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ABSTRACT

To accurately reflect students’ current proficiency levels through achievement tests, it is essential
to make determinations based on the attribute levels measured by the items. The validity of
classifying students based on their measured attributes is enhanced when the items in the
achievement test have varying effects on classification, taking into consideration the attributes
measured by each item. The accuracy of establishing item-attribute relationships, that is, the
accuracy of the Q matrix, affects the accuracy of classification, the quality of inference, and the
accuracy of decisions made about students. This research aims to investigate the impact of the Q
matrix misspecification in the DINA model on the item parameters and the classification of
individuals in simulated data sets. Within the scope of the study, examinations were conducted
regarding misspecification rates of 5%, 7.5%, and 10%, and misspecification patterns of under-
fitting, over-fitting, and balanced-misfit. Simulated data were generated and analyzed using R and
Mplus software. Item parameters and classifications made with misspecified Q matrices were
compared with the estimations made using the true Q matrix appropriate for the data set. Under
the examined conditions of this study, it was found that each misspecification condition
differentiated the classifications of individuals. In the under-fitting Q matrix conditions, the
classification accuracy decreased as the misspecification rate increased. In the over-fitting
conditions, the classification accuracy increased as the misspecification rate increased; all resulted
in lower classification accuracy compared to those obtained using the true Q matrix. In balanced-
misfit conditions, an increase in the misspecification rate decreased classification accuracy. Over-
fitting and balanced-misfit conditions had a more substantial negative impact on classification
accuracy compared to under-fitting Q matrices. Under-fitting conditions increased the slipping
parameter. Over-fitting conditions increased the guessing parameter. Balanced-misfit conditions
increased under-fitting items’ slipping parameter, over-fitting items’ guessing parameter, and
balanced-misfit items’ both slipping and guessing parameters. The increases in slipping parameters
were much greater than the increases in guessing parameters.
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INTRODUCTION

In the field of education, at all levels and in every classroom setting, achievement tests are administered to assess
students' learning progress. Achievement tests involve classifying student performance on an item level or the
entire test. During these classifications, the attributes required to answer each item correctly are taken into
account, and if the impact of each item on student classification in the test can be determined by considering
the attributes necessary for its correct response, the validity of the classifications and the accuracy of the
decisions made will improve. One effective approach to achieving this is by using Cognitive Diagnostic Models

(CDMs).

In Cognitive Diagnostic Models, which are a type of specialized latent class model, an attribute profile is created
for each student based on their responses to the test items, and groups of students with similar attribute profiles
are identified. The number of possible groups (latent classes) is predetermined based on the total number of
attributes and dependencies among attributes. Therefore, CDMs are considered constrained latent class models

(Haertel, 1989; Jang, Kim, Vincett, Barron, & Russell, 2019; Rupp et al., 2010).

In Cognitive Diagnostic Models, when the attributes measured by each item are accurately identified and
defined, students' performance on each attribute and the entire test can be determined in a more detailed,
accurate, and valid manner. This enables the identification of students' strengths, weaknesses, and readiness
levels for transitioning to the next educational stage, and facilitates guiding the educational process (de la Torre,
2009a; Henson & Templin, 2006; Leighton & Gierl, 2007; Rupp, 2007; Rupp & Templin, 2008a; 2008b; Rupp,
Templin & Henson, 2010).

In Cognitive Diagnostic Models, the identification of attributes measured by each item is achieved through the Q
matrix. The Q matrix is created by encoding the item-attribute relationships numerically (as a JxK matrix of 1s
and 0s), where rows represent items and columns represent attributes (Rupp et al., 2010). For each item, if
possessing a particular attribute (attribute k) is required to answer that item (item j) correctly, a "1" is placed in
the intersection cell (gjk cell) where the row corresponding to the item j and the column corresponding to
attribute k meet. If not required, "0" is entered. The Q matrix reflects the structure of the administered
achievement test and serves as the fundamental building block for the quality of decisions made using this
achievement test (de la Torre, 2009a; Rupp & Templin, 2008a; Rupp, Templin & Henson, 2010). The theoretical
and empirical soundness of the Q matrix determines the diagnostic power of the models, making it highly

important for studies conducted with CDMs (Lee & Sawaki, 2009).

In Cognitive Diagnostic Models, the accuracy of decisions made relies on the items being well-crafted and aligned
with criteria, and when the test's content validity is ensured. In such cases, the validity of individuals'
classifications is contingent upon the test's construct validity. The Q matrix misspecification will result in
erroneous individual profiles (de la Torre, 2009a; Im & Corter, 2011; Qin et al., 2015; Romero et al., 2014; Rupp
& Templin, 2008a; 2008b; Rupp et al., 2010; Tatsuoka, 1983). The accuracy of parameter estimation in CDMs
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relies on the accuracy of the Q matrix (Baker, 1993). Since the Q matrix is often determined through expert
judgment, misclassifications can occur (DeCarlo, 2012). Ensuring the accurate determination of the classes in
which students are placed holds utmost significance, as decisions concerning students are based on these

classifications (Kunina-Habenicht, Rupp, & Wilhelm, 2012).

The aim of this study is to investigate the effect of the Q matrix misspecification on item parameters and the
classification of individuals. In this research, the study was conducted with the DINA (The Deterministic-Input,

Noisy 'And' Gate; de la Torre, 2009a; Haertel, 1989; Junker & Sijtsma, 2001) model.

The DINA Model

The DINA model, where attributes and responses are binary scored, is a non-compensatory model. For a student
to correctly answer an item, they must possess all attributes associated with that item. The absence of a required
attribute in a student cannot be compensated by their possession of another attribute (de la Torre, 2009b;

Henson & Templin, 2006; Rupp & Templin, 2008a; Rupp & Templin, 2008b; Rupp, Templin & Henson, 2010).

In the DINA model, two types of non-compensatory response probabilities are calculated for items: 'slipping (sj)’
and 'guessing (gj).' The probability of a student possessing all attributes associated with an item and yet
responding incorrectly to that item is expressed by the slipping parameter, whereas the probability of a student
not possessing at least one required attribute and still responding correctly to the item is represented by the
guessing parameter (Rupp & Templin, 2008a; Rupp et al., 2010). The relevant formulas are presented as Equation

1 and Equation 2.
s; = P(Xi; = 0|y = 1) (1)

g; = P(Xy; = 1|y = 0) (2)

sj: The probability of a student possessing attributes related to an item, yet providing an incorrect response (false

positive) to item j.

gj : The probability of a student not having attributes associated with an item, yet providing a correct response

(true positive) to item j.

Xij : The score of student i onitemj (0, 1), where (i=1, ..., landj=1, ..., J).

7;;: Latent determinantal response.

In the DINA model, the latent determinantal response is represented as shown in Equation 3:

ai
i = k=1 aiék (3)

2240



I.I OE E C (International Journal of Eurasian Education and Culture) Vol: 8, Issue: 23 2023
100. Yil Ozel Sayisi

ai = { aik }: Binary attribute vector indicating whether student i possess attribute k (k =1, ..., K)

gik: Binary input in the Q matrix corresponding to item j and attribute k (1, 0)

The probability of a student possessing all associated attributes correctly answering an item is given by Equation

4 and Equation 5 (De la Torre, 2009a; Rupp et al., 2010).
Pi(ar) = P(X;; = 1|ny) = (1 =)™ g;' 7" (4)

exp(A1,0+21,(1) @1 +A1,1,(2) @2+ 21,2, (1,2) X1 22)
1+exp(A1,0+21,1,(1)X1+21,1,(2) @2+ 41,2 (1,2) X122)

P(X; = 1|ayay) =

P;(a;): The probability of student i, possessing the attribute vector a;, answering item j correctly.

In the DINA model, when forming students' attribute profiles, individual parameters are initially computed. This
process, which also includes item and structural parameters, is performed using the Maximum Likelihood
approach. To differentiate the latent classes where students will be placed, a preliminary classification is
computed, and this classification is used to compute item parameters. These computed parameters are taken as
known item parameters, and a posterior latent class classification is computed. The calculation algorithm follows
an iterative refinement process where item parameters are recalculated at each step. The estimations from the
previous step are compared with the current estimations until the required convergence is achieved (De la Torre,

2009a; Rupp et al., 2010).

Building on previous research (Baker, 1993; de la Torre, 2008; Im & Corter, 2011; Kunina-Habenicht, Rupp, &
Wilhelm, 2012; MacDonald, 2013; MacDonald & Kromrey, 2012; Rupp & Templin, 2008a) that explored various
potential the Q matrix misspecification scenarios, this study had decided to investigate the impact of the
misspecification rate (%5, %7.5, and %10) and the misspecification pattern (under-fitting, over-fitting, and
balanced-misfit) on the Q matrix. The theoretical considerations regarding how the Q matrix misspecification
affects item parameters and individuals' classifications are important in terms of the accuracy of decisions made
through CDMs. This research aims to provide guidance to researchers and practitioners and contribute to the
accuracy of decisions made using CDMs when the findings are applied. This study's significance lies in its potential
to illuminate the way forward for researchers and practitioners and enhance the accuracy of decisions made

through CDMs when the insights gained are put into practice.

METHOD

Since this study examines the effect of the Q matrix misspecification on item parameters and individuals'

classifications using simulated data in the DINA model, it falls under the category of a fundamental research.
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Data Generation

The number of attributes measured by the assessment tool, the sample size on which the measurement tool is
applied, and the test length are crucial factors affecting classification consistency. Based on previous studies, the
decision was made to have four attributes (Henson & Douglas, 2005; Kunina-Habenicht et al., 2012; Om{ir-Siinbdil
& Kan, 2015; Rupp & Templin, 2008a), a sample size of 1000 (Baker, 1993; Cassuto, 1996; De la Torre et al., 2010;
Kunina-Habenicht et al., 2012; MacDonald & Kromrey, 2011; Orlando & Marshall, 2002; Omiir-Siinbiil & Kan,
2015; Tsutakawa & Johnson, 1990), and a test length of 30 items (Cassuto, 1996; Henson & Templin, 2006;
Kunina-Habenicht et al., 2012; MacDonald, 2013; Omiir-Siinbiil & Kan, 2015; Tatsuoka, 1990; Templin et al.,
2009) for this study.

The decision regarding the number of items was also influenced by the potential attribute patterns. In the case
of measuring four independent attributes, there are 2” possible attribute patterns, which results in 16 (2% = 16)
expected attribute classes. Correspondingly, there are 15 different items capable of measuring these 4 attributes
(22 - 1, where 2% - 1 = 15). Each sub-attribute profile represents a multi-dimensional profile through differential
combinations of Os and 1s (Jang, Dunlop, Park, & van der Boom, 2015). The total number of possible items is one
less than the expected number of attribute profiles because there won't be an item (represented by a row of
0000) that measures no attributes in the achievement test. In the administered achievement test, there can be
multiple items measuring the same attributes, so the test may contain more than 2*- 1 items and doesn't

necessarily have to encompass all possible attribute patterns (Rupp et al., 2010).

In this study, when constructing items and the Q matrix in terms of measurement sensitivity, care was taken to
have approximately the same number of items associated with each attribute and to represent all possible
attribute patterns (DiBello & Stout, 2007; Kunina-Habenicht et al., 2012; Rupp & Templin, 2008a). The first 15
items were created to represent the 15 different possible patterns, ensuring that each attribute was associated
with a similar number of items. These initial 15 items were then duplicated to create the second half, resulting
in a total of 30 items for the hypothetical measurement instrument under investigation (True Q matrix is

presented in Appendix 1).

In this study, determining the Q matrix misspecification conditions was mispecified involved examining previous
research (Baker, 1993; Kunina-Habenicht et al., 2012; MacDonald, 2013; MacDonald & Kromrey, 2012; Rupp &
Templin, 2008a) and selecting scenarios that were likely to be encountered in real-life situations. To achieve this,
it was decided to set the misspecification rate at 5%, 7.5%, and 10%, and the misspecification patterns as under-
fitting, over-fitting, and balanced-misfit. The 5% misspecification rate implies that six cells in the Q matrix contain
misclassifications; at 7.5%, there are nine misclassified cells; and at 10%, there are twelve misclassified cells.
Under-fitting misspecification involves replacing relevant 1s with Os in the cells of the Q matrix, whereas

balanced-misfit means replacing half of the relevant 0Os with 1s and half of the relevant 1s with 0s. When
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constructing the Q matrix misspecification conditions, the items and attributes to be misclassified were randomly

selected from the cells of the first 15 items.

In order to facilitate ease of use and provide succinct descriptions, the coding schemes used for the examined Q
matrices are presented in Table 1, along with information on the average number of attributes per item, the

average number of items per attribute, and the sum of 1s and Os in the Q matrix.

Table 1. Information Regarding Q Matrices

Average Number  Average Number Total #of Total # of

Description Condition  of Attributes per of Items per Change Change

Item Attribute (0to 1) (1to 0)
Data-generating Q-matrix Qo 2.13 16.00 0 0
Q matrix with 5% under-fitting Ql 1.93 14.50 0 6
Q matrix with 7.5% under-fitting Q2 1.83 13.75 0 9
Q matrix with 10% under-fitting Q3 1.73 13.00 0 12
Q matrix with 5% over-fitting Q4 2.33 17.50 6 0
Q matrix with 7.5% over-fitting Q5 2.43 18.25 9 0
Q matrix with 10% over-fitting Q6 2.53 19.00 12 0
Q matrix with 5% balanced-misfit Q7 2.13 16.00 3 3
Q matrix with 7.5% balanced-misfit Q8 2.10 15.75 4 5
Q matrix with 10% balanced-misfit Q9 2.13 16.00 6 6

The average number of attributes per item in Table 1 represents the ratio of the number of cells with a value of
1 in the Q matrix to the number of items (30). Similarly, the average number of items per attribute is the ratio of

the number of cells with a value of 1 in the Q matrix to the number of attributes (4).

The data were generated using the "dina" package in the R software (Culpepper, 2015), based on the true Q
matrix provided in Appendix 1 and in line with the appropriate DINA model by setting the g and s parameters to
0.00. Initially, respondent attribute profiles were created consisting of 1000 individuals with binary (0-1)
responses, containing approximately an equal number of students in each of the 16 possible attribute profiles.
Subsequently, response patterns that adhered to this respondent attribute profiles were generated. Each

condition was replicated 100 times.

The Data Analysis

The data analysis was conducted using R and Mplus software. In Mplus, the syntax designed by Templin and
Hoffman (2013) for latent class models was adapted with specific modifications for DINA estimation. For each
generated response pattern from the replications, both true classifications using the true Q matrix and
misclassified classifications using each of the Q matrix misspecification was determined. In the estimations, 1000

iterations were performed, and the convergence criterion was set to 0.001.

Classification accuracy refers to the degree of concordance between the observed classification in the data,

which represents the true latent classes, and the latent classes obtained from the analysis (Cui et al., 2012). In
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the analyses with the true Q matrix, the latent classes defined during data generation were used as the true
latent classes. These true latent classes were compared with the latent classes estimated using the MLE method
from the analyses with the Q matrix misspecification. If the two latent class assignments were consistent for an
individual, a value of "1" was assigned to indicate correct classification; otherwise, a value of "0" was assigned to
represent misclassification. By averaging these 1-0 values across all individuals and all replications, overall correct

classification rates were calculated for each condition.

FINDINGS

In this section, the findings obtained from the true Q matrix and the Q matrix misspecification for the simulated

measurement tools containing 30 items are presented.

The item parameters estimated with under-fitting Q matrices are presented in Table 2.

Table 2. Under-Fitting Q Matrices Item Parameters

Qo Ql Q2 Q3
Item g S g S g s g S

1 0.012011 0.006900  0.000041 0.000039 0.000041 0.000040 0.000040 0.000040
2 0.011720 0.007101  0.000038 0.000042 0.000039 0.000039 0.000040 0.000040
3 0.012258 0.006797  0.000040 0.000039 0.000041 0.000039 0.000041 0.000039
4 0.012935 0.006413  0.000044 0.000037 0.000044 0.000037 0.000044 0.000036
5 0.006489  0.011160 ' 0.000040  0.487064 0.000041  0.487105  0.000040  0.487059
6 0.006828 0.010827  0.000027 0.000072 0.000040  0.455277 0.000041 0.455312
7 0.006673 0.010969  0.000028 0.000075 0.000028 0.000078 0.000043 0.506586
8 0.005880 0.011855  0.000026 0.000086 0.000038  0.531560 0.000041 0.551707
9 0.006762 0.010803 ' 0.000044  0.499083 0.000039  0.448053 0.000040 0.448044
10 0.006853 0.010896 = 0.000042 0.464016 0.000040  0.463959 0.000028 0.000073
11 0.003713 0.016189 ' 0.000027 0.499901 0.000027  0.529256 0.000027 0.499957
12 0.002464  0.011658 = 0.000027 0.505639 0.000028  0.512943 0.000027 0.512834
13 0.003927 0.015646  0.000023 0.000146 0.000027  0.479313 0.000044  0.743072
14 0.003629 0.016529 ' 0.000027 0.538618 0.000023 0.000163 0.000027 0.545403
15 0.002298 0.024557  0.000021 0.000319 0.000023 0.503996 0.000028  0.771180
16 0.012006 0.006933  0.000040 0.000040 0.000041 0.000040 0.000039 0.000041
17 0.006896 0.004577  0.000039 0.000041 0.000039 0.000041 0.000039 0.000042
18 0.012251 0.006751  0.000041 0.000040 0.000042 0.000038 0.000041 0.000040
19 0.012935  0.006411 0.000043  0.000037 0.000043  0.000037  0.000043  0.000037
20 0.006485 0.011221  0.000028 0.000078 0.000027 0.000077 0.000028 0.000078
21 0.006838 0.010740  0.000028 0.000073 0.000027 0.000072 0.000027 0.000073
22 0.006669 0.010957  0.000027 0.000076 0.000027 0.000076 0.000027 0.000076
23 0.005872 0.011904  0.000026 0.000087 0.000026 0.000087 0.000026 0.000086
24 0.006766 0.010860  0.000027 0.000074 0.000028 0.000075 0.000027 0.000075
25 0.006852 0.010736  0.000028 0.000074 0.000028 0.000074 0.000027 0.000070
26 0.003712 0.016268  0.000023 0.000152 0.000022 0.000158 0.000022 0.000158
27 0.003783 0.015930  0.000023 0.000151 0.000023 0.000151 0.000023 0.000148
28 0.003929 0.015551  0.000024 0.000146 0.000023 0.000147 0.000023 0.000147
29 0.003633 0.016427  0.000023 0.000161 0.000023 0.000161 0.000023 0.000163

30 0.002298 0.024666  0.000021 0.000333 0.000022 0.000329 0.000021 0.000318
s: slipping parameter, g: guessing parameter
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When examining Table 2, it can be observed that the guessing parameters of the under-fitting items (highlighted

in color) remain unchanged, while the slipping parameters and their standard error values increase.

The item parameters estimated with over-fitting Q matrices are presented in Table 3.

Table 3. Over-Fitting Q Matrices Item Parameters

Qo Q4 Q5 Q6
Item g S g S g S g S
1 0.012011  0.006900 0.000041  0.000041 0.000041  0.000039 | 0.321910  0.000077
2 0.011720  0.007101  0.339005  0.000088  0.301799 0.000074 0.413553  (.000149
3 0.012258 0.006797 « 0.367551 0.000088 0.367456 0.000086 0.000041 0.000038
4 0.012935  0.006413 0.000043  0.000038 | 0.471152 0.000154 0.466956  (0.000145
5 0.006489  0.011160 0.000027  0.000078  0.000026 0.000078 = 0.148145  0.000152
6 0.006828  0.010827  0.000027  0.000072 0.000028  0.000075  0.000028  0,000075
7 0.006673  0.010969 0.000027  0.000073  0.000027 0.000075 = 0.148693  0.000145
8 0.005880  0.011855  0.000026  0.000087 0.000026  0.000088  0.000026  0.000088
9 0.006762  0.010803 | 0.222890  0.000328  (.222893  0.000313 0.000028  0.000075
10 0.006853  0.010896 0.000028  0.000073 | (0.171486 0.000164 0.157968  0.000142
11 0.003713 0.016189 = 0.071455 0.000325 0.071428 0.000322 0.071465 0.000323
12 0.002464  0.011658 | 0.074628  0.000329  0.000023 0.000149 = 0.074649  0.000323
13 0.003927  0.015646 0.000023  0.000144 ' 0082119 0.000328 0.082126  (.000316
14 0.003629  0.016529  0.000023  0.000162  0.000023 0.000157 | 0.067149  (.000318
15 0.002298  0.024557 0.000021  0.000338  0.000021 0.000312 0.000021  (0.000328
16 0.012006  0.006933  0.000040  0.000040  0.000041 0.000039  0.000046  0.000044
17 0.006896  0.004577  0.000046  0.000045 0.000045  0.000046  0.000046  0.000046
18 0.012251 0.006751 0.000048 0.000043 0.000047 0.000045 0.000041 0.000039
19 0.012935  0.006411  0.000043  0.000038 0.000051  0.000041  0.000051  0.000041
20 0.006485  0.011221  0.000027  0.000079 0.000027  0.000075  0.000026  0.000076
21 0.006838 0.010740 0.000027 0.000075 0.000028 0.000073 0.000027 0.000075
22 0.006669  0.010957  0.000027  0.000076 0.000027  0.000075  0.000027  0.000074
23 0.005872  0.011904 0.000026  0.000087  (0.000027 0.000089  0.000026  0.000087
24 0.006766 0.010860 0.000028 0.000075 0.000027 0.000073 0.000027 0.000074
25 0.006852  0.010736 0.000028  0.000072 0.000027  0.000073  0.000027  0.000073
26 0.003712  0.016268 0.000023  0.000161  (0.000023 0.000152 0.000023  (.000155
27 0.003783  0.015930  0.000023  0.000154  0.000023 0.000154 0.000023  0.000150
28 0.003929 0.015551 0.000023 0.000142 0.000024 0.000145 0.000024 0.000148
29 0.003633 0.016427 0.000023 0.000159 0.000023 0.000161 0.000023 0.000161

30 0.002298 0.024666  0.000022 0.000329 0.000022 0.000320 0.000021 0.000336
s: slipping parameter, g: guessing parameter

When examining Table 3, it can be observed that the slipping parameters of the over-fitting items (highlighted in

color) remain unchanged, while the guessing parameters and their standard error values increase.

The item parameters estimated with balanced-misfit Q matrices are presented in Table 4. When Table 4 is
examined, in the case of balanced-misfit; it can be observed that the guessing parameters and their standard

error values for items with over-fitting have increased, the slipping parameters and their standard error values
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for items with under-fitting have increased, and for items where both under-fitting and over-fitting occurred,

both parameters and their standard error values have increased.

Table 4. Balanced-Misfit Q Matrices Item Parameters

Qo Q7 Q8 Q9
Item g s g S 8 S g S
1 0.012011 0.006900  (0.000041 0.000040 0.000040 0.000040 0.000040 0.000040
2 0.011720 0.007101  0.000040 0.000041 0.000040 0.000041 0.338976 0.000084
3 0.012258 0.006797  0.000040 0.000039 0.000041 0.000038 0.000040 0.000039
4 0.012935 0.006413  0.000043 0.000037 0.000043 0.000037 0.370377 0.000074
5 0.006489 0.011160 = 0.148088 0.000153 0.257507 0.742001 0.145145 0.000151
6 0.006828 0.010827  0.000028 0.000073 0.000027 0.000073 0.000028 0.000075
7 0.006673 0.010969 = 0.176365 0.492751 0.185206 0.512892 0.000041 0.469259
8 0.005880 0.011855 = 0.000040 0.531538 0.139193 0.529191 0.000041 0.551690
9 0.006762 0.010803  0.000027 0.000073 0.000028 0.000074 0.189636 0.505434
10 0.006853 0.010896  0.000028 0.000072 0.171466 0.000159 0.157952 0.000141
11 0.003713 0.016189  0.000023 0.000153 0.000028 0.500052 0.000026 0.439276
12 0.002464 0.011658 | 0.000027 0.505530 0.000023 0.000153 0.074657 0.000320
13 0.003927 0.015646  0.000023 0.000146 0.000023 0.000147 0.000023 0.000146
14 0.003629 0.016529 = 0.067176 0.000317 0.000022 0.000160 0.000027 0.456513
15 0.002298 0.024557  0.000021 0.000325 0.000021 0.000328 0.000023 0.504040
16 0.012006 0.006933  0.000040 0.000040 0.000041 0.000040 0.000040 0.000039
17 0.006896 0.004577  0.000039 0.000039 0.000040 0.000040 0.000046 0.000047
18 0.012251 0.006751  0.000041 0.000039 0.000040 0.000039 0.000041 0.000038
19 0.012935 0.006411 0.000044 0.000036 0.000045 0.000038 0.000051 0.000042
20 0.006485 0.011221  0.000027 0.000079 0.000027 0.000077 0.000027 0.000075
21 0.006838 0.010740  0.000028 0.000073 0.000027 0.000074 0.000028 0.000074
22 0.006669 0.010957  0.000027 0.000074 0.000028 0.000076 0.000027 0.000075
23 0.005872 0.011904 0.000026 0.000089 0.000026 0.000085 0.000026 0.000087
24 0.006766 0.010860  0.000027 0.000076 0.000028 0.000077 0.000027 0.000075
25 0.006852 0.010736  0.000028 0.000073 0.000027 0.000074 0.000028 0.000072
26 0.003712 0.016268  0.000023 0.000154 0.000023 0.000156 0.000023 0.000158
27 0.003783 0.015930 0.000023 0.000151 0.000023 0.000152 0.000023 0.000151
28 0.003929 0.015551  0.000022 0.000144 0.000023 0.000141 0.000024 0.000142
29 0.003633 0.016427  0.000023 0.000159 0.000022 0.000161 0.000023 0.000156

30 0.002298 0.024666  0.000021 0.000323 0.000021 0.000327 0.000021 0.000315
s: slipping parameter, g: guessing parameter

The classification accuracy values obtained by comparing the attribute profiles of each individual derived from
the true Q matrix condition with the attribute profiles obtained using the Q matrix misspecification, as well as

the goodness-of-fit indices of the estimates, are presented in Table 5.

When examining Table 5, it can be observed that under conditions where the Q matrix is under-specified (Q1,
Q2, and Q3), as the misspecification rate increases, the classification accuracy decreases. Conversely, under
conditions where the Q matrix is over-specified (Q4, Q5, and Q6), an increase in the misspecification rate leads
to an increase in classification accuracy. In conditions where the Q matrix is balanced-misfit (Q7, Q8, and Q9), as

the misspecification rate increases, the classification accuracy decreases. Given that values of entropy close to 1
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and lower values of goodness-of-fit indices indicate better fit, it can be seen that consistently with the
classification accuracy findings, under conditions where the Q matrix is under-specified and balanced-misfit, an
increase in the misspecification rate results in worse goodness-of-fit indices. Conversely, under conditions where

the Q matrix is over-specified, an increase in the misspecification rate leads to an improvement in the goodness-

of-fit indices.
Table 5. Classification Accuracies and Model Fit Indices
Condition Classification Accuracy LL AIC BIC Entropy
Ql 0.941 -11647.863 23447.727 23820.716 0.997
Q2 0.871 -11844.227 23838.454 24206.535 0.971
Q3 0.741 -12024.674 24199.349 24567.431 0.972
Q4 0.667 -11172.531 22497.062 22870.052 0.980
Q5 0.691 -11884.880 23919.759 24287.841 0.966
Q6 0.736 -12068.489 24288.978 24661.968 0.895
Q7 0.871 -12315.613 24779.226 25142.400 0.939
Q8 0.731 -11711.180 23572.363 23940.444 0.974
Q9 0.626 -11576.394 23302.788 23670.869 0.978

LL = Log-Likelihood; AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion

CONCLUSION and DISCUSSION

In this study, the impact of Q1-Q9 matrix misspecification conditions on item parameters and the classification
of individuals was examined within the DINA model. In each examined condition, the Q matrix misspecification

affects both item parameters and the classification of individuals

In the DINA model, the lower the slipping and guessing parameters (close to zero), it indicates that the model is
well-defined, responses are not random, and the items fit the data well. Item-specific model fit is achieved (De
la Torre, 2009a; Rupp and Templin, 2008a). When the slipping and guessing parameter values are higher than
zero, it suggests that the attributes defined in the Q matrix are insufficient to explain participants' response
patterns, and that answering items involves a different strategy (De la Torre and Douglas, 2004). As the
parameter values decrease, the probability of individuals who have mastered the related attributes answering
the item correctly increases, while the probability of individuals who have not mastered the attributes answering
the item incorrectly also increases. (De la Torre, 2009a). In this study, in parallel with similar research (Baker,
1993; De la Torre and Douglas, 2004; Im and Corter, 2011; Kunina-Habenicht et al., 2012; MacDonald, 2013; Rupp

and Templin, 2008a), it has been found that the Q matrix misspecification affects parameter estimations.

Under-fitting Q matrix conditions did not affect the estimation of the guessing parameter of the item but
increased the slipping parameter. Since the response pattern contains more incorrect responses than expected,
the slipping parameter is estimated at a higher value than its true value (Rupp and Templin, 2008a). This situation
implies that most of the individuals taking the test, although they seem to have mastered all the attributes
measured by the relevant item, answer the item incorrectly. This is because at least one attribute measured by
this item has been defined as if it is not measured by this item. And since individuals have not mastered this

attribute, they answer the item incorrectly. However, in contrast to the expected situation based on their
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performance on other items, individuals who are determined to have mastered the attributes defined by the

relevant item, when the item is answered incorrectly, lead to an increase in the item's slipping parameter.

Over-fitting Q matrix conditions did not affect the estimation of the slipping parameter of the item but increased
the guessing parameter. When an item is erroneously defined to require an additional attribute to be answered
correctly, the item will be defined as more difficult than it actually is. Even if individuals have not mastered this
additional attribute erroneously related to the item, they will be able to answer the item correctly. Since the
response pattern contains more correct responses than expected, the guessing parameter is estimated at a

higher value than its true value (Rupp and Templin, 2008a).

Balanced-misfit Q matrix conditions increased under-fitting items’ slipping parameter, over-fitting items’
guessing parameter, and balanced-misfit items’ both slipping and guessing parameters. The increases in slipping
parameters were much greater than the increases in guessing parameters. Similarly, when the same item had
under-fitting in an attribute and over-fitting in another attribute, the slipping parameter of the item increased

more than the guessing parameter.

Baker (1993) and MacDonald (2013) reported in their studies that the misspecification rates affected item
parameter estimates, with estimates becoming less accurate as the misspecification rate increased. However, in
this study, under different conditions, when the same misspecification was made for the same attribute, the
parameter estimates almost remained the same. When multiple misspecifications were made for more than one
attribute in an item, the increase in parameter estimates also escalated. For instance, when multiple over-fitting
were made for a single item, the number of individuals who would answer the item correctly would be greater
than in the case where only one over-fitting was made. This resulted in the guessing parameter for that attribute

increasing more than in the case of only one misspecification.

In under-fitting Q matrix conditions, individuals' responses tend to contain more errors than they actually are
due to the presence of items with incorrect specifications, making the task relatively easier. Conversely, in over-
fitting Q matrix conditions, individuals' responses tend to contain more correct responses than they actually are
due to the presence of items with incorrect specifications, making the task relatively harder (Rupp and Templin,
2008a). In balanced-misfit Q matrix conditions, the variation in the average difficulty of the test is related to
randomly selected items with over-fitting or under-fitting specifications. Within the scope of this study, under
the examined conditions, classification accuracies were found to be higher in cases with under-fitting
specifications compared to cases with over-fitting and balanced-misfit specifications. This finding is consistent

with the findings related to the DINA model from the study conducted by Miao, Miller, and Ren (2017).

When examining previous research, it has been found that as the Q matrix misspecification rate increases, the
amount of error in the estimates also increases (Baker, 1993; Basokcu, 2014; MacDonald, 2013). Similarly, within
the scope of this study, it has been observed that as the Q matrix misspecification rate increases, the classification

accuracy decreases. This finding is consistent with the study conducted by Miao, Miller, and Ren (2017), where
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various conditions were investigated including different test lengths and correlations between attributes within
the DINA model. In the context of this study, similar to the Q matrix under-fitting conditions, it has been found
that in conditions with Q matrix balanced-misfit specifications, as the misspecification rate increases, the
classification accuracy decreases. Conversely, in conditions with the Q matrix over-fitting, as the misspecification
rate increases, the classification accuracy decreases, all significantly lover compared to cases using the true Q

matrix.

In general, within the DINA model, the over-fitting Q matrix and those with balanced-misfit Q matrix
specifications have a more significant negative impact on classification accuracy compared to the over-fitting Q
matrix conditions. Additionally, it's not just the increase in the misspecification rate, but also the variation in the
misspecification pattern that affects classification accuracy. These results are in parallel with the findings of Miao,

Miller, and Ren’s (2017) study.

SUGGESTIONS

The findings of this study suggest that the accuracy of the item parameters and classifying individuals within the
DINA model is influenced by the Q matrix misspecification. In their study, Miao, Miller, and Ren (2017) suggested
that in cases where there is uncertainty about whether a particular item measures a specific attribute, over-
fitting might be preferable to under-fitting. In practical applications, adhering to test development procedures
and utilizing Q matrix validation methods is of utmost importance. It should be remembered that a
comprehensive Q matrix validation process requires both statistical expertise and domain knowledge (de la
Torre, 2008; Leighton, 2004; Tatsuoka, Corter, & Tatsuoka, 2004). Therefore, to enhance the item parameters
and classification accuracy predictions, practitioners are recommended to seek expert opinions to verify whether
misspecifications are present in the relationships between items and attributes after the Q matrix has been
established. Subsequently, they could employ methods proposed by de la Torre (2008) and de la Torre and Chiu
(2016) to validate the Q matrix.
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APPENDIX

Appendix 1. True Q matrix

Attribute Attribute
Item 1 2 3 4 Item 1 2 3 4
1 1 0 0 0 16 1 0 0 0
2 0 1 0 0 17 0 1 0 0
3 0 0 1 0 18 0 0 1 0
4 0 0 0 1 19 0 0 0 1
5 1 1 0 0 20 1 1 0 0
6 1 0 1 0 21 1 0 1 0
7 1 0 0 1 22 1 0 0 1
8 0 1 1 0 23 0 1 1 0
9 0 1 0 1 24 0 1 0 1
10 0 0 1 1 25 0 0 1 1
11 1 1 1 0 26 1 1 1 0
12 1 1 0 1 27 1 1 0 1
13 1 0 1 1 28 1 0 1 1
14 0 1 1 1 29 0 1 1 1
15 1 1 1 1 30 1 1 1 1
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DINA MODELDE Q MATRIiSiNiN HATALI BELIRLENMESINiN MADDE
PARAMETRELERINE VE SINIFLAMA DOGRULUGUNA ETKiSi?

0z

Ogrencilere durum belirleme amaciyla uygulanan basari testleriyle, mevcut durumlarinin tam olarak
yansitilabilmesi icin, testte yer alan maddeler ile 6lglilen beceriler diizeyinde belirlemeler yapilmasi
gerekir. Ogrencilerin 6lgiilen beceriler bakimindan siniflandiriima gegerligi, test maddelerinin, o
maddeyle dlglilen beceriler dikkate alinarak, siniflandirmada farkl etkilere sahip olmasiyla art#irilir.
Basari testindeki madde-beceri iliskilerinin hatasiz kurulmasi yani Q matrisinin hatasizligi, siniflama
dogrulugunu, cikarim kalitesini ve bireyler hakkinda verilen kararlarin dogrulugunu etkiler. Bu
arastirmada, bilissel tani modellerinden The Deteministic-Input, Noisy “And” Gate (DINA) modelde,
Q matrisinin hatali belirlenmesinin, 30 maddelik test uzunluguna sahip simiilatif olarak olusturulan
veri setlerinde madde parametrelerine ve bireylerin siniflandiriimasina etkisinin incelenmesi
amaglanmistir. Calismada, hatal belirleme oraninin %5, %7.5 ve %10 ve hatal belirleme diizeninin
eksik, fazla ve dengeli oldugu hatali Q matrislerine iliskin incelemeler yapilmistir. Simdlatif verilerin
Uretilmesinde ve analizinde R ve Mplus yazilimlari kullanilmistir. Hatali belirlenen Q matrisleri ile
yapilan madde parametresi kestirimleri ve siniflamalar, veri setine uygun hatasiz Q matrisi ile
yapilan kestirimlerle karsilastirilmistir. Bu ¢alisma kapsaminda incelenen kosullar kapsaminda, Q
matrisin hatali belirlenmesinin bireylerin siniflandirmalarini  farklilastirdigi  bulunmustur. Q
matrisinin eksik belirlendigi kosullarda, hatali belirleme orani arttikga siniflama dogrulugunun
azaldigl; Q matrisinin fazla belirlendigi kosullarda, hatali belirleme orani arttikga timi hatasiz Q
matrisi ile yapilanlardan ¢ok diisiik olmak Uzere siniflama dogrulugunun arttigi ve Q matrisinin
dengeli hatali belirlendigi kosullarda, hatali belirleme orani arttik¢a siniflama dogrulugunun azaldig
bulunmustur. Fazla belirleme yapilan ve dengeli hatali belirleme yapilan Q matrisleri, eksik belirleme
yapilan Q matrislerine gére siniflama dogrulugu lGzerinde daha ciddi olumsuz etkiye sahiptir. Eksik
belirlemeler maddenin kaydirma parametresi; fazla belirlemeler tahmin parametresi degerlerini
artirmistir. Dengeli hatali belirlemeler ise maddede eksik belirleme yapildiysa kaydirma, fazla
belirleme yapildiysa tahmin, hem eksik hem fazla belirleme yapildiysa iki parametreyi de artirmistir.
Eksik belirleme yapilan maddelerin kaydirma parametrelerindeki yikselmeler, fazla belirleme
yapilan maddelerin tahmin parametrelerindeki ylikselmelerden oldukga fazladir.

Anahtar kelimeler: Eksik tanimlama, fazla tanimlama, dengeli hatali tanimlama.

2 Bu makalenin bir kismi, yazar tarafindan hazirlanan doktora tezinden olusturulmustur.
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GiRiS

Egitim-0gretimde her alanda ve her sinif diizeyinde, 6grencilerin 6grenmelerine iliskin durum belirleme amaciyla
bagari testleri uygulanmaktadir. Basari testleri ile madde diizeyinde ya da testin tamami icin 6grenci
performansina iliskin bir siniflama yapilir. Bu siniflamalar yapilirken, maddenin dogru yanitlanmasi igin hangi
becerilere sahip olunmasi gerektigi isin icine katilarak, testteki her bir maddenin 6grencilerin siniflandiriimasinda
farkli etkiye sahip olmasi saglanabilirse, siniflamalarin gegerligi ve verilecek kararlarin dogrulugu artacaktir. Bunu

saglamanin bir yolu Bilissel Tani Modellerinin (BTM) kullanmasidir.

Tamami 6zel bir gizil sinif modeli tiirt olan BTM’lerde, her 6grencinin test maddelerine verdikleri yanitlara gore
beceri profili olusturulur ve es beceri profilli 6grenci gruplar belirlenir. Ortaya cikabilecek gruplarin (gizil
siniflarin) sayisi; beceri sayisi ve becerilerin birbirine bagimliliklarinin toplam sayisi ile iliskili olarak 6nceden
belirlidir. Bu nedenle, BTM'ler kisith gizil sinif modelleridir (Haertel,1989; Jang, Kim, Vincett, Barron ve Russell,
2019; Rupp, Templin ve Henson, 2010).BTM’lerde, madde ile Olglilen beceriler hatasiz belirlendigi ve
tanimlandiginda, 6grencilerin her bir becerideki ve testin tamamindaki performanslari daha ayrintili, dogru ve
gecerligi yiksek bir sekilde belirlenebilir. Ogrencilerin bir sonraki egitim asamasina geciste giiclii ve zayif yonleri
ve hazirbulunusluk diizeyi belirlenebilir, egitim siirecine yon verilebilir (de la Torre, 2009a; Henson ve Templin,

2006; Leighton ve Gierl, 2007; Rupp, 2007; Rupp ve Templin, 2008a; 2008b; Rupp, Templin ve Henson, 2010).

BTM’lerde madde ile 6lglilen becerilerin tanimlanmasi Q matrisi ile gergeklestirilir. Q matrisi, satirlari maddeleri
ve sutunlar becerileri ifade edecek sekilde, madde-beceri iliskilerinin sayisal olarak (1 ve 0’lardan olusan JxK
matrisi) kodlanmasi ile olusturulur (Rupp ve digerleri, 2010). Her madde igin, ilgili maddeye (j maddesi) dogru
yanit verilebilmesi igin o beceriye (k becerisi) sahip olmak gerekiyorsa, matriste ilgili maddenin satiriyla becerinin
sitununun kesisim hicresine (j’inci satir ve k’inci stitunun kesistigi qj hiicresi) “1”; gerekmiyorsa “0” yazilir. Q
matrisi, kullanilan basari testinin yapisini yansitir ve bu basari testi kullanilarak alinacak kararlarin kalitesinin
temel yapitasidir (de la Torre, 2009a; Rupp ve Templin, 2008a; Rupp Templin ve Henson, 2010). Q matrisinin
teorik ve ampirik saglamligi, modellerin tanisal glicini belirlediginden, Q matrisi BTM’ler ile yirGtilen ¢alismalar

icin olduk¢a 6nemlidir (Lee ve Sawaki, 2009).

BTM’lerde alinacak kararlarin dogrulugu, maddelerin nitelikli ve kriterlere uygun yazildigi ve testin kapsam
gecerliginin saglandigi durumlarda, bireylerin siniflandiriimasinin gegerligine baghdir. Q matrisinin hatal
olusturulmasi da, birey profilinin yanlis olmasina neden olmaktadir (de la Torre, 2009a; Im ve Corter, 2011; Qin,
Zhang, Qiu, Huang, Geng, Jiang, Ren ve Zhou, 2015; Romero, Ordofiez, Ponsoda ve Revuelta, 2014; Rupp ve
Templin, 2008a; 2008b; Rupp ve digerleri, 2010; Tatsuoka, 1983). BTM’lerde parametre tahminlerinin dogrulugu
Q matrisinin hatasizligina baghdir (Baker, 1993). Q matrisi genellikle uzman gérisiyle belirlendigi icin hatali
tanimlamalar yapilabilir (DeCarlo, 2012). Ogrencilerin yer aldigi siniflarin dogru belirlenmesi, bu siniflandirmalar
dikkate alinarak 6grenciler hakkinda bazi kararlar alindigindan son derece énemlidir (Kunina-Habenicht, Rupp ve

Wilhelm, 2012).
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Q matrisinin hatali belirlenmesinin madde parametrelerine ve bireylerin siniflandirilmasina etkisini incelemeyi
amaclayan bu arastirmada, BTM’lerden DINA (The Deteministic-Input, Noisy “And” Gate; de la Torre, 2009;
Haertel, 1989; Junker ve Sijtsma, 2001) model ile galisiimistir.

DINA Model

Becerilerin ve yanitlarin ikili puanlandigi DINA model, telafi edici olmayan bir modeldir. Ogrencinin bir maddeyi
dogru yanitlanabilmesi igin, o madde ile iliskili olan biitiin becerilere sahip olmasi gerekir. Ogrencinin gerekli bir
beceriye sahip olmamasi durumunda, bu eksiklik diger bir beceriye sahip olmasi ile telafi edilemez (de la Torre,
2009b; Henson ve Templin, 2006; Rupp ve Templin, 2008a; Rupp ve Templin, 2008b; Rupp Templin ve Henson,
2010).

DINA modelde maddeler icin “kaydirma (slip/s;)” ve “tahmin (guess/g;)” isimli iki tipik olmayan yanit olasilig
hesaplanir. Ogrencinin maddeyle iliskili tiim becerilere sahip olup maddeye yanls yanit verme olasiligi kaydirma
parametresi ile, en az bir beceriye sahip olmayip maddeye dogru yanit verme olasiligl tahmin parametresi ile

ifade edilir (Rupp ve Templin, 2008a; Rupp ve digerleri, 2010). ilgili formdiller Esitlik 1 ve 2’deki gibi gdsterilir.
s =P(X;; =0|n; =1) (1)
g; = P(Xy = 1fn;; = 0) (2)
sj : Maddeyle iliskili becerilere sahip 6grencinin j maddesine yanlis yanit verme (yanlis pozitif) olasiligl,
g; : Maddeyle iliskili becerilere sahip olmayan 6grencinin j maddesine dogru yanit verme (dogru pozitif) olasilig
Xij : i 6grencisinin j maddesine iliskin puani (0,1), (i=1,...,1 ve j=1,...,J).
n;;: Belirleyici gizil yanit
DINA modelde gizil yanit Esitlik 3'teki gibi gosterilir.

— 11k ik
Nij = k:laik 3)

oi={ aik } : i 68rencisinin k becerisine sahip olup olmadigini gosteren ikili beceri vektori (k= 1,...,K)
ik : j maddesi ve k becerisine iliskin Q matrisindeki ikili girdi (1,0)

iliskili tim becerilere sahip bir 6grencinin, maddeyi dogru yanitlama olasiligi Esitlik 4 ve Esitlik 5’te verilmistir

(De la Torre, 2009a; Rupp ve digerleri, 2010).

Pi(ar) = P(X;j = 1|ny) = (1 —s)" g;' ™" (4)
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eXp(AL0+ALUJa1+ALL&)“2+A12(12)a1a2)
1+6XP(AL0+ALL0)“1+ALL@)a2+A12(12)a1“2)

P(X; = 1|maz) =

(5)

P;(a;): a; beceriler vektorine sahip i 6grencisinin j maddesini dogru yanitlama olasiligi

DINA modelde, 6grencilerin beceri profilleri olusturulurken 6nce birey parametreleri hesaplanir. Madde ve
yapisal parametrelerin de hesaplandigi bu siireg, Maksimum Olasilik yaklasimi ile gerceklestirilir. Ogrencilerin
yerlestirilecegi gizil siniflarin ayrigimi igin, 6n bir ayrim hesaplanir ve bu ayrim kullanilarak madde parametreleri
hesaplanir. Hesaplanan bu parametreler bilinen madde parametreleri olarak ele alinip sonsal gizil sinif ayrimi
hesaplanir. Hesaplama algoritmasi, madde parametrelerinin her asamada tekrar hesaplandigi yinelemeli bir
iyilestirme siireci takip eder. Gerekli yakinsama saglanana kadar bir 6nceki adimdaki kestirimler, giincel

kestirimlerle karsilastirilir (De la Torre, 2009a; Rupp ve digerleri, 2010).

Onceki arastirmalarda ortaya konan (Baker, 1993; de la Torre, 2008; Im ve Corter, 2011; Kunina-Habenicht, Rupp
ve Wilhelm, 2012; MacDonald, 2013; MacDonald ve Kromrey, 2012; Rupp ve Templin, 2008a) Q matrisi
olusturulurken yapilmasi olasi farklh hatali belirleme durumlari incelendikten sonra bu galismada, Q matrisine
iliskin hatal belirleme oraninin (%5, %7.5 ve %10) ve hatali belirleme dlzeninin (eksik, fazla ve dengeli) oldugu
durumlarin parametre kestirimine ve siniflama dogruluguna etkisinin incelenmesine karar verilmistir. Q
matrisinin hatali belirlenmesinin madde parametrelerini ve bireylerin siniflandiriimasini nasil etkiledigine iliskin
teorik belirlemeler, BTM’ler yoluyla alinacak kararlarin dogrulugu agisindan énemlidir. Bu arastirma ile yapilan
tespitlerin arastirmacilara ve uygulayicilara yol gosterilebilecek olmasi ve yapilan belirlemeler uygulamaya
yansitildiginda BTM'’ler ile alinan kararlarin dogruluguna katki saglayacak olmasi bu ¢alismanin dnemini

yansitmaktadir.

YONTEM

DINA modelde Q matrisin hatali belirlenmesinin madde parametrelerinin kestirim iyilig§ine ve bireylerin

siniflandiriimasina etkisi simulatif veriler kullanilarak incelendiginden bu ¢alisma temel arastirma modelindedir.
Verilerin Uretilmesi

Olgme araci ile 6lgiilen beceri sayisi, 8lgme aracinin uygulandigi 6rneklem biiyiikligi ve testin uzunlugu siniflama
tutarhhgi acisindan 6nemli faktorlerdir. Yapilan ¢alismalar incelenerek; beceri sayisinin dért (Henson ve Douglas,
2005; Kunina-Habenicht ve digerleri, 2012; Omiir-Stinbiil ve Kan, 2015; Rupp ve Templin, 2008a), érneklem
blylklGgiiniin 1000 (Baker, 1993; Cassuto, 1996; De la Torre, Hong ve Deng, 2010; Kunina-Habenicht ve digerleri,
2012; MacDonald ve Kromrey, 2011; Orlando ve Marshall, 2002; Omiir-Siinbiil ve Kan, 2015; Tsutakawa ve
Johnson, 1990;), test uzunlugunun 30 madde (Cassuto, 1996; Henson ve Templin, 2006; Kunina-Habenicht ve
digerleri, 2012; MacDonald, 2013; Omiir-Siinbiil ve Kan, 2015; Tatsuoka, 1990; Templin ve digerleri, 2009)

olmasina karar verilmistir.
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Madde sayisina karar verirken olasi beceri siniflari da dikkate alinmistir. Birbirinden bagimsiz dért becerinin
dlculdiigu durumda olasi 2* sayida yani 2% =16 beklenen beceri sinifi, bu becerileri élcebilen 2*-1 sayida yani 2°*-
1=15 farkli madde s6zkonusudur. Her bir alt beceri profili, 0 ve 1’'in diferansiyel kombinasyonlari ile cok boyutlu
bir profili temsil eder (Jang, Dunlop, Park ve van der Boom, 2015). Olasi toplam madde sayisi, beklenen beceri
profillerinin sayisindan bir eksiktir ¢clinkl basari testinde higbir becerinin 6lgtilmedigi madde (0000 ile gosterilen
bir satir) yer almayacaktir. Kullanilan basari testinde, ayni becerileri 6lgen birden fazla madde yer alabileceginden,
test 2*-1’den daha fazla madde icerebilecegi gibi, mutlaka olasi tiim beceri ériintiilerini icermek zorunda da

degildir (Rupp ve digerleri, 2010).

Bu ¢alismada 6lgme duyarlligi agisindan, maddeler ve Q matrisi olusturulurken, her bir beceri ile iligkili madde
sayisinin yaklasik olarak ayni olmasina ve olasi tiim beceri profillerinin temsil edilmesine (DiBello ve Stout, 2007;
Kunina-Habenicht ve digerleri, 2012; Rupp ve Templin, 2008a) dikkat edilerek, 15 farkl 6riintiyd temsil eden ilk

15 madde olusturulmus ve bunlar aynen tekrar edilerek toplam 30 maddelik hipotetik 6lgme araci incelenmistir.

Calismada Q matrisin hatali belirlendigi kosullarin belirlenmesinde 6nceki calismalar (Baker, 1993; Kunina-
Habernicht ve digerleri, 2012; MacDonald, 2013; MacDonald ve Kromrey, 2012; Rupp ve Templin, 2008a)
incelenmis ve gercek yasam durumlarinda karsilagiima olasiligi yiksek olan kosullari yansitabilecek sekilde, hatal
belirleme oraninin %5, %7.5 ve %10 olmasina ve hatal belirleme diizeninin ise eksik, fazla ve dengeli olarak iki
sekilde olusturulmasina karar verilmistir. Hatal belirleme oraninin %5 olmasi Q matrisinde yer alan alti hiicrede,
%7.5 olmasi dokuz, %10 olmasi 12 hiicrede hatal belirleme yapildigi anlamina gelmektedir. Hatali belirleme
dizeninin eksik olarak ifade edilmesi, Q matrisinde yer alan hucrelerdeki ilgili orandaki 1’lerin O’lar ile
degistirilmesi, dengeli olmasi ise ilgili oranin yarisi kadar sayida 0’in 1 ile, yarisi kadar 1'in ise 0 ile degistirilmesi
anlamina gelir. Hatali Q matrisleri olusturulurken, hatali tanimlama yapilacak madde ve beceriler ilk 15 madde
icindeki hiicrelerden segkisiz olarak belirlenmistir. Calismada incelenen Q matrislerine iliskin, kullanim kolayhgi
saglamasi acisindan yapilan kodlamalar, bunlarin kisa agiklamalari, madde basina ortalama beceri sayisi, beceri
basina ortalama madde sayisi ve Q matriste yer alan 1 ve 0’larin toplam degisimi ile ilgili bilgiler Tablo 1'de

sunulmustur.

Tablo 1. Q Matrislerine iliskin Bilgiler

Madde Basina Beceri Bagina Toplam Toplam

Agiklama Kosul  Ortalama Beceri Ortalama Degisim Degisim

Sayisi Madde Sayisi (0'in1’e) (Y’in 0’a)
Hatasiz Q matrisi Qo 2.13 16.00 0 0
%5 eksik tanimlama yapilan Q matrisi Ql 1.93 14.50 0 6
%7.5 eksik tanimlama yapilan Q matrisi Q2 1.83 13.75 0 9
%10 eksik tanimlama yapilan Q matrisi Q3 1.73 13.00 0 12
%5 fazla hatali tanimlanan Q matrisi Q4 2.33 17.50 6 0
%7.5 fazla hatal tanimlanan Q matrisi Q5 2.43 18.25 9 0
%10 fazla hatali tanimlanan Q matrisi Qb6 2.53 19.00 12 0
%5 dengeli hatali tanimlanan Q matrisi Q7 2.13 16.00 3 3
%7.5 dengeli hatali tanimlanan Q matrisi Q8 2.10 15.75 4 5
%10 dengeli hatali tanimlanan Q matrisi Q9 2.13 16.00 6 6
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Tablo 1’de yer alan madde basina ortalama beceri sayisi, Q matrisindeki 1 olan hiicre sayisinin madde sayisina
(30) oranidir. Beceri basina ortalama madde sayisi ise Q matrisindeki 1 olan hiicre sayisinin beceri sayisina (4)

oranidir.

Veriler R yaziliminda yer alan “dina” paketi (Culpepper, 2015) kullanilarak, Ek 1’de sunulan hatasiz Q matrisine
ve DINA modele uygun olacak sekilde, g ve s parametreleri 0.00’a sabitlenerek tiretilmistir. ilk olarak 1000 kisilik,
0-1 verilerden olusan ve 16 farkli olasi beceri profilinde yaklasik esit sayida 6grenci yer alan yanitlayici beceri
profili olugturulmustur. Daha sonra bu yanitlayici beceri profiline uygun yanit ériintileri olusturulmustur. Her bir

durum igin 100 replikasyon yapilmigtir.

Verilerin Analizi

Analizler R ve Mplus yazilimlari kullanilarak yapilmistir. Mplus’ta DINA tahminleri i¢in, Templin ve Hoffman (2013)
tarafindan gizli sinif modeli igin olusturulan soézdizimi, belirli kisitlamalar kullanilarak degistirilmistir.
Replikasyonlarla olusturulan yanit értintilerinin her biri icin, hem hatasiz Q matrisi ile hatasiz siniflamalar, hem
de her bir hatal Q matrisi kullanilarak hatali siniflamalar belirlenmistir. Kestirimlerde 1000 iterasyon yapilmis ve

yakinsama kriteri 0.001 olarak segilmistir.

Siniflama dogrulugu, gozlenen verilerdeki siniflama durumu yani gercek gizil siniflar ile analiz sonucunda elde
edilen gizli siniflarin uyusma derecesidir (Cui ve digerleri, 2012). Hatasiz Q matrisi ile yapilan analizlerden elde
edilen yani verilerin Uretilmesi esnasinda tanimlanan gizil siniflar gergek gizil siniflar olarak kullanilmistir. Gergek
gizil siniflar ile, hatali Q matrisleri ile yapilan analizler sonucunda MLE yontemi kullanilarak tahmin edilen gizil
siniflar her bir birey icin karsilastirilmistir. Bu iki gizil sinif tutarli ise bireyin dogru siniflandirildigini temsil etmek
Uzere bu bireye “1” degeri atanmis tersi durumda ise yanlis siniflandiriimayi temsil eden “0” degeri atanmustir.
Tim bireyler ve tiim replikasyonlar tGzerinden bu 1-0 degerlerinin ortalamasi alinarak, her kosul icin genel dogru

siniflandirma oranlari hesaplanmistir.

BULGULAR

Bu bolimde similatif olarak Uretilen ve 30 madde igeren 6l¢me araglarina iliskin hatasiz Q matrisi ve hatalh Q

matrisleriyle elde edilen bulgular sunulmustur.

Q matrisinin hatasiz oldugu durum ile Q matrisinin eksik belirlendigi durumlarda kestirilen madde parametreleri

Tablo 2’de sunulmustur.

Tablo 2 incelendiginde, eksik belirleme vyapilan maddelerin (renklendirilerek gosterilmistir) tahmin
parametrelerinin ve bunlarailiskin standart hata degerlerinin degismedigi, kaydirma parametrelerinin ve bunlara

iliskin standart hata degerlerinin arttigi gériilmektedir.
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Tablo 2. Eksik Belirlenen Q Matrisleriyle Kestirilen Madde Parametreleri

Qo Q1 Q2 Q3
Madde g s g s g s g S
1 0.012011 0.006900  0.000041 0.000039 0.000041 0.000040 0.000040 0.000040
2 0.011720 0.007101  0.000038  0.000042 0.000039  0.000039  0.000040  0.000040
3 0.012258  0.006797 0.000040  0.000039 0.000041  0.000039  0.000041  0.000039
4 0.012935 0.006413  0.000044 0.000037 0.000044 0.000037 0.000044 0.000036
5 0.006489  0.011160 = 0.000040  0.487064 0.000041  0.487105  0.000040  0.487059
6 0.006828 0.010827  0.000027 0.000072 0.000040 0.455277 0.000041 0.455312
7 0.006673  0.010969 0.000028  0.000075 0.000028  0.000078 = 0.000043  0.506586
8 0.005880  0.011855 0.000026  0.000086 0.000038  0.531560 0.000041  0.551707
9 0.006762  0.010803 ' 0.000044  0.499083 0.000039  0.448053  0.000040  0.448044
10 0.006853  0.010896 = 0.000042  0.464016 0.000040 0.463959  0.000028  0.000073
11 0.003713  0.016189 = 0.000027  0.499901 0.000027  0.529256  0.000027  (0.499957
12 0.002464  0.011658 = 0.000027 0.505639 0.000028  0.512943  0.000027 0.512834
13 0.003927 0.015646 0.000023  0.000146 0.000027 0.479313  0.000044  0.743072
14 0.003629  0.016529 | 0.000027 0.538618 0.000023  0.000163 | 0.000027  0.545403
15 0.002298  0.024557 0.000021  0.000319 0.000023  0.503996  0.000028  0.771180
16 0.012006 0.006933  0.000040 0.000040 0.000041 0.000040 0.000039 0.000041
17 0.006896  0.004577  0.00003S  0.000041 0.000039  0.000041  0.000039  0.000042
18 0.012251  0.006751  0.000041  0.000040 0.000042  0.000038  0.000041  0.000040
19 0.012935 0.006411 0.000043 0.000037 0.000043 0.000037 0.000043 0.000037
20 0.006485  0.011221  0.000028  0.000078 0.000027  0.000077  0.000028  0.000078
21 0.006838  0.010740  0.000028  0.000073 0.000027  0.000072  0.000027  0.000073
22 0.006669 0.010957  0.000027 0.000076 0.000027 0.000076 0.000027 0.000076
23 0.005872  0.011904 0.000026  0.000087 0.000026  0.000087 0.000026  (0.000086
24 0.006766 0.010860 0.000027 0.000074 0.000028 0.000075 0.000027 0.000075
25 0.006852 0.010736  0.000028 0.000074 0.000028 0.000074 0.000027 0.000070
26 0.003712  0.016268 0.000023  0.000152 0.000022  0.000158  0.000022  0.000158
27 0.003783 0.015930 0.000023 0.000151 0.000023 0.000151 0.000023 0.000148
28 0.003929 0.015551  0.000024 0.000146 0.000023 0.000147 0.000023 0.000147
29 0.003633  0.016427 0.000023  0.000161 0.000023  0.000161  0.000023  0.000163

30 0.002298 0.024666  0.000021 0.000333 0.000022 0.000329 0.000021 0.000318
g: tahmin parametresi, s: kaydirma parametresi

Q matrisinin hatasiz oldugu durum ile Q matrisinin fazla belirlendigi durumlarda kestirilen madde parametreleri

Tablo 3’te sunulmustur.

Tablo 3 incelendiginde, fazla belirleme vyapilan maddelerin (renklendirilerek gosterilmistir) kaydirma
parametrelerinin ve bunlara iliskin standart hata degerlerinin degismedigi, tahmin parametrelerinin ve bunlara

iliskin standart hata degerlerinin arttigi gérilmektedir.

Q matrisinin hatasiz oldugu durum ile Q matrisinin dengeli hatal belirlendigi durumlarda kestirilen madde

parametreleri Tablo 4’te sunulmustur.
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Tablo 3. Fazla Belirlenen Q Matrisleriyle Kestirilen Madde Parametreleri

Qo Q4 Q5 Q6
Madde g S g S g S g S
1 0.012011  0.006900 0.000041  0.000041  0.000041  0.000039 = 0.321910  0.000077
2 0.011720  0.007101  0.339005  0.000088 0301799 0.000074 0.413553  (.000149
3 0.012258 0.006797 @ 0.367551 0.000088 0.367456 0.000086 0.000041 0.000038
4 0.012935  0.006413  0.000043  0.000038 = 0.471152 0.000154 0.466956  (0.000145
5 0.006489  0.011160 0.000027  0.000078 0.000026  0.000078 | 0.148145 0000152
6 0.006828 0.010827 0.000027 0.000072 0.000028 0.000075 0.000028 0.000075
7 0.006673  0.010969 0.000027  0.000073 0.000027  0.000075 | 0.148693  0.000145
8 0.005880  0.011855  0.000026  0.000087 0.000026  0.000088  0.000026  0.000088
9 0.006762 0.010803 ' 0.222890 0.000328 0.222893 0.000313 0.000028 0.000075
10 0.006853  0.010896  0.000028  0.000073 = 0.171486 0.000164 0.157968  0.000142
11 0.003713  0.016189 ' 0.071455  0.000325  (0.071428 0.000322 0.071465  0.000323
12 0.002464 0.011658 | 0.074628 0.000329 0.000023 0.000149 0.074649 0.000323
13 0.003927 0.015646 0.000023  0.000144 = 0082119 0.000328 0.082126  (.000316
14 0.003629  0.016529 0.000023  0.000162  0.000023 0.000157 = 0.067149  0.000318
15 0.002298  0.024557  0.000021  0.000338  0.000021 0.000312  0.000021  0.000328
16 0.012006  0.006933  0.000040  0.000040  (0.000041 0.000039 0.000046  (.000044
17 0.006896  0.004577  0.000046  0.000045 0.000045  0.000046 0.000046  0.000046
18 0.012251 0.006751 0.000048 0.000043 0.000047 0.000045 0.000041 0.000039
19 0.012935  0.006411 0.000043  0.000038  0.000051 0.000041 0.000051  0.000041
20 0.006485  0.011221  0.000027  0.000079 0.000027  0.000075  0.000026  0.000076
21 0.006838  0.010740  0.000027  0.000075  0.000028  0.000073  0.000027  0.000075
22 0.006669  0.010957  0.000027  0.000076  0.000027 0.000075  0.000027  0.000074
23 0.005872  0.011904 0.000026  0.000087 0.000027  0.000089  0.000026  0.000087
24 0.006766  0.010860 0.000028  0.000075  0.000027 0.000073 0.000027  0.000074
25 0.006852  0.010736  0.000028  0.000072  0.000027 0.000073  0.000027  0.000073
26 0.003712 0.016268 0.000023 0.000161 0.000023 0.000152 0.000023 0.000155
27 0.003783  0.015930 0.000023  0.000154  0.000023 0.000154 0.000023  (.000150
28 0.003929  0.015551  0.000023  0.000142 0.000024  0.000145  0.000024  0.000148
29 0.003633  0.016427 0.000023  0.000159  0.000023 0.000161  0.000023  0.000161

30 0.002298  0.024666 0.000022  0.000329 0.000022  0.000320 0.000021  0.000336
g: tahmin parametresi, s: kaydirma parametresi

Tablo 4 incelendiginde, dengeli hatali belirleme durumunda; fazla belirleme yapilan maddelerin tahmin
parametrelerinin ve bunlara iliskin standart hata degerlerinin arttigi, eksik belirleme yapilan maddelerin kaydirma
parametrelerinin ve bunlara iliskin standart hata degerlerinin arttigi, bir beceride eksik bir beceride fazla

belirleme yapilan maddelerin her iki parametre ve buna iliskin standart hata degerlerinin arttigi gériilmektedir.

Her bir bireyin, hatasiz durumdaki beceri profili ile hatali Q matrisi kullanilarak yapilan kestirimlerden elde edilen
beceri profilinin karsilastiriimasi ile elde edilen siniflama dogrulugu degerleri ve kestirimlerin uyum iyiligi

indeksleri Tablo 5’de sunulmustur.
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Tablo 4. Dengeli Hatali Belirlenen Q Matrisleriyle Kestirilen Madde Parametreleri

Qo Q7 Q8 Q9
Madde g s g s g s g s
1 0.012011 0.006900 ((0po0a1  0.000040 (00040  0.000040  0.000040  0.000040
2 0.011720 0.007101 0.000040  0.000041 (000040 0.000041 | 0.338976  0.000084
3 0.012258  0.006797 0.000040  0.000039  (.000041 0.000038  0.000040  0.000039
4 0.012935 0.006413 0.000043  0.000037 (000043 0.000037 | 0.370377  0.000074
5 0.006489  0.011160 = 0.148088  0.000153 0.257507 0.742001  0.145145  0.000151
6 0.006828  0.010827 0.000028  0.000073  (.000027 0.000073  0.000028  0.000075
7 0.006673  0.010969 = 0.176365  0.492751 0.185206 0.512892  0.000041  0.469259
8 0.005880  0.011855 | 0.000040  0.531538 0.139193 0.529191  0.000041  0.551690
9 0.006762  0.010803 0.000027  0.000073  (.000028 0.000074 = 0.189636  0.505434
10 0.006853 0.010896 0.000028  0.000072 | @.171466 0.000159  0.157952  0.000141
11 0.003713  0.016189 0.000023  0.000153 | 000028 0.500052  0.000026  0.439276
12 0.002464  0.011658 | 0.000027 0.505530  (.000023 0.000153 = 0.074657  0.000320
13 0.003927  0.015646 0.000023  0.000146 0.000023 0.000147  0.000023  0.000146
14 0.003629 0.016529 | 0.067176  0.000317  (Qoo022  0.000160 | 0.000027  0.456513
15 0.002298  0.024557  0.000021  0.000325 0.000021  0.000328 ' 0.000023  0.504040
16 0.012006  0.006933  0.000040  0.000040 0.000041 0.000040  0.000040  0.000039
17 0.006896 0.004577  0.000039 0.000039 0.000040 0.000040 0.000046 0.000047
18 0.012251  0.006751  0.000041  0.000039 0.000040 0.000039  0.000041  0.000038
19 0.012935  0.006411 0.000044  0.000036 0.000045 0.000038  0.000051  0.000042
20 0.006485  0.011221 0.000027 0.000079  (.000027 0.000077  0.000027  0.000075
21 0.006838  0.010740  0.000028  0.000073 0.000027 0.000074  0.000028  0.000074
22 0.006669 0.010957 0.000027  0.000074  (.000028 0.000076  0.000027  0.000075
23 0.005872 0.011904  0.000026 0.000089 0.000026 0.000085 0.000026 0.000087
24 0.006766  0.010860 0.000027  0.000076 0.000028  0.000077  0.000027  0.000075
25 0.006852 0.010736  0.000028 0.000073 0.000027 0.000074 0.000028 0.000072
26 0.003712 0.016268  0.000023 0.000154 0.000023 0.000156 0.000023 0.000158
27 0.003783  0.015930 0.000023  0.000151 0.000023 0.000152  0.000023  0.000151
28 0.003929 0.015551 0.000022  0.000144  (Qp0023  0.000141  0.000024  0.000142
29 0.003633  0.016427 0.000023  0.000159 0.000022 0.000161  0.000023  0.000156

30 0.002298  0.024666  0.000021  0.000323 0.000021  0.000327  0.000021  0.000315
g: tahmin parametresi, s: kaydirma parametresi

Tablo 5. Kestirilen Siniflama Dogruluklari ve Model Uyum indeksleri

Kosul Siniflama Dogrulugu LL AIC BIC Entropi
Q1 0.941 -11647.863 23447.727 23820.716 0.997
Q2 0.871 -11844.227 23838.454 24206.535 0.971
Q3 0.741 -12024.674 24199.349 24567.431 0.972
Q4 0.667 -11172.531  22497.062  22870.052 0.980
Q5 0.691 -11884.880 23919.759 24287.841 0.966
Q6 0.736 -12068.489 24288.978 24661.968 0.895
Q7 0.871 -12315.613  24779.226  25142.400 0.939
Q8 0.731 -11711.180  23572.363  23940.444 0.974
Q9 0.626 -11576.394 23302.788 23670.869 0.978

LL = log-likelihood, AIC = Akaike bilgi kriteri, BIC = Bayesgi bilgi kriteri

Tablo 5 incelendiginde, Q matrisinin eksik belirlendigi kosullarda (Q1, Q2 ve Q3), hatali belirleme orani arttikca
siniflama dogrulugunun azaldigi, Q matrisinin fazla belirlendigi kosullarda (Q4, Q5 ve Q6), hatali belirleme orani

arttik¢a siniflama dogrulugunun arttigi ve Q matrisinin dengeli hatali belirlendigi kosullarda (Q7, Q8 ve Q9), hatali
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belirleme orani arttikga siniflama dogrulugunun azaldig1 gérilmektedir. Entropinin 1’e yakin degerleri ve uyum
iyiligi indekslerinin kiiclik degerleri iyi uyumun gostergesi oldugundan, siniflama dogrulugu bulgularina tutarli
olarak Q matrisinin eksik ve dengeli hatali belirlendigi kosullarda hatali belirleme orani arttikga uyum iyiligi
indekslerinin kotilestigi, Q matrisinin fazla belirlendigi kosullarda ise hatali belirleme orani arttikga uyum iyiligi

indekslerinin iyilestigi bulunmustur.

TARTISMA ve SONUC

Bu calismada DINA modelde Q1-Q9 hatali belirleme kosullarinin madde parametrelerine ve bireylerin
siniflandirilmasina etkisi incelenmistir. incelenen her kosulda, Q matrisin hatali belirlenmesi madde

parametrelerini ve bireylerin siniflandirmalarini etkilemektedir.

DINA modelde kaydirma ve tahmin parametreleri ne kadar dusik olursa (sifira yakin), bu durum modelin iyi
tanimlandiginin, yanitlarin rasgele olmadiginin ve maddenin veriye iyi uyum gosterdiginin gostergesidir.
Maddeye 6zgli model uyumu saglanmis olur (De la Torre, 2009a ; Rupp ve Templin, 2008a). Kaydirma ve tahmin
parametresi degerlerinin sifirdan yiksek olmasi, Q matrisinde tanimlanan becerilerin katilimcilarin yanit
orlintistnt aciklamada yetersiz kaldigini ve maddelerin yanitlanmasinin farkh bir strateji icerdigini
gostermektedir (De la Torre ve Douglas, 2004). Parametreler ne kadar disik degerlere sahipse, ilgili becerilere
sahip bireylerin maddeye dogru yanit verme olasiligi, sahip olmayan bireylerin de maddeye yanlis yanit verme
olasiligl o kadar artmaktadir (De la Torre, 2009a). Bu ¢alismada, benzer arastirmalarla (Baker, 1993; De la Torre
ve Douglas, 2004; Im ve Corter, 2011; Kunina-Habenicht ve digerleri, 2012; MacDonald, 2013; Rupp ve Templin,

2008a) paralel olarak, Q matrisinin hatal belirlenmesinin parametre kestirimlerini etkiledigi bulunmustur.

Hatasiz Q matrisinde yapilan eksik belirlemeler, maddenin tahmin parametresi kestirimini etkilemezken,
kaydirma parametresi degerini arttirmistir. Yanit oriintlisi beklenenden daha fazla yanlis cevap igerdiginden,
kaydirma parametresi gercek degerinden yiiksek degerde kestirilmektedir (Rupp ve Templin, 2008a). Bu durum,
testi alan bireylerin ¢ogunun, ilgili madde ile 6l¢tliyor goériinen bitiin becerilere sahip olmalarina ragmen
maddeye yanlis yanit verdigi anlamina gelir. Clinkii maddeyle 6lglilen en az bir beceri, bu madde tarafindan
Ol¢lilmiyormus gibi tanimlanmigstir. Ve bireyler bu beceriye sahip olmadiklarindan maddeyi yanls yanitlamistir.
Ancak diger maddelerdeki performanslarina gore, ilgili maddeyle 6l¢tldigi tanimlanan becerilere sahip oldugu
belirlenen bireylerin, bu maddeyi beklenen durumun aksine yanlis yanitlamasi, maddenin kaydirma

parametresinin ylikselmesine neden olmaktadir.

Hatasiz Q matrisinde yapilan fazla belirlemeler, maddenin kaydirma parametresi kestirimini etkilemezken,
tahmin parametresi degerini artirmistir. Olgme aracinda yer alan bir madde, dogru yanitlanmast igin bir beceri
daha gerektirecek sekilde hatali tanimlandiginda, madde oldugundan daha zor olarak tanimlanmis olacaktir.
Bireyler, madde ile olglldigu hatali olarak tanimlanan bu ek beceriye sahip olmasalar bile maddeyi dogru
yanitlayabileceklerdir. Yanit 6riintlisi beklenenden daha fazla dogru cevap icerdiginden, tahmin parametresi

gercek degerinden ylksek degerde kestirilmektedir (Rupp ve Templin, 2008a).
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Hatasiz Q matrisinde yapilan dengeli hatali belirlemeler, fazla belirleme yapilan maddelerde tahmin, eksik
belirleme yapilan maddelerde kaydirma parametrelerinin artmasina, bir beceride eksik bir beceride fazla
belirleme yapilan maddelerin hem tahmin hem de kaydirma parametresinin artmasina sebep olmaktadir. Eksik
belirleme yapilan maddelerin kaydirma parametrelerindeki ylikselmeler, fazla belirleme yapilan maddelerin
tahmin parametrelerindeki ylikselmelerden oldukga fazladir. Benzer bicimde ayni maddede hem eksik hem de
fazla belirleme vyapildiginda maddenin kaydirma parametresi, tahmin parametresinden daha fazla

yukselmektedir.

Baker (1993) ve MacDonald (2013) tarafindan yapilan ¢alismalarda, Q matrisindeki hatali belirleme oranlarinin
madde parametresi kestirimlerini etkiledigi, hatali belirleme orani arttikca kestirimlerin hata miktarinin da arttig
raporlanmistir. Bu ¢alismada farkli kosullar kapsaminda, ayni beceriye iliskin ayni hatali belirleme yapildiginda
parametre kestirimleri hemen hemen ayni degeri almaktadir. Bir maddede birden fazla becerinin olgilme
durumuna iliskin hatali tanimlama yapildiginda, parametre kestirimlerindeki artis da fazlalasmaktadir. Ornegin,
bir madde igin birden fazla sayida fazla tanimlama yapildiginda, maddeye dogru yanit verecek kisi sayisi bir
beceride fazla tanimlama yapildigindaki durumdan daha fazla olmaktadir. Bu da tahmin parametresinin bir

beceride fazla tanimlama yapilan durumdan daha fazla ylikselmesine neden olmaktadir.

Eksik belirleme yapilan Q matrislerinde, hatali belirleme yapilan maddeler oldugundan daha kolay hale
geldiginden bireylerin yanitlari oldugundan daha fazla yanlis icerirken, fazla belirleme yapilan Q matrislerinde,
hatali belirleme yapilan maddeler oldugundan daha zor hale geldiginden bireylerin yanitlari oldugundan daha
fazla dogru igerir (Rupp ve Templin, 2008a). Dengeli hatali belirleme yapilan Q matrislerinde ise testin ortalama
zorlugundaki farklilasma rasgele secilen ve eksik ya da fazla belirleme yapilan maddelerle iliskilidir. Bu ¢alisma
kapsaminda incelenen kosullarda eksik belirleme yapilan kosullarda, fazla belirleme yapilan ve dengeli hatali
belirleme yapilan kosullara kiyasla siniflama dogruluklari daha yiksek bulunmustur. Bu bulgu Miao, Miller ve Ren

(2017) tarafindan yapilan ¢alismanin DINA modele iliskin bulgulariyla benzerlik gostermektedir.

Onceki arastirmalar incelendiginde Q matrisinde yapilan hatali belirleme orani arttikca kestirimlerin hata
miktarinin arttigl sonucuna ulasilmistir (Baker, 1993; Basokgu, 2014; MacDonald, 2013). Bu ¢alisma kapsaminda
yapilan incelemelerde de, benzer sekilde Q matrisinin eksik belirlendigi kosullarda hatali belirleme orani arttikca
siniflama dogrulugunun azaldigi sonucuna ulasiimistir. Bu bulgu Miao, Miller ve Ren (2017) tarafindan yapilan
¢alismanin DINA modele iliskin farkli test uzunluklari ve beceriler arasi korelasyonlarin da incelendigi tiim
kosullarla tutarlilik gdstermektedir. Bu galisma kapsaminda yapilan incelemelerde, eksik belirleme kosullarina
benzer sekilde, dengeli hatali belirleme yapilan kosullarda da hatali belirleme orani arttikga siniflama
dogrulugunun azalirken, fazla belirleme yapilan kosullarda ise hatali belirleme orani arttik¢a, siniflama

dogrulugunun timi hatasiz Q matrisi ile yapilanlardan ¢ok disiik olmak Gzere arttigl sonucuna ulasgilmistir.

Genel olarak, DINA modelde fazla belirleme yapilan ve dengeli hatali belirleme yapilan Q matrisleri, eksik

belirleme yapilan Q matrislerine gore siniflama dogrulugu tzerinde daha ciddi olumsuz etkiye sahiptir. Ayrica
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yalnizca hatali belirleme oraninin artmasi degil, hatali belirleme diizeninin farklilagmasi da siniflama dogrulugu

Gzerinde etkilidir. Bu sonuglar Miao, Miller ve Ren’in (2017) ¢calismasiyla paralellik géstermektedir.

ONERILER

Bu calismanin bulgulari dogrultusunda ulasilan sonuglar, DINA modelde madde parametrelerinin ve bireylerin
siniflanma dogrulugunun, Q matrisinin hatal belirlenmesinden etkilendigini gostermektedir. Miao, Miller ve Ren
(2017) yaptiklar ¢alismada uygulayicilara, bir maddenin bir 6zelligi 6lglip 6lgmediginin belirlenmesinde sikinti
yasanan durumlarda fazla tanimlamanin, eksik tanimlamadan daha iyi olabilecegini 6nermistir. Uygulamada test
gelistirme adimlarina uyulmasi ve Q matris dogrulama yéntemlerinin kullaniimasi oldukga 6nemidir. Eksiksiz bir
Q matris dogrulama sirecinin hem istatistiksel hem de temel bilgilerin ve alan uzmanhginin kullaniimasini
gerektirdigi (de la Torre, 2008; Leighton, 2004; Tatsuoka, Corter ve Tatsuoka, 2004) unutulmamalidir. Bu nedenle
uygulayicilara madde parametrelerinin ve bireylerin siniflandirilmasina iliskin yapilan kestirimlerin dogrulugunu
artirmak amaciyla, Q matrisi olusturulduktan sonra, madde-beceri iliskilerinin tanimlanmasi ile ilgili hatah
belirleme yapilip yapilmadigini kontrol etmek igin uzman goriist almalari, sonrasinda de la Torre (2008) ve de la

Torre ve Chiu (2016) tarafindan 6nerilen yontemler kullanarak Q matrisini dogrulanmalari 6nerilmektedir.

Etik Metni

Bu makalede dergi yazim kurallarina, yayin ilkelerine, arastirma ve yayin etigine ve dergi etik kurallarina
uyulmustur. Makaleyle ilgili meydana gelebilecek ihlallerin sorumlulugu yazara aittir. Bu ¢alisma simiilasyon

¢alismasi oldugundan veri toplama aracinin uygulanmasina iliskin etik kurul karari gerektirmemektedir.
Yazarin Katki Orani Beyani: Bu ¢alismada yazarin katki orani %100’dir.

Katkilarindan dolayi Prof. Dr. Omay Cokluk-Békeoglu'na ve Tirkiye Bilimsel ve Teknolojik Arastirma Kurumu
(TUBITAK) Bilim insani Destek Programlari Bagkanhg (BIDEB) tarafindan yiiriitiilen 2211 - Yurt igi Doktora Burs
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EKLER

Ek 1. Hatasiz Q Matrisi

Beceri Beceri
Madde 1 2 3 4 Madde 1 2 3 4
1 1 0 0 0 16 1 0 0 0
2 0 1 0 0 17 0 1 0 0
3 0 0 1 0 18 0 0 1 0
4 0 0 0 1 19 0 0 0 1
5 1 1 0 0 20 1 1 0 0
6 1 0 1 0 21 1 0 1 0
7 1 0 0 1 22 1 0 0 1
8 0 1 1 0 23 0 1 1 0
9 0 1 0 1 24 0 1 0 1
10 0 0 1 1 25 0 0 1 1
11 1 1 1 0 26 1 1 1 0
12 1 1 0 1 27 1 1 0 1
13 1 0 1 1 28 1 0 1 1
14 0 1 1 1 29 0 1 1 1
15 1 1 1 1 30 1 1 1 1
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