 4047 MIRT>pG-DINA

Total 69.939 4049 fA-M>pG-DINA
*p<.001

The attribute-level correct classification rates of all three models fitted to the MIRT data are presented
in Table 4. The most significant results observed for the pG-DINA models were that the attribute-level
CALCRs for levels 0 and 3 were very high (i.e., .96), but the CALCRs of levels 1 and 2 were very low
(i.e., .10). Although the CALCREs in attribute levels 0 and 3 were also higher than those in attribute
levels 1 and 2 when the MIRT model and fA-M were fitted to the data, the difference was not as
dramatic. For attribute levels 0 and 3, the MIRT and fA-M CALCRs are .79 and .74, respectively; the
corresponding CALCRs for attribute levels 1 and 2 are .61 and .56, respectively.
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Table 4. CALCRs in the Analyses of MIRT Data

Model Level 0 Level 1 Level 2 Level 3
MIRT 0.79 0.61 0.61 0.79
pG-DINA 0.96 0.10 0.10 0.96
fA-M 0.74 0.56 0.56 0.74

Results of the pG-DINA Data Analysis

The CVCRs obtained from the analysis of the pG-DINA data are presented in Table 5. The table shows
that the largest CVCRs are obtained for the pG-DINA data when the fitted model was the generating
model (i.e., pG-DINA model), followed by the fA-M. The CVCRs vary from .53 to .90 when the pG-
DINA model (i.e., the generating model) was fitted, and from .51 to .89 when the fA-M model was
fitted to the data. The lowest correct classification rates are observed when the MIRT model was
retrofitted to the data — the CVCRs vary between .31 and .56. These findings suggest that the CVCRs
of the pG-DINA model and the fA-M are comparable (i.e., the maximum difference is .02), whereas
those of MIRT were quite different.

The correct classification rates for all three models increased with the item discrimination. Moving
from lower to higher discrimination levels, the increment for the correct classification performance of
the MIRT analyses (.19) was slightly lower than that of the pG-DINA model and fA-M (i.e., .24 and
.23, respectively). When the items became simpler, an apparent increase in the CVCRs of MIRT was
observed (i.e., .21), whereas at most, a slight increase (i.e., .02 in pG-DINA cases) was observed when
CDMs were used in the data analysis. In terms of the test length, the CVCRs increased with the test
length — the mean CVCRs improved from .53 to .90 and from .51 to .89 when the pG-DINA model
and fA-M were fitted to the data, respectively. A relatively smaller increase (i.e., from .32 to .56) was
observed when the fitted model was the MIRT. In addition, the CVCRs also increased when the
abilities were correlated, although only to a very limited extent.

Table 5. CVCRs Obtained in the Analyses of pG-DINA Data

Condition Level pG-DINA MIRT fA-M
Item Discrimination Low 0.60 0.35 0.59
Moderate 0.72 0.44 0.72
High 0.84 0.54 0.82
Item Structure Mostly Complex 0.73 0.31 0.70
Equal 0.72 0.50 0.71
Mostly Simple 0.71 0.52 0.70
Test Length 15 0.53 0.32 0.51
30 0.73 0.45 0.72
60 0.90 0.56 0.89
Correlation between Abilities 0 0.71 0.44 0.70
0.6 0.73 0.45 0.72

Table 6 displays the ANOVA test results of the observed differences between the CVCRs of all three
models when they were fitted to the pG-DINA data. The results indicate a significant difference
between the CVCRs obtained from the pG-DINA data analysis [F(2,4009) = 1010.622, p < .001]. A
pairwise comparison of the CVCRs obtained from the models using the Tamhane method revealed
that the CVCR of the MIRT was significantly lower than those of the CDMs (p < .001). In addition,
the CVCRs of the fA-M were not significantly different from those of the pG-DINA model (p > .05).
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Table 6. Test of the Difference between CVCRs of the pG-DINA Data Analyses

Variance Source Sum of Squares df F Difference
Between groups 65.273 2 1010.622* pG-DINA> MIRT
Within group 129.464 4009 fA-M > MIRT
Total 194.737 4011

*p<.001

Table 7 presents the attribute-level correct classification rates of all three models when they are fitted
to the pG-DINA data. CALCRs of pG-DINA model and fA-M were significantly larger than the
CALCR:s of the MIRT model. Although the CALCRs in attribute levels 1 and 2 were lower than those
in attribute levels 0 and 3 (i.e., the smallest is .81 and the largest .87), the largest CALCRs were
obtained when the fitted model was the generating model (i.e., pG-DINA). These were followed by
the CALCRs obtained when the fA-M was fitted, which is more uniform across attribute levels (i.e.,
the smallest is .80 and the largest .81). The lowest CALCRs were observed when the fitting model was
MIRT, and the lowest and highest are .56 and .71, respectively.

Table 7. CALCRs in the Analyses of pG-DINA Data

Model Level 0 Level 1 Level 2 Level 3
pG-DINA 0.87 0.81 0.80 0.87
MIRT 0.65 0.56 0.60 0.71
fA-M 0.81 0.80 0.80 0.81

Results of the fA-M Data Analysis

The CVCRs obtained from the analysis of the fA-M data are presented in Table 8. The table shows
that the largest CVCRs were obtained for the fA-M data when the fA-M was fitted, and these varied
from .44 to .80. The minimum and maximum CVCRs of the MIRT model, when it was retrofitted to
the fA-M data under various conditions, were .39 and .71, respectively. The lowest correct
classification rates were observed when the pG-DINA model was fitted to the data — the CVCRs varied
between .24 and .34. The CVCRs of the MIRT and fA-M models were comparable; however, the
performance of pG-DINA model was relatively poor.

Table 8. CVCRs Obtained in the Analysis of fA-M Data

Condition Level fA-M MIRT pG-DINA
Item Discrimination Low 0.50 0.46 0.26
Moderate 0.61 0.55 0.29
High 0.74 0.65 0.34
Item Structure Mostly Complex 0.59 0.47 0.28
Equal 0.63 0.57 0.29
Mostly Simple 0.63 0.61 0.31
Test Length 15 0.44 0.39 0.27
30 0.61 0.55 0.29
60 0.80 0.71 0.32
Correlation between Abilities 0 0.61 0.55 0.30
0.6 0.62 0.55 0.29
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In terms of the effects of the examined factors on CVCRs, the correct classification rates of all three
models increased with the item discrimination. This increment was largest for the fA-M (i.e., .24),
followed by the MIRT model (i.e., .19), and the smallest increment was for the pG-DINA model (i.e.,
.08). Similarly, regardless of the models, higher CVCRs were observed as the number of simple items
in a test increased. The average increment for the CVCRs of the MIRT model (i.e., .14) model was
relatively higher than the increments observed under the pG-DINA model (i.e., .03) and fA-M (i.e.,
.04).

In terms of the test length, an increase in the test length resulted in a rise in the CVCRs. The observed
increments in CVCRs were very large in the fA-M and MIRT cases, which increased from .44 to .80
and from .39 to .71 when the fA-M and MIRT models were fitted, respectively. However, the increase
for the pG-DINA model was limited (i.e., from .27 to .32). In addition, no remarkable changes in
CVCRs were observed when the skills/attributes were correlated.

Table 9 presents the ANOVA test results of the observed differences between the CVCRs of all three
models when they were fitted to the fA-M data. The table shows a significant difference between the
CVCRs obtained from the analysis of the fA-M data [F(2.4047) = 1934.53, p < .001]. A pairwise
comparison of the CVCRs obtained from the models using the Tamhane method revealed that the
CVCR of the fA-M was significantly higher than those of the pG-DINA and MIRT models (p < .001).
Similarly, the CVCR of the MIRT was significantly higher than that of the pG-DINA model (p <.001).

Table 9. Test of the Difference between CVCRs of the fA-M Data Analyses

Variance Source Sum of Squares df F Difference

Between groups 77.937 2 1934.53* fA-M>pG-DINA

Within groups 81.521 4047 fA-M> MIRT

Total 159.458 4049 MIRT>pG-DINA
*p<.001

Table 10 presents the attribute-level correct classification rates of all three models when they were
fitted to the fA-M data. The results in this table are comparable to those for the MIRT data given in
Table 4. In the pG-DINA cases, CALCRs for levels 0 and 3 were very high (i.e., .98), whereas the
CALCRs for levels 1 and 2 were very low (i.e., .11). Although the CALCRs for attribute levels 0 and
3 were also higher than those for levels 1 and 2 when the fA-M and MIRT model were fitted to the
data, the differences were not as dramatic for attribute levels 0 and 3, the MIRT and fA-M CALCRs
were .82 and .85, respectively, whereas the corresponding CALCRs for levels 1 and 2 were .63 and
.68, respectively.

Table 10. CALCRs in the Analyses of fA-M Data

Model Level 0 Level 1 Level 2 Level 3
fA-M 0.85 0.67 0.68 0.84
MIRT 0.82 0.62 0.63 0.81
pG-DINA 0.98 0.11 0.11 0.98

DISCUSSON and CONCLUSION

This study aimed to examine how the MIRT model and polytomous CDMs, the pG-DINA model
(Chen & de la Torre, 2013) and the fA-M (Yakar, de la Torre, & Ma, 2017) when retrofitted to data
generated with different underlying processes. Data for each model were generated with varying item
discrimination, item structure, test length, and correlation between ability conditions. The data were
then fitted with all three models, and the CVCRs of the generated person parameters were examined.
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For the first sub-problem, the data generated using the MIRT model were, as expected, most accurately
estimated by the MIRT; the fA-M estimation was the next best, and the lowest performance was
observed for the pG-DINA model. The results from MIRT and fA-M can be explained due to the use
of reduced latent groups in fA-M, which follows a similar logic as the MIRT — a higher level of
proficiency corresponds to a higher probability of answering the item correctly. The pG-DINA model
is processed through the collapsed latent groups, and an increase in attribute level does not always
produce an increase in the success probability, unlike in the fA-M, where every increase in attribute
level results in an increase in the success probability.

The highest level of efficiency was obtained from the test length condition in the MIRT data analysis,
followed by item discrimination and item structure; the effect of the correlation between abilities was
limited compared to other factors. However, the item structure was only effective in the MIRT data or
estimation. In addition, the findings revealed that the effect sizes of the conditions may differ in the
CDMs. The pG-DINA was less sensitive to changes in the conditions, and the fA-M was more affected
by item structure and correlations between skills than the MIRT model. Wang (2009) conducted a
reciprocal retrofitting of the reduced reparametrized unified model (R-RUM; DiBello, Roussos, &
Stout, 2007; Hartz, 2002) and the MIRT model, and found the estimation accuracy varied according
to the item structure and item discrimination. This is consistent with the fA-M results found in the
present study. In a different study, where reciprocal retrofitting of one-dimensional IRT and DINA
models were examined, de la Torre and Karelitz (2009) found that item discrimination greatly affected
the estimation accuracy. Again this is similar to the fA-M results. These results suggest that common
factors may affect the performance of different but compatible models in situations involving
reciprocal retrofitting.

For the second sub-problem, the analysis of the pG-DINA data indicated that the pG-DINA accurately
estimated its own data. The accuracy rates were the highest obtained in the study. The rates obtained
from the fA-M were very close to the pG-DINA, and no statistical difference between the results was
found. The similar CVCRs of the fA-M and the pG-DINA model when fitted to pG-DINA data is
remarkable and provided the best retrofitting results; however, the CVCRs for the MIRT were
substantially lower than those of the two CDMs. This finding is consistent with outcomes for the first
research problem and suggests that the MIRT model cannot be retrofitted to pG-DINA data, and vice
versa.

Although the outcomes were not identical, the successful estimation of the pG-DINA data when fitted
with the fA-M may be due to the interaction effects in pG-DINA being substituted with the main
effects for each level. The models do not need to have exactly the same item parametrization to produce
similar results as different parameters can adjust and fill the gaps when changes in model
parametrization occur. To this end, models that contain more item parameters can be more flexible
and advantageous. Although the CVCRs of the MIRT were relatively poor for the pG-DINA data,
these results were close to the values obtained when fitted to its own data. Thus, at least for the current
setup, the MIRT model may not be expected to provide good classification results.

The results of the pG-DINA data analysis revealed that longer test length and higher item
discrimination improved the CVCRs of all of the models. In addition, simplifying the item structure
resulted in an increase in CVCR of the MIRT model only. Another remarkable result is that the item
structure may have limited impact when CDMs are fitted to pG-DINA data.

In the analysis of the fA-M data, it was found that, as in other models, the classification rate was best
in the correct model fitted to the data. However, the results of the MIRT model were almost at the
same level as those of the fA-M. Similar results were found in the MIRT data analysis. This suggests
that the MIRT model and fA-M may be used interchangeably in situations similar to those examined
in the current study. As in the MIRT data analysis, the pG-DINA results were again found to have the
lowest rates. In terms of the factors considered, all except the correlation between the dimensions had
a substantial impact on the CVCRs.

The relatively low CVCRs of the pG-DINA when retrofitted to MIRT and fA-M data were due mainly
to the very low CALCRs observed in the two middle attribute levels. A closer inspection (not
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presented) showed the pG-DINA model had a tendency to misclassify middle attribute levels as
extreme attribute levels. In the study, we discretized the continuous abilities to create a uniform
distribution. Poor retrofit performance may be worsened if the abilities have a normal distribution. The
poor performance of the retrofitted pG-DINA model may be due to the assumption invoked by the
model to create the collapsed latent classes.

When fitting the correct model to the data, the MIRT was found to have lower CVCRs than the pG-
DINA model or the fA-M. The poor results suggest that estimating MIRT data may be more
challenging. Moreover, the original person parameters of the MIRT are continuous but were made
discretized for comparison purposes. The loss of information due to this transformation may have
negatively affected the results.

It is worth noting that the CVCRs obtained in retrofitting the fA-M to the pG-DINA data were
unexpectedly higher than those obtained in fitting the model to its own data. A similar situation was
found for MIRT model — the MIRT estimations of the MIRT data were less accurate than those of the
fA-M data. In their retrofitting studies, de la Torre and Karelitz (2009) and Wang (2009) found similar
results. These results suggest that the underlying processes in generating the different data vary in
complexity. To the extent that the findings can be generalized, the underlying process of the pG-DINA
model is the simplest, followed by the fA-M, and the MIRT model has the most complex underlying
process.

Overall, fitting a model that corresponds to the true underlying process produced the best results,
whereas fitting a wrong model can lead to slightly or substantially poorer results depending on the
extent of the mismatch. Of the three models, the fA-M was relatively robust to the possible mismatch
between the true and fitted models; the same cannot be said of the pG-DINA and MIRT models.
Although model-data fit still needs to be evaluated, fitting the fA-M to real data appears to be a safer
option.

A limitation of the current study pertains to how the abilities were converted to attributes. Although
the fA-M can be used to extract diagnostic information for polytomous attributes from MIRT data,
and vice versa, these results may only be true when abilities are discretized in a particular manner.
Future studies should consider other ways of establishing the comparability of the MIRT model and
fA-M in order to arrive at more general conclusions. It should be noted that this study does not suggest
that the MIRT model and fA-M can be used interchangeably — as pointed out repeatedly, fitting the
true model will always produce the best results. To this end, further studies are needed to establish
which procedures can be used to identify the best model when inferences about polytomous attributes
are of interest.
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Appendix. CVCR Averages for Crossed Conditions

Conditions True Retrofitted True Retrofitted True Retrofitted
Model Model Model Models Model Models

Correl  Test Item Structure Iltem MIRT  pG- fA-M  pG- fA-M  fA-M pG-
ation Length Disc. DINA DINA  MIRT MIRT DINA
0 15 M. Complex Low .26 19 .24 .39 21 .37 .32 .28 .23
0 15 M. Complex Moderate .31 .20 .26 51 .26 48 40 .33 .26
0 15 M. Complex High .39 21 .26 .63 .29 .60 49 .39 .30
0 15 Equal Low 31 21 .27 .38 .24 37 .34 31 .23
0 15 Equal Moderate .38 .23 .29 51 31 49 43 .39 .26
0 15 Equal High A7 .25 .27 .66 43 .63 .55 49 .30
0 15 M. Basic Low .32 .23 31 .39 .26 .38 .35 .33 .23
0 15 M. Basic Moderate .41 .27 37 51 37 .50 44 43 .28
0 15 M. Basic High .52 .33 42 .66 .53 .65 .57 .55 .35
0 30 M. Complex Low .34 .22 .29 .58 .27 .57 45 40 .25
0 30 M. Complex Moderate .40 .22 31 72 31 71 .57 .46 .28
0 30 M. Complex High A7 .23 .28 .85 .36 .83 .69 .54 .32
0 30 Equal Low 40 .24 .35 .58 .36 .56 .50 A7 .26
0 30 Equal Moderate .49 .25 .38 72 A7 71 .62 .56 .28
0 30 Equal High .59 .28 .33 .86 .63 .85 .76 .68 .33
0 30 M. Basic Low 43 .25 .40 .56 .38 .54 49 49 .26
0 30 M. Basic Moderate .52 .28 A7 71 .51 71 .62 .60 .28
0 30 M. Basic High .63 .33 .59 .86 .73 .86 77 .75 .37
0 60 M. Complex Low 43 .23 .36 81 .32 .80 .63 .53 27
0 60 M. Complex Moderate .50 .23 37 .92 .35 91 .76 .61 31
0 60 M. Complex High .59 .24 .35 .98 .45 .97 .88 71 .34
0 60 Equal Low .52 .25 43 .80 .52 .80 .68 .64 .28
0 60 Equal Moderate .60 27 48 91 .67 91 .81 74 31
0 60 Equal High .69 .30 .40 .97 .82 .97 .92 .84 37
0 60 M. Basic Low .55 .28 .48 77 .56 .76 .68 .66 .29
0 60 M. Basic Moderate .64 31 .58 .90 .73 .89 .82 .79 .33
0 60 M. Basic High 72 43 .69 .97 .60 .97 .93 .89 42
0.6 15 M. Complex Low .39 .29 .38 43 .23 42 .33 .29 .23
0.6 15 M. Complex Moderate .43 31 41 .55 .25 .54 41 .33 .26
0.6 15 M. Complex High .48 .33 44 .66 .29 .66 51 .39 .29
0.6 15 Equal Low .39 .30 .38 41 .25 41 .35 .32 .24
0.6 15 Equal Moderate .45 31 43 .53 31 .52 44 .40 .26
0.6 15 Equal High .52 .34 .48 .68 43 .66 57 49 .30
0.6 15 M. Basic Low .39 .30 .38 40 .26 .39 .35 .33 24
0.6 15 M. Basic Moderate .45 .33 44 .52 .37 .52 45 43 .28
0.6 15 M. Basic High .55 37 .53 .68 .54 .67 .58 .56 .34
0.6 30 M. Complex Low 45 .30 44 .65 .27 .64 47 40 .26
0.6 30 M. Complex Moderate .49 31 .48 77 .30 77 .59 46 .28
0.6 30 M. Complex High .56 .33 49 .88 .34 .88 12 54 31
0.6 30 Equal Low A7 31 46 .63 37 .62 51 A7 .26
0.6 30 Equal Moderate .54 .33 .52 .75 .48 .75 .63 .56 .29
0.6 30 Equal High .62 .36 .57 .88 .64 .88 .78 .68 .33
0.6 30 M. Basic Low A7 .32 .45 .58 .39 .56 .50 49 .26
0.6 30 M. Basic Moderate .55 .34 .52 .73 .52 .73 .63 .60 .28
0.6 30 M. Basic High .64 40 .62 .87 .73 .87 .78 .75 .37
0.6 60 M. Complex Low .51 31 .50 .86 31 .86 .65 .53 .28
0.6 60 M. Complex Moderate .56 .32 .54 .95 .34 .95 .78 .61 .30
0.6 60 M. Complex High .63 .33 .53 .99 A4 .99 .89 .70 31
0.6 60 Equal Low .56 .32 .52 .84 .53 .84 .69 .63 .27
0.6 60 Equal Moderate .62 .34 .59 .93 .67 .93 .83 .73 31
0.6 60 Equal High .70 .38 .64 .98 .83 .98 .93 .83 .34
0.6 60 M. Basic Low .57 .33 .52 .79 .57 .78 .69 .67 .28
0.6 60 M. Basic Moderate .65 .36 .61 91 .73 91 .83 .79 .33
0.6 60 M. Basic High .73 46 71 .98 .64 .98 .94 .88 41

“True model” indicates the estimation of data belonging to the models. The subsequent two columns indicate the retrofitting estimations of
the true model data.
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Oz

Bu aragtirmada ¢ok kategorili biligsel tan1 ve ¢ok boyutlu madde tepki kurami (CBMTK) modellerinin birbiri
yerine kullanimi durumunda birey parametrelerinin tekrar elde edilebilirligi incelenmistir. Bu amag¢ dogrultusunda
cok kategorili biligsel tan1 modellerinden polytomous generalized deterministic input noisy and gate (pG-DINA)
ve fully-additive model (fA-M) ve CBMTK modellerinden ise telafi edici 2PL modeli i¢in veriler {iretilmistir.
Veriler, madde ayirt edicilik indeksi, maddelerin yapilarina gore testteki orani, test uzunlugu ve yetenekler arasi
korelasyon degerleri farklilagtirilarak toplamda 54 kosul kullanilarak 25 tekrar ile {iretilmigtir. Verinin her ii¢
modelle de kestirimi sonucu ortaya ¢ikan birey parametreleri ile veri iiretiminde kullanilan birey parametrelerinin
karsilastirilmasi ile bulgular elde edilmistir. Bulgulara gére tiim veri tiirlerinin en yiiksek dogrulukta kestirimi ait
olduklart modeller tarafindan gergeklestirilmistir. Uyarlama igeren analizlerde ise fA-M diger iki model verilerini,
CBMTK ise fA-M verisini, verinin ait oldugu model kestirimine yakin bir dogruluk oraninda kestirmistir. PG-
DINA’nin diger iki model verilerini, CBMTK nin ise pG-DINA verisini kestirmede diisiik performansa sahip
oldugu gdzlenmistir. Aragtirmada kullanilan kosullardan sirasiyla test uzunlugu ve madde ayirt ediciliginin birey
parametre dogruluguna etki eden en kuvvetli faktorler oldugu goriilmiistiir. Madde yapist orani kogulunun ise
CBMTK verisi analizlerinde ve uyarlamalarinda ¢ok daha etkili oldugu goriilmiistir. Yetenekler arasi
korelasyonun varliginin birey parametre dogruluguna etkisinin ise CBMTK verisinin analizlerinde daha belirgin
ancak yine de sinirli oldugu goriilmiistiir.

Anahtar Kelimeler: Cok kategorili biligsel tan1 modelleri, pG-DINA, fA-M, ¢ok boyutlu madde tepki kurami
(CBMTK), uyarlama

GIRIS

Egitimde ve psikolojide gergeklestirilen 6lgme islemleri bir veya daha fazla 6zelligi 6lgmeye yonelik
olabilmektedir. Tek bir 6zelligi 6l¢meye odaklanan 6lgeklerin de gergekte birden fazla 6zelligi 6l¢tiigii;
ancak olgiilen 6zellikler arasindaki yiiksek korelasyon nedeniyle dlgegin diger 6zelliklerin dl¢lilmesine
duyarsiz olabilecegi ifade edilmektedir (Reckase, 2007). Bu durumda testin sadece basat faktdr olarak
yer alan 0zelligi ol¢tiigli sOylenebilir. Ancak 6zellikle psikolojik temelli 6lgiimlerde dlgiilen 6zellikler
arast korelasyon, her zaman basat faktoriin digerlerini baskilamaya yetecek kadar c¢ok yiiksek
olmayabilir. Bu durumda farkinda olarak ya da olmayarak birden fazla 6zelligin 6l¢iilmesi s6z konusu
olabilmektedir.

Birden fazla 6zelligin 6lglimii gergeklestirilmek istendiginde 6l¢iim sonucunu puanlara doniistiirecek
pek ¢ok psikometrik model bulunmaktadir. Bu psikometrik modellerden biri olan madde tepki
kuraminda (MTK) genellikle tek boyutluluk varsayimina sahip tek boyutlu MTK modelleri ilk olarak
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akla gelmektedir. Ancak MTK ailesi igerisinde birden fazla 6zelligi ayni1 anda 6lgebilecek modeller de
bulunmaktadir.

Cok Boyutlu Madde Tepki Kurami (CBMTK)

Olgiilen 6zelligin tek boyutlu olmasini gerektiren MTK’de bu smirliligin giderilmesine yonelik olarak
cok boyutlu testler i¢in ¢cok boyutlu madde tepki kurami (CBMTK) gelistirilmistir. CBMTK, birden
fazla yap1 veya boyut olarak bir arada ele alinan, gbzlenemeyen degiskenler ile bireyin herhangi bir test
maddesine dogru yanit verme olasiligr arasindaki iligki i¢in kullanilir (Ackerman, Geirl & Walker,
2003). CBMTK ile her bir yetenege iliskin yetenek parametreleri elde edilebilmektedir (Reckase, 2009).
CBMTK uygulamalar1 ¢cok sayida ozelligin Ol¢iilebilmesi nedeniyle fark yaratmis ve giderek yaygin
hale gelmistir.

CBMTK’de ¢ok sayida model bulunmaktadir. Modellere iliskin alan yazindaki temel siniflama, telafi
edici ve telafi edici olmayan modeller olarak 6n plana ¢ikmaktadir. Telafi edici modellerde bireylerin
yiiksek olan yetenegi diisiik olan yeteneginin eksigini telafi edebilirken, telafi edici olmayan modellerde
boyle bir durum s6z konusu degildir. Telafi edici olmayan modelin 6zellikle agimlayici ¢alismanin
gerektigi durumlarda tahmin hesaplama sikintis1 nedeniyle arastirmalarda ikinci planda kaldig
goriilmektedir (Chalmers & Flora, 2014). Bu sebeple alanda telafi edici modellerin hakimiyeti s6z
konusudur.

CBMTK modelleri arasindaki diger bir temel farklilik olarak model analizinde kestirilecek madde
parametreleri sayisi one ¢ikmaktadir. Sadece madde giiglilk parametresinin (d) kestirildigi model 1
parametreli lojistik (PL), d parametresinin yan1 sira madde ayirt edicilik (a) parametresinin de
kestirildigi model 2 PL, a ve d parametreleriyle birlikte sans basarisi parametresini (C) de kestirildigi
model ise 3 PL CBMTK modeli olarak adlandirilmaktadir.

McKinley ve Reckase (1982) tarafindan ortaya konulan telafi edici 2PL modeli yaygin olarak kullanilan
bir CBMTK modelidir. Telafi edici 2PL modeli igin i bireyinin j. maddeyi dogru yanitlama olasiligi
asagidaki formiille hesaplanmaktadir.

1
1+ exp(—D Xiz1(aibi) + d))

r(6;a;,d;) =

D=1,7 dlgekleme sabiti
0= i bireyinin k. boyuttaki yetenek parametresi

m= boyut sayisi

Bilissel Tant Modelleri (BTM)

MTK, CBMTK’den baska modellere de onciiliik etmistir. Bu modellerden biri de bilissel tani
modelleridir (BTM). BTM’ler bilissel tan1 degerlendirme (BTD; Cognitive Diagnosis Assessment)
amacini tagiyan testlere aracilik eden modeller olarak tanimlanmaktadir (de la Torre & Minchen, 2014).
BTM’nin ana amaci bireylerin 6grenme eksikliklerini tespit etmek adina, bireyin testte yoklanan
niteliklere sahip olup olmadigini belirlemektir. Buna goére BTM’ler genel olarak kisilerin bilis
gostergelerine gore siniflama islemi yapmaktadir. Bu gostergelerin tek tek incelenebilmesi BTM’lerin
avantaji olarak one ¢ikmaktadir. BTM, MTK’ye nazaran daha kii¢iik birimleri ayr1 ayr1 6lgmesi
sayesinde son yillarda giderek yayginlasmaktadir (Rupp, Templin ve Henson, 2010; von Davier ve Leeg,
2019).

BTM’nin amaci testte yoklanmak istenen niteliklerin 6grencilerde olup olmamasina gore 6grencileri
ortiik kategorilerde siniflamaktir. Bu smiflama islemi temelde, testi alan bireylerin yeteneklerine,
maddeleri dogru cevaplamak icin gerekli olan niteliklere sahip olup olmamalarma goére 0-1 degerleri
atanarak gerceklesmektedir. Bireyin maddeyi dogru yanitlamasi ilgili maddede yoklanan nitelik veya
niteliklerin 6grencide bulunduguna isaret etmektedir. Belirli bir nitelik i¢in diigiiniilecek olursa bu
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niteligi gerektiren maddelerin yiiksek oranda dogru yanitlanmasi 6grencinin nitelige sahip olduguna dair
sonucun gecerligini artiracaktir (Rupp, Templin ve Henson, 2010).

Cok sayida farkli modelin bulundugu BTM’lerin ortak yonlerinden biri Q matrisi girdisidir. Q
matrisinde madde ile maddeyi yanitlamak i¢in bulunmasi gereken nitelik(ler) iliskilendirilir. Q
matrisinde satirlar maddeleri, siitunlar ise nitelikleri gosterir. Yapi1 olarak basit gériinmesine ragmen Q
matrisinin BTM’ler i¢in oynadig: rol kritiktir. Q matrisi sadece madde nitelik iligskisinde degil ayni
zamanda bireylerin yeteneklerin belirlenmesinde 6nemli rol oynar. Q matrisinde temsil edilen nitelikler
icin bireylere profil atamas1 yapilir (de la Torre & Minchen, 2014).

BTM’de goriilen temel siniflamalardan birisi, Q matriste temsil edilen niteliklerin ¢ok sayida diizeye
sahip olup olmamasina iliskindir. Maddede yoklanan nitelik iki (0-1) veya ¢ok (0-1-2...) kategorili
yapiya sahip olabilir. Tki kategorili yaklasimda Q matristeki herhangi nitelik, ilgili maddeyi dogru
yanitlamak i¢in gerekli veya degildir. Bu durum matriste, nitelik madde igin gerekli ise 1 degilse 0
temsili ile gosterilir. Yine aym sekilde analiz sonucu nitelik bireyde yoktur veya vardir seklinde yapilan
degerlendirme de birey profilinde 0-1 ile temsil edilir. Cok kategorili yaklasimda ise niteligin maddede
ve bireyde bulunma seviyesi oldugu sdylenebilir. Ornegin 3 kategorili bir nitelik igin, bir tane sahip
olmama (0) ve iki tane de farkli seviyelerde sahip olma (1,2) durumu s6z konusudur. Farkli diizeylerde
nitelige sahip olma 0&zelligi sayesinde c¢ok kategorili nitelikler, madde giiclik parametrelerine
benzemektedirler.

Cok kategorili nitelige sahip modeller, genelde iki kategorili nitelige sahip olan modellerin dogrudan
asamadiklar1 sorunlan gidermek adina iki kategorili modellerin genisletilmis halidir. Diger bir deyisle
iki kategorili modeller ¢ok kategorili modellere doniistiiriilebilmektedir. Bu modeller arasinda sik
kullanilan birisi de, Generalized Deterministic-Input, Noisy-And Gate (G-DINA) modelinin (de la
Torre, 2011) niteliklerin ikiden fazla kategorisi olmasi durumunda kullanilan versiyonu olan
polytomous G-DINA (pG-DINA) modelidir (Chen ve de la Torre, 2013).

Polytomous Generalized Deterministic-Input, Noisy-And Gate (pG-DINA)

BTM’ler baz1 kisitlamalarin uygulanmasi veya kaldirilmasi ile birbirine doniisebilen formiillere sahip
olabilmektedirler. Yapisinda kisitlamaya sahip olmayan modeller doygun, kimi kisitlamalara sahip olan
modeller ise sinirlandirilmig model olarak adlandirilmaktadir (de la Torre ve Lee, 2013). Doygun model
olarak G-DINA, bunun sinirlandirilmig formlari olarak ele alinabilecek Deterministic-Input, Noisy-And
Gate (DINA) (Junker ve Sijstma, 2001) ve Deterministic-Input, Noisy-Or Gate (DINO) (Templin ve
Henson, 2006) bu duruma ornek olarak verilebilir. Benzer sekilde pG-DINA doygun bir model olarak
onerilmis ve farkli kisitlamalarla, sinirlandirilmig ¢ok kategorili modellere doniistiiriilebilmektedir.

PG-DINA temelde ortiik gruplarin her bir nitelik i¢in sahip oldugu diizeyi, madde i¢in gerekli diizey ile
karsilastirarak iki kategorili yapiya doniistiiriir, bu igslem ¢okmiis nitelik vektorii olarak adlandirilir.
Testte ti¢ niteligin yoklandigi (K=3), tiim niteliklerin ii¢ (0,1,2) kategoriye sahip oldugu (M=3) ve birinci
nitelikten 2., ikinci nitelikten 1. seviyede nitelik gerektiren, 3. niteligin yoklanmadigi 6rnek madde
(2,1,0) i¢in, pG-DINA’nin parametre hesaplamalarinda kullandig1 ¢okmiis grup (Chen ve de la Torre,
2013) gosterimi Tablo 1’de verilmistir.
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Tablo 1. Orijinal Grup Vektorleri icin Indirgenmis ve Cékmiis Grup Vektorleri

Orijinal aj Indirgenmis Grup Vektorii ( aij*) Cokmiis Grup Vektorii (aij”™)
(0.00), (00,1, (0.0.2) ©.0) ©00)

(1,0,0), (1,0,1), (1,0,2) (1,0

(0,1,0), (0.1,1), (0,1,2) 0.1) 0.1)

(1,1,0),(1,1,1),(1,1,2) 11

(0,2,0), (0,2,1), (0,2,2) 0,2)

(1,2,0), (12,2), (1,2,2) 12)

(2,0,0), (2.0,1), (2,0,2) 2.0) (1.0)

2.1,0), 2.1,1), 2.1,2) 1) 11)

(2,2,0), (2,2,1), (2,2,2) (2,2)

Tablo 1’de | 6rtiik grubundaki bireylerin j. maddesi i¢in ¢6kmiis gruplar1 gériilmektedir. Orjinal e’ nin
her bir elemani, 6rnek maddenin nitelik vektoriinde (2,1,0) karsilik gelen elemanina esit veya biiylik ise
a;**°de 1, degilse 0 olarak yer almistir. Maddede 3. nitelik yoklanmadig1 i¢in, madde i¢in gerekli nitelik
say1s1, Kj* =2 olarak gerceklesmistir. Bu sayede 2X"=22=4 gruptan olusan ¢okmiis auj** elde edilmis
olur. Bu ortiik siniflar icin pG-DINA formiilii kullanilarak dogru yanit verme olasiligi hesaplanir.

K} K K* K
POAYEE j s j j *k Kk . . Jj Kok
P(al]) = 810 + Zk=1 Sjkalk +Zk'>k Zk=1 6jkk,alkalk, + + 611...1{]. Hk:l alk;

PG-DINA Tablo 1’de verilen ¢okmiis grup vektorleri kullanirken, bir diger ¢ok kategorili BTM olan
fully Additive Model (fA-M; Yakar, de la Torre ve Ma, 2017) ise indirgenmis grup vektorlerini
kullanmaktadir.

Fully Additive Model (fA-M)

Doygun yapiya sahip pG-DINA’ya kisitlamalar uygulandiginda polytomous Additive Cognitive
Diagnosis Model’e (pA-CDM; Chen & de la Torre, 2013) doniistiiriilebilmektedir. PG-DINA’da
bulunan, bireyin maddede yoklanan niteliklerin birden fazlasina sahip olmasindan kaynakli etkilesim
etkisinin kaldirilmasiyla kisitlanmig model olan pA-CDM ortaya c¢ikmaktadir. PA-CDM bireyin
maddede yoklanan nitelik seviyesine sahip olup olmamasina gore toplama islemi iizerine kurulu bir
yaptya sahiptir. FA-M da pA-CDM gibi eklemeli ve sinirlandirilmig bir model olarak ele alinabilir. Bu
iki model arasindaki en biiyiik fark, madde yanitlama fonksiyonlarini elde ettikleri 6rtiik gruplardir. PA-
CDM, pG-DINA gibi ¢okmiis gruplar i¢in ayri madde yanitlama olasiliklar1 hesaplarken, fA-M ise
Tablo 1’de gosterilen indirgenmis gruplar i¢in ayr1 madde yanitlama olasiliklar1 hesaplamaktadir.

Simirlandirilmis bir model olmasina ragmen, indirgenmis gruplar i¢in madde yanitlama olasilig
hesaplamasi, fA-M’1 diger pek ¢cok BTM’lerden ayiran bir nokta olarak 6n plana ¢ikmaktadir. FA-M’in
pA-CDM’den farkinin pratikteki karsiligi, bireyin nitelige sahip olmasi ya hep ya hi¢ mantigi (0-1)
yerine niteligin seviyesine (0-1-2-...) gore farkli dogru yanitlama olasilig1 hesaplamasidir. Modelin bu
yoniiyle CBMTK "ya yaklastig1 sdylenebilir. Daha fazla bilgi, yetenek, beceriye sahip olan bireyin daha
yiiksek dogru yanitlama olasiligina sahip olmasi ayrica tiim MTK modelleri i¢in de gegerlidir. FA-M’1n
madde yanitlama fonksiyonu asagidaki gibidir.
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*k * M *
P(au) = 8jo + Tk=1 Lmer Ojiem Ak

djo Jj maddesi igin temel basar1 olasiligi;

Ojkm Jj maddesinin k. niteligindeki m. seviye i¢in basar1 olasiligi;

K* maddede yoklanan nitelik sayisi;

M K niteliginin en yiiksek seviyesi;

Ay I bireyinin k niteligi j maddesinin k niteliginden kiigiikse (0) degilse (1)

BTM ve CBMTK’nin en 6nemli ortak yonleri ¢ok boyutlu 6lgeklerde uygulanabilmeleridir. Bunun
yaninda her iki kuram da telafi edici ve telafi edici olmayan modeller barindirmaktadir (Reckase, 2009;
Rupp, Templin ve Henson, 2010). Bu benzerligin dayanak noktasi modellerin birden fazla 6zellik veya
yetenegi kestirmeleridir. Ayrica, modellerde kullanilabilecek madde yapilar1 da ortaktir. Her iki model
icin de basit yap1 ve karmasik yapidaki maddeler bulunmaktadir. Bu 6zellik modellerin analizlerinde
onemli bir konuma sahiptir. BTM ve CBMTK’nin farkliliklar1 ise modellerin birbiri yerine
uygulanmalart durumunda ortaya cikabilecek olumsuzluklar1 meydana getirmektedir. Model
farkliliklarina g6z atildiginda, modellerin  kullanim amaclari, madde parametreleri, birey
parametrelerinin siirekli veya kesikli olma durumlari ve 6l¢gme birimlerinin biiyiikliikleri gibi 6zellikler
on plana ¢ikmaktadir.

Psikometrik modellerin birbirine benzerlikleri hangi modelin ne zaman kullanilacagina iliskin soru
isaretlerine yol acabilmektedir. Bu durumda birbirine yakin modellerin aymi veriye uygulanarak
sonuclarin incelenmesi degerlendirmeye derinlik ve zenginlik kazandiracaktir. Diger yandan ise bu
benzerlikler, testin uygulandigi modelin belli olmasi durumunda, teste farkli bir bakis agis1 kazandirmak
i¢in testin Uygulanabilecegi yakin model segenegini sunmaktadir. Benzer altyapiya sahip modellerden
elde edilen sonuglarin yorumlanmasi, model ¢iktilarmin karsilastirmasiyla birlikte daha anlamli hale
gelecektir. Bu yiizden gittikge yayginlasan bu iki psikometrik modele ait ¢iktilar kargilikli olarak
degerlendirilmesinde fayda goriilmektedir.

Uyarlama (retrofit) olarak ifade edilen, verinin ait oldugu model disinda farkli bir modelle incelenmesine
dayanan islem sayesinde veriden, mevcut bilgiler disinda bagka bilgiler edinilmesi amaglanmaktadir.
Bir modele aitligi bilinen veri setinin bagka modele uygulamasi durumunda elde edilecek yeni bilgilerle
mevcut ¢iktilarin ¢esitlendirilmesi, desteklenmesi ve zenginlestirilmesi uyarlama isleminin temelini
olusturmaktadir. Uyarlama isleminde mevcut model ile uyarlama ile katkida bulunacak modelin
sonugclar acisindan birbirini destekler durumda olmasi iglem sonucunu degerli kilacaktir.

Alanyazin tarandiginda BTM ve MTK ile ilgili pek ¢ok uyarlama ¢alismasinin oldugu goriilmektedir.
Bunlardan bir kismi1 temelde BTD amaciyla hazirlanmamis testin BTM’ye uyarlanmasini (Ardig, 2020;
Chen ve Chen, 2016; Chen ve de la Torre, 2014; Lee, Park ve Taylan 2011; Liu, Huggins-Manley, ve
Bulut, 2018; Sen ve Arican, 2015) igermektedir. Diger yandan BTM’lerden bir modelin MTK
modelleriyle karsilikli uyarlanmasini i¢eren ¢alismalarin (de la Torre ve Karelitz, 2009; Wang 2009)
oldugu da goriilmektedir. Ancak ¢ok kategorili BTM’ler icin uyarlama calismasina rastlanamamuistir.
Ayrica bu ¢alismada iki BTM ve bir CBMTK modeli olmak iizere ii¢ modelin uyarlanmasi da ¢alismanin
Oonemini artiran bir diger husus olarak goriilmektedir.

Birbirinden uzak modelleri birbiri yerine kullanarak uyumu yiiksek sonuglar beklemek gerceklikten
uzaktir. Daha iyi kiyaslanabilir sonuglar i¢in deginilen uyarlama g¢alismalarinda oldugu gibi farkl
alandaki modellerin yakin olanlarinin uygulamaya alinmasi dogru bir yaklagimdir. Bu amacla CBMTK
modellerine yakin BTM modelleri kullanilarak genis perspektifte uyarlama, uygulama ve degerlendirme
yoluna gidilmistir.
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Arastirmanin Amaci

Bu aragtirmanin amaci BTM ile CBMTK’yi karsilikli uygulayarak modellerin birbirlerine
uyarlanabilme diizeylerini incelemektir. Bu amag¢ dogrultusunda su alt problemlere yanit aranmustir;

1- Farkli madde ayirt edicilik, madde yapisi, test uzunlugu ve yetenekler arasi korelasyon
kosullarina gore elde edilen CBMTK verisinin, CBMTK ve BTM’ler ile kestiriminde,
modellerin birey parametrelerini ve yetenek diizeylerini dogru siniflama orant nasildir?
Modellerden elde edilen birey parametresi dogru siniflama oranlari arasinda fark var midir?

2- Farkli madde aymrt edicilik, madde yapisi, test uzunlugu ve yetenekler arasi korelasyon
kosullarina gore elde edilen BTM verilerinin, CBMTK ve BTM’ler ile kestiriminde, modellerin
birey parametrelerini ve yetenek diizeylerini dogru siniflama orani nasildir? Modellerden elde
edilen birey parametresi dogru siniflama oranlar1 arasinda fark var midir?

YONTEM
Arastirmanin Tiirii

Goriiniirde herhangi bir 6zel uygulamasi veya kullanimi bulunmayan ve oOncelikle olgu ve
gozlemlenebilir gerceklerin temellerine ait yeni bilgiler edinmek i¢in yiiriitiilen deneysel veya teorik
calismalar, temel arastirma olarak ifade edilmektedir (OECD, 2002). Arastirma kapsaminda ele alinan
modellere uygun veriler iretilip sonrasinda {iretilen ve uyarlanan modellerdeki performansa
odaklanilmustir. Istenilen dlciitlere uygun olarak verilerin tiiretilip CBMTK ve BTM cercevesinde
uygulamalar ve karsilastirmalar yapilarak yeni bilgi iiretilmek istendiginden, ¢alisma temel arastirma
niteligindedir.

Verilerin Elde Edilmesi

Aragtirmadaki verilerin iiretilmesinde madde ayirt ediciligi, madde yapisi, test uzunlugu ve korelasyon
kosullart maniple edilmistir. Madde ayirt ediciligi kosulu i¢in uniform dagilima sahip olan diisiik a ~
U(0,6 - 0,8), orta a ~ U(0,9 — 1,1) ve yiiksek diizeyde a ~ U(1,5 - 1,7) madde ayirt edicilik degerleri
kullanilmistir. Maddelerin yapilarina gore testteki orani kosulunu olusturan temel husus ise maddenin
boyutlarin/niteliklerin sadece biriyle veya birden fazlasiyla iligkili olma durumudur. Madde, tek
boyutla/nitelikle iligkili ise basit, birden fazla boyutla/nitelikle iligkili ise karmasik yapidadir. Q
matrisindeki maddelerin, %20’sinin (¢ogunlukla karmasik), %50’sinin (esit) ve %80’inin (¢ogunlukla
basit) basit yapida, geri kalanimin ise karmasik yapida olmasiyla ile madde yapisi kosulu
olusturulmustur. Test uzunlugu kosulunda ise testlerin 15 (kisa), 30 (orta) ve 60 (uzun) maddeden
olugmasina izin verilmistir. Yetenekler aras1 korelasyon kosulu ise 0 (iligski yok) ve 0,6 (orta diizeyde
iligki) olmak {izere iki fakli deger almasina izin verilmistir. Ger¢ek veri ve telafi edici model
kullaniminda korelasyonun 0 olmasi miimkiin olmamasina ragmen bu deger, iliskinin olmadig1 durumu
yansitmasi ve yetenekleri iligkili durumundaki parametrelerin daha iyi anlagilmasina yardimci oldugu
icin se¢ilmistir. Tiim kosullarin se¢iminde, alan yazindaki diger benzer ¢alismalarda (Chen ve de la
Torre, 2013; Wang, 2009) kullanilan kosullar ve model performanslarina etki eden unsurlar géz 6niinde
bulundurulmustur. Cok kategorili verilerde analiz igleminin iki kategoriliye daha uzun siirmesi ve BTM
arastirmalarinda sikga (de la Torre ve Douglas, 2004; de la Torre ve Douglas, 2008; Huebner ve Wang,
2011) kullanilmasi nedeniyle ¢alisma 25 tekrarla yapilmigtir. Boylece ¢alismada, ii¢ farkli modelde,
madde ayirt ediciligi, madde yapisi ve test uzunlugu kosullarina gore tiger, yetenekler arasi korelasyon
gore iki kosul kullanilmis ve toplamda (3*3*3%*3*2%25) 4050 veri iiretilmis ve her ii¢ modelde analiz
edilmistir.

CBMTK verisinin elde edilmesi

Caprazlanan her bir kosul i¢in ¢ok degiskenli normal dagilima sahip birey parametresine iliskin iki
boyutlu 2PL CBMTK verisi R programinda yazilan kodla iiretilmistir. Cok kategorili BTM’lerdeki
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nitelik diizeyleri madde zorluk derecesine isaret etmektedir. Bu sayede ¢ok kategorili BTM’lerin Q
matrisi madde giicliigii parametresi bulunan diger modellere doniistiiriilebilir. Veri {iretiminde, test
uzunlugu ve madde yapist kosullarina uygun olusturulan Q matrisinin 0,67 ile ¢arpim sonucundan 1,34
cikartilarak elde edilen deger madde giigliik parametresi olarak kullanilmistir. Buna gére Q matrisinde
0, 1, 2 ve 3 degerlerine karsilik giicliik parametresinde sirastyla -1,34, -0,67, 0 ve 0,67 degerlerine
karsilik gelmistir. Q matrisindeki 0 degeri dlciilmeyen niteligi temsil ettiginden giicliik parametresi -
1,34 olan maddenin ilgili yetenek ayirt edicilik indeksi 0’a esitlenerek maddede Olciilmemesi
saglanmistir. Bu yolla BTM ve CBMTK nin madde giigliiklerinin eslestirilmesi amaglanmustir.

Dogru siniflama oranlarinin elde edilmesinde, siirekli yapida olan CBMTK birey parametresinin
BTM’lerle uyumlu hale getirilmesi i¢in kesikli hale doniistiiriilmiistiir. CBMTK birey parametresine (-
0,67, 0 ve 0,67) kesme noktalarin1 uygulanarak, her bir boyut i¢in 0,1,2 ve 3 kesikli degerleri elde
edilmistir. Bu kesme noktalar1 sayesinde bireyler her bir boyut i¢in yaklasik dort esit gruba atanmustir.
Calismada madde parametrelerinin kestirim dogrulugunu saglamak adina veri setleri 5000 birey i¢in
olusturulmustur.

BTM verilerinin elde edilmesi

Calismada pG-DINA ve fA-M olmak {izere iki ayr1 BTM kullanilmistir. Modellerin farkli sayida ve
yapida madde parametresine sahip olmasi nedeniyle BTM verileri i¢in ilgili kosullar i¢in 6ncelikle
100000 bireylik iki boyutlu 2PL CBMTK verisi iiretilmistir. Ardindan bu veriden R yazilimi yardimiyla
pG-DINA ve fA-M modelleri igin iki nitelikli, uygun yapida ve sayida madde parametreleri elde
edilmistir. PG-DINA verileri GDINA (Ma & de la Torre, 2016) paketi ile, fA-M verileri ise R
programinda yazilan 6zgiin kod ile iiretilmistir.

Verilerin Analizi

Uretilen verilerin CBMTK ’deki kestirimi, mirt (Chalmers, 2012) paketi araciligiyla gerceklestirilmistir.
Birey parametresi kestiriminde EAP yontemi kullanmilmistir. CBMTK analizinin dogru siniflama
oraninin elde edilmesi igin kestirilen birey parametreleri, iiretilen birey parametreleri ile aynmi sekilde
kesikli hale getirilmistir. CBMTK verisinin BTM’de kestirimi, pG-DINA i¢in GDINA (Ma & de la
Torre, 2016) paketi ile, fA-M igin ise yazilan 6zgiin kod ile gergeklestirilmistir.

Uretilen BTM verilerinin CBMTK ’de kestiriminde, veri orijinalde 2 PL yapisina dayanmasina ragmen,
yapisi degistiginden dolayr CBMTK analizi 2PL. ve 3PL modellerinden hangisinde daha iyi uyum
sagladigi kontrol edilmistir. Veri her iki modelde de analiz edildikten sonra, model-veri uyumu
indekslerinden deviance indeksleri fark R yazilimi iizerinden ANOVA analizi ile test edilmistir. Eger
fark istatistiksel olarak anlamli (p<,05) ise 3PL modeline ait parametreler dikkate alinmistir. Genelde
3PL modelin veri i¢in daha iyi uyumu sagladigi goriilmiistir.

Analizlerin raporlanmasinda birey parametresinin dogru siniflamasi oran1 (DSO) kullanilmistir. Bireyin
her iki boyuta/nitelige ait iiretilen ve kestirilen yetenek parametresinin (vektdr) esit olmasi, bireyin
kestirilen model tarafindan dogru smiflandigi anlamina gelmektedir. Dogru siniflanan birey sayisinin
iiretilen birey sayist olan 5000’e orani, modelin DSO’sunu vermektedir. 25 tekrar ile gergeklestirilen
calismanin ortalama DSO’su raporlanmistir. Ayrica her bir model verisinin analizinde elde edilen
DSO’lar arasinda anlamli fark olup olmadigi ANOVA ile test edilmistir. Gruplar arasi1 varyansin esit
olmamasi (p<,05) nedeniyle gruplarin ikili karsilagtirmas1 Tamhane teknigiyle gerceklestirilmistir.

Yetenek diizeylerinin dogru siniflanma orani ise her bir boyut/nitelik diizeyinin model tarafindan ne
derece dogru kestirildigini yansitmaktadir. Diger bir deyisle modelin yetenek diizeylerine gore
performansini yansitmaktadir. Biitiin bireylerin iki yetenek/nitelikten sahip oldugu yetenek/nitelik
diizeylerinin DSO’larinin ortalamalari raporlanmistir.

Her bir model verisinin iiretiminde, temel kosullar ¢aprazlanarak 54 farkli kosul kullanilmistir. Analiz
sonuglarinin sunumunda ise temel kosullarin yapi olarak birbirinden bagimsiz olmasi ve bunun sonucu
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kosullar arasi etkilesim olmamasi nedeniyle, caprazlanmis kosullar yerine temel kosullarin farkl
diizeylerindeki DSO ortalamalar1 kullanilmistir. Boylece bulgularin sunumunda ve okunmasinda
kolaylik saglanmistir. Caprazlanmig 54 kosulun, 25 tekrardaki DSO ortalamalar1 EK ’te sunulmustur.

BULGULAR

Bu boliimde birinci alt problemdeki BTM’lerin CBMTK verisine uyarlanmasin1 ve ikinci alt
problemdeki CBMTK nin BTM verilerine uyarlanmasini igeren analiz sonuglar1 yer almaktadir.

CBMTK Verisinin Analizine Iliskin Sonuclar
CBMTK verisinin analizi ile elde edilen DSO’lar Tablo 2’de sunulmustur.

Tablo 2. CBMTK Verisinin Analizinde Elde Edilen DSO’lar

Kosul Diizey CBMTK pG-DINA fA-M
Madde Ayirt Edicilik Diisiik 0,43 0,27 0,40
Orta 0,50 0,29 0,45
Yiiksek 0,58 0,33 0,48
Madde Yapist Cogunlukla Karmagik 0,45 0,27 0,38
Esit 0,52 0,29 0,43
Cogunlukla Basit 0,54 0,33 0,51
Test Uzunlugu 15 0,41 0,28 0,36
30 0,50 0,30 0,44
60 0,60 0,32 0,52
Yetenekler Arasi Korelasyon 0 0,48 0,26 0,38
0,6 0,53 0,33 0,50

Tablo 2 incelendiginde CBMTK ’nin kendi verisinin analizinde tiim kosullarda %41-60 DSO ile en
yiiksek performansi gosterdigi ve bunu %36-52 DSO ile fA-M uyarlamasinin izledigi goriilmektedir.
PG-DINA’nn ise %26-33 ile tiim kosullarda en diisiik DSO’lara sahip oldugu goriilmektedir. DSO’lar
incelendiginde CBMTK analizi ve fA-M uyarlamasi oranlarinin birbirine yakin, fA-M ve pG-DINA
uyarlamalar arasindaki farklarin ise daha fazla oldugu goriilmektedir.

Madde ayirt edicilik indekslerinin artig1 tiim modellerin daha iyi performans gostermelerini saglamistir.
CBMTK analizinde performans artiginin (,15) BTM’lere (,06-,08) gore daha fazla oldugu
gozlenmektedir. Benzer sekilde, basit yapidaki maddelerin testteki oranmi arttikca modellerin
DSO’larinin arttigr goriilmektedir. Artis modellere gore incelendiginde ise fA-M’1n performansindaki
artisin (0,13) digerlerinden (,09-,06) daha yiiksek oldugu gozlenmektedir. Test uzunlugu kosuluna
bakildiginda, test uzunlugu artisinin da DSO artisina neden oldugu goriilmektedir. CBMTK ve fA-M
icin bu kosul en diisiik (,41-,36) ve en yiiksek (,60-,52) performansi barindirmaktadir. PG-DINA
uyarlamasindaki artis (,04) ise son derece smirli olmustur. Incelenen diger kosul olan yetenekler arasi
korelasyonun varliginda da DSO’larin arttig1 goriilmektedir. Artisin fA-M (,12) basta olmak {izere BTM
uyarlamalarinda daha belirgin oldugu gézlenmektedir.

Modellerden elde edilen birey parametresi dogru siniflama oranlari arasinda farkin istatistiksel olarak
anlamliligina iliskin test sonucu Tablo 3’te sunulmustur.
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Tablo 3. CBMTK Verisinin Analizi Sonucu Elde Edilen DSO’lar Aras1 Farkin Testi

Varyans Kaynagi Kareler Toplam sd F Fark

Gruplar arasi 30,807 2 1592,984* CBMTK>fA-M

Grup i¢i 39,132 4047 CBMTK>pG-DINA

Toplam 69,939 4049 f-AM>pG-DINA
*p<,001

Tablo 3’teki degerlere gore CBMTK verisinin analizi sonucu elde edilen DSO’lar arasinda anlamli fark
bulunmustur [F(2,4047)=1592,984, p<,001]. Modellerden edilen DSO’lar Tamhane yontemi ile ikili
karsilastirildiginda, CBMTK sonuglarinin BTM sonuclarindan, fA-M sonuglarinin ise pG-DINA
sonuglarindan anlamli olarak daha yiiksek oldugu gortilmistiir (p<,001).

CBMTK verisinin analizi sonucu yetenek diizeylerinde gerceklesen DSO’lar Tablo 4’te sunulmustur.

Tablo 4. CBMTK Verisinin Analizinde Yetenek Diizeylerine Gore Elde Edilen DSO’lar

Model Diizey 0 Diizey 1 Diizey 2 Diizey 3
CBMTK 0,79 0,61 0,61 0,79
pG-DINA 0,96 0,10 0,10 0,96
fA-M 0,74 0,56 0,56 0,74

Tablo 4’teki sonuglarda en ¢ok dikkat ¢eken durum pG-DINA’nin diizey 0 ve diizey 3°deki bireyleri
cok yiiksek (,96) bir oranda dogru siniflamasina ragmen diizey 1 ve diizey 2’de bulunan bireylerin
sadece %10’unu dogru smiflayabilmektedir. Diger modellerde de diizey 0 ve 3 deki bireyler (,79-,74)
diizey 1 ve 2’deki bireylerden (,61-,56) daha yiiksek bir yiizdede dogru siniflanmaktadir. Ancak bu
farkin pG-DINA’daki kadar biiylik olmadig1, daha dengeli oranlarin oldugu goriilmektedir.

pG-DINA Verisinin Analizine fliskin Sonuclar
PG-DINA verisinin analizi ile elde edilen DSO’lar Tablo 5’te sunulmustur.

Tablo 5. pG-DINA Verisinin Analizinde Elde Edilen DSO’lar

Kosul Diizey pG-DINA CBMTK fA-M
Madde Ayirt Edicilik Diisiik 0,60 0,35 0,59
Orta 0,72 0,44 0,72
Yiksek 0,84 0,54 0,82
Madde Yapist Cogunlukla Karmasik 0,73 0,31 0,70
Esit 0,72 0,50 0,71
Cogunlukla Basit 0,71 0,52 0,70
Test Uzunlugu 15 0,53 0,32 0,51
30 0,73 0,45 0,72
60 0,90 0,56 0,89
Yetenekler Arast Korelasyon 0 0,71 0,44 0,70
0,6 0,73 0,45 0,72
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Tablo 5 incelendiginde pG-DINA’nin kendi verisinin analizinde tim kosullarda %53-90 DSO ile en
yiiksek performansi gosterdigi, fA-M uyarlamasinin ise %51-89 DSO ile ¢ok yakin bir performansa
sahip oldugu goriilmektedir. CBMTK uyarlamasi ise %31-56 ile tiim kosullarda en diisiik DSO’lara
sahip oldugu goriilmektedir. DSO’lar incelendiginde pG-DINA analizi ve fA-M uyarlamasi oranlarinin
arasinda goriilen farklarin (%0-2) birbirine ¢ok yakin oldugu, fA-M ve CBMTK uyarlamalar arasindaki
farklarin ise ¢ok biiyiik oldugu goriilmektedir.

Madde ayirt edicilik indekslerinin artig1 tiim modellerin daha iyi performans gostermelerini sagladigi
goriilmektedir. BTM analizlerinde performans artislarinin (,24-,23) CBMTK analizine (,19) gore biraz
daha fazla oldugu gozlenmektedir. Basit yapidaki maddelerin testteki orani arttikca sadece CBMTK de
DSO’larmin arttigi (,21), pG-DINA analizinde ¢ok az diistiigii (-,02), fA-M analizinde ise hemen hemen
sabit kaldigr goriilmektedir. Test uzunlugu kosuluna bakildiginda, test uzunlugu artisinin da DSO
artisina neden oldugu goriilmektedir. PG-DINA ve fA-M analizleri i¢in bu kosul en diisiik (,53-,51) ve
en yiiksek (,90-,89) performansi barindirmaktadir. CBMTK uyarlamasindaki artis (,24) ise daha sinirlt
olmustur. Incelenen diger kosul olan yetenekler arasi korelasyonun varhginda da DSO’larin arttigi
goriilmektedir, ancak artisin ¢ok sinirli oldugu goriillmektedir.

Modellerden elde edilen birey parametresi dogru siniflama oranlar1 arasinda farkin istatistiksel olarak
anlamliligina iliskin test sonucu Tablo 6’da sunulmustur.

Tablo 6. pG-DINA Verisinin Analizi Sonucu Elde Edilen DSO’lar Arasi Farkin Testi

Varyans Kaynagi Kareler Toplami sd F Fark
Gruplar arasi 65,273 2 1010,622* pG-DINA> CBMTK
Grup igi 129,464 4009 fA-M > CBMTK
Toplam 194,737 4011

*p<,001

Tablo 6’daki degerlere gore pG-DINA verisinin analizi sonucu elde edilen DSO’lar arasinda anlamli
fark bulunmustur [F(2,4009)=1010,622, p<,001]. Modellerden edilen DSO’lar Tamhane yontemi ile
ikili karsilastirildiginda, CBMTK sonuglarinin BTM sonuglarindan anlamli daha diisiik oldugu
goriilerken (p<,001), fA-M sonuglarinin ise pG-DINA sonuglarindan farklilagsmadigi goriilmistiir
(p>,05).

PG-DINA verisinin analizi sonucu yetenek diizeylerinde ger¢eklesen DSO’lar Tablo 7°de sunulmustur.

Tablo 7. pG-DINA Verisinin Analizinde Yetenek Diizeylerine Gore Elde Edilen DSO’lar

Model Diizey 0 Diizey 1 Diizey 2 Diizey 3
pG-DINA 0,87 0,81 0,80 0,87
CBMTK 0,65 0,56 0,60 0,71
fA-M 0,81 0,80 0,80 0,81

Tablo 7°deki sonuclara bakildiginda pG-DINA’nm tiim diizeylerde %80-87 arasinda DSO’ya sahip
oldugu ve diizey 0 ve 3’deki bireyleri biraz daha yiiksek oranda dogru sinifladigi gériilmektedir. FA-M
ise tim diizeylerde birbirine ¢ok benzer sekilde %80-81 DSO’ya sahiptir. CBMTK analizi ise orta
diizeylerde daha diisiik %56-60, ug¢ diizeylerde daha yiiksek %65-71 ve kismen de diizensiz DSO’lara
sahiptir.

fA-M Verisinin Analizine Iliskin Sonuclar

FA-M verisinin analizi ile elde edilen DSO’lar Tablo 8’de sunulmustur.
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Tablo 8 incelendiginde fA-M’1n kendi verisinin analizinde tiim kosullarda %44-80 DSO ile en yiiksek
performans1 gosterdigi ve bunu %39-71 DSO ile CBMTK uyarlamasinin izledigi goriilmektedir. PG-
DINA’nin ise %26-34 ile tiim kosullarda en diisiik DSO’lara sahip oldugu goriilmektedir. DSO’lar
incelendiginde fA-M analizi ve CBMTK uyarlamasi oranlarinin birbirine yakin, CBMTK ve pG-DINA
uyarlamalari arasindaki farklarin ise daha fazla oldugu goriilmektedir.

Tablo 8. fA-M Verisinin Analizinde Elde Edilen DSO’lar

Kosul Diizey fA-M CBMTK pG-DINA
Madde Ayirt Edicilik Diisiik 0,50 0,46 0,26
Orta 0,61 0,55 0,29
Yiiksek 0,74 0,65 0,34
Madde Yapisi Cogunlukla Karmagik 0,59 0,47 0,28
Esit 0,63 0,57 0,29
Cogunlukla Basit 0,63 0,61 0,31
Test Uzunlugu 15 0,44 0,39 0,27
30 0,61 0,55 0,29
60 0,80 0,71 0,32
Yetenekler Arasi Korelasyon 0 0,61 0,55 0,30
0,6 0,62 0,55 0,29

Kosullarin etkisi incelendiginde ise, madde ayirt edicilik indekslerinin artigi tiim modellerin daha iyi
performans gdstermelerini sagladigi goriilmektedir. FA-M (,24) ve CBMTK (,19) analizlerinde
performans artisinin pG-DINA (,08) analizine gore daha fazla oldugu gézlenmektedir. Bu kosul ayrica
pG-DINA i¢in en disiikk (,26) ve en yiiksek (,34) performans: barmmdirmaktadir. Basit yapidaki
maddelerin testteki orani arttikca modellerin DSO’larmin arttif1 goriilmektedir. Artis modellere gore
incelendiginde ise CBMTK (,14) performansindaki artisin BTM’lere (,04-,03) gore daha yiiksek oldugu
gozlenmektedir. Test uzunlugu kosuluna bakildiginda, test uzunlugu artiginin da DSO artisina neden
oldugu goriilmektedir. FA-M ve CBMTK analizinde bu kosula gore artisin ¢ok biiyiik oldugu ayrica bu
kosulun en diistik (,44-,39) ve en yiiksek (,80-,71) performansi da icerdigi goriilmektedir. PG-DINA
uyarlamasindaki artis (,05) ise son derece sinirli olmustur. incelenen diger kosul olan yetenekler arasi
korelasyonun varliginda DSO’larda dikkate deger bir degisim goriilmemektedir.

Modellerden elde edilen birey parametresi dogru siiflama oranlar1 arasinda farkin istatistiksel olarak
anlamliligina iliskin test sonucu Tablo 9’da sunulmustur.

Tablo 9. fA-M Verisinin Analizi Sonucu Elde Edilen DSO’lar Arasi Farkin Testi

Varyans Kaynagi Kareler Toplami sd F Fark

Gruplar arast 77,937 2 1934,53* f-AM>pG-DINA

Grup igi 81,521 4047 f-AM> CBMTK

Toplam 159,458 4049 CBMTK>pG-DINA
*p<,001

Tablo 9°daki degerlere gore fA-M verisinin analizi sonucu elde edilen DSO’lar arasinda anlamli fark
bulunmustur [F(2,4047)=1934,53, p<,001]. Modellerden edilen DSO’lar Tamhane yontemi ile ikili
karsilastirildiginda, fA-M sonuglarinin CBMTK ve pG-DINA sonuglarindan, CBMTK sonuglarinin ise
pG-DINA sonuglarindan anlamli olarak daha yiiksek oldugu goértilmiistiir (p<001).

FA-M verisinin analizi sonucu yetenek diizeylerinde ger¢eklesen DSO’lar Tablo 10°da sunulmustur.
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Tablo 10. fA-M Verisinin Analizinde Yetenek Diizeylerine Gore Elde Edilen DSO’lar

Model Diizey 0 Diizey 1 Diizey 2 Diizey 3
fA-M 0,85 0,67 0,68 0,84
CBMTK 0,82 0,62 0,63 0,81
pG-DINA 0,98 0,11 0,11 0,98

Tablo 10’daki sonuglarda, CBMTK verisinin analizini igeren Tablo 4’teki sonuca benzer sekilde pG-
DINA’nin diizey 0 ve diizey 3°deki bireyleri miikemmele yakin bir oranda (,98) dogru siniflamasina
ragmen diizey 1 ve diizey 2’de bulunan bireylerin sadece %11’ini dogru siniflayabildigi goriilmektedir.
PG-DINA haricindeki modellerde de diizey 0 ve 3 deki bireyler diizey 1 ve 2’deki bireylerden daha
yiiksek bir yiizdede dogru siniflanmaktadir. Ancak bu farkin pG-DINA’ya gore ¢ok daha kii¢iik oldugu
goriilmektedir.

SONUCLAR ve TARTISMA

Bu aragtirmada CBMTK ve ¢ok kategorili BTM’lerden pG-DINA (Chen ve de la Torre, 2013) ve fA-
M’ (Yakar, de la Torre ve Ma, 2017) birbirine uyarlanmasi amaglanmistir. Bu amagla 6ncelikle madde
ayirt edicilik, madde yapisi, test uzunlugu ve yetenekler arasi korelasyon kosullarina gore her modele
ait veriler tiretilmistir. Sonrasinda her bir veri ti¢ modelde de analiz edilerek, veri tiretimindeki birey
parametrelerinin analizde kullanilan model tarafindan dogrulanma oranlarina bakilmstir.

[k alt problem icin CBMTK ’de iiretilen veri beklendigi gibi en dogru CBMTK tarafindan kestirilmistir.
Bunu fA-M kestirimi izlemis, en diisiik performans ise pG-DINA’da goriilmiistiir. CBMTK ve fA-M
kestirim sonuglarinin yakin olmasi, CBMTKde yetenek artisinin maddenin dogru yanitlama olasiligini
artirmasina benzer mantiga sahip olan indirgenmis Ortilk gruplarinin fA-M’da kullanimiyla
aciklanabilir. Cokmiis gruplar tizerinden islem goren pG-DINA’da birey parametrelerindeki her nitelik
artis madde yanitlama olasiligina yansimayabilirken, fA-M’da her nitelik artisi maddeyi yanitlamaya da
arti olarak yansimaktadir.

Aragtirmada farklilastirilan kosullara bakildiginda CBMTK analizinde en yiiksek verim test uzunlugu
kosulundan elde edilmistir. Bu kosulu sirasiyla madde ayirt edicilik ve madde yapisi orani izlemistir.
Yetenekler arasi korelasyon kosulunun ise diger kosullara gore etkisi sinirli kalmistir. Madde yapisi
kosulunun sadece CBTMK verisinde veya analizlerinde etkin oldugu goriilmiistiir. Ayrica, BTM’lerde
kosullarin etki biiyiikliiklerinin farklilagabilecegi bulgularda ortaya ¢ikmustir. PG-DINA’nin kosul
degisimlerine zayif tepkiler verdigi, fA-M’m ise CBMTK’ya gore madde yapisindan ve yetenekler
arasinda korelasyondan daha fazla etkilendigi goriilmistiir. Wang’in (2009) reduced reparameterized
unified model (R-RUM; DiBello, Roussos, & Stout, 2007; Hartz, 2002) ve CBMTK y1 karsilikli
uyarladigi ¢alismasinda bulunan madde yapis1 ve madde ayirt edicilik kosullarindaki degisim, fA-M
uyarlamasiyla benzerlik gostermektedir. De la Torre ve Karelitz’in (2009) tek boyutlu MTK ve DINA’y1
karsilikli uyarlamasinda madde ayirt edicilik kosulunda goriilen degisim de yine fA-M uyarlamasi ile
benzerlik tagimaktadir. Bu sonuglar birbiri ile uyumlu olan farkli modellerin karsilikli uyarlanmasinda
etki eden faktorlerin ortak olabilecegi ¢ikarimini dogurmaktadir.

Ikinci alt problemde ele alinan pG-DINA verisinin analizlerine bakildiginda, pG-DINA’nmn kendi
verisini ¢ok 1iyi bir oranda dogru kestirdigi goriilmiistiir. Bu oranlar ¢alismada elde edilen en yiiksek
degerlere erismistir. FA-M'dan elde edilen oranlarin pG-DINA’ya ¢ok yakin oldugu ve oranlar arasinda
istatistiksel fark olmadigi goriilmistiir. PG-DINA verisinin fA-M tarafindan pG-DINA benzer
dogrulukta kestirilmesi, arastirmada goriilen en iyi uyarlama olmas1 bakimindan dikkat c¢ekicidir.
CBMTK ise bu modellerden daha diisiik oranlara sahiptir. Bu sonug ilk arastirma problemindeki sonucu
destekler niteliktedir. CBMTK ve pG-DINA’nin karsilikli uyarlanmasinda elde edilen sonuglar istenilen
diizeyde degildir. PG-DINA verisinin fA-M tarafindan basarili kestirimi, pG-DINA’da var olan
etkilesim etkisinin, fA-M’da olmamasina ragmen her diizey i¢in kestirilen etkilerce ikame edilmesi
sayesinde gerceklesmektedir. Modellerde birebir aynm1 madde parametreleri olmasa dahi farkli
parametreler model degisiminde olusan boslugu doldurabilmektedir. Bu durum daha fazla sayida madde
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parametresi iceren modellerin bir avantaji olarak degerlendirilebilir. PG-DINA verisinde en diisiik
kestirimde bulunan CBMTK’nin yine de kendi verisinin analizi sonucu elde ettigi degerlere yakin
diizeyde DSO’ya sahip oldugu goriilmistiir. Bu a¢idan bakildiginda CBMTK nin pG-DINA verisinde
basarisiz oldugu séylenemeyebilir.

PG-DINA verisi analizinde kosullara gore ortaya ¢ikan farkli sonuglara bakildiginda, test uzunlugu ve
madde ayirt edicilik artisinin tiim modellerin DSO’larina iyi yansidigi goriilmektedir. Buna ek olarak
madde yapisindaki basitlesmenin ise sadece CBMTK’de artis1 beraberinde getirmektedir. Burada dikkat
ceken diger bir sonug ise, madde yapisi orani kosulunun pG-DINA verisinde diger model verilerine
kiyasla etkisini yitirmesidir.

FA-M verisinin analizlerinde elde edilen sonuglara bakildiginda diger modellerde oldugu gibi yine
verinin ait oldugu modelde analizi en iyi siniflama oranina sahiptir. CBMTK ise az bir farkla fA-M
sonuglarini izlemektedir. Bu sonu¢ CBMTK wverisi analizinde ortaya ¢ikan duruma benzerlik
gostermektedir. Ortaya ¢ikan sonuglar gerekli durumlarda CBMTK ve fA-M’larin birbiri yerine
kullanilabilecegini gdstermistir. pG-DINA sonuglari ise CBMTK verisi analizinde oldugu gibi yine en
diisiik oranlara sahip oldugu goriilmiistiir. Kullanilan kosullar agisindan bakildiginda ise boyutlar
arasindaki iligki haricindeki kosullarin model analizlerinde etkin oldugu gorilmiistiir.

PG-DINA’nin gosterdigi diisiik performansin orta diizeydeki bireylerde goriilen ¢ok diisiik DSO’lara
bagli oldugu, yetenek diizeylerine gore siniflama oranlarinda ortaya ¢ikmustir. Yapilan ekstra bir
incelemede, pG-DINA kendi verisi haricindeki diger verilerde kestiriminde orta diizeydeki bireyleri ok
biiyiik oranda ug diizeylerde kestirdigi goriilmiistiir (bulgularda sunulmamigtir). PG-DINA’nin kendi
verisi disindaki veri analizlerinde orta diizeydeki bireyleri kestirimde son derece basarisiz oldugu, ug
diizeylerdeki basarisini ise tiim grubu merkezden uzaklastirarak ug¢ diizeylere yigmasina sayesinde
gerceklestirdigi soylenebilir.

Calismada normal dagilimdaki yetenekler uniform dagilim olusturacak sekilde kesme puanlar ile
kesikli hale getirilmistir. Buna gore tiim diizeylerde yaklasik esit sayida birey bulunmaktadir. Ancak
uygulamada karsilasilmasi1 kuvvetle muhtemel kategorik yeteneklerin de normal dagilima yakin olmasi
halinde pG-DINA’nin uyarlamalarda ¢ok daha diisiik DSO’lara sahip olacagi 6n goriilmektedir. Bu
yiizden pG-DINA’nmm kendi modeline ait olmayan gergek veride kullanilmas1 daha diisiik sonuclara
neden olabilir. Bu nedenle pG-DINA’nin diger modellere ait verilerde kullanimina dikkat edilmelidir.

Verilerin iiretildikleri model ile analiz edilmesi durumunda, CBMTK ’nin, pG-DINA ve fA-M’a gore
daha diisiik dogrulama oranina sahip oldugu goriilmiistiir. Bu sonu¢ CBMTK verisi kestiriminin diger
model verilerine gore daha zor oldugu sonucunu dogurmaktadir. Bu durum CBMTK’nin birey
parametrelerinin siirekli yapida oldugu ancak sonuglarm karsilastirabilmek adina kesikli hale
getirilmesinden kaynaklanabilir. Bu doniisim nedeniyle verideki bilgi ve kalite kaybi analizlere
olumsuz yansimis olabilir.

Modellerin en iyi performanslarini kendi verisinde gostermesi beklenmektedir. Ancak fA-M
analizlerinin pG-DINA verisinde elde ettigi DSO’lar beklenmeyen bir sekilde fA-M verisinde elde
ettiginden daha yiliksek oldugu goriilmiistiir. Benzer bir durum CBMTK igin gegerlidir. CBMTK
analizinin, CBMTK verisindeki performansi fA-M verisinde gosterdiginden daha diisiiktiir. Benzer bir
sonucun Wang (2009) ¢alismasindaki R-RUM ve CBMTK uyarlamasinda ve de la Torre ve Karelitz’in
(2009) tek boyutlu MTK ve DINA uyarlamasinda da oldugu goriilmektedir. Bu durumun sebebinin
modellerin kendi verisinden daha basit verilerde daha iyi kestirim yapmasi oldugu diisiiniilmektedir. Bu
genellemenin gerceklesmesi i¢cin model-veri uyumunun da saglanmasi gerekmektedir. Bu kosulun
yerine gelmemesi nedeniyle CBMTK pG-DINA verisinde diisiik bir kestirime sahiptir. Bu bilgilere gére
genel yapilart agisindan modeller, basitten karmasiga goére pG-DINA, fA-M ve CBMTK olarak
siralanabilir.

Sonuglar 6zetlenecek olursa verinin ait oldugu modelin veriyi analizi, diger modellerin analizinden
basarili olmustur. FA-M ise kendine ait olmayan her iki veride de verinin ait oldugu modele yakin
performans sergilemistir. Bu durum fA-M’in pG-DINA ve CBMTK’ya basarili bir sekilde
uyarlanabildigini ve gerekli durumlarda bu modeller yerine kullanilabilecegini gostermistir. PG-DINA
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ve CBMTK karsilikli uyarlama g¢aligmalarinin her ikisi de diisiik dogrulama oranlarina sahiptir. Bu
yiizden bu iki modelin birbiri yerine kullaniminin sorunlu oldugu goriilmiistir.

Bu c¢alismanin sinirliligi agisindan bakildiginda CBMTK verisinden ¢ok diizeyli biligsel tani bilgisi
almmak istendiginde fA-M’1n iyi sonug¢ verdigi goriilmiistiir. Ancak, bu sonu¢ bu uyarlama islemi
yalnizca yeteneklerin ¢ok diizeyli niteliklere doniistiiriilebilecegi durumlarda gegerlidir. Cok diizeyli
niteliklerin CBMTK’ye uyarlamasinda ise fA-M verileri CBMTK tarafindan yiiksek dogrulukla analiz
edilmistir. Bu uyarlama iglemi ise sadece, niteliklerin bilinen bir sekilde boyut/boyutlarda yer alabilmesi
durumunda uygulanabilir. Bu sartlarin olusmadigi durumlarda farkli modellerle uyarlama islemi
yapilmalidir.
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Ek. Caprazlanmms Kosullarin Ortalama DSO’lar

Kosullar Dogru Uyarlanan Dogru Uyarlanan Dogru Uyarlanan
Model Model Model Modeller Model Modeller

Kore-  Test Madde Yapis1 Madde CB pG- fA-M  pG- CB fA-M  fA-M CB pG-
lasyon Uz Ayirt E. MTK DINA DINA MTK MTK  DINA
0 15 C. Karmagik Diisiik ,26 ,19 24 ,39 21 37 32 ,28 23
0 15 C. Karmagik Orta 31 ,20 ,26 51 ,26 ,48 ,40 ,33 ,26
0 15 C. Karmagik Yiiksek 39 21 ,26 ,63 ,29 ,60 ,49 ,39 ,30
0 15 Esit Diisiik 31 21 27 ,38 24 37 34 31 23
0 15 Esit Orta ,38 23 29 51 31 49 43 ,39 ,26
0 15 Esit Yiiksek A7 ,25 27 ,66 43 ,63 ,55 49 ,30
0 15 C. Basit Diisiik ,32 23 31 ,39 26 ,38 ,35 ,33 23
0 15 C. Basit Orta 41 27 37 ,51 37 ,50 44 43 ,28
0 15 C. Basit Yiiksek ,52 ,33 42 ,66 ,53 ,65 57 ,55 ,35
0 30 C. Karmagik Diisiik ,34 ,22 29 ,58 27 57 45 ,40 25
0 30 C. Karmagik Orta ,40 ,22 31 72 31 71 57 46 ,28
0 30 C. Karmagik Yiiksek AT 23 ,28 ,85 ,36 ,83 ,69 ,54 ,32
0 30 Esit Diisiik ,40 24 ,35 ,58 ,36 ,56 ,50 A7 ,26
0 30 Esit Orta 49 25 ,38 72 47 71 ,62 ,56 ,28
0 30 Esit Yiiksek ,59 ,28 ,33 ,86 ,63 ,85 ,76 ,68 ,33
0 30 C. Basit Diisiik 43 ,25 ,40 ,56 ,38 ,54 49 49 ,26
0 30 C. Basit Orta ,52 ,28 A7 71 51 71 ,62 ,60 ,28
0 30 C. Basit Yiiksek ,63 ,33 ,59 ,86 73 ,86 77 75 37
0 60 C. Karmagik Diisiik 43 23 ,36 81 32 ,80 ,63 ,53 27
0 60 C. Karmagik Orta ,50 23 37 ,92 ,35 91 76 ,61 31
0 60 C. Karmasik Yiiksek 59 24 ,35 98 ,45 97 ,88 71 34
0 60 Esit Diisiik ,52 ,25 43 ,80 ,52 ,80 ,68 ,64 ,28
0 60 Esit Orta ,60 27 ,48 91 ,67 91 ,81 74 31
0 60 Esit Yiiksek ,69 ,30 ,40 ,97 ,82 97 ,92 ,84 ,37
0 60 C. Basit Diisiik ,55 ,28 48 77 ,56 76 ,68 ,66 ,29
0 60 C. Basit Orta ,64 31 ,58 ,90 73 ,89 ,82 79 ,33
0 60 C. Basit Yiiksek 72 43 ,69 ,97 ,60 97 ,93 ,89 42
0,6 15 C. Karmagik Diisiik ,39 ,29 ,38 43 23 42 ,33 ,29 ,23
0,6 15 C. Karmagik Orta 43 31 41 ,55 ,25 ,54 41 ,33 ,26
0,6 15 C. Karmasik Yiiksek 48 33 A4 ,66 29 ,66 51 39 29
0,6 15 Esit Diisiik ,39 ,30 ,38 41 25 41 ,35 ,32 24
0,6 15 Esit Orta 45 31 43 53 31 52 44 40 ,26
0,6 15 Esit Yiiksek ,52 ,34 48 ,68 43 ,66 57 ,49 ,30
0,6 15 C. Basit Diisiik ,39 ,30 ,38 ,40 ,26 ,39 ,35 ,33 24
0,6 15 C. Basit Orta 45 ,33 44 52 37 52 ,45 43 ,28
0,6 15 C. Basit Yiiksek ,55 ,37 ,53 ,68 ,54 67 ,58 ,56 ,34
0,6 30 C. Karmasik Diisiik ,45 ,30 44 ,65 27 ,64 A7 ,40 ,26
0,6 30 C. Karmagik Orta 49 31 48 77 ,30 77 ,59 ,46 ,28
0,6 30 C. Karmagik Yiiksek ,56 ,33 49 ,88 34 ,88 72 ,54 31
0,6 30 Esit Diisiik AT 31 ,46 ,63 37 ,62 51 A7 ,26
0,6 30 Esit Orta ,54 ,33 ,52 75 48 75 ,63 ,56 ,29
0,6 30 Esit Yiiksek ,62 ,36 57 ,88 64 ,88 ,78 ,68 ,33
0,6 30 C. Basit Diisiik A7 ,32 45 ,58 ,39 ,56 ,50 ,49 ,26
0,6 30 C. Basit Orta ,55 ,34 ,52 73 ,52 73 ,63 ,60 ,28
0,6 30 C. Basit Yiiksek ,64 ,40 ,62 87 73 87 ,78 75 ,37
0,6 60 C. Karmagik Diisiik ,51 31 ,50 ,86 31 ,86 ,65 ,53 ,28
0,6 60 C. Karmagik Orta ,56 ,32 ,54 ,95 34 ,95 ,78 ,61 ,30
0,6 60 C. Karmagik Yiiksek ,63 ,33 ,53 ,99 44 ,99 ,89 ,70 31
0,6 60 Esit Diisiik ,56 ,32 ,52 ,84 ,53 ,84 ,69 ,63 27
0,6 60 Esit Orta ,62 ,34 ,59 ,93 ,67 ,93 ,83 73 31
0,6 60 Esit Yiiksek ,70 ,38 ,64 ,98 ,83 ,98 ,93 ,83 ,34
0,6 60 C. Basit Diisiik 57 ,33 ,52 79 ,57 78 ,69 ,67 ,28
0,6 60 C. Basit Orta ,65 ,36 ,61 91 73 91 ,83 79 ,33
0,6 60 C. Basit Yiiksek 73 ,46 71 ,98 ,64 ,98 ,94 ,88 41

Dogru model, verinin, tiretildigi model ile analizini, sagindaki ilk iki situndaki uyarlanan modeller ise dogru modele ait verinin
diger modellere uyarlamasini igermektedir.
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