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ABSTRACT

The objective of this study is to evaluate the effectiveness of the proposed GPCMlasso and
Alignment methodologies in identifying Differential Iltem Functioning (DIF), by comparing their
performances using real-world data. Specifically, the study focuses on the Interest in ICT subscale
from the 2018 Program for International Student Assessment (PISA) ICT questionnaire. The analysis
includes data from five Eastern European and Central Asian countries that participated in the PISA
2018 ICT questionnaire: Turkey, Bulgaria, Croatia, Georgia, and Kazakhstan, covering a sample of
29,277 15-year-old students. According to the Alignment method, the factor loadings for items 2,
3, 4, and 6, as well as the factor intercepts for items 2 and 6, remain consistent across all countries.
In contrast, the GPCMlasso approach indicates that every item on the measurement tool exhibits
both DIF and Differential Step Functioning (DSF) across various countries. The study finds that there
is a 64% agreement rate between the two methods in detecting DIF. However, the GPCMlasso
method appears to be more sensitive in identifying Differential Metric Functioning (DMF)
compared to the Alignment method.

Keywords: Differential item functioning, differential step functioning, regularization, machine learning.
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INTRODUCTION

Validity refers to how accurately and comprehensively a particular trait is measured (Mellor, 1995). Sometimes,
variables like language, gender, ethnicity, culture, socio-economic status, or even specific cognitive abilities like
problem-solving can affect the latent trait being assessed. This kind of interference compromises the validity of
the test and leads to biased scores (Penfield & Camilli, 2006). To examine such bias, Differential ltem Functioning
(DIF) analyses are employed. DIF explores the varying likelihood of individuals from different backgrounds but
with the same ability level answering a test item correctly (Penfield & Camilli, 2006). Various methods, both
traditional (Chang et al., 1996; Choi et al., 2011; Holland & Thayer, 1988; Swaminathan ve Rogers, 1990; Thissen
ve et al., 1993) and new approaches (Belzak, 2023; Cohen & Bolt, 2005; De Ayala et al., 2002; Muthén &
Asparouhov, 2010; Schauberger & Mair, 2020), have been developed to detect DIF. Traditional approaches like
Mantel-Hanzel and SIBTEST often determine DIF based on a single variable that is either binary or multi-
categorical and cannot conduct DIF analyses for continuous variables such as age and response time.
Furthermore, when analyses are conducted based on a single variable, the situation where multiple background
characteristics of participants might together be a source of DIF is overlooked (Belzak, 2023). In addition, these
techniques use exact zero constraints (i.e., exact equality of parameters between groups) when comparing
parameters between groups (Muthén & Asparouhov, 2012). Particularly in this case, especially in multi-group
comparisons (n210), if the relevant item shows strong DIF between a limited number of groups, it can appear
biased for all groups (Van de Vijver et al., 2019). Another issue is that multiple potential sources of DIF can affect
test responses and scores in various linear, non-linear, and even non-parametric ways, and many of these cannot
be detected with these methods (Belzak, 2023; Schauberger & Mair, 2020). To overcome the aforementioned
limitations of DIF detection with traditional methods, various regularization or bias correction methods known
under approximate measurement invariance methods as structural equation modeling-based methods (Muthén
& Asparouhov, 2012; Asparouhov & Muthén, 2014) and Machine Learning (ML) approaches have been suggested
in the literature (Belzak & Bauer, 2020; Liang & Jacobucci, 2020; Tutz & Schauberger, 2015; Schauberger & Tutz,
2016; Strobl et al., 2015). While approximate measurement invariance methods focus especially on determining
the most appropriate measurement model in large-scale assessments where multi-group comparisons are made
(Muthén & Asparouhov, 2012); ML methods have focused on evaluating multiple variables together in linear,

non-linear, and non-parametric formats of DIF (Belzak, 2023).

In conclusion, DIF is a significant validity issue (Xu & Tracey, 2017), and in practices where high-risk decisions are
made based on test scores, the validity of these scores needs to be established. For this purpose, it is essential
to comparatively examine the many existing techniques and identify their strengths and weaknesses. Unlike
traditional DIF identification methods, new approaches are valuable both in terms of relaxing the strict
assumptions required by traditional methods and in identifying the primary source of DIF by discovering linear
or non-linear relationships between multiple potential sources of DIF. In this context, the problem of this study
is to compare the alignment approach based on structural equation modeling and the machine learning-based

lasso penalty approach to detect DIF and determine the strengths and weaknesses of these methods.
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METHOD

Research Model

Descriptive studies examine individuals, settings, conditions, or events from a current point of view and interpret
the data they provide. It focuses solely on the phenomenon of interest as it exists naturally without manipulating
individuals, conditions, or events (Mertler, 2014). A descriptive research method was employed in this study, in

which alignment and GPCMlasso DIF methods were compared using the PISA 2018 Interest in ICT questionnaire.

Data Source

The OECD (2021) report emphasizes that the lack of education and learning opportunities in Eastern European
and Central Asian (EECA) countries threatens the future of children and that in order to reform education, EECA
countries need to understand the performance of their own education systems and compare their results with
those of other countries. In this context, analyses were carried out with participants from Eastern European and
Central Asian (EECA) countries. The PISA-EECA countries have continuously increased their involvement, and ten
countries participated in 2018: Baku (Azerbaijan), Belarus, Bulgaria, Croatia, Georgia, Kazakhstan, Moldova,
Romania, Turkey, and Ukraine. However, five out of 10 countries participated in the ICT questionnaire (OECD,

2021). A summary of EECA countries' information is provided in Table 1.

Table 1. Frequencies and Percentages Related to the Study Group

Country Gender f % N

BRG Bulgaria Female 1276 49.6 2574
Male 1298 50.4

GEO Georgia Female 1336 51.1 2613
Male 1277 489

HRV Croatia Female 2508 51.9 4835
Male 2327 48.1

KAZ Kazakhstan Female 6724 48.8 13775
Male 7051 51.2

TUR Turkey Female 2736 49.9 5480
Male 2744 50.1

Data Collection Tool

In this study, the data from the PISA 2018 Interest in ICT questionnaire were used (OECD, 2019a). A four-point
Likert rating scale was utilized (1 =“strongly disagree”, 2 = “disagree”, 3 = “agree”, 4 = “strongly agree”). The
descriptive statistics and reliabilities and CFA model fit indexes of the Interets in ICT questionnaire for all

countries are illustrated in Table 2.
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Table 2. Mean, Standard Deviation, Reliabilities and CFA model fit index of the Interets in ICT questionnaire

Country (meantsd) a CFI TLI SRMR
BRG 4.33+1.1 .90 .96 .97 .050
GEO 4.48+1.1 .90 .98 .97 .022
HRV 3.3410.8 .82 .97 .95 .038
KAZ 3.57+0.9 .85 .96 .94 .035
TUR 4.29+1.1 .88 .97 .98 .045

Data Analysis
Alignment

The alignment approach assesses measurement invariance by generating a model that permits limited variations
in measurement parameters across different groups. Rather than assuming invariance exists, the method seeks
the most fitting pattern of measurement invariance and then calculates factor means and variances for each
group. One key benefit of this approach is that it is rooted in structural modeling, enabling the prediction of
models suitable for a large array of groups without sacrificing model fit. The alignment technique estimates
factors like loadings (/19), intercepts (vy), means (ag4), and variances (lpg) by identifying the number of
fluctuating item parameters and the model that minimizes deterioration in measurement invariance

(Asparouhov & Muthén, 2014).

The testing process in the alignment method occurs in two phases. Initially, a foundational model, labeled "Mo,"
is created where factor loadings and cutoffs are group-specific, while factor averages are set at zero and variances
at one for all groups. This initial model is considered optimal since it does not enforce any inter-group parameter
constraints. The next phase involves alignment optimization, where factor means and variances that minimize
distortion in measurement invariance are computed using a simplicity function; equation 1 (Asparouhov &

Muthén, 2014).
F=%pYg.<0,Wa1.9.f Apgy = Apg,)*Lp Xgi<g, War.9.f (Vpg, — Vpg,) (1)

Wg1:92 = N91N92 (2)
w: factor weights, N: sample size

The finalized aligned model, known as "M3," retains the same fit quality as its foundational counterpart, Mo. Even
though the model strives to minimize the level of invariance, it does not compromise the model's overall fit.
Asparouhov and Muthén(2014) suggest that to deem the model's fit as acceptable, no more than 25% of the
items should violate statistical invariance; Flake and McCoach (2018) set this limit at 29%. Another metric used
to evaluate model fit is the R? effect size measure, which reveals the extent to which variability in item parameter

estimation is accounted for by the group-specific factor means and variances. An R? value close to 1 signifies
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complete invariance, while an R? value around 0 means group differences do not explain the item parameter
variability (Asparouhov & Muthén, 2014). This study employed Mplus 8.0 software for conducting DIF analyses

using the alignment method.
GMPClasso

The Generalized Partial Credit Model with Lasso regularization (GPCMlasso) forms a unified model that uses
penalized likelihood estimation for parameter selection in detecting Differential Item Functioning (DIF), as
described by Schauberger & Mair (2020). One of the major advantages of this approach is its ability to consider
multiple variables simultaneously and its applicability to both continuous and categorical variables for DIF
detection. With the GPCMIlasso model, uniform DIF is calculated according to country (G) variable, as indicated

in Equation 3.

P(Ypi =)

log] ————— |=
g P(Y,=r-1)

ﬂi:[ep"'xga_é‘ir_(}/iXG )] )

In this model y; represents DIF parameters, are the effects of grouping variable (G) on item J, respectively. If

these parameters are not equal to zero after applying lasso penalization, they are considered uniform DIF. For
the parameter estimate, the GPCMlasso model figure out the following lasso penalized log-likelihood function

illustarted equation 4.

0(6,0,8,B.7)=1(6,0,8,B.7) —z'ziwij 74l )

i=1 j=1

| m
where é(@,a,é,ﬁ, }/) is the regular version of the log-likelihood function, ZZZWU ‘7/”‘ represents the
i=1 j=1

lasso penalty term and A >0 is the tuning parameter that controls the degree of penalization applied to the

vector of regression coefficients Yij - In this particular model, Xp denotes an m dimensional vector of covariates
forindividual P (G), and 6 stands for the latent construct in focus. Furthermore, the DIF parameter, 7, , the item

step parameter O, the main effect & and, the item discrimination ﬂi parameters are estimated for item i.

ij
Penfield (2007) and Penfield et al. (2009) pointed out, that DIF analysis in polytomous settings can also suffer
from the phenomenon of differential step functioning (DSF). DSF implies differences at the level of each step of
a polytomous item with respect to different covariate values. Therefore, in this study, DAF was also examined
together with DMF.When using penalized likelihood approaches like this one, determining the optimal tuning

parameter A is a key step. To identify the best value for A, it can either be used model selection criteria such as

the Akaike Information Criterion (AIC) or the Bayesian Information Criterion (BIC), or cross-validation (CV)
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techniques. In this study, emphasis was primarily placed on BIC, since selecting the optimal variables is more
critical than making accurate predictions when it comes to assessing DIF. The BIC is specified for the GPCMlasso

model in Equation 5.
BIC(A) = —2LA(.) +df (1) log(n) (5)
The GPCMlasso package in R software (R Core Team, 2018) was used to assess DIF.

FINDINGS

The findings are presented in two stages, first the alignment findings, and then the GPCMlasso findings.
Alignment Findings

Before conducting alignment analyses, a Multiple Group Confirmatory Factor Analysis (MG-CFA) was performed.
Table 3 provides the model fit statistics for the structural, metric, and scalar invariance levels that emerged from
the MG-CFA. Chi-square difference tests reveal that there is a significant decline in model fit when moving from
structural to metric invariance, as well as from metric to scalar invariance. When looking at the shifts in alternate
goodness-of-fit indices such as CFl, RMSEA, and SRMR, the differences surpass acceptable levels both in the
transition from structural to metric invariance and from metric to scalar invariance. These results indicate that
the average factor scores for the six-item interest in ICT interest questionnaire are not comparable among the

five countries being studied.

Table 3. MG-CFA Results

Model X2 df p RMSEA CFI SRMR
Yapisal 269.557 45 <.001 .095 [.085-.106] 972 031
Zayif 390.661 65 <.001 .096 [.087-.105] .960 .080
Giiglu 838.929 85 <.001 1127 [.119-.135] .907 .078

In Table 4, the data about the invariance of threshold and factor loadings for each question in the 6-item interest
in ICT questionnaire across countries is shown. Parenthetical notations indicate significant differences in factor
loadings and thresholds for the respective country. The factor loadings for items 2, 3, 4, and 6 are invariant across
countries. However, for item 1, there are significant differences in the factor loadings for Georgia and Kazakhstan.
Annex 1 provides detailed results of country-by-country comparisons for items where invariance is not achieved,
both in terms of factor loadings and intercept. Specifically, Georgia's factor loading for this item is significantly
different from those of Turkey and Croatia, while Kazakhstan's factor loading differs significantly from all
countries in the study. For item 5, only Kazakhstan shows a significant difference in factor loading. According to
the pairwise comparison results, this difference is with Turkey and Bulgaria. In general, only 3% of the factor
loadings for interest in ICT items diverge significantly across countries, which is within the acceptable range of

less than or equal to 25% as suggested by Asparouhov & Muthén (2014). As a result, factor loadings can be
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compared between countries, confirming metric invariance for the interest in ICT questionnaire. When looking
at the factor intercepts for the interest in ICT items across countries, it appears that the intercepts for item 2 and
item 4 are consistent across all countries. However, variations are observed for other items. Specifically, for item
1, the intercepts differ significantly for Turkey and Kazakhstan. For item 3, it differs for Turkey. For item 4, Croatia,
Georgia, and Kazakhstan show differences. Finally, for item 5, measurement invariance does not hold in Croatia
and Kazakhstan. Overall, when examining the intercepts for ICT-related items among countries, 27% of these
intercepts deviate significantly between groups, exceeding the 25% guideline from Asparouhov & Muthén
(2014). Hence, the interest in ICT questionnaire does not hold scalar invariance, making it inappropriate to

compare average factor scores between countries based on the overall scale score.

Table 4. Alignment Results for Factor Loadings and Intercepts

Iltem Intercepts Count of Non-invariant Factor Loadings Count of Non-invariant
parameter parameter

13Q01 (item1) 1(2)34(5) 2 123(4)(5) 2

13Q04 (item2) 12345 0 12345 0

13Q05 (item3) 1(2)345 1 12345 0

13Q11 (item4) 12(3)(4)(5) 3 12345 0

13Q12 (item5) 12(3)4(5) 2 1234(5) 1

13Q13 (itemé6) 12345 0 12345 0

Toplam 8(%26.6) 3 (%10)

*BGR=1, TUR=2, HRV=3, GEO=4, KAZ=5

In Table 5, the factor means estimated by the alignment method are presented. Accordingly, it is observed that
Croatia has the highest factor mean, while Kazakhstan has the lowest. The factor means between Croatia and
other countries are significantly different from each other. Similarly, the factor means of Kazakhstan and Turkey

are significantly higher than those of Bulgaria and Georgia.

Table 5. Comparison of Factor Means Between Countries

Ranking Gruop Factor Groups With Significantly Smaller Factor Mean
Mean

1 3 0.431 5214

2 5 0.169 14

3 2 0.130 14

4 1 0.000

5 4 -0.078

*BGR=1, TUR=2, HRV=3, GEO=4, KAZ=5

GPCMlasso Findings

Table 6 represents the results of the GPCMlasso model for detecting DIF for country variables based on BIC
criteria. The variable country is encoded by dummy coding with Bulgaria as the reference category. Therefore,
all the results related to the country variable in Table 6 reflect the results of the pairwise comparison of each

country with Bulgaria.
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Table 6. DIF Results for Country, Gender, and ESCS Variables Based on GPCMlasso Coefficients

Code CNT_GEO CNT_HRV CNT_KAZ CNT_TUR
Interest in ICT 13Q01 (item1) 0 -0.029 0.204 -0.195
13Q04 (item2) 0 0 -0.035 0
13Q05 (item3) -0.02 0 0 0.09
13Q11 (item4) -0.084 0.111 -0.117 0
13Q12 (item5) 0 0.114 0.147 0.042
13Q13 (itemé) 0 -0.016 0 0

In the context of lasso regression, the sign of the coefficient represents the direction of the relationship between
the predictor and the outcome variable. A positive coefficient indicates that the item is biased in favor of the
focal group, while a negative coefficient indicates that the item is biased against the focal group. It is important
to remember that the coefficient's magnitude also provides information about the strength or size of the DIF
effect. The bigger the absolute value of the coefficient, the stronger the DIF effect is. Thus, both the sign and
magnitude of the lasso coefficient are essential for understanding and interpreting DIF in the context of the
examined items and groups. In Figure 1, graphs are presented that show the parameter paths followed by DMF
parameters for each item along the A tuning parameter when the penalty term is applied. Paths are drawn
separately for each item. The red dashed lines represent the model that is most suitable according to BIC. In this
way, if the parameter path of a specific variable crosses the vertical red dashed line, the relevant item contains
DMF. Findings related to the DIF according to the country variable for the relevant item are presented on the left
side of Figure 1, while findings related to the DAF are presented on the right side. Table 6 and Figure 1 have been

evaluated together while presenting the GPCMlasso findings.

Allitems of the interest in BIT questionnaire contain DIF according to the country variable. Item 1 has DIF in favor
of Kazakhstan between Bulgaria and Kazakhstan; in favor of Bulgaria between Bulgaria and Croatia; and in favor
of Bulgaria between Bulgaria and Turkey. When examining the DSF, the second and third step parameters of item
1 have different functions in favor of Kazakhstan between Bulgaria and Kazakhstan; and in favor of Bulgaria
between Bulgaria and Turkey. On the other hand, although item 1 shows DIF between Bulgaria and Croatia, it
does not show DSF. The reason for this could be that the DIF is negligible. Item 2 only shows DIF in favor of
Bulgaria between Bulgaria and Kazakhstan. On the other hand, according to DSF results, the first step parameter
of item 2 shows DSF in favor of Kazakhstan, and the second step parameter shows DAF in favor of Bulgaria. Also,
despite there being no DIF between Bulgaria and Kazakhstan, the second step parameter of the item shows DSF
in favor of Bulgaria between these two countries. Item 3 contains both DIF and DSF for all step parameters in
favor of Turkey between Bulgaria and Turkey. On the other hand, Item 3 shows negligible DIF in favor of Bulgaria
between Bulgaria and Georgia and does not show DSF. Item 4 shows DIF in favor of Croatia between Bulgaria
and Croatia and shows DAF for the second and third step parameters. ltem 4 also contains DIF in favor of Bulgaria
for both Georgia and Kazakhstan. There is DSF for the second step function for both countries. Iltem 5 contains
DIF in favor of Kazakhstan between Bulgaria and Kazakhstan; and DSF for the second and third step parameters.

It also contains DIF and DSF for all step parameters in favor of Croatia between Bulgaria and Croatia. It contains
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DIF in favor of Turkey and DSF for the first and second step parameters between Bulgaria and Turkey. ltem 6

contains DIF in favor of Bulgaria and DSF for the second and third step parameters between Bulgaria and Croatia.
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Figure 1. Coefficient paths of all DIF and DSF parameters for GPCMlasso for interest in ICT
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Figure 1. Coefficient paths of all DIF and DSF parameters for GPCMlasso for interest in ICT (Continue)

In Table 7, DIF results are presented, comparing the reference country, Bulgaria, with other countries. These
results are derived from both the Alignment method and the GPCMlasso approach. A 64% agreement rate was
found between the two methods in identifying DIF. According to the Alignment method, items 2 and 6 show no
DIF among any of the countries compared. In contrast, the GPCMIlasso method indicates that item 2 has DIF

between Bulgaria and Kazakhstan, and item 6 has DIF between Bulgaria and Croatia. Despite these differences,
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the magnitude of DIF in these specific items is considered negligible. Therefore, it can be concluded that

GPCMlasso is a more sensitive tool for detecting DIF compared to the Alignment method.

Table 7. Summary of DIF Results based on GPCMlasso and Alignment

Item 1 Item 2 Item 3 Item 4 Item 5 Item 6
Alg.  GPCMI Alg.  GPCMI Alg. GPCMI Alg. GPCMI Alg. GPCMI Alg. GPCMI
BGR-TUR + + + + + +
BGR-HRV + + + + + (+)
BGR-GR + +
BGR-KAZ + + (+) + + + +

CONCLUSION and DISCUSSION

In this study, the alignment and GPCMlasso methods are compared to detect DIF of the PISA 2018 interest in ICT
guestionnaire among Eastern European and Central Asian countries. While the alignment method is based on
structural equation modeling, GPCMlasso is based on a machine-learning approach. While factor loadings of
items 2, 3, 4, and 6 hold invariance, factor intercept of items 2 and 6 hold invariance across all countries. It was
concluded that interest in ICT scale did not hold scalar invariance, since the rate of parameters that distort
invariance was 3% among factor loads and 27% (225%, Asparouhov & Muthén, 2014) among factor intercepts.
According to this result, the factor mean of the interest in ICT cannot be compared among countries. There are
a few studies in the literature examining the measurement invariance of the PISA-ICT questionnaire across
countries. Odell et al. (2021) used the alignment technique to examine the measurement invariance of the PISA
2015 ICT survey on 47 countries and stated that it is not possible to compare the mean scores obtained from the
ICT among countries. This finding is consistent with the research findings obtained from this study. On the other
hand, Ma and Qin (2021) tested the measurement invariance of the PISA 2018 ICT survey across 16 countries

with multi-group confirmatory factor analysis and found that residual (strict) invariance was achieved.

The GPCMlasso results showed that all items of the PISA 2018 Interest in ICT questionnaire included DIF and DSF
across countries. Two items (3,4) between the reference group Bulgaria and Georgia, four items between
Bulgaria and Croatia, (1,4,5,6); four items (1,2,4,6) between Bulgaria and Kazakhstan and three items (1, 3,5)
between Bulgaria and Turkey contain DIF. In addition, GPCMlasso provides information about the significant
differences in category parameters of polytomous items among groups by performing differential step
functioning. In this study, it has been observed that there are different functionalizations, especially in the second

and third-category parameters of the reference country Bulgaria and the countries showing DIF.

In conclusion, both methods have similarly identified items that contain DIF according to the country variable in
the PISA 2018 Interest in CIT questionnaire. The GPCMlasso, on the other hand, is more strict in detecting DIF
due to the fact that it captures a negligible amount of DIF. While the alignment approach presents pairwise
comparison results between all countries in a single analysis, the GPCM lasso method presents pairwise

comparison results according to the reference country. On the other hand, the GPCM lasso method stands out
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in terms of calculating which item response category level there is group differentiation among polytomous

items.

SUGGESTIONS

In this research, DIF analyses have been carried out on the PISA 2018 Interest in BIT questionnaire, which is
unidimensional using alignment and GPCMlasso methods. However, both methods can perform simultaneous
analysis in multidimensional structures. Therefore, future studies can investigate the performance of these
methods in multidimensional frameworks. Additionally, this study has compared new approaches in DIF
detection, such as the structural equation modeling-based alignhment approach and the machine learning-based
GPCMlasso method. Comparisons between methods could also include IRT-based DIF detection approaches.
Hence, a simulation study that examines methods based on different approaches may be beneficial to

understanding which method can most accurately identify DIF under specific conditions.
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APPENDIX

Appendix 1. Pairwise comparison all countries

Intercept Loadings
Group  Group  Value Value Difference SE Sig. Value  Value Difference  SE Sig.
2 1 2.677 2.418 0.258 0.046 O 0.742 0.624 0.118 0.048 0.015
3 1 2.424 2.418 0.006 0.039 0.879 0.707 0.624 0.083 0.061 0.176
lteml 3 2 2424 2677 -0.253 0.048 0 0.707  0.742 -0.035 0.058 0.551
4 1 2349 2418 -0.069 0.046 0.136 0.545 0.624 -0.079 0.045 0.08
4 2 2.349 2.677 -0.327 0049 O 0.545 0.742 -0.197 0.047 0
4 3 2349 2424  -0.075 0.047 0.115 0.545 0.707 -0.162 0.061 0.008
5 1 2.135 2.418 -0.283 0.043 0 0.338 0.624 -0.286 0.051 0
5 2 2.135 2.677 -0.542 0.048 O 0.338 0.742 -0.404 0.054 0
5 3 2.135 2.424 -0.289 0.044 O 0.338 0.707 -0.369 0.066 0
5 4 2.135 2349 -0.215 0.045 0 0.338  0.545 -0.207 0.051 0
2 1 2656 2.8 -0.144 0.036 O 0.631 0.721 -0.09 0.034 0.008
3 1 2.76 2.8 -0.039 0.034 0.248 0.702  0.721 -0.019 0.04 0.632
Iltem3 3 2 2.76 2.656  0.105 0.041 0.011 0.702  0.631 0.071 0.048 0.14
4 1 2826 2.8 0.027 0.029 0.352 0.685 0.721 -0.036 0.026 0.169
4 2 2.826 2.656 0.171 0.037 0 0.685  0.631 0.054 0.035 0.127
4 3 2.826 2.76 0.066 0.035 0.056 0.685  0.702 -0.017 0.04 0.671
5 1 2775 2.8 -0.025 0.027 0.347 0.667 0.721 -0.055 0.029 0.062
5) 2 2775 2.656 0.119 0.035 0.001 0.667  0.631 0.036 0.037 0.33
5 3 2775 2.76 0.014 0.031 0.641 0.667  0.702 -0.036 0.042 0.402
5 4 2775 2.826  -0.052 0.028 0.064 0.667  0.685 -0.018 0.03 0.542
2 1 2.634 2647 -0.014 0.038 0.718 0.686  0.667 0.019 0.033 0.567
3 1 2437 2647 -0.21 0.048 0 0.707  0.667 0.04 0.043 0.349
Iltem4 3 2 2437 2634 -0.196 0.05 0 0.707  0.686 0.021 0.044 0.633
4 1 2.765 2.647 0.118 0.037 0.001 0.73 0.667 0.064 0.029 0.027
4 2 2.765 2.634 0.132 0.037 0 0.73 0.686 0.045 0.03 0.138
4 3 2.765 2437 0.328 0.044 0 0.73 0.707 0.024 0.039 0.54
5 1 2.785 2.647 0.138 0.036 O 0.782  0.667 0.115 0.035 0.001
5} 2 2785 2.634 0.152 0.037 0 0.782  0.686 0.096 0.036 0.008
5 3 2.785 2437 0.348 0.042 0 0.782  0.707 0.075 0.044 0.091
5 4 2.785 2.765 0.02 0.026 0.44 0.782 0.73 0.051 0.028 0.068
2 1 2539 2.669 -0.129 0.043 0.003 0.696  0.668 0.028 0.034 0.411
3 1 2.404 2.669 -0.265 0.048 0 0.683  0.668 0.015 0.051 0.765
ltem5 3 2 2404 2539 -0.135 0.051 0.009 0.683  0.696 -0.013 0.051 0.804
4 1 2,575 2.669  -0.093 0.042 0.027 0.624  0.668 -0.044 0.034 0.202
4 2 2,575 2.539 0.036 0.04 0.363 0.624  0.696 -0.072 0.036 0.047
4 3 2,575 2404 0.172 0.049 0.001 0.624  0.683 -0.059 0.054 0.27
5 1 2388 2.669 -0.281 0.039 0 0.544  0.668 -0.124 0.041 0.003
5 2 2388 2.539 -0.152 0.041 O 0.544 0.696 -0.152 0.042 0
5 3 2.388 2.404 -0.016 0.044 0.71 0.544  0.683 -0.14 0.058 0.016
5 4 2.388 2.575 -0.188 0.039 0 0.544 0.624 -0.081 0.041 0.049

2284



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

DEGISEN MADDE FONKSIYONUNUNUN TESPITINDE GPCMlasso ve HiZALAMA
YONTEMLERININ KARSILASTIRILMASI

0z

Bu ¢alismanin amaci son yillarda degisen madde fonksiyonunun (DMF) belirlenmesi igin 6nerilen
GPCMlasso ve hizalama yontemlerinin gercek veri Gzerinde karsilastirilarak gligli ve zayif yonlerinin
belirlenmesidir. Bu amagla Uluslararasi Ogrenci Degerlendirme Programi (PISA) 2018
uygulamasinin Bilgi, iletisim ve Teknolojilere (BiT) Ilgi anketinin maddelerinin degisen madde
fonksiyonu, uygulamaya katilan Dogu Avrupa ve Orta Asya llkeleri arasinda incelenmistir. PISA
2018 uygulamasi BIT anketine Tiirkiye, Bulgaristan, Hirvatistan, Gurcistan ve Kazakistan katilmis
olup analizler 15 yas gurubunda 29,277 6grencinin verileri ile yapilmistir. Hizalama yaklasimina
gore 2, 3,4 ve 6 numarali maddelerin faktor yikleri; 2 ve 6 numarali maddelerin ise faktor kesenleri
tlim Ulkeler arasinda degismez bulunmustur. GPCMlasso sonuglarina gére 6lgme aracinin tim
maddelerinin Ulkeler arasinda hem DMF ve hem de degisen adim fonksiyonu (DAF) icerdigi
belirlenmistir. Sonug olarak DMF tespitinde yontemler arasindaki uyum %64 olarak hesaplanmistir.
GPCMlasso yonteminin hizalama yontemine nazaran DMF tespitinde daha kati bir yontem oldugu
ortaya konmustur.

Anahtar kelimeler: madde islev farkhligi, degisen adim fonksiyonu, dizenlilestirme, makine
O0grenmesi, PISA 2018
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GiRIS

Gegerlik, bir 6zelligin tam ve dogru olarak 6lgllebilme derecesidir (Mellor, 1995). Bazi durumlarda bireylerin
olgmek istedigimiz 6zelliklerine dil, cinsiyet, etnik ve kiltirel koken, sosyo-ekonomik diizey gibi demografik veya
problem ¢6zme becerisi, testi yanitlama davranigi gibi bilissel 6zellikler karisabilir. Bu arka plan degiskenlerinin
test puanlarina karismasi testi alan belirli gruplar icin altta yatan gizil 6zelligin hatal bir sekilde belirlenmesine
yol agar. Bu durum gecerlik Gzerinde bir tehdittir ve test puanlarinin yanli olmasina neden olur (Penfield ve
Camilli, 2006). Test puanlarinin yanliligi istatistiksel olarak degisen madde fonksiyonu (DMF) analizleri ile test
edilir. DMF, ayni yetenek diizeyinde olan, fakat farkli arka plan 6zelliklerine sahip olan bireylerin test maddelerine
dogru yanit verme olasiliklarinin farkhlasmasidir (Penfield ve Camilli, 2006). Alanyazinda DMF farkli 6lgme
kuramlarina dayali birgok farkli teknik ile test edilmektedir. Bu teknikleri geleneksel (Chang ve digerleri, 1996;
Choi ve digerleri, 2011; Holland ve Thayer, 1988; Swaminathan ve Rogers, 1990; Thissen ve digerleri, 1993) ve
yeni yaklasimlar (Belzak, 2023; Cohen ve Bolt, 2005; De Ayala vd., 2002; Muthén ve Asparouhov, 2010;

Schauberger ve Mair, 2020) basliklari altinda siniflandirmak mimkindr.

Mantel Hanzel, SIBTEST gibi geleneksel yaklagsimlarin ¢ogu genellikle iki ya da ¢ok kategorili olan tek bir degiskene
gore DMF belirlemekte olup yas, yanitlama siresi gibi stirekli degiskenler icin DMF analizleri yapilamamaktadir.
Ayrica tek bir degiskene gore analizler ytritildiginde katilimcilarin birden fazla arka plan 6zelliginin birlikte DMF
kaynag olabilecegi durumu goz ardi edilmektedir (Belzak, 2023). Ayrica bu tekniklerde gruplar arasinda
parametre karsilastimalari yapilirken tam sifir kisitlamalari (yani gruplar arasinda parametrelerin tam esitligi)
kullanihir (Muthén ve Asparouhov, 2012). Ozellikle bu durum, coklu grup karsilastirmalarinda (n210) ilgili madde
sinirli sayida grup arasinda glicli dizeyde DMF icerdiginde, maddenin tiim gruplar i¢in yanh gériinmesine neden
olabilir (Van de Vijver ve digerleri., 2019). Bir diger sorun ise birden fazla olasi DMF kaynaginin test yanitlarini ve
puanlari gesitli dogrusal, dogrusal olmayan ve hatta parametrik olmayan yollarla etkileyebilmesi ve bunlarin
bircogunun bu yodntemlerle tespit edilememesidir (Belzak, 2023; Schauberger ve Mair, 2020). Geleneksel
yontemlerle DMF tespitinin s6zii gegen sinirhliklarini ortadan kaldirmak igin alanyazinda yaklasik 6lgme
degismezligi yontemleri altinda genellikle yapisal esitlik modellemesi temelli yontemler (Muthén ve Asparouhov,
2012; Muthén ve Asparouhov, 2014) ve Makine Ogrenmesi (MO) yaklasimlari olarak bilinen cesitli
dizenlilestirme veya yanlilik dizeltme yontemleri 6nerilmistir (Belzak ve Bauer, 2020; Liang ve Jacobucci, 2020;
Tutz ve Schauberger, 2015; Schauberger ve Tutz, 2016; Strobl vd., 2015). Yaklasik 6l¢me degismezligi yontemleri
ozellikle ¢oklu grup karsilastirmalarinin yapildigi genis Olcekli degerlendirmelerde test puanlarinin gruplar
arasinda karsilastirilabilir olabilecegi en uygun Olcme modelini belirlemeye odaklanirken (Muthén ve
Asparouhov, 2012); MO yéntemleri, DMF'nin dogrusal, dogrusal olmayan ve parametrik olmayan formatlarda

birden fazla degiskenin birlikte degerlendirilmesine odaklanmistir (Belzak, 2023).

Sonug olarak, DMF 6nemli bir gecerlilik sorunudur (Xu veTracey, 2017) ve test puanlarina dayal yiksek riskli
kararlarin alindig1 uygulamalarda test puanlarinin gegerliginin ortaya konmasi gerekmektedir. Bunun igin var olan

bircok teknigin karsilastirmali olarak incelenip giiclii ve zayif yonlerinin ortaya konmasi 6nemlidir. Geleneksel
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DMF belirleme yontemlerinin aksine yeni yaklasimlar hem geleneksel yontemlerin gerektirdigi kati varsayimlari
esnetmesi hem de DMF'nin birden fazla kaynagi olmasi durumunda bunlarin arasindaki dogrusal olan veya
olmayan iligkileri kesfederek DMF’nin asil kaynagini belirlemesi agisindan degerlidir. Bu baglamda bu g¢alismanin
problemi, DMF belirlemede yeni yaklasimlardan olan yapisal esitlik modellemesi temelli hizalama yaklasimi ile
makine dgrenmesi temelli lasso cezalandirma yaklasiminin PISA 2018 BiT e ilgi anketi maddeleri izerinde iilkeler

arasi karsilastirma galismasinin yapilmasi ve yontemlerin gli¢lii ve zayif yonlerinin belirlenmesidir.

YONTEM
Arastirma Modeli

Betimsel ¢alismalar bireylerin, ortamin, kosullarin veya olaylarin mevcut durumunu tanimlamak ve yorumlamak
amacini tasir ve yalnizca ilgilenilen olguyu inceler; bireyleri, kosullari veya olaylari manipile etmeye yonelik higbir
girisimde bulunulmaz (Mertler, 2014). Bu arastirmada PISA 2018 BIT anketi kullanilarak hizalama ve GPCMlasso

DMF belirleme ydntemlerinin karsilastiriimasi yapildigindan betimsel bir arastirma yaklagimi benimsenmistir

Orneklem

OECD (2021) raporunda Dogu Avrupa ve Orta Asya (EECA) lilkelerinde egitim ve 6grenme firsatlarinin eksikliginin
cocuklarin gelecegini tehdit etmeye ettigi ve egitimde reform yapmak icin EECA (lkelerinin kendi egitim
sistemlerinin performansini anlamalari ve sonuglarini diger (lkelerinkilerle karsilastirmalari gerektigi
vurgulanmaktadir. Bu baglamda analizler Dogu Avrupa ve Orta Asya (EECA) ulkelerinin katihmcilar ile
gerceklestirilmistir. PISA-EECA Ulkeleri 2000 yilindan bu yana PISA uygulamalarina katilimlarini strekli artirmis
olup 2018 uygulamasina Baki (Azerbaycan), Belarus, Bulgaristan, Hirvatistan, Gircistan, Kazakistan, Moldova,
Romanya, Tiirkiye ve Ukrayna olmak iizere 10 ilke katiim gdstermistir. BiT’e ilgi anketine ise Bulgaristan,
Hirvatistan, Giircistan, Kazakistan ve Tiirkiye olmak lizere bes iilke katilmistir (OECD, 2021). Tablo 1'de BiT’e ilgi

anketini uygulayan bes Ulkenin istatistiklerine yer verilmistir.

Tablo 1. Calisma Grubuna iliskin Frekans ve Yiizde Degerleri

Ulke Cinsiyet f % N

BRG Bulgaristan Kiz 1276 49.6 2574
Erkek 1298 50.4

GEO Gurcistan Kiz 1336 51.1 2613
Erkek 1277 489

HRV Hirvatistan Kiz 2508 51.9 4835
Erkek 2327 48.1

KAZ Kazakistan Kiz 6724 48.8 13775
Erkek 7051 51.2

TUR Tirkiye Kiz 2736 49.9 5480
Erkek 2744 50.1
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Veri Toplama Araci

Bu calismada PISA 2018 BiT’e ilgi anketinin verileri kullanilmistir. BiT’e ilgi anketi 1 = “kesinlikle katilmiyorum”, 2
= “katilmiyorum”, 3 = “katiliyorum”, 4 = “kesinlikle katiliyorum” olmak Uzere dort tepki kategorili Likert
tiriindedir. Tablo 2’de her bir {lke icin BiT'e ilgi anketinin betimsel istatistikleri, Cronbach alfa giivenilirlikleri ve
dogrulayici faktor analizi uyum degerleri sunulmustur. Her bir {lke icin BiT'e ilgi anketinin gecerli ve giivenilir

oldugu gorilmastar.

Tablo 2. BiT’e ilgi Anketinin Betimsel Istatistikleri ve DFA Model Uyum Degerleri

Ulke (orttss) a CFI TLI SRMR

BRG 4.33+1.1 .90 .96 .97 .050

GEO 4.48+1.1 .90 .98 .97 .022

HRV 3.3410.8 .82 .97 .95 .038

KAZ 3.57+0.9 .85 .96 .94 .035

TUR 4.29+1.1 .88 .97 .98 .045
Veri Analizi

Hizalama Yoéntemi

Hizalama yontemi, gruplar arasinda 6lgme parametrelerinin minimal diizeyde farklilasmasina izin veren bir model
Ureterek 6lgme degismezligini test eder. Yontem, 6lgme degismezligini varsaymayip en ideal 6lcme degismezligi
orlintistni kesfederek, her bir grup icin faktor ortalamalari ve varyanslarini kestirebilir. Bu yontemin en biyik
avantaji yapisal modele dayanmasi ve ¢ok sayida grup icin modelleri uygun sekilde tahmin edebilmesidir. Bunu
yaparken de model uyumundan 6din vermez. Hizalama yontemi, degismez olmayan (degisen) madde
parametrelerinin sayisini ve bozulan 6lgme degismezliginin miktarini minimumda tutulabilen modeli tahmin
ederek faktor yuklerini (lg), kesenlerini (vg), faktér ortalamalarini (atg) ve varyanslarini (l[)g) kestirebilir

(Asparouhov ve Muthén, 2014).

Hizalama y&ntemi ile dlcme degismezligi iki adimda test edilir. ilk adimda faktér yiikii ve kesenlerin gruplar
arasinda serbest oldugu ve tiim gruplarda faktor ortalamalarinin 0’a, varyanslarinin ise 1’e sabitlendigi yapisal
model kestirilir. Temel model “Mo” olarak adlandirilan bu yapisal model, gruplar arasi parametre kisitlari
icermediginden, coklu grup faktér analiz modelleri icerisinde en iyi uyum gésteren modeldir. ikinci adimda
hizalama optimizasyonu yapilir. Bu asamada faktor ortalamalari ve varyanslari serbest birakilir ve bir basitlik
fonksiyonu (Esitlik 1’de sunulmustur) aracilig ile 6lgme degismezligi miktarini bozan grup sayisini en aza
indirgeyen faktor ortalamalari ve varyanslari hesaplanir (Asparouhov ve Muthén, 2014).). Basitlik fonksiyonu
aracihgl ile tanimlanmamis model, faktér ortalamalarinin ve varyanslarinin yapisal modele eklenmesiyle

tanimlanmis olur.

F=3p2g,<g,Wa1,9.f Apgy = Apg,)*Xp Lgi<g, War.9.f Vg, — Vpg,) (1)
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N

g1Ngz (2)

nglgz =
w:factor weight,
N: sample size of the group

Onerilen son hizalanmis model (M1), Mo modeliyle ayni uyuma sahiptir. Yani hizalanmis model degismezlik
miktarini en aza indirmeye ¢alismasina ragmen, model uyumundan 6din vermez. Hizalama optimizasyonunun
model uyumunu degerlendirmek igin Asparouhov ve Muthén, (2014) istatistiksel olarak degismezligi bozan
madde sayisinin, toplamin %25’ini asmamasi gerektigini; Flake ve McCoach (2018) ise %29’u asmamasi
gerektigini belirtmislerdir. Hizalama modelinin uyumunu degerlendirmek icin kullanilacak bir diger élgit R?
degismezlik etki blyikligi élgiisiidir. R> madde parametre kestirimindeki degiskenligin ne kadarinin gruplarin
faktdr ortalamalari ve varyanslari ile aciklanabildigini gésterir. R? degerinin 1 civarinda olmasi tam degismezligi
gosterir, ¢linkl bu durumda madde parametrelerindeki degiskenlik tamamen grup ortalama farkhliklari ile
aciklanir. 0 civarinda bir R? ise grup ortalama farkliliklarinin madde parametrelerindeki degiskenligin higbirini
aciklamadigini gosterir (Muthén ve Asparouhov, 2014). Bu ¢alismada hizalama yontemine dayali DMF analizleri

Mplus 8.0 (Muthén, B., & Muthén, 2017) ile yapilmistir.

GPCMlasso

Lasso diizenlestirmesinin uygulandigi genellestirilmis kismi kredi modeli (GPCMIlasso), genellestirilmis kismi kredi
modeli ile DMF tespiti yapmak igin parametre segiminde cezalandirilmis olabilirlik tahmini kullanan birlesik bir
model olusturur (Schauberger & Mair, 2020). Bu yontemin biylk avantaji, birka¢ degiskenin ayni anda ele
alinabilmesi ve DMF tespiti icin hem slrekli hem de kategorik degiskenlerin kullanilabilmesidir. GPCMIlasso ile tek

bicimli DMF ulke (G) degiskenine gore esitlik 3'de gosterildigi sekilde hesaplanir.

P(Ypi =r) T
log m =5 :[9p+xp“—5ir—(7ixe )} (3)

Bu modelde y; llke degiskeni icin i maddesine iliskin DMF parametrelerini temsil eder. Lasso diizenlestirmesi

uygulandiktan sonra bu parametreler sifira esit degilse, ilgili madde tek bicimli DMF icerir. Parametre kestirimi

icin GPCMlasso modeli esitlik 4’de gosterilen lasso dizenlestirmesinin log-olabilirlik fonksiyonunu ¢ozer.

£,0.0.8,.7) = 0.0.8, Br) =23 S w1y “@

i=1 j=1
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| m
Burada /(6,c,5, 3,7) log-olabilirlik fonksiyonun temel versiyonunu, /IZZWH ‘}/ij‘ lasso diizenlestirme
i1 j=1

terimini, L > 0 regresyon katsayilari ( 7ii ) vektoriine uygulanan diizenlestirme derecesini kontrol eden ayar

parametresini temsil eder. X, P bireyinin m boyutlu kovaryant vektoriinii (G), 6 ise gizil degiskeni temsil eder.

Vi » DMF parametrelerinin yanisira §ij ,

i maddesinin madde adim parametrelerini, ¢ , temel etkisini ve ,Bi ayirt
edicilik parametresini temsil eder. Penfield (2007) ve Penfield ve digerleri (2009), cok kategorili maddelerde DMF
analizinin ayni degisen adim fonksiyonu (DAF) olgusundan da zarar gorebilecegini belirtmistir. DAF, farkl ortak
degisken degerlerine gore ¢ok kategorili bir maddenin her adiminin diizeyindeki farkhliklar ifade eder. Bu
nedenle bu ¢calismada DMF ile birlikte DAF da incelenmistir. Optimal ayar parametresinin (A) belirlenmesinde BIC

model segim kriteri kullanilmistir. GPCMlasso modeli icin BIC, esitlik 5’deki gibi hesaplanir.
BIC(A) = —2LA(.) +df (1) log(n) (5)

Bu ¢alismada GPCMIlasso yontemine dayali DMF analizleri R yaziimindaki GPCMlasso paketi (R Core Team, 2018)

ile yapilmistir.

BULGULAR

Bulgular, 6nce hizalama ydntemi bulgulari ardindan GPCMIlasso bulgulari olmak tizere iki asamada sunulmaktadir.

Hizalama Yontemi Bulgulari

Hizalama analizleri yapilmadan 6nce coklu grup dogrulayici faktér analizi (CGDFA) uygulanmistir. Tablo 3’ de,
CGDFA uygulamasi sonucunda elde edilen yapisal, metrik ve skalar degismezlik seviyesine iliskin uyum
degerlerine yer verilmistir. Ki-kare fark testleri, yapisal degismezlikten metrik degismezlige ve metrik
degismezlikten skalar degismezlige geciste, model uyumunun 6nemli 6lglide bozuldugunu gostermektedir.
Alternatif uyum iyiligi indekslerindeki degisim incelendiginde, hem yapisaldan metrige hem de metrikten skalara
geciste CFl, RMSEA ve SRMR farkinin kabul degerleri astigi gortlmektedir (Sokolov, 2019). Bu bulgu, alti
maddeden olusan BiT’e ilgi anketinin faktér ortalamalarinin bes iilke arasinda karsilastirilabilir olmadigini

gostermektedir.

Tablo 3. CGDFA model veri uyumu

Model X2 df ¢] RMSEA CFI SRMR

Yapisal 269.557 45 <.001 .095 [.085-.106] .972 .031
Zayif 390.661 65 <.001 .096 [.087-.105] .960 .080
Gugla 838.929 85 <.001 127 [.119-.135] .907 .078

Tablo 4’de bes iilke arasinda 6 maddelik BiT’e ilgi anketinin her bir maddesinin kesen ve yiik degerlerinin

degismezligine iliskin bulgular sunulmustur. Parantez, faktor yiikleri ve kesenlerinin ilgili tGlke icin anlamli olarak
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farkhlastigi anlamina gelmektedir. BiT’e ilgi maddelerinin faktér yiikleri madde 2,3,4 ve 6 igin Ulkeler arasinda
degismezdir. Ote yandan madde 1 icin Giircistan ve Kazakistan’in faktér yiikii anlaml olarak farklilagmistir. Ek
1'de faktor yukleri ve kesenlerine gore degismezligin saglanmadigi maddeler igin, Ulkeler arasinda ikili
karsilastirma sonuglarina yer verilmistir. Buna gore Gircistan’in faktor yukd Turkiye ve Hirvatistan’dan;
Kazakistan’in faktor ylki ise tim Glkelerden anlamli derecede farklidir. Madde 5 igin ise Kazakistan’in faktor yika
anlamli olarak farklilagmustir. ikili karsilastirma sonuglarina gére bu farkin Tiirkiye ve Bulgaristan arasinda oldugu
goriilmektedir. Genel olarak, BiT’e ilgi maddelerinin iilkeler arasinda faktor yiiklerinin %3’(i (<%25) (Muthén ve
Asparouhov, 2014) gruplar arasinda degismezligi bozmaktadir. Buna goére ulkeler arasinda faktor yukleri
karsilastirilabilir. Dolayisiyla BiT’e ilgi 6lgeginin metrik degismezligi sagladig séylenebilir. BiT’e ilgi maddelerinin
Ulkeler arasinda faktor kesenleri incelendiginde ise madde 2 ve madde 4’(in kesenlerinin Ulkeler arasinda
degismez oldugu goriilmektedir. Ote yandan madde 1 igin Bulgaristan, Hirvatistan ve Giircistan; madde 3 igin
Bulgaristan, Hirvatistan, Glrcistan ve Kazakistan; madde 4 igin Bulgaristan ve Tirkiye; Madde 5 igin ise
Bulgaristan, Tiirkiye ve Gircistan arasinda 6lcme degismezligi saglanmistir. BiT’e ilgi maddelerinin {lkeler
arasinda faktor kesenleri incelendiginde ise faktor kesenlerinin %27’sinin (2%25, Muthén ve Asparouhov, 2014)
gruplar arasinda degismezligi bozdugu goriilmektedir. Buna gore BiT’e ilgi 6lgegi skalar degismezligi

saglamamaktadir. Dolayisiyla Ulkeler arasinda 6lgek toplam puanina gore faktor ortalamalari karsilastirilamaz.

Tablo 4. Faktor yikleri ve kesenlerine iliskin hizalama bulgularn

Madde Kesen Degismezligi Bozan Faktor Yuku Degismezligi Bozan
Parametre Sayisi Parametre Sayisi
13Q01 (madde1) 1(2)34(5) 2 123(4)(5) 2
13Q04 (madde2) 12345 0 12345 0
13Q05 (madde3) 1(2)345 1 12345 0
13Q11 (madde4) 12(3) (4) (5) 3 12345 0
13Q12 (madde5) 12(3)4(5) 2 1234(5) 1
13Q13 (madde6) 12345 0 12345 0
Toplam 8(%26.6) 3 (%10)

*BGR=1, TUR=2, HRV=3, GEO=4, KAZ=5

Tablo 5’de hizalama ydntemiyle tahmin edilen faktér ortalamalari sunulmustur. Buna gore, Hirvatistan’in en
yuksek, Kazakistan’in en duslk faktér ortalamasina sahip oldugu goérilmistir. Hirvatistan ile diger tlkelerin
arasinda faktor ortalamalari birbirlerinden anlamli 6lglide farklilasmaktadir. Benzer sekilde Kazakistan ve

Tirkiye'nin faktor ortalamalari Bulgaristan ve Gircistan’dan anlamli derecede yiksektir.

Tablo 5. Ulkeler Arasi Faktér Ortalamalarinin Karsilastirilmasi

Sira  Grup Faktor istatistiksel olarak Diisiik Faktér Ortalamalarina Sahip Gruplar
Ortalamasi
1 3 0.431 5214
2 5 0.169 14
3 2 0.130 14
4 1 0.000
5 4 -0.078

*BGR=1, TUR=2, HRV=3, GEO=4, KAZ=5
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GPCMlasso Bulgulari

Tablo 6’da BIC kriterlerine gore Ulkeler arasinda DMF'yi tespit etmeye yonelik GPCMlasso modelinin sonuglari

sunulmustur.

Tablo 6. GPCMlasso Katsayilarina iliskin Degiskenlere Gére DMF Sonuglari

Madde Kodu GEO HRV KAZ TUR
13Q01 (madde1) 0.000 -0.029 0.204 -0.195
13Q04 (madde2) 0.000 0 -0.035 0
13Q05 (madde3) -0.02 0 0 0.09
13Q11 (madde4) -0.084 0.111 -0.117 0
13Q12 (madde5) 0 0.114 0.147 0.042
13Q13 (madde6) 0 -0.016 0 0

Bulgaristan referans tlke olarak alindigindan tilke degiskenine iliskin tiim sonuglar, her tilkenin Bulgaristan ile ikili
karsilastirmasinin sonuglarini yansitmaktadir. Lasso katsayisinin sifir olmadigi durumlarda ilgili madde grup
degiskenine gore tek bigimli DMF igerir. Lasso katsayinin isareti, grup degiskeni ile ilgili maddenin arasindaki
iliskinin yoniini temsil eder. Pozitif katsayl, maddenin odak grubu lehine, negatif katsayi ise maddenin referans
grup lehine yanl oldugunu gosterir. Katsayinin blyikliglu ayni zamanda DMF etkisinin giicl veya bayaklaga
hakkinda bilgi saglar. Katsayinin mutlak degeri ne kadar biyik olursa DMF etkisi de o kadar giicll olur. Sekil 1'de
ceza terimi (penalty term) uygulandiginda A ayarlama parametresi boyunca her bir madde igin DMF
parametrelerinin izledigi parametre yollarina iligkin grafikler sunulmustur. Yollar her madde igin ayri ayri gizilir.
Kirmizi kesikli gizgiler BIC'e gére en uygun modeli temsil eder. Bu sekilde, belirli bir degiskenin parametre yolu
dikey kirmizi kesikli ¢izgiyi gegciyorsa, ilgili madde DMF igerir. Sekil 1’in sol tarafinda ilgili maddenin ulke
degiskenine gére degisen madde fonksiyonu, sag tarafinda ise DAF bulgulari sunulmustur. GPCMlasso bulgulari

sunulurken Tablo 6 ve Sekil 1 birlikte degerlendirilmistir.

BiT’e ilgi alt dlceginin tim maddeleri ilke degiskenine gére DMF icermektedir. Madde 1, Bulgaristan ile
Kazakistan arasinda Kazakistan lehine; Bulgaristan ile Hirvatistan arasinda Bulgaristan lehine ve Bulgaristan ile
Tlrkiye arasinda Bulgaristan lehine DMF vardir. Degisen adim fonksiyonlari incelendiginde madde 1’in ikinci ve
Uglinct adim parametresi Bulgaristan ile Kazakistan arasinda Kazakistan’in lehine; Bulgaristan ile Tiirkiye arasinda
Bulgaristan lehine farkli fonksiyonlasmistir. Ote yandan madde 1 Bulgaristan ile Hirvatistan arasinda DMF
gostermis olsa da DAF gostermemektedir. Bunun nedeni DMF'nin ihmal edilebilir diizeyde olmasindan
kaynaklanabilir. Madde 2 sadece Bulgaristan ile Kazakistan arasinda Bulgaristan lehine DMF gdstermistir. Ote
yandan DAF sonuglarina gére madde 2’nin birinci adim parametresinde Kazakistan, ikinci adim parametresinde
ise Bulgaristan lehine DAF gorilmustir. Ayrica Bulgaristan ile Kazakistan arasinda DMF olmamasina ragmen
maddenin ikinci adim parametresi bu iki (ilke arasinda Bulgaristan lehine DAF gostermistir. Madde 3 Bulgaristan
ile Tlrkiye arasinda Tirkiye lehine hem DMF hem de biitiin madde adim parametreleri icin DAF icermektedir.
Ote yandan madde 3 Bulgaristan ile Giircistan arasinda Bulgaristan lehine ihmal edilebilir diizeyde DMF icermekte

olup DAF géstermemistir. Madde 4, Bulgaristan ile Hirvatistan arasinda Hirvatistan lehine DMF géstermekte olup
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ikinci ve liglincl adim parametresi icin de DAF gostermistir. Madde 4 ayni zamanda Glircistan ve kazakistan igin
de Bulgaristan lehine DMF icermektedir. Her iki Ulke igin de ikinci adim fonksiyonunda DAF vardir. Madde 5,
Bulgaristan ile Kazakistan arasinda Kazakistan lehine DMF; ikinci ve Uglncli adim parametresi icin DAF
icermektedir. Bulgaristan ile Hirvatistan arasinda Hirvatistan lehinde DMF ve tim adim parametreleri igin DAF
icermektedir. Bulgaristan ile Tirkiye arasinda Tirkiye lehine DMF ve birinci ve ikinci adim parametrelerinde DAF
icermektedir. Madde 6 ise Bulgaristan ile Hirvatistan arasinda Bulgaristan lehine DMF, ikinci ve Gglincli adim

parametrelerinde DAF icermektedir.
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Sekil 1. GPCMlasso'ya Ait Tum DMF ve DAF Parametrelerinin Katsayi Yollari.
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Sekil 1 (Devam). GPCMlasso'ya Ait Tim DMF ve DAF Parametrelerinin Katsayi Yollari.
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Tablo 7’de Hizalama ve GPCMlasso bulgularina gore referans Ulke Bulgaristan ile diger tlkeler arasindaki DMF
sonuglari sunulmustur. DMF tespitinde yontemler arasindaki uyum %64 olarak hesaplanmistir. Hizalama yontemi
ile madde 2 ve 6 higbir ulke arasinda DMF icermezken; GPCM lasso yontemi ile madde 2 Bulgaristan ile
Kazakistan, madde 6 Bulgaristan ile Hirvatistan arasinda farkli fonksiyonlasmistir. Ancak bu maddelerde DMF
diizeyi ihmal edilebilir oldugundan GPCMlasso yénteminin hizalama yontemine nazaran DMF tespitinde daha

hassas bir yontem oldugu séylenebilir.

Tablo 7. GPCMlasso ve Hizalama Yéntemlerine Gére DMF Sonuglari

Madde 1 Madde 2 Madde 3 Madde 4 Madde 5 Madde 6
Alg. GPCMI Alg. GPCMI Alg. GPCMI Alg. GPCMI Alg. GPCMI Alg. GPCMI
BGR-TUR + + + + + +
BGR-HRV + + + (+)
BGR-GR + +
BGR-KAZ + + (+) + +
TARTISMA ve SONUC

Bu calismada, PISA 2018 BiT’e ilgi anket maddelerinin Dogu Avrupa ve Orta Asya ilkeleri arasinda bir makine
O6grenme algoritmasi olan GPCMlasso ve yapisal esitlik modellemesi temelli hizalama yontemine gére degisen
madde fonksiyonu incelemesi yapilmistir. Hizalama yaklasimina gore 2, 3 ,4 ve 6 numarali maddelerin faktor
yukleri; 2 ve 6 numarali maddelerin ise faktor kesenleri tim Ulkeler arasinda degismezdir. Degismezligi bozan
parametre orani faktor yiikleri arasinda %3 iken faktor kesenleri arasinda %27 (2%25, Muthén ve Asparouhov,
2014) oldugundan BiT’e ilgi anketinin skalar degismezligi saglamadigi sonucuna variimistir. Bu sonuca gore BiT’e
ilgi 6lgeginin Ulkeler arasinda faktdér ortalamalari karsilastirilamaz. Alanyazinda PISA-BIT anketinin ilkeler
arasinda 6lgme degismezliginin incelendigi birkac¢ calisma mevcuttur. Odell ve digerleri (2021), 47 tlke Gzerinde
PISA 2015 BIT anketinin dlgme degismezligini incelemek igin hizalama teknigini kullanmis ve iilkeler arasinda BIT
anketinden elde edilen puan ortalamalarinin karsilastirilmasinin miimkiin olmadigini belirtmislerdir. Bu bulgu bu
calismadan elde edilen arastirma bulgulari ile tutarhdir. Ote yandan Ma ve Qin (2021) PISA 2018 BiT anketinin 16
Ulke arasinda 6lgme degismezligini coklu grup dogrulayici faktér analizi ile test etmis ve artik (kati) degismezligin

saglandigini ortaya koymustur.

GPCMlasso sonuglari, PISA 2018 BiT’e ilgi anketinin tiim maddelerinin ilkeler arasinda DMF ve DAF igerdigini
gostermistir. Sirasiyla referans llke Bulgaristanla Gurcistan arasinda iki madde (madde 3, 4); Hirvatistan arasinda
dort madde (madde 1,4, 5, 6); Kazakistan arasinda dért madde (madde 1, 2, 4, 6) ve Tlrkiye arasinda li¢ madde
(madde 1, 3, 5) DMF igermektedir. Ayrica GPCMlasso, degisen adim fonksiyonu analizi yaparak ¢ok kategorili
maddelerin kategori parametrelerinin gruplar arasinda farkl fonksiyonlasma durumuna iliskin bilgi saglar. Bu
calismada genellikle referans (ilke Bulgaristan ile DAF gosteren llkelerin 6zellikle ikinci ve Uglincl kategori

parametrelerinde farkl fonksiyonlagsmanin oldugu gézlenmistir.
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Sonug olarak, her iki yéntem de PISA 2018 CIT'e ilgi anketinde iilke degiskenine gére DMF iceren maddeleri
benzer sekilde tespit etmistir. Ote yandan GPCMlasso, ihmal edilebilir miktarda DMF yakaladigi icin DMF'yi tespit
etmede daha katidir. Hizalama yaklagimi tim ulkeler arasindaki ikili karsilagtirma sonuglarini tek bir analizde
sunarken, GPCMlasso yontemi referans llkeye goére ikili karsilastirma sonuglarini sunmaktadir. Ayrica GPCMlasso
yontemi ¢ok kategorili maddeler arasinda hangi madde yanit kategorisi diizeyinde grup farklilasmasinin oldugunu

hesaplamasi agisindan 6ne ¢ikmaktadir.

ONERILER

Bu arastirmada PISA 2018 BiT’e ilgi anketinin hizalama ve GPCMlasso yéntemleri ile DMF analizleri
yaratilmustir. Her iki yontem de ¢ok boyutlu yapilarda es zamanh analiz yapabilmektedir. Dolayisiyla sonraki
¢alismalarda ¢ok boyutlu yapilarda yontemlerin performansi incelenebilir. Ayrica bu ¢alismada DMF tespitinde
yeni yaklasimlar olan yapisal esitlik modellemesi temelli hizalama yaklasimi ile makine 6grenmesi temelli
GPCMlasso yontemi karsilastirilmistir. Yontemler arasi karsilastirmalar MTK temelli DMF belirleme yaklasimlari
da dabhil edilerek yapilabilir. Bu nedenle, hangi yontemin belirli kosullar altinda DMF'yi en dogru sekilde
tanimlayabildigini anlamak igin farkli yaklagimlara dayanan yontemleri inceleyen bir similasyon ¢alismasi faydal

olabilir.

Etik Metni

Bu makalede dergi yazim kurallarina, yayin ilkelerine, arastirma ve yayin etigi kurallarina, dergi etik kurallarina
uyulmustur. Makale ile ilgili dogabilecek her tirla ihlallerde sorumluluk yazarlara aittir. Bu ¢calisma etik kurul

gerektirmeyen bir ¢calismadir.

Cikar ¢atismasi: Yazar herhangi bir ¢ikar ¢atismasi beyan etmemistir.

Finansal Destek: Bu ¢alismada herhangi bir kurum veya kurulustan finansal destek alinmamistir.
Yazar Katki Orani: Bu ¢alismada tek yazarin katki orani %100'dir.
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EKLER

Ek 1. Ulkeler arasi ikili kargilastirmalar

Kesen Faktor Yiki
Grup Grup Deger Deger Fark Std. H p Deger Deger Fark Std. H p
2 1 2.677 2.418 0.258 0.046 0 0.742 0.624 0.118 0.048 0.015
3 1 2424 2418 0.006 0.039 0.879 0.707 0.624 0.083 0.061 0.176
Maddel 3 2 2.424 2.677 -0.253 0.048 0 0.707 0.742 -0.035 0.058 0.551
4 1 2.349 2.418 -0.069 0.046 0.136 0.545 0.624 -0.079 0.045 0.08
4 2 2349 2677 -0.327 0.049 0 0.545  0.742 -0.197 0.047 0
4 3 2349 2424  -0.075 0.047 0.115 0.545  0.707 -0.162 0.061 0.008
5 1 2.135 2.418 -0.283 0.043 0 0.338 0.624 -0.286 0.051 0
5 2 2135 2.677 -0.542 0.048 0 0.338 0.742 -0.404 0.054 0
5 3 2135 2424 -0.289 0.044 0 0.338 0.707 -0.369 0.066 0
5 4 2135 2349 -0.215 0.045 0 0.338  0.545 -0.207 0.051 0
2 1 2656 2.8 -0.144 0.036 0 0.631 0.721 -0.09 0.034 0.008
3 1 2.76 2.8 -0.039 0.034 0.248 0.702 0.721 -0.019 0.04 0.632
Madde3 3 2 2.76 2.656  0.105 0.041 0.011 0.702  0.631 0.071 0.048 0.14
4 1 2.826 2.8 0.027 0.029 0.352 0.685 0.721 -0.036 0.026 0.169
4 2 2.826 2.656 0.171 0.037 0 0.685  0.631 0.054 0.035 0.127
4 3 2826 2.76 0.066 0.035 0.056 0.685  0.702 -0.017 0.04 0.671
5 1 2775 2.8 -0.025 0.027 0.347 0.667 0.721 -0.055 0.029 0.062
5 2 2.775 2.656  0.119 0.035 0.001 0.667  0.631 0.036 0.037 0.33
5 3 2775 276 0.014 0.031 0.641 0.667  0.702 -0.036 0.042 0.402
5 4 2.775 2.826  -0.052 0.028 0.064 0.667  0.685 -0.018 0.03 0.542
2 1 2,634 2.647 -0.014 0.038 0.718 0.686  0.667 0.019 0.033 0.567
3 1 2437 2.647 -0.21 0.048 0 0.707  0.667 0.04 0.043 0.349
Madde4 3 2 2437 2.634 -0.196 0.05 0 0.707  0.686 0.021 0.044 0.633
4 1 2.765 2.647 0.118 0.037 0.001 0.73 0.667 0.064 0.029 0.027
4 2 2.765 2.634 0.132 0.037 0 0.73 0.686 0.045 0.03 0.138
4 3 2.765  2.437 0.328 0.044 0 0.73 0.707 0.024 0.039 0.54
5} 1 2.785 2.647 0.138 0.036 0 0.782  0.667 0.115 0.035 0.001
5 2 2.785 2.634 0.152 0.037 0 0.782  0.686 0.096 0.036 0.008
5 3 2.785 2.437 0.348 0.042 0 0.782  0.707 0.075 0.044 0.091
5 4 2.785 2.765  0.02 0.026 0.44 0.782  0.73 0.051 0.028 0.068
2 1 2539 2,669 -0.129 0.043 0.003 0.696  0.668 0.028 0.034 0.411
3 1 2404 2.669 -0.265 0.048 0 0.683  0.668 0.015 0.051 0.765
Madde5 3 2 2404 2539 -0.135 0.051 0.009 0.683  0.696 -0.013 0.051 0.804
4 1 2,575 2.669 -0.093 0.042 0.027 0.624  0.668 -0.044 0.034 0.202
4 2 2,575 2,539 0.036 0.04 0.363 0.624  0.696 -0.072 0.036 0.047
4 3 2,575 2404 0.172 0.049 0.001 0.624  0.683 -0.059 0.054 0.27
5 1 2388 2.669 -0.281 0.039 0 0.544  0.668 -0.124 0.041 0.003
5 2 2.388 2.539  -0.152 0.041 0 0.544  0.696 -0.152 0.042 0
5 3 2.388 2404 -0.016 0.044 0.71 0.544  0.683 -0.14 0.058 0.016
5 4 2.388 2,575 -0.188 0.039 0 0.544 0.624 -0.081 0.041 0.049
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