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ABSTRACT

This study aimed to investigate the parameters estimation of item response theory (IRT) and their
reliability in the context of binary data across multiple groups derived from the same population.
Within the scope of the research, 2017 (April) mathematics subtest of the Transition from Primary
to Secondary Education exam (TPSEE) was used. The dataset encompassed 7500 students as a
single-sample subgroup and 3750 students distributed across two subgroups. In the research, IRT
assumptions were examined first. After meeting the assumptions, item and ability estimations were
performed with 1PLM, 2PLM, 3PLM, and 4PLM for dichotomous data. When the model data fits
were examined, it was found that the best fit was obtained with 3PLM in all conditions. It was
observed that the item parameters did not differ significantly as the sample changed. The a and b
parameters differ according to the different IRT models. While there is a partial difference between
the ability parameters as the samples change, there are also differences as the models change.
Minor differences have been observed among the ability parameters obtained through ability
estimation methods (Expected A Posteriori (EAP) and Maximum A Posteriori (MAP)). The
marginal reliability coefficients were similar in all conditions. It is recommended that researchers
perform parameter estimation with which have the best model data fit out of 3PLM or 4PLM to
provide more information while performing analysis in IRT.

Keywords: IRT, Transition from Primary to Secondary Education, Multi-group, parameter
estimation
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Bu ¢alismada, aymi evrendeki ¢oklu gruplardan elde edilen ikili verilerde madde tepki kurami
(MTK) parametre kestirimi ve giivenirliginin incelenmesi amag¢lanmigtir. Arastirma kapsaminda
TEOG 2017 (Nisan) matematik alt testi kullamlmistir. Arastirma 7500 kisilik bir alt grupta ve 3750
kigilik iki alt grupta yer alan égrencilerin verileri ile gerceklestirilmistir. Arastirmada dncelikle
MTK varsayimlary incelenmigstir. Varsayimlar saglandiktan sonra, ikili puanlanan veriler icin
1PLM, 2PLM, 3PLM ve 4PLM ile madde ve yetenek kestirimleri gerceklestirilmistir. Model veri
uyumlart incelendiginde her kosulda en iyi uyumun 3PLM ile elde edildigi goriilmiistiir. Orneklem
degistikce madde parametrelerinin onemli olgiide farklilasmadigi gézlemlenmistir. a ve b
parametrelerinin farklt MTK modellerine gore farklilik gosterdigi bulgusuna ulasilmistir. Yetenek
parametreleri arasinda orneklemler degistikce kismi farklilik bulunurken, kullanilan modeller
degistik¢e de farklilik oldugu bulunmustur. Yetenek kestirim yontemlerine (Beklenen A Posteriori
(EAP) ve Maksiimum A Posteriori (MAP)) gore elde edilen yetenek parametreleri arasinda bazi
kiiciik farkliliklarin oldugu goriilmiistiir. Marjinal giivenilirlik katsayilar: tiim kosullarda benzerlik
gostermistir. Bu ¢alismadan yola ¢ikarak, MTK 'de analiz yaparken daha fazla bilgi saglamak igin
arastirmacilarin 3PLM veya 4PLM'den en iyi model veri uyumuna sahip olan modelle parametre
kestirimi yapmalari énerilir.

Anahtar Sozciikler: MTK, Temel egitimden ortacgretime gegis, ¢oklu-grup, parametre kestirimi

INTRODUCTION

Measuring success in mathematics education can handle with various measurement tools.
The measurement tools can be used in different ways depending on their purpose.
Whichever measurement tool is used, three features should not be overlooked in
measurement. The three qualities a measurement were validity, reliability, and usability,
as will often be seen in the literature. There are various theories and models based on

these theories in determining the psychometric properties of measurement.

With the No Child Left Behind (NCLB) Law adopted in the USA in 2001, schools
account for all students to produce positive outcomes (U.S. Department of Education,
2001). To improve student performance and meet growing expectations, schools'
situations are determined by standardized, high-stakes, and often multiple-choice
assessments (Lembke & Stecker, 2007). Multiple-choice tests, which are objective and
economical in terms of scoring, are frequently encountered in national and international
practices. Even in assessments such as Programme for International Student Assessment

(PISA) and Trends in International Mathematics and Science Study (TIMSS), multiple-
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choice tests are used. These large scale international assessments are implemented
through international organizations and Turkey is one of country which participating
these assessments. International data obtained from these assessments provide results for
accountability. In Turkey, accountability is also a subject in the light of the national data.
The transition from Primary to Secondary School Education exam (TPSEE) data is one
of these national data. TPSEE was one of the exams that determines Turkish students’
success nationally. TPSEE starting from the 2013-2014 academic year held by Ministry
of Education in Turkey, is one of the periodic exams held in the 8th grade for six basic
courses. Success of these six basic courses was measured by this exam. Collecting validity
and reliability evidence and performing data analysis by using different models based on

different theories is an important issue.

Various theories are used to reveal the psychometric properties of measurement. Two of
these are the Classical Test Theory (CTT) dating back to the beginning of the 20th century
and the Item Response Theory (IRT), which claims that the CTT has removed the
limitations of the items depending on the groups, and which continues to develop since
the mid-20th century. Classical Test Theory was used in contrast to its modern concept
in IRT or modern test theory (Wu et al., 2016). IRT, commonly known as latent trait
theory, strong true score theory, and modern mental test theory, can be identified by
various terminologies (Kaplan & Saccuzzo, 1997). There are different models in IRT. So
results getting from IRT can be differentiated from one model to another. This situation

should be tested using different samples and models.

The number of response categories for items holds significant importance in the
determination of parametric unidimensional IRT models (Edelen, & Reeve, 2007).
Multiple choice tests are binary scored and there are several models developed for these
tests scored 1-0, considering the number of parameters in the item response theory.
Logistics models (PLM) with 1, 2, and 3 parameters are the most frequently used, and it
is also possible to make estimates based on 4PLM, which produces the upper asymptote
parameter (Edelen, & Reeve, 2007). 4PLM was created by Barton and Lord (1981) with
the addition of the di parameter to 3PLM. With 4PLM, high-ability respondents take into
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account the possibility of making a mistake in answering an easy item. With the addition
of the upper asymptote with a value less than 1.00, it ensures that a respondent with a
high ability level does not change significantly in the ability scale if it responds

incorrectly to an easy item.
The parametric models discussed within the research scope of IRT were explained below.
One Parameter Logistics Model (1PLM)

Danish mathematician George Rasch introduced a different approach in IRT in the 1950s.
The logistic function obtained from the item characteristic curve used the normal ogive
function (Han & Hambleton, 2014, p. 12). One parameter logistics model is one of the
most widely used models in IRT. For one parameter logistic model, the item characteristic

curve is given as in the equation (Hambleton et al., 1991, p. 12).

e@i=b)) i=1,2,...,n (1)
(60 1+ e(8i=b))

In the first equation:

The probability that a respondent who is selected randomly at the level of P;j@) , 6 will

respond correctly to item i,

b; = the difficulty parameter of item i,

n = number of items in the test

e = is a constant number with a value of 2,718.

In this model, the discrimination parameter (a) of all items is the same and the pseudo-
guessing parameter (c) is considered zero. However, the difficulty parameters of the items
in test (b) vary according to the item (Hambleton et al., 1991, p. 13). In the Rasch model,
a parameter value is taken as 1.00, and in one parameter logistic model, an estimated
value of a, i.e. an average value is used (Baker, 2001, p. 25; Embretson & Reise, 2000, p.
69; Kolen & Brennan, 2014, p. 175).
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In the case of one parameter logistic model, when the probability of an item being
answered correctly is 0.5, the value corresponding to the @ ability level is the item
difficulty index: b parameter. As the b parameter value of the item increases, the level of
ability that individuals must have in order to respond correctly to that item increases.
When the value of the parameter b is taken so that the group's ability average is zero and
the standard deviation is one, parameter bi usually gets values between -2.00 and +2.00;
Items with a value close to -2.00 are very easy, items close to + 2.00 are very difficult
(DeMars, 2010, p. 21; Hambleton et al., 1991, p. 13; Hambleton and Swaminathan, 1985,
p. 36). The values that the difficulty parameter can be in the range of (-co, + o), while in
practice it is generally in the range of -3 to +3 (Baker, 2001, p. 22).

Two Parameters Logistics Model (2PLM)

Lord (1952) developed the two-parameter item response model based on the cumulative
normal distribution (normal ogive) for the first time. Birnbaum (1968) has replaced the
two-parameter normal ogive function as a form of item characteristic function
(Hambleton et al., 1991, p. 13).

The two-parameter logistics model is the generalized version of 1PLM. Instead of a fixed
discrimination parameter in all items in the LPLM model, each item has its discrimination
parameter in 2PLM. Therefore, the model is explained mathematically as follows (Han
& Hambleton, 2014, p. 12).

eDaj(Gi—bj)

P(O)= —
]( l) 1+eDaj(9i_bj)

i=1,2,..,N @)

Pj (6) = 0 individual at the skill level the possibility of answering the item correctly ith
item,

b; = difficulty parameter of item i,

a; = discrimination parameter of item i,
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n the number of items in the test,
D = 1.7 is the scaling factor.

The slope or discrimination parameter (a) is theoretically in the range (-o0, +0), but in
applications takes values in the range of 2.80 to +2.80 (Baker, 2001, p. 22). According
to Hambleton et al. (1991, p. 15) a (discrimination) parameter usually gets a value
between 0 and 2.00, and When a parameter value gets close to 2.00, the discrimination
increases. So, higher values of a parameter indicate higher discrimination in IRT like
CTT (DeMars, 2010, p. 5).

Three Parameters Logistics Model (3PLM)

By adding the pseudo-guessing parameter to 2PLM by Birnbaum (1968), a third
parameter was added to the model, and 3PLM was created (Baker, 2001, p. 28). The three-
parameter logistic model allows the lower asymptote of the item characteristic curve to
be different from zero. This model is suitable, even if the tested ones are at a fairly low
proficiency level, for example, when they answer a multiple choice item with chance
(Han & Hambleton, 2014, p. 13). In this model

eDa;j(6i=b))
Pj(ei) -Gt (_Cj) 1+ eDa;(6i-bj) i=1,2,...,n (3)
P;j (0), bj, aj, n and D are explained in two-parameter model. The added parameter of the
ci (pseudo-chance-level) in the model represents the probability of responders with a low
ability level to correctly answer the item and provides item characteristic curves with a
low asymptote different from zero (Hambleton et al., 1991, p. 17; Hambleton &
Swaminathan, 1985, pp. 37-38). 2PLM is the special version of 3PLM when ¢ = 0, and
the Rasch model is the special version of 2PLM when a = 1 (Baker, 2010, p. 25; Han &
Hambleton, 2014, p. 13).

The pseudo guessing parameter (c;) is theoretically gets values in the range [0, 1.0], but

in practice, it is stated that "c" values higher than 0.35, where this range is out of [0, 0.35],
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are not accepted (Baker, 2001, pp. 28-29). While the lower asymptote or c-parameter
takes values between 0 and 1 in theory, it usually takes values between 0 and 0.3 in real
data (DeMars, 2010, p. 21).

Four Parameters Logistics Model (4PLM)

Barton and Lord (1981) developed 4PLM by adding the probability of high-level
respondents making mistakes when answering the easy item, namely the d; parameter
corresponding to the upper asymptote to 3PLM. The model is explained mathematically
with the following equation:

eDaj(Gi—bj)

1+eDa]'(9i—b]')

P](Ql) =¢ + (d] - C]) i=1,2,...,n (4)

In this equation, the upper asymptote, represented by dj, is slipping parameter. The value
of this parameter is in the range [0, 1.0] in theory. The fact that the d parameter is
considerably lower than 1.00 indicates that respondents with high ability levels are more

likely to answer this item incorrectly due to carelessness and similar reasons.
Current Investigations Related to IRT Parameter Estimation

There are a lot of studies using IRT in different data sets (e.g., Erdemir & Onen, 2019;
Dogruéz & Ak Arikan, 2020; Kalkan, 2022; Yalgin, 2018). Some of them are
simulation studies based on different conditions (e.g., Kalkan, 2022), and some of them
include model comparison based on real data with only one sample (e.g., Erdemir &
Onen, 2019; Dogrudéz & Akin Arikan, 2020; Yalgin, 2018).

Yalgin (2018) aimed to compare model fit for Rasch, 2PLM, 3PLM, 4PLM and Mixed
IRT. It was found that the MixIRT model with two parameters and three latent classes
has best model data fit values. Erdemir and Onen (2019) conducted a study to compare
item and ability parameter estimation for 1PLM, 2PLM, 3PLM, and 4PLM. It as found
that 4PLM was the better fitting model than 1PLM, 2PLM and 3PLM as a result of this
study. Dogru6z and Akin Arikan (2020) compare ability estamation estimation for 3PLM,



An Investigation of Item Response Theory ... 832

and 4PLM. The result of this study indicated that WLE estimation method model was
found best a algorithm for the 4PLM IRT ability parameters.

Kalkan (2022) aimed to examine the performance of expectation-maximization (EM),
Quasi-Monte Carlo EM (QMCEM), and Metropolis-Hastings Robbins-Monro (MH-RM)
estimation methods for the item parameters in the 4PLM IRT model under the
manipulated conditions, including test length, the number of factors and the correlation
between factors. The result of this study indicated that none of the methods were found
best algorithm among the estimation methods for the estimation of 4PL item parameters

based on all conditions.

Considering all the studies which includes 4PLM, no study was found that examined the
differentiation of parameters and reliability of all models into multiple groups, models,
and methods by using 4PLM. In this respect, it can be said that this research will

contribute to the literature.
Thus, the aim of this research can be explained as follows:

In this study, for the math subtest of the national transition examination (TPSEE) which
is conducted for transition from primary to secondary school education model data fit of
1PLM, 2PLM, 3PLM, and 4PLM models were compared, and item and ability parameters
related to the best fit model were estimated. In addition, the marginal reliability

coefficient was calculated within all four models in multiple groups.
In line with the purpose of the research, the research problems are as follows:

1. Considering the data (TPSEE 2017 April) set as completely and randomly assigned
two groups (in multiple groups), which one of the 1PLM, 2PLM, 3PLM, and 4PLM

provides the best model-data fit?

2. What are the item and ability parameters in multiple groups according to 1PLM, 2PLM,
3PLM, and 4PLM?

3. Do the predicted item parameters differ in multiple groups according to 1PLM, 2PLM,
3PLM, and 4PLM?
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4. Do the ability parameters estimated in subgroups according to 1PLM, 2PLM, 3PLM,
and 4PLM differ according to different parameter estimation methods?

5. How are the marginal reliability coefficients obtained according to 1PLM, 2PLM,
3PLM, and 4PLM in multiple groups?

METHOD

Research Method

As previously stated, the primary objective of this investigation is to compare the
estimations derived from 1PLM, 2PLM, 3PLM, and 4PLM models across various clusters
of a national transition examination. With this aim in mind, the research adopted a

descriptive research design to elucidate the prevailing circumstances.
Sample

For accurate parameter estimates, it was recommended different sample sizes based on
IRT model (Kean & Reilly, 2014). In this study, the sample size was large enough
considering the adequacy of the sample size for the convergence of parameters to a
solution. The sample of the research consists of 7500 randomly selected 8th-grade
students who took the TPSEE 2017 April and took booklet A. To be able to analyze
between subgroups, the full sample was randomly divided into two sub-group as 3750
students.

Data Collection Tool

For the data collection tool, mathematical subtest of TPSEE 2017 April was used in the
research. TPSEE 2017 April is national exam for 8th grade students from Turkey. TPSEE
includes different subtests. The mathematics subtest consists of 20 questions.

Data Analysis

Before analyzing data, data were randomly divided into two groups with the "picked"

command in the R (R Core Team, 2021) software. In the analysis of the data, first of all,
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the IRT assumptions were tested. Parallel analysis was performed for unidimensionality.
The scree plots obtained as a result of the parallel analysis of the data collection tool were

given in Figure 1.

Parallel Analysis Scree Plots
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Figure 1. Parallel Analysis Scree Plots
When Figure 1 examined, it is seen that math subtest meet the unidimensionality

assumption.

For local independence assumption, Yen's Qs test was conducted. For Yen's Qs test,
residual correlations were found below the critical value of 0.20 (Qszmin=-0.113,
Q3max=0.089). This demonstrates that local independence assumption was met. Then, data
analysis was started. Analysis of the data based on IRT was carried out with the R (R
Core Team, 2021) software in the Supplementary Item Response Theory Models (sirt)
(Robitzsch, 2021) package program. First of all, model data fit was tested for each sample.
In the second stage, item and ability parameters were calculated for each sample. Ability
parameters were handled using EAP and MAP estimation methods. In the third stage,
whether the item parameters differ from sample to sample and model to model was
examined with the Multi way ANOVA. From Multi way ANOVA results, effect sizes

were interpreted based on Cohen (1988). Eta squared was interpreted as “neglible”,
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“small” “medium” and “large” respectively if Eta squared was “<0,01”; “0,01-
0.067;°0.06-0.14” and “>0.14". In the fourth stage, it was tested whether the ability
estimations differed significantly in multiple groups. In the last stage, the marginal
reliability coefficient obtained for the measurements in each group was reported. Finally,
variance analysis of IRT parameters obtained was performed according to the factors
discussed in the study.

RESULTS

In this section, the findings related to each sub-problem were given in order.

Model Data Fit Findings

In Table 1, model fit indices obtained by analyzing the data in three groups with 1PLM,
2PLM, 3PLM, and 4PLM were given.

Table 1. Model-Data Fit Comparison For All Conditions

Fit index
IRT Deviance AIC BIC CAIC AlCC

Model Sample np

7500 21 16357859 16362059 16376597 163786.97 163620.71

1PLM 3750-X 21 81961.80  82003.80  82134.62 8215562  82004.05

3750-Y 21 81600.21 8164221  81773.03 8179403  81642.46

7500 40 16188354 16196354 16224045 16228045 161963.98

2PLM 3750-X 40 81179.46 8125046  81508.64  81548.64  81260.34

3750-Y 40 80661.98 8074198  80991.16 8103116  80742.86

7500 60  158691.44 158811.44 15922680 159286.80 158812.43

3PLM 3750-X g 79629.95  79749.95  80123.72  80183.72  79751.93

3750-Y 6o 79004.96  79124.96  79498.73  79558.73  79126.94

7500 80  158738.89 158898.89 15945270 159532.70  158900.64

4PLM 3750-X g 79658.39  79818.39  80316.75  80396.75  79821.92

3750-Y 80 79027.44  79187.44  79685.80  79765.80  79190.97
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When the deviance, AIC, BIC, CAIC, AICc indices in Table 1 were examined, it was
seen that the best fit was in 3PLM. This is also true for the 7500, 3750-X, and 3750-Y
samples. Considering the multi-groups from the same population, it was found that the fit
indices obtained from the y sample of 3750 students showed a better fit than the indexes

obtained from the X sample of 3750 students.

Findings for Item and Ability Parameter Estimations

Within the framework of the second sub-problem, the item parameters obtained for the

sample of 7500 students were given in Table 2.

Table 2. The Item Parameters Obtained for the Sample of 7500 Students

Items 1PLM 2PLM 3PLM 4PLM
b a b a b c a b c d

item1l 156 161 -1.03 1.95 -053 029 188 -061 025 1
item2 152 258 -0.85 437 -0.37 031 377 -047 025 1
ittm3 065 149 043 424 075 016 664 066 0.17 0.95
ittem4 094 177 -061 277 -0.02 029 256 -011 025 1
ittm5 002 1.36 -002 476 063 029 405 056 025 1
ittm6  .103 1.9 -065 258 -0.19 025 26 -02 025 1
ittm7 024 085 028 203 095 027 206 08 025 095
ittem8 31 195 -1.79 187 -1.94 0 211 -187 0 1
ittm9 065 207 -042 4.66 016 029 429 009 025 1
item10 025 217 009 475 045 015 476 042 015 1
ittem1l 035 138 025 372 07 021 543 061 022 0.95
ittem12 014 149 008 412 06 023 433 058 023 1
ittem13 045 123 035 301 08 021 3 078 021 1
ittem14 01 094 013 292 088 031 218 075 025 1
item15 064 139 -046 237 022 03 212 011 025 1
item16 049 1.92 -034 422 024 027 394 019 025 1
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item17 15 161 -099 154 -099 0 155 -099 0 1
item18  .145 209 -087 249 -052 022 251 -053 022 1
ittm19 006 132 005 27 057 023 27 055 023 1
ittm20 051 088 053 177 101 021 194 091 021 095
Mean 051 161 -029 314 017 022 322 011 021 0.99

When Table 2 was examined, it was seen that the highest b parameter was 0.65 and the
lowest b parameter was -3.10 in 1PLM for a sample of 7500 students. For 2PLM, the b
parameter had the highest value of 0.53 and the lowest value of -1.79. In 3PLM, the b
parameter took values between -1.94 and 1.01. In 4PLM, the values of parameter b range
from -1.87 to 0.91. When a parameter was examined in 2PLM, 3PLM, and 4PLM, the
highest values were generally obtained in 4PLM. In 2PLM, the values of parameter a
ranged from 0.85 to 2.58. In 3PLM, the value range of parameter a was [1.54, 4.76]. In
4PLM, the values of parameter a were between 1.55 and 6.64. When ¢ parameters were
examined in 3PLM and 4PLM, values were generally close to each other. While ¢
parameter values were between 0.00 and 0.31 in 3PLM, it was between 0.00 and 0.25 in
4PLM. The d parameter estimated in 4PLM took values between 0.95 and 1.00. The item
with the highest probability of incorrect answers due to carelessness has the lowest d
parameter. While the lowest d parameter was in the 3rd, 7th, 11th, and 20th items, the d

parameter of 16 items was estimated as 1.00.

The item parameters obtained for the X sample of 3750 students were given in Table 3.

Table 3. The Item Parameters Obtained for the X Sample of 3750 Students

Items 1PLM 2PLM 3PLM 4PLM
b a b a b c a b c d

item1 154 163 -101 221 -038 035 193 -059 025 1
ittm2 15 243 -086 43 -0.34 033 359 -047 025 1
ittm3 065 149 044 402 075 016 663 064 0.17 0.93
ittm4 089 1.8 -058 293 001 03 266 -009 025 1
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ittm5 005 1.26 -003 443 066 03 349 055 025 1
ittm6 099 175 -0.64 241 -0.14 026 24 -017 025 1
item7 021 085 025 201 094 027 1.8 085 025 0.99
ittem8 31 19 -182 18 -1.98 0 194 -194 0 1
ittm9 06 203 -04 426 016 028 397 01 025 1
item10 027 22 01 485 045 015 484 042 015 1
item1l 04 141 028 391 071 02 663 061 021 094
item12 016 143 01 3.76 062 023 414 058 024 0.99
item13 049 127 037 291 078 019 296 075 0.9 0.99
ittm14 008 093 011 2.88 088 031 212 074 025 1
item15 062 142 -044 236 02 029 219 011 025
item16 051 187 -035 3.82 022 027 365 016 0.25
item17 15 164 -098 156 -098 0 156 -099 O
item18 144 197 -088 234 -054 021 236 -055 021
item19 01 133 007 262 057 022 264 055 022 1
ittm20 053 092 053 1.7 097 019 228 071 021 086
Mean 049 158 -029 305 018 023 319 01 02 0.99

N e

When Table 3 was examined, it was seen that the highest b parameter was 0.65 and the
lowest b parameter was -3.10 in 1PLM for the X sample of 3750 students. For 2PLM, the
b parameter had the highest value was 0.53 and the lowest value was -1.82. In 3PLM, the
b parameter took values between -1.98 and 0.97. In 4PLM, the values of parameter b
range from -1.94 to 0.85. When a parameter was examined in 2PLM, 3PLM, and 4PLM,
the highest values were generally obtained in 4 PLM. In 2 PLM, the values of parameter
a range from 0.85 to 2.43. In 3 PLM, the value range of parameter “a” was [1.56, 4.85].
In 4PLM, the values of parameter a were between 1.56 and 6.63. When ¢ parameters were
examined in 3PLM and 4PLM, values were generally close to each other. While ¢
parameter values were between 0.00 and 0.35 in 3 PLM, it was between 0.00 and 0.25 in
4PLM. The d parameter estimated in 4PLM, on the other hand, took values between 0.86

and 1.00. While the lowest d parameter was in the 20th item, the d parameter of 14 items
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was estimated as 1.00. The item with the highest probability of answering incorrectly due

to carelessness was item 20.

The item parameters obtained for the Y sample of 3750 students were given in Table 4.

Table 4. The Item Parameters Obtained for the Y Sample of 3750 Students

ltems 1PLM  2PLM 3PLM 4PLM

b a b a b c a b c d
item1l 157 159 -1.04 165 -0.81 014 168 -0.78 016 1
ittm2 153 275 -084 445 -039 03 398 -046 025 1
ittm3 065 149 043 445 076 017 663 067 0.17 0.95
ittm4 098 1.74 -064 262 -005 029 247 -013 025 1
ittm5 002 147 0 515 061 027 473 057 025 1
item6 108 208 -067 279 -022 024 279 -023 024 1
ittm7 027 086 03 204 096 026 217 08 025 0.94
item8 .37 2 177 195 -189 0 227 -181 0 0.99
ittm9 069 21 -045 51 016 03 461 009 025 1
item10 022 214 007 469 045 015 474 043 015 1
item1l 03 136 021 358 069 022 488 061 022 0.95
ittem12 013 155 007 453 059 023 46 058 023 1
item13 041 118 033 313 083 022 312 081 022 1
ittm14 012 095 014 294 088 03 224 077 025 1
item15 067 1.35 -048 239 025 031 206 011 025 1
item16  .048 1.97 -033 471 027 028 431 021 025 1
item17 151 158 -1 153 -099 0 153 -099 0 1
item18 147 221 -086 267 -05 023 269 -05 023 1
item19 003 131 002 279 058 024 278 056 023 1
ittm20 o5 084 054 1.86 1.06 023 256 08 024 0.86
Mean 052 163 -03 325 016 022 334 011 021 098
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When Table 4 was examined, it was seen that the highest b parameter was 0.65 and the
lowest b parameter was -3.10 in 1PLM for the Y sample of 3750 students. For 2PLM, the
b parameter had the highest value was 0.54 and the lowest value was -1.77. In 3PLM, the
b parameter took values between -1.89 and 1.06. In 4PLM, the values of parameter b
range from -1.81 to 0.81. When a parameter was examined in 2PLM, 3PLM, and 4PLM,
the highest values were generally obtained in 4PLM. The values of parameter a in 2PLM
were between 0.86 and 2.75. In 3PLM, the value range of parameter a was [1.53,5.15].
In 4PLM, the values of parameter a were between 1.53 and 6.63. When ¢ parameters were
examined in 3PLM and 4PLM, values were generally close to each other. While ¢
parameter values were between 0.00 and 0.31 in 3PLM, it was between 0.00 and 0.25 in
4PLM. The d parameter estimated in 4PLM, on the other hand, took values between 0.86
and 1.00. While the lowest d parameter was in the 20th item, the d parameter of 15 items
was estimated as 1.00. The item with the highest probability of answering incorrectly due

to carelessness was item 20.

In Table 5, the average, minimum, and maximum cut-off values of the ability parameter

were given.

Table 5. Descriptive Statistics for Ability Parameters

Ability Estimation Method

EAP MAP
IRT Sample
Model P
Mean Min Max Mean Min Max
7500 0 -3.47 2.7 -0.03 -3.6 2.4
1PLM 3750-X 0 -3.45 2.7 -0.04 -3.6 2.4
3750-Y 0 -2.97 2.7 -0.01 -3 2.4
7500 0 -2.32 1.87 -0.03 -2.4 1.8
2PLM 3750-X 0 -2.33 1.88 -0.02 2.4 1.8

3750-Y 0 -1.96 1.86 -0.03 -1.8 18
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7500 0,01 -1.9 1.79 0.06 -1.8 1.8

3PLM 3750-X 0,01 -1.89 1.8 0.06 -1.8 1
3750-Y 0,02 -1.92 1.79 0.07 -1.8 1.8

7500 0 -1.94 1.73 0.04 -1.8 1.8

4PLM 3750-X 0 -1.94 1.72 0.04 -1.8 1.8
3750-Y 0,01 -1.95 1.71 0.06 -1.8 1.8

In Table 5, it has been seen that the average values are close to zero and very close to
each other if the ability estimations are made with the EAP and MAP methods. The
minimum value of the ability parameter estimated by the EAP estimation was found to
be -3.47 for 7500 samples. The highest ability estimate estimated by the EAP estimation
was obtained in 1IPLM for all samples. When the estimations obtained by the MAP
method were examined, the highest ability parameter was estimated at 1PLM for all
samples, while the lowest ability parameter was -3.60 in 1PLM for 7500 and 3750 X

samples.

Findings Regarding the Differentiation of Item Parameters

Multi-way analysis of variance was applied to determine the differences between a
parameters according to different IRT models in multiple groups. The obtained results

were given in Table 6.

Table 6. Investigation of the Differentiation of Parameter a in Multiple Groups and
Models

Source F p Partial Eta Squared Observed Power
Sample 234 791 .003 .086
Model 44.870 .000 344 1.000
Sample*Model .028 .998 .001 .055

When Table 6 was examined, a significant difference was found between a parameters
obtained from 2PLM and 3PLM and 4PLM (F(2, 179)=44.870; p<0.05). The a parameter
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was underestimated in 2PLM. The parameter a estimated in multiple groups did not differ
significantly from sample to sample (F(2, 179)=0.234; p>0.05).

When the effect sizes in Table 6 were examined, we can say that the effect of sample and
sample*model on a parameter was non-significant and the effect of model is large based
on Cohen’s (1988) criteria for effect size.

Multi-way analysis of variance was applied to determine the differences between b
parameters according to different IRT models in multiple groups. The obtained results
were given in Table 7.

Table 7. Investigation of the Differentiation of Parameter b in Multiple Groups and
Models

Source F p Partial Eta Squared Observed Power
Sample 005 .995 .000 .051
Model 10.512 .000 122 999
Sample*Model .002 1.000 .000 .050

When Table 7 was examined, a significant difference was found between the b parameters
obtained from 1PLM and 3PLM and 4PLM, 2PLM and 3PLM and 4PLM (F(3,
239)=10.512; p<0.05). The b parameter was underestimated in 1PLM and 2PLM. The b
parameter estimated in multiple groups did not differ significantly from sample to sample
(F(2, 239)=0.005; p>0.05).

When the effect sizes in Table 7 were examined, the effect of sample and sample*model
on the b parameter was found non-significant and the effect of model is medium based
on Cohen's (1988) criteria for effect size.

Multi-way analysis of variance was applied to determine the differences between c
parameters according to different IRT models in multiple groups. The obtained results

were given in Table 8.
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Table 8. Investigation of the Differentiation of Parameter ¢ in Multiple Groups and
Models

Source F p Partial Eta Squared Observed Power
Sample 027 974 .000 .054
Model 1.295 .258 011 204
Sample*Model .013 .987 .000 .052

When Table 8 was examined, no significant difference was found between the ¢
parameters obtained from different IRT models and multiple groups (F(2, 119)=0.027;
p>0.05). The estimations of ¢ parameter according to 3PLM and 4PLM did not show a
significant difference (F(1, 119)=1.295; p>0.05). In addition, the ¢ parameter estimations
did not show a significant difference in the samples of 7500 and 3750 students (p>0.05).

When the effect sizes in Table 8 were examined, according to the classification developed
by Cohen (1988) for the effect size, all effect of variance sources on the ¢ parameter was
found non-significant.

Findings Related to the Differentiation of Ability Parameters in Subgroups

Multi-way analysis of variance was applied to determine the differences between ability
parameters according to different ability estimation methods and IRT models on a sample
of 7500 students. The obtained results were given in Table 9.
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Table 9. Investigation of the Differentiation of Ability Parameter Estimations for
Sample of 7500 Students According to the IRT Models and Ability Estimation Methods

Partial Eta Observed
Source F Squared Power
Model 9.418 .000 .000 997
Ability Estimation Method 1.298 .255 .000 .207
- L
Model*Ability Estimation 7198 000 000 983

Method

When Table 9 was examined, a significant difference was found between the ability
parameters obtained from 1PLM and 3PLM and 4PLM, 2PLM and 3PLM and 4PLM
(F(3, 59999)=9.418; p<0.05). The ability parameter was underestimated at 1PLM and
2PLM compared to 3PLM and 4PLM. The ability parameter estimated according to the
EAP and MAP method did not show a significant difference (F(1, 59999)=1.298; p>0.05).

When the effect sizes in Table 9 were examined, all effect of variance sources on the
ability parameters was found non-significant based on the classification developed by
Cohen (1988) for the effect size.

Multi-way analysis of variance was applied to determine the differences between ability
parameters according to different ability estimation methods, IRT models, and samples

for samples of 3750 students. The obtained results were given in Table 10.
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Table 10. Investigation of the Differentiation of Ability Parameter Estimations for
Samples of 3750 Students According to the Samples, Models, and Ability Estimation
Methods

Partial Eta Observed

Source F Squared Power
Model 100.782 .000 .005 1000
Ability Estimation Method 5.303 .021 .000 .634
Sample 51.107 .000 .001 1000
Model* Ability Estimation Method ~ 11.228 .000 .001 .999
Model*Sample 62.164 .000 .003 1000
Ability Estimation Method*

Sample 449 503 .000 103
Model* Ability Estimation 1218 301 000 330

Method*Sample

When Table 10 was examined, the ability parameter estimation between models other
than 1PLM and 2PLM in two samples of 3750 students differs significantly from each
other (F(3, 59999)=100.782; p<0.05). At the same time, the ability parameters obtained
from different samples and different ability parameter estimation methods also show
significant differences (p<0.05).

When the effect sizes in Table 10 were examined, all effect of variance sources on the

ability parameters was found non-significant.

Findings for Marginal Reliability Coefficient

The marginal reliability coefficients for the EAP estimation were given in Table 11.
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Table 11. Marginal Reliabilty Coefficients for EAP Estimation

IRT Model Sample Marginal Reliabilty Coefficient

7500 0.855

1PLM 3750-X 0.855
3750-Y 0.856

7500 0.865

2PLM 3750-X 0.864
3750-Y 0.866

7500 0.851

3PLM 3750-X 0.846
3750-Y 0.857

7500 0.852

4PLM 3750-X 0.848
3750-Y 0.857

When Table 11 was examined, the highest reliability coefficient was found to be 0.866
for the 3750 Y sample. The lowest reliability coefficient (0.846) was estimated in 3PLM
for the 3750 X sample. Considering the marginal reliability coefficients, it was seen that

values were very close to each other under all conditions.

DISCUSSION AND CONCLUSION

In this study, 1PLM, 2PLM, 3PLM, and 4PLM comparisons were done based on data of
the national transition examination. For this, first of all, the validity and reliability
analysis of the measurements obtained from randomly selected 7500 students who
responded to the mathematics subtest in the TPSEE 2017 April dataset and when the
dataset was randomly divided into two were performed. Then, one-dimensionality and
local independence assumptions, which are the basic assumptions of parametric one-
dimensional IRT, were examined. After meeting the assumptions, model fit indices in
1PLM, 2PLM, 3PLM, and 4PLM were examined and item and ability parameters based
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on EAP and MAP were calculated for each model. In addition, reliability analysis was

performed and reported in IRT for each model.

As a result of the findings, it was seen that the best model-data fit in the data set used was
in 3PLM. When the studies carried out on different data in the literature were examined,
it was seen that the results may differ. Publications about 4PLM, whose use has increased
since the 2000s, have been published on different data sets in the literature (Barton &
Lord, 1981; Erdemir & Onen, 2019; Feuerstahler & Waller, 2014; Liao et al,2012; Loken
& Rulison, 2010; Magis, 2013; Reise & Waller, 2003; Rulison & Loken, 2009; Rupp,
2003, Waller & Reise, 2010, Yal¢in, 2018; Yen et al., 2012). When all these studies were
examined, it has been revealed in many studies that 4PLM has better model data fit than
other dichotomous models (Barton & Lord, 1981; Erdemir & Onen, 2019; Loken &
Rulison, 2010; Rulison & Loken, 2009; Rupp, 2003; Waller & Reise, 2010). In
computerized adaptive test (CAT) studies, it was observed that the ability estimation was
obtained with 4PLM with a lower standard error (Magis, 2013; Yen et al., 2012).

In Erdemir and Onen (2019)'s study, when the overall model data fit was handled with 5
different methods (-2LL, AIC, BIC, y 2, and SMRSR), four of the methods indicated that
4PLM showed a relatively better fit. Loken and Rulison (2010) compared the freely
estimated parameter d with the parametric IRT model in their study with real and
simulated data and found that 4PLM exhibited a better fit. However, Barton and Lord
(1981), who pioneered studies on 4PLM, found that the 3PLM model had a better model
fit index than the 4PLM. However, in these studies conducted in the early 1980s, the d
parameters were not freely estimated. Yalgin (2018), who also uses the MixIRT model,
reached a parallel conclusion with Barton and Lord (1981). While interpreting the results
obtained from the studies, the characteristics of the data set should not be ignored. In the
case of considering the d parameter as a constant value in the 4PLM model, the results
obtained differ from the study of Barton and Lord (1981) in the literature.

In this study, while item parameters did not differ from sample to sample, ability
parameters is seen as differing partially in samples of 3750 students. But when the effect

size of sample on ability parameter examined according to the classification developed
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by Cohen (1988) for the effect size, it was found non-significant difference. Therefore,
this result is similar from the study of Fan (1998), who found that parameter invariance
was provided in both theories (IRT and CTT). There are many studies in the literature on
the invariance of parameters obtained using IRT (e.g. Fan, 1998; Fan & Ping, 1999;
Kelkar, Wightman, & Luecht, 2000; Dogan & Tezbasaran, 2003; Acar & Kelecioglu,
2008; Custer et al., 2008; Adedoyin, Nenty & Chilisa, 2008; Immekus & Maller, 2009;
Adedoyin, 2010; Galdin & Laurencelle, 2010; Siinbiil & Erkus, 2013; Dogan & Kilig,
2017). When these studies were examined, it is seen that the assumption of parameter
invariance in IRT was largely met (e.g. Fan, 1998; Fan & Ping, 1999; Kelkar, Wightman,
& Luecht, 2000; Acar & Kelecioglu, 2008; Custer et al., 2008; Adedoyin, Nenty &
Chilisa, 2008; Adedoyin, 2010; Siinbiil & Erkus, 2013). In some studies, it was found that
item parameter invariance was not fully achieved (Dogan & Tezbasaran, 2003; Immekus
& Maller, 2009; Galdin & Laurencelle, 2010; Dogan & Kilig, 2017). In a study, it was
found that ability parameter invariance was provided to a greater extent than item
parameter invariance (Dogan & Kilig, 2017). This study is not a parameter invariance
study, but an investigation of IRT parameter estimations and reliability in multiple groups
can show us how parameters and reliability coefficients can be differed by different

groups from the same universe.

Another result of the study was that the item parameters (a and b) partially differed
according to the model used. The ¢ parameter, on the other hand, did not differ according
to the sampling (3750-X, 3750-Y, and 7500) and the model used (3PLM and 4PLM).
Ability parameter estimations did not differ according to the method (EAP-MAP) used in
7500 samples. In 3750 samples, it seem like there were differences when the model,
method, sample together, and their interaction were considered. But if the effect sizes on
ability parameter in 3750 samples was examined, according to the classification

developed by Cohen (1988) for the effect size, it was found non-significant.

One of the contributions of current research is to handle parameter estimations based on
different models and estimation methods in sub-groups or multiple groups. This research

did not address parameter invariance in subgroups with methods such as the IRT
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Likelihood Ratio Test. Within the scope of the research, it was only examined whether
the parameters differed in different conditions. In future research, parameter invariance
can be tested in subgroups using methods such as the IRT Likelihood Ratio Test. A
limitation of this research is the analysis of dichotomous data obtained from the
mathematics subtest in the TPSEE 2017 exam. Similar studies can be performed on
different datasets (polytomous, dichotomous or mixed) and different sample size. In
addition, different models can be tested under different simulation conditions. Similar
studies can be conducted to compare nonparametric IRT models and bayesian models.
IRT comparisons can be done on multidimensional data sets.
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GENIS OZET

Sans basarisint goz ardl etmesi, test merkezli olmasi, tiim beceri aralig icin tek bir hata tahmini
vapmasi, giivenilirligi tahmin etmek i¢in paralel testlere ihtiya¢ duymasi, madde istatistiklerinin
gruba bagli olmasi ve yetenegi tahmin etmenin teste bagl olmast Klasik Test Teorisi 'nin dezavantaj
ve simirlamalardan bazilaridir (Embretson ve Reise, 2000, Hambleton vd., 1991). Madde Tepki
Kurami’'nmin (MTK) avantajlari ise, bireysel yetenek parametresini tahmin etmesi ve parametreleri
tahmin ederken gruptan ve kosullardan bagimsiz ézelligine sahip olmasidir (DeMars, 2010).

Parametrik tek boyutlu MTK modellerini belirlerken dikkat edilmesi gereken noktalardan biri de
madde cevap kategori sayisidir (Edelen ve Reeve, 2007). Coktan segmeli testler ikili puanlanir ve
bu testler icin MTK 'deki parametre sayist dikkate alinarak 1-0 puanlanan ¢esitli modeller vardir.
1, 2 ve 3 parametreli lojistik modeller (PLM) en stk kullanilanlardir ve iist asimptot parametresini
tireten 4PLM'ye dayali tahminler yapmak da miimkiindiir (Edelen ve Reeve, 2007). 4PLM, Barton
ve Lord (1981) tarafindan di parametresinin 3PLM'ye eklenmesiyle olugturulmugtur. 4PLM ile
viiksek yetenekli katilimcilarin, kolay bir maddeyi yanitlarken hata yapma olasiigini hesaba
katmaktadir. 1.00'dan kii¢iik bir degere sahip iist asimptot eklenmesiyle, yetenek diizeyi yiiksek olan
bir katilimcinin kolay bir maddeye yanlhs yanit vermesi durumunda yetenek 6lceginde onemli
olciide degismemesini saglar. 2000'li yillardan itibaren kullanimi artan 4PLM ile ilgili yayinlar
literatiirde farkli veri setleri iizerinde yaynlanmistir (Barton ve Lord, 1981; Erdemir ve Onen,
2019; Feuerstahler ve Waller, 2014; Liao, vd., 2012; Loken ve Rulison, 2010; Magis, 2013; Reise
ve Waller, 2003; Rulison ve Loken, 2009; Rupp, 2003, Waller ve Reise, 2010, Yal¢in, 2018; Yen
vd.,, 2012). Tiim bu ¢alismalar incelendiginde 4PLM'nin diger ikili modellere gore daha iyi model
veri uyumuna sahip oldugu bir¢ok ¢alismada ortaya konulmugtur (Barton ve Lord, 1981, Erdemir
ve Onen, 2019; Loken ve Rulison, 2010; Rulison ve Loken, 2009; Rupp, 2003; Waller ve Reise,
2010). Bilgisayar Ortanminda Bireye Uyarlanmigs Testler (CAT) ¢alismalarinda yetenek tahmininin
4PLM ile daha diisiik standart hata ile elde edildigi goriilmiistiir (Magis, 2013; Yen vd., Chen,
2012). Tiirkiye'de ise 4PLM 'nin uygulamalart sinirli sayidadir (6rnegin;, Erdemir ve Onen, 2019;
Yalgin, 2018). 4PLMyi dahil ederek yapilan ¢oklu gruplarda madde ve yetenek parametrelerinin
ve giivenirliklerin farklilagsmasini inceleyen tamamen benzer bir arastirma bulunmamistir.

Arastirmanin érneklemini TEOG 2017 Nisan sinavina giren ve A kitapgigi alan rastgele segilmis
7500 8. simif 6grencisi olusturmaktadir. Alt gruplar arasinda analiz yapabilmek i¢in érneklemin
tamam rastgele 3750 6grenciye ayrilmistir.

Bu ¢alismada gergek verilere dayali olarak 1PLM, 2PLM, 3PLM ve 4PLM karsilastirmast
yapumistir. Bunun igin oncelikle TEOG 2017 Nisan veri setinde matematik alt testini yanitlayan
rastgele secgilen 7500 dgrenciden ve veri seti rastgele ikiye béliinerek elde edilen élgiimlerin
gegerlik ve giivenirlik analizleri yapilmistir. Daha sonra parametrik tek boyutlu MTK'nin temel
varsaymmlart olan tek boyutluluk ve yerel bagimsizlik varsaymmlari incelenmistir. Varsaymmlar
saglandiktan sonra 1 PLM, 2PLM, 3PLM ve 4 PLM'deki model uyum indeksleri incelenmis ve her
bir model i¢in madde ve yetenek parametreleri hesaplanmistir. Ayrica, her model icin MTK 'de
giivenilirlik analizi yapilmis ve raporlanmustir.

Elde edilen bulgular sonucunda kullanilan veri setinde en yiiksek model-veri uyumunun 3 PLM'de
oldugu gériilmiistir. Bu ¢alismada madde parametreleri orneklemden ornekleme farklilik
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gostermezken, 3750 dgrenci ornekleminde yetenek parametreleri kismen farklilik gostermistir.
Arastirmanmin bir diger sonucu, madde parametrelerinin (a ve b) kullanilan modele gore kismen
farkllagtigidir. ¢ parametresi ise ornekleme (3750-X, 3750-Y ve 7500) ve kullanilan modele (3
PLM ve 4 PLM) gore farkliltk gostermemistir. 7500 ornekte kullanilan yetenek parametresi kestirim
yontemine (EAP ve MAP) gore yetenek parametresi tahminleri farkliltk gostermemigstir. 3750
orneklemde model (1PLM, 2PLM, 3PLM, 4PLM), yontem (EAP-MAP), drneklem birlikte ve
etkilesimleri dikkate alimdiginda farkliliklar ortaya ¢ikmistir.

Bu arastirma, MTK Olabilirlik Oran: Testi gibi yontemlerle alt gruplarda parametre degismezligini
ele almamistir. Aragtirma kapsaminda sadece parametrelerin farkl kosullarda farklilhik gosterip
gostermedigi incelenmistir. Gelecekteki aragtirmalarda, parametre degismezligi, MTK Olabilirlik
Orani Testi gibi yontemler kullanilarak alt gruplarda test edilebilir. Bu arastirmanin bir simirlilig,
TEOG 2017 sinavinda matematik alt testinden elde edilen ikili puanlanan verilerin analizidir.
Benzer ¢alismalar farkll veri setleri tizerinde (¢oklu veya ikili veya karma) gergeklestirilebilir.
Ayrica, farkl simiilasyon kosullar: altinda farkly modeller test edilebilir. Parametrik olmayan MTK
modellerini ve Bayes modellerini karsilastirmak icin benzer ¢alismalar yapuabilir. MTK
karsilagtirmalart ¢ok boyutlu veri setleri iizerinde yapilabilir.
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