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Abstract: This study examines how the different uses of sampling weights in the analysis of TIMSS 2019 data affect
the ratio of variance in student achievement explained by schools and the estimation of standard errors. The research
sample comprises 227,345 8th grade students from 7,636 schools in 39 countries. Mathematics achievement and science
achievement are considered separately as dependent variables in all 39 countries. All plausible values are included in the
analysis. Four weighting scenarios are examined: no weighting, weighting at only level 1, weighting at only level 2, and
weighting at both levels. In total, 312 models are established and examined. According to the research results, the
coefficients, standard errors, reliabilities, and y? estimations change depending on how the weighting variable is handled
in the models, and as a result, the ratio of variance in the dependent variable arising from the differences between schools
also changes. The ratio attributable to between-school differences can reach up to 20% in some countries. Therefore,
researchers modeling hierarchical data using HLM are suggested to plan how they handle the weighting variable prior to
conducting the study.
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0z: Bu calismada TIMSS 2019 verilerinin analizinde rneklem agirliklarimin farkh sekilde kullanimlarmin égrenci
basarisindaki varyansin okullar tarafindan agiklanan kisminda ve standart hatalarin kestiriminde nasil bir etkiye sahip
oldugu incelenmistir. Aragtirmanin orneklemini TIMSS 2019 uygulamasina katilan 39 iilkeden toplam 7636 okuldaki
227345 8. sinif 6grencisi olusturmaktadir. Matematik basarist ve fen basarisi tiim tilkelerde bagimli degiskenler olarak
ayr ayri ele alinmistir. Tiim olasi degerler analize dahil edilmistir. Agirliklandirmanin olmadigi, yalnizeca 1. diizeyde
agirliklandirmanin oldugu, yalnizca 2. diizeyde agirliklandirmanm oldugu ve her iki diizeyde de agirliklandirmanin
oldugu dort farkli durum incelenmistir. Toplamda 312 model kurulmus ve ¢éziimlenmistir. Arastirmanin sonuglarina gore
katsayilarin, standart hatalarin, giivenirlik degerlerinin ve y? istatistiklerinin, agirhklandirma degiskeninin kullaniima
bigimine gore degistigi gdzlenmistir. Bunun bir sonucu olarak da, ¢ikt1 degiskenindeki varyansin agiklanmasinda okullar
tarafindan agiklanan kisim degiskenlik gostermektedir. Bu kisimdaki degiskenlik bazi iilkelerde %20’lere kadar
¢ikabilmektedir. Bu nedenle, genis 6lgekli testlerin verilerini HLM ile modelleyecek arastirmacilarin agirliklandirma
degiskenini ne sekilde ele alacaklarini aragtirma oncesinde planlamalari onerilmektedir.
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Introduction

Large-scale tests such as TIMSS (Trends in International
Mathematics and Science Study) and PISA (Programme for
International Student Assessment) aim to facilitate
international comparisons and analyze national-level trends.
The influence of these tests on global education policies and
reforms is continuously growing (Ababneh et al., 2016; Barber
et al., 2010; Manjunath, 2021; Schmidt et al., 1997; Tobin et
al., 2015). Consequently, analyzing the large-scale datasets
collected in these assessments can provide valuable guidance
for countries' education systems. Given that education
researchers' findings can be evaluated by those involved in
decision-making processes and shaping educational systems,
researchers should be cautious when selecting the appropriate
model for their analyses. Hierarchical linear modeling (HLM)
is widely used in our country and worldwide, particularly in
the analysis of data from large-scale tests. HLM is especially
preferred when stratified sampling is employed, as is the case
in the large-scale assessments. There is an abundance of
studies utilizing HLM, conducted with data from large-scale
tests (Aksu et al., 2017; Atar & Atar, 2012; Bilican & Yildirim,
2013; Boulifa & Kaaouachi, 2022; Chu et al., 2014; Gémez &
Suarez, 2020; Liang, 2010; Pacheco Diaz & Rocconi, 2021;
Pong, 2009; Reinikainen, 2007; Ross, 2008; Saal et al., 2019;

Sabudin et al., 2018; Sun et al., 2012; Thien et al., 2015;
Valente et al., 2011; Woo & Henfield, 2016). However, some
of these studies lack sufficient details on the usage of sample
weight variables. In a study by Ozdemir (2016), which
examined the methodological aspects of analyses conducted
with PISA Turkey data, it was reported that the majority of the
97 examined studies did not indicate whether plausible values
and sampling weights were considered. Only five articles
reported the correct usage of sampling weights, while plausible
values were utilized appropriately in only 10 articles. In a
similar review conducted by Liou and Hung (2015), numerous
studies utilizing PISA and TIMSS data were observed not to
specify whether sampling weights were used. It has been
emphasized that this situation raises doubts about the
reliability of the conducted analyses. Furthermore, articles
have been written criticizing the impact of the analysis outputs
derived from large-scale test data on education policies
(Sahlberg & Hargreaves, 2015; Schleicher, 2015; Takayama,
2015). These criticisms clearly highlight the importance of
exercising caution in statistical analysis.

HLM is a statistical model that is designed to take into
account the hierarchical or nested structure of the data. This
analysis technique allows for the examination and modeling of
relationships at multiple hierarchical levels by utilizing
different variables at each level (Hox, 2010; Raudenbush &
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Bryk, 2002). HLM allows for the estimation of regression
coefficients and standard errors for each level and variable.
Additionally, in HLM, shared variances at each level are
integrated into the model to facilitate predictions in subsequent
stages (Woltman et al., 2012). These features render HLM a
valuable tool for analyzing multilevel datasets. Consequently,
HLM represents a robust technique that can be employed to
investigate disparities in achievement among schools.

Researchers utilizing HLM for analyzing educational data
often come across the concepts of plausible values and
weighting. In large-scale tests, it is crucial to estimate students'
achievement with high reliability. However, it can be
challenging to administer a large number of test items to
students. To address this issue, TIMSS employs the plausible
value methodology, which allows for estimating students'
achievement using a reduced number of items. According to
OECD (2017), plausible values are random draws from
posterior distribution of ability of individuals. It is important
to note that plausible values do not represent individual test
scores, and using them as such may lead to biased estimations
of student competencies. However, when correctly grouped,
plausible values may provide unbiased estimates of sample
statistics, such as group means, standard deviations, and
variances. In TIMSS, five plausible values are reported for the
estimation of student achievement, while PISA reports ten.
Laukaityte and Wiberg (2017) found in their simulation
studies that utilizing multiple plausible values increased
prediction accuracy and reduced errors. Therefore, it is
necessary to conduct analyses using models that account for
plausible values collectively.

Weighting is another concept encountered in statistical
methods. When selecting a sample for large-scale tests, the aim
is to choose a sample that can best represent the population.
The sample should be able to accurately predict the
characteristics of the entire population in order to produce
meaningful results. One commonly used method to analyze the
differences between the sample and the population is the
utilization of sample weights (Rust, 2013). If we consider a
population as a classroom consisting of 10 females and 20
males, we can provide an example of weighted and
unweighted means. Let's draw 8 students from this population,
with four males and four females. As observed, the selected
sample does not adequately represent the population. When
four females are selected from the 10 female students, the

probability of each female student being selected is 4/10 =

0.4. Similarly, when four males are selected from the 20 male
students, the probability of each male student being selected is

4/ 20 = 0.2 (assuming equal probabilities of selection for all

students). In this case, the weight of each female student in the
sample is 2.5, while the weight of each male student is 5.
Suppose these students have obtained scores of 70, 80, 80, 90
for the female students, and 50, 60, 60, 70 for the male
students, in a 100-point exam. As observed, the unweighted
mean of the sample is (70 + 80+ 80+ 90+ 50 + 60 +
60 + 70)/8 = 70, while the weighted mean of the sample is
[2.5%(70+ 80+ 80+90) + 5+ (50 + 60 + 60 + 70)]/

30 = 66.67. As observed in this example, there is a distinction
between the weighted and unweighted means. Conversely,
when each individual has an equal probability of selection and
equal sample weights, the weighted and unweighted means
will be identical. However, in TIMSS applications, a two-stage
stratified sampling method is utilized, and weight variables are
incorporated in the shared data sets to account for potential
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discrepancies between the sample characteristics and the
population. In multilevel analyses, sample weights should be
disaggregated based on the appropriate levels (Rutkowski et
al., 2010). It is important to note that the results obtained may
be less reliable if sample weights are not utilized (OECD,
2017).

In this study, it was examined how the ratio of the variance in
the achievement scores of students in the countries
participating in the TIMSS 2019 study that arises from
differences between schools, and the standard errors, change
depending on whether or not weighting variables are used.
Two research questions taken into consideration in this
direction were determined as follows:

1. According to the TIMSS 2019 results, what ratio of the
total variation in mathematics and science achievement
scores of 8" grade students in countries participating in
the assessment can be attributed to differences between
schools in the following situations: (a) when no
weighting variables are used, (b) when only level 1
weighting variables are used, (c) when only level 2
weighting variables are used, and (d) when weighting
variables are used at both levels?

2. How do the standard errors of the estimated mean
mathematics and science achievement scores of
students in countries participating in the TIMSS 2019
assessment change in the following situations: (a) when
no weighting variables are used, (b) when only level 1
weighting variables are used, (¢) when only level 2
weighting variables are used, and (d) when weighting
variables are used at both levels?

Method

In this study, the aim was to investigate the relationship
between the utilization of weighting variables in various
manners and the variance explained in hierarchical data
derived from large-scale test applications. Therefore, this
research is classified as a descriptive study (Fraenkel &
Wallen, 2006).

Population and Sample

In this research, data from students participating in the TIMSS
2019 application were used. TIMSS employs a two-stage
random samples design, with a sample of schools drawn as the
first stage and one or more intact classes of students selected
from each of the sampled schools as the second stage. In this
study, data from 227,345 8" grade students from 7,636 schools
in 39 countries participating in the TIMSS 2019 application
were analyzed. The number of schools in the participating
countries ranges from 98 to 623, while the number of students
varies between 3,265 and 22,334.

Data Collection

The data used for the analyses are derived from the student and
school questionnaires of TIMSS 2019. These data can be
accessed on the internet at https://timss2019.org/international-
database/. Only the BSA***M7 (ID, weighting, and plausible
value variables for students) and BCG***M7 (ID and
weighting variables for schools) datasets provided by TIMSS
were used for the analyses.

Data Analysis

In accordance with the recommendations of Arikan and his
colleagues (2020), weight variables (both at the student and
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school levels) were included in datasets. In this research, the
first-level (student) sample weight is calculated as the product
of the variables WGTADJ2 * WGTFAC2 * WGTADIJ3 *
WGTFAC3 (CLASS WEIGHT ADJUSTMENT * CLASS
WEIGHT FACTOR * STUDENT WEIGHT ADJUSTMENT
* STUDENT WEIGHT FACTOR) in the TIMSS 2019 data
set. The second-level (school) sample weight is calculated as
the product of the variables WGTADJ1 * WGTFACI
(SCHOOL WEIGHT ADJUSTMENT * SCHOOL WEIGHT
FACTOR) in the TIMSS 2019 dataset. The product of the
weight variables obtained at the first and second levels
precisely corresponds to the TOTWGT (TOTAL STUDENT
WEIGHT) shared by TIMSS. Adding variables and examining
residuals for the model were performed using IBM SPSS
Statistics 22 (IBM Corp., 2013), while other data analyses
were conducted using HLM 6.04 program (Raudenbush et al.,
2007).

Analyses are conducted using four sequential sub-models
commonly used in HLM. However, since this study
specifically examines the impact of the weighting variable and
the standard errors of the estimations, only the first model,
which is the random effect one-way ANOVA model, was
established.

Before conducting the HLM analyses, certain assumptions
need to be satisfied. In terms of examining these assumptions,
as stated by Raudenbush and Bryk (2002), the following basic
assumptions were considered: normal distributions and
homogeneity of residuals, and independence of errors at both
within and between-levels. The first assumption, which states
that the residuals should be normally distributed, was
evaluated by analyzing the residuals of the models. Graphical
methods such as histograms and Q-Q plots were used to assess
the distribution of the residuals. Based on the examination of
these graphs, this can be concluded that there are no significant
deviations from a normal distribution.

Mathematics achievement was taken as the dependent
variable, and in models without weighting, the skewness
values of the residuals ranged from -0.38 to 0.57, while the
kurtosis values ranged from -0.23 to 0.56. In models where
weighting was applied only at the first level, the skewness
values ranged from -0.4 to 0.42, and the kurtosis values ranged
from -0.99 to 0.42. In models where weighting was applied
only at the second level, the skewness values ranged from -
0.39 to 0.26, and the kurtosis values ranged from -1 to 1.4. In
the models where weighting was applied at both levels, the
skewness values ranged from -0.39 to 0.26, and the kurtosis
values ranged from -0.24 to 1.45. Science achievement was
taken as the dependent variable, and in models without
weighting, the skewness values of the residuals ranged from -
0.4 to 0.05, while the kurtosis values ranged from -0.2 to 0.33.
In models where weighting was applied only at the first level,
the skewness values ranged from -0.41 to 0.23, and the kurtosis
values ranged from -0.21 to 0.52. In models where weighting
was applied only at the second level, the skewness values
ranged from -0.42 to 0.09, and the kurtosis values ranged from
-0.24 to 1.97. In the models where weighting was applied at
both levels, the skewness values ranged from -0.42 to 0.09, and
the kurtosis values ranged from -0.24 to 1.98. The
homogeneity of variances was tested using the y? statistic.
However, according to the results, it was seen that the
variances were not homogeneous. On the other hand, it is
known that the y? statistic is sensitive to type 1 error and tends
to make a statistically significant difference in large samples.
For this reason, the normal distribution of the residuals was

considered sufficient and the analyses were continued. It is
also important to provide sufficient sample size at each level.
The sample defined in this study has sufficient size in terms of
both the number of schools and students.

To address the research questions considered, four models
were established with 39 different countries’ data for two
different dependent variables (mathematics and science
achievement). In total, 312 models were established and
examined. The reliability values (directly provided by the
software) for the models with mathematics achievement as the
dependent variable range between .72 and .99, and the
reliability values for the models with science achievement as
the dependent variable range between .63 and .98. The
reliability estimation values can be found in Appendix A.

Findings

In this study, a total of 312 distinct models were established,
and the aim was to address two research questions by
analyzing the statistical data from these models. The results are
presented in two distinct sections.

Table 1 presents the statistics for the models where
mathematics achievement is considered as the dependent
variable, while Table 2 provides the statistics for the models
where science achievement is considered as the dependent
variable. In Table 1 and Table 2, the following statistics are
presented for each model: regression coefficients (yqo) for
each country, the standard errors of these coefficients, the y?
values of the established model, the ratios or percentages of
the total variance in the dependent variable explained by the
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coefficient), and degrees of freedom. These statistics are
provided for four different weightings: no weighting, only
level 1 weighting, only level 2 weighting, and weighting at
both levels.

Upon close examination of the established models (Table
1 and Table 2), it is evident that the presence of a weight
variable in various forms in the USA, Morocco, and Jordan
countries leads to significant changes in standard errors. As a
result, the findings obtained from the data of these countries
were excluded from interpretation. However, it was decided to
include the statistics of these countries in both tables and
figures to enable other researchers to examine the findings.

also known as intraclass correlation

schools (p =

Findings Related to the 1st Research Question

As indicated in Table 1 and Table 2, the percentage of variance
in students' mathematics achievement scores explained by
school differences ranges from 9.18% (Bahrain) to 60.51%
(Hong Kong). Similarly, the percentage of variance in science
achievement scores explained by school differences ranges
from 6.30% (Korea) to 61.93% (UAE). In addition to
significant variations across countries, it has been observed
that the percentages reported in the data of the same country
also differ depending on how the weighting is applied. Figure
1 illustrates the variation in the percentage of the variance in
mathematics achievement scores attributed to school
differences, depending on the treatment of the weighting
variable in the models.
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Figure 1. The ratio of variance in mathematics achievement attributed to schools
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Figure 2. The ratio of variance in science achievement attributed to schools
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As illustrated in Figure 1, it is evident that the instances
where the ratio of variance attributed to schools is calculated
to be highest exhibit a relatively balanced distribution. The
highest percentages were obtained in 6 countries with no
weighting, 14 countries with only level 1 weighting, 10
countries with only level 2 weighting, and 12 countries with
both levels of weighting. It is noteworthy that the highest
percentages among the six countries are exactly equal to each
other, regardless of their weighting status.

Figure 2 depicts the variation in the percentage of the
variance in science achievement scores attributed to school
differences, depending on the treatment of the weighting
variable in the models.

As observed from Figure 2, the instances where the ratio of
variance attributed to schools is calculated to be highest exhibit
a relatively balanced distribution. The highest rates were
obtained in seven countries with no weighting, 14 countries
with only level 1 weighting, nine countries with only level 2
weighting, and 12 countries with both levels of weighting. It is
noteworthy that the highest rates among the six countries are
exactly equal to each other, irrespective of their weighting
status.
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Findings Related to the 2nd Research Question

As shown in Table 1 and Table 2, the standard errors of
estimations in models where mathematics achievement is the
dependent variable range from 2.38% (Norway) to 9.19%
(Egypt). Similarly, in models where science achievement is the
dependent variable, the standard errors of estimations range
between 2.01% (Japan) and 9.29% (Egypt). It has been
observed that the standard errors vary based on the treatment
of the weighting variable in the data of different countries.
Figure 3 displays the standard errors obtained depending on
how the weighting variable is handled in models where
mathematics achievement is the dependent variable.

Figure 3 illustrates that the lowest standard errors were
obtained in 26 countries with no weighting, in five countries
with only level 1 weighting, in seven countries with only level
2 weighting, and in three countries with both levels of
weighting. Notably, in five countries (Bahrain, Chile, Cyprus,
France and Singapore), the minimum standard errors remain
the same across different weighting conditions.

Figure 4 displays the standard errors obtained depending
on how the weighting variable is handled in models where
science achievement is the dependent variable.
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Figure 3. Standard errors in mathematics achievement models based on weighting variable handling
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Figure 4. Standard errors in science achievement models based on weighting variable handling

As depicted in Figure 4, the lowest standard errors are
observed in 28 countries without weighting, six countries with
only level 1 weighting, four countries with only level 2
weighting, and one country with both levels of weighting when
modeling science achievement as the dependent variable.
Notably, in three countries (Bahrain, Chile and Singapore), the
minimum standard errors remain the same across different
weighting conditions.

Results, Discussion and Recommendations

This study examines the impact of weighting in different ways
on estimations (particularly the ratio of variance in
achievement scores attributed to differences between schools
and standard errors) when analyzing the data obtained from
large-scale tests where plausible values are considered as the
dependent variable.

In cases where both mathematics and science achievement
were considered as dependent variables, it was observed that
coefficients were estimated to be higher when only st level
weighting was applied. The highest model reliability was
achieved when using either only level 2 weighting or both
levels of weighting. The lowest standard errors were observed
in the unweighted condition, with 26 countries in mathematics
and 28 countries in science. This increase in standard errors
when weighting is applied aligns with the findings reported in
the studies of Carle (2009) and Tat et al. (2019), indicating a
parallelism in the results. As Meinck and Vandenplas (2012)
stated, the increase in standard errors due to the use of

weighting variables in analyses should not be interpreted as
making weighting inappropriate. This increase could,
however, depend on the distribution of the weights and
perhaps even their correlation with the dependent variable. The
lowest y? values were obtained when only level 1 weighting
was used, with 16 countries in mathematics and 15 countries
in science.

In this study, it was observed that in models where
mathematics achievement is considered as the dependent
variable, the differences between the rates calculated based on
different approaches to weighting can reach up to 20% for a
country (Malaysia). Furthermore, it was noted that these rates
can vary significantly in models constructed using data from
Morocco, Chile, and the USA. Similarly, in models where
science achievement is the dependent variable, it was observed
that the differences between the rates calculated according to
various weighting approaches can reach up to 18.75% for a
country (Malaysia). Additionally, significant variations in
these rates were observed in models based on data from the
USA and Chile. Despite the use of weighting variables in the
same manner, the differing results observed in the data from
these countries may indicate that weighting should be applied
differently in these contexts. Additionally, this variation could
be due to the distribution of the weighting variable within the
data of the respective countries or the correlation between the
weighting variable and the dependent variables (Meinck &
Vandenplas, 2012).
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The most crucial conclusion that can be drawn from the
research findings is that the use, or lack thereof, and the
manner in which the weighting variable is employed when
conducting HLM analysis on data from large-scale tests can
greatly impact statistical inferences. Although the importance
of handling the weighting variable is emphasized in studies
involving hierarchical linear modeling on multilevel data
(Rutkowski et al., 2010), empirical results demonstrate that
treating weighting variables differently affects many statistics
(Meinck & Vandenplas, 2012; Tat et al., 2019). For instance,
Laukaityte and Wiberg (2017) explicitly state that not applying
weighting or applying weighting only at the first level
(student) can lead to misleading results. In a study conducted
by Mang et al. (2021) using large-scale test data, they
examined which weighting method yielded better results. The
researchers reported that weighting at only the second level
(school) was appropriate. In this study, it was observed that
adding weighting variables increased the standard errors of
estimates while positively contributing to model reliability
coefficients. Therefore, based on the findings of this study and
the knowledge in the literature, it is recommended that
researchers conducting analyses with HLM consider using
weighting variables either at the second level only or at both
levels. However, it should be kept in mind that in studies
attempting to explain the variance in the dependent variable by
variables at the second level, adding weighting variables may
inflate the ratio of the variance in the dependent variable
attributed to differences between schools. Hence, it is crucial
for researchers to transparently disclose the steps taken in the
analysis process.

In this study, only the data from the 2019 cycle of TIMSS
were utilized as the large-scale test data. Examining situations
in other large-scale tests and in different cycles of TIMSS can
provide an opportunity to strengthen the interpretations in the
existing literature.
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APPENDIX A. Reliability Values of Models Constructed Based on the Use of Weighting Variable
Models where Mathematics Achievementis  Models where Science Achievement is the

Country the Dependent Variable Dependent Variable
No Level 1 Level 2 Full No Level 1 Level 2 Full
Australia 0.93 0.94 0.94 0.94 0.91 0.92 0.91 0.92
Bahrain 0.83 0.81 0.83 0.83 0.94 0.93 0.94 0.94
Chile 0.95 0.95 0.93 0.93 0.93 0.93 0.91 0.91
Chinese Taipei 0.86 0.84 0.87 0.87 0.81 0.78 0.82 0.82
Cyprus 0.86 0.85 0.86 0.86 0.85 0.82 0.85 0.85
Egypt 0.96 0.96 0.97 0.97 0.96 0.95 0.96 0.96
England 0.96 0.96 0.97 0.97 0.94 0.94 0.96 0.96
Finland 0.81 0.80 0.82 0.82 0.82 0.81 0.82 0.82
France 0.89 0.90 0.88 0.88 0.87 0.88 0.87 0.87
Georgia 0.89 0.88 0.94 0.94 0.84 0.83 0.91 0.91
Hong Kong 0.97 0.97 0.97 0.97 0.96 0.97 0.96 0.96
Hungary 0.94 0.93 0.95 0.95 0.92 0.91 0.95 0.95
Iran 0.94 0.93 0.96 0.96 0.94 0.92 0.96 0.96
Ireland 0.86 0.88 0.88 0.88 0.85 0.87 0.88 0.88
Israel 0.96 0.97 0.96 0.96 0.95 0.95 0.95 0.95
Italy 0.83 0.83 0.83 0.83 0.82 0.82 0.83 0.83
Japan 0.80 0.76 0.84 0.84 0.72 0.68 0.77 0.77
Jordan 0.92 0.91 0.95 0.95 0.92 0.91 0.95 0.95
Kazakhstan 0.93 0.94 0.95 0.95 0.91 0.92 0.93 0.93
Korea 0.73 0.72 0.76 0.76 0.64 0.66 0.63 0.63
Kuwait 0.94 0.93 0.95 0.95 0.94 0.93 0.95 0.95
Lebanon 0.93 0.94 0.94 0.94 0.95 0.95 0.96 0.96
Lithuania 0.86 0.84 0.86 0.86 0.87 0.85 0.85 0.85
Malaysia 0.97 0.98 0.96 0.96 0.96 0.97 0.95 0.96
Morocco 0.92 0.91 0.96 0.96 0.94 0.94 0.96 0.96
New Zealand 0.95 0.94 0.96 0.96 0.95 0.94 0.96 0.96
Norway 0.73 0.73 0.78 0.78 0.73 0.74 0.80 0.80
Oman 0.91 0.91 0.91 0.91 0.91 0.90 0.91 0.91
Portugal 0.87 0.87 0.89 0.89 0.84 0.84 0.87 0.87
Qatar 0.95 0.95 0.95 0.95 0.92 0.93 0.92 0.92
Romania 0.93 0.92 0.94 0.94 0.92 0.91 0.94 0.94
Russia 0.92 0.92 0.93 0.93 0.90 0.90 0.91 0.91
Saudi Arabia 0.93 0.93 0.91 0.91 0.92 0.91 0.92 0.92
Singapore 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96
South Africa 0.98 0.98 0.97 0.97 0.98 0.98 0.98 0.98
Sweden 0.84 0.84 0.88 0.88 0.84 0.83 0.89 0.89
Tiirkiye 0.92 0.89 0.94 0.94 0.91 0.88 0.94 0.94
UAE 0.97 0.98 0.97 0.97 0.98 0.98 0.98 0.98
United States 0.95 0.96 0.99 0.99 0.94 0.95 0.98 0.98
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Genisletilmis Tiirkce Ozet

Giris

Uluslararas1 Matematik ve Fen Egilimleri Arastirmasi
(TIMSS) ve Uluslararast Ogrenci Degerlendirme Programi
(PISA) gibi genis Olcekli testler, uluslararasi diizeyde
karsilastirmay1 ve ulusal diizeyde egilimleri incelemeyi
amaclamaktadir. Bu uygulamalarin kiiresel egitim politikalari
ve egitim alaninda yapilacak reformlara olan etkisi her gegen
glin artmaktadir (Ababneh ve digerleri, 2016; Barber ve
digerleri, 2010). Egitim arastirmacilarinin genis 6lgekli
testlerin verilerinin analizleriyle ortaya koydugu bulgular
egitim sistemleri agisindan karar alma mekanizmalarina yakin
kisilerce incelenip aksiyonlar alinabilecegi icin arastirmacilar
analizlerinde kullanacagi modeli secme konusunda dikkatli
olmalidir.

Tiirkiye’de ve diinyanin diger iilkelerinde, 6zellikle genis
Olcekli testlerin verilerinin analizinde siklikla kullanilan
istatistiksel modellemelerden biri hiyerarsik dogrusal
modellemedir (HLM). HLM o&zellikle genis olgekli test
uygulamalarindaki gibi 6rneklem se¢iminin tabakali oldugu
durumlarda tercih edilmektedir. Alan yazinda genis olgekli
testlerin verileri ile yiriitilen, HLM’nin kullanmildig1 ¢ok
sayida aragtirma bulunmaktadir. HLM’nin ise kosuldugu
arastirmalarda 6rneklem agirlik degiskenlerinin kullanildigi,
kullanilmadig1 ve bu konu ile ilgili yeterli detayin yazarlar
tarafindan verilmedigi durumlar mevcuttur. Ozdemir’in
(2016) PISA Tiirkiye wverileri ile yapilan analizleri
yontembilimsel acidan inceledigi caligmasinda, incelenen 97
aragtirmanin biiylik kisminda olast degerlerin ve 6rneklem
agirliklarmin  ele  almip  alinmadiginin  belirtilmedigi
raporlanmistir. Ele alinan sadece 5 makalede orneklem
agirliklarmin dogru kullanimi rapor edilirken, olas1 degerler de
sadece 10 makalede uygun sekilde kullanilmistir. Liou ve
Hung’un (2015) yiiriittiigli benzer bir tarama caligmasinda
PISA ve TIMSS verisi kullanilarak yapilan ¢ok sayida
calismada Orneklem agirliklarinin - kullanilmadigr  veya
kullanilip kullanilmadigimin belirtilmedigi gozlemlenmistir.
Bu durumun da gergeklestirilen analizlerin giivenilirligini
siipheli hale getirdiginin alt1 ¢izilmistir. Dahasi, genis 6lgekli
testlerin verileri ile yiiriitiilen analizlerin ¢iktilarinin egitim
politikalarina etkisini elestiren yazilar da kaleme alinmigtir
(Sahlberg ve Hargreaves, 2015; Schleicher, 2015; Takayama,
2015). Bu elestiriler, istatistiksel analizlerde dzenli olunmasi
gerektiginin agik bir gostergesidir.

Orneklemin sahip oldugu 6zelliklerin, drneklemin alindig1
evrenden farkli olma durumunu ¢o6ziimlemek igin
kullanilabilecek en bilindik yontemlerden biri 6rneklem
agirliklarmin kullanilmasidir (Rust, 2013). Agirliklandirma,
ozellikle HLM ile yiritilen c¢alismalarda goéz Oniinde
bulundurulmas1 gereken o©nemli bir kavramdir. TIMSS
uygulamalarinda toplanan tiim verilerin yani sira 6rneklem
agirliklart degiskenleri de veri seti icinde paylasilmaktadir. Bu
agirhik  degiskenlerinin  analizlerde nasil  kullanilacagi
aragtirmacilara birakilmaktadir. Cok diizeyli analizlerde
orneklem agirliklarn ilgili diizeylere gore ayristirilarak
kullanilmast (Rutkowski ve digerleri, 2010) ve &rneklem
agirliklarmin  kullanilmadigt  durumlarda elde  edilen
sonuglarin daha az giivenilir olacagmin farkinda olunmasi
gerekmesine (OECD, 2017) karsin orneklem agirliklarinin
nasil kullanilacagi ve analizlere etkilerinin ne olacagi
konusunda alan yazinda tartigsmalar bulunmaktadir.

Bu arastirmada, TIMSS 2019 uygulamasmna katilan
iilkelerdeki 8. simif 6grencilerinin matematik ve fen basari
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puanlarindaki ~ varyansin  okullar  arasindaki  farktan
kaynaklanan kisminin ve kestirimlerdeki standart hatalarin
agirhiklandirma degiskenlerinin  kullanilip  kullanilmama
durumlarma gore ne sekilde degistigi incelenmistir. Bu
dogrultuda dikkate alinan iki arastirma sorusu asagidaki
sekilde belirlenmistir.

1. TIMSS 2019 sonuglarina gdre uygulamaya katilan
iilkelerdeki okullar arasi fark, (a) agirliklandirma
degiskenlerinin kullanilmadigi, (b) yalnizca birinci
diizey agirliklandirma degiskeninin kullanildigi, (c)
yalnizca ikinci diizey agirliklandirma degiskeninin
kullanildig1 ve (d) her iki diizeyde de agirliklandirma
degiskenlerinin  kullanildigi  durumlarda 8. smif
ogrencilerinin matematik ve fen basar1 puanlarmdaki
toplam varyansin ne kadarini agiklamaktadir?

2. TIMSS 2019 sonuglarina gore uygulamaya katilan
tilkelerdeki Ogrencilerin ortalama matematik ve fen
basar1 puanlart kestiriminin standart hatalari, (a)
agirliklandirma  degiskenlerinin  kullanilmadigi, (b)
yalnizca birinci diizey agirliklandirma degiskeninin
kullanildigl, (c) yalnizea ikinci diizey agirliklandirma
degiskeninin kullanildig1 ve (d) her iki diizeyde de
agirliklandirma degiskenlerinin kullanildig1
durumlarda nasil degismektedir?

Yontem

Bu arastirmada, genig Olgekli test uygulamalarindan elde
edilen hiyerarsik yapidaki verilerde, agirliklandirma
degiskenlerinin farkli sekillerde kullanilmasi ile agiklanan
varyans arasindaki iliski belirlenmeye c¢alisilmigtir. Bu
nedenle aragtirma iliskisel arastirma tiirlindedir (Fraenkel ve
Wallen, 2006).

Evren ve Orneklem

Bu aragtirmada TIMSS 2019 uygulamasina katilan 39 iilkeden
toplam 7636 okuldaki 227345 8. sinif Ogrencisi arastirma
orneklemini  olusturmaktadir. Katilimer  iilkelerdeki
uygulamaya katilan okul sayilar1 98 ile 623; 6grenci sayilari
3265 ile 22334 arasinda degismektedir.

Veri Toplama

Bu ¢aligmanin analizlerinde kullanilan veriler TIMSS 2019
ogrenci ve okul anketleri ile elde edilen verilerdir. Bu verilere
internet  lizerinden  https://timss2019.org/international-
database/ adresinden erisilebilmektedir.

Veri Analizi

Arikan ve arkadaslarinin (2020) onerileri dikkate alinarak
verilerin analizinden dnce arastirma i¢in segilen veri setlerine
agirhk degiskenleri (hem 06grenci, hem okul diizeyinde)
eklenmistir. Birinci diizey (6grenci) 6rneklem agirligit TIMSS
2019 veri setlerinde yer alan WGTADJ2 * WGTFAC2 *
WGTADJ3 * WGTFAC3 (CLASS WEIGHT ADJUSTMENT
* CLASS WEIGHT FACTOR * STUDENT WEIGHT
ADJUSTMENT * STUDENT WEIGHT FACTOR)
degiskenlerinin ¢arpimi; ikinci diizey (okul) 6rneklem agirligi
WGTADJ1 *  WGTFAC1  (SCHOOL  WEIGHT
ADJUSTMENT * SCHOOL WEIGHT FACTOR)
degiskenlerinin ¢arpimi ile elde edilerek veri setlerine
eklenmistir. 1 ve 2. diizeyde elde edilen agirlik degiskenlerinin
carpimi tam olarak TIMSS tarafindan paylasilan TOTWGT
(TOTAL STUDENT WEIGHT) degerini vermektedir.
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HLM’de siklikla kullanilan sirali dort alt model ile
analizler gerceklestirilmektedir. Ancak bu c¢aligmada,
agirliklandirma degiskeninin etkisine ve kestirimlerin standart
hatalarina odaklanildig1 igin yalnizca ilk model olan tesadiifi
etkili tek yonli ANOVA modelleri kurulmustur. Bu model
araciligi ile yapilacak analizlerden 6nce bazi varsayimlarin
kargilanmasi  gerekmektedir. Varsayimlarin incelenmesi
noktasinda, Raudenbush ve Bryk (2002) tarafindan ifade
edilen; artik degerlerin (residuals) O ortalama ile normal
dagilimli ve homojen olmasi, diizeylere yonelik hatalarin hem
kendi iglerinde hem de birbirleri arasinda iligkisiz olmasi temel
varsayimlar1 dikkate alinmustir. {lk varsaymmin incelenmesi,
kurulan modellere yonelik artik degerlerin kontrolii ile
gerceklestirilmigtir. Artiklarin dagilimi grafiksel yontemlerle
(histogram, Q-Q grafigi) incelenmistir ve buna gore grafikler,
normal dagilimdan ciddi bir sapma olmadigini géstermektedir.
Ayrica kurulan modellerden elde edilen hatalarin ¢arpiklik ve
basiklik degerleri incelenmis, carpiklik degerlerinin -,42 ile
,57 arasinda, basiklik degerlerinin -1 ile 1,98 arasinda dagildig1
gozlenmistir. Buna gore ciddi bir normallik ihlali bulunmadigi
degerlendirilmistir. Varyanslarin homojenliginin testi, x?2
istatistigine dayali olarak gergeklestirilmistir. Ancak sonuglara
gore varyanslarin homojen olmadigi goriilmistir. Buna
karsin, y? istatistiginin tip 1 hataya duyarli ve biiyiik
orneklemlerde istatistiksel olarak anlamli fark ¢ikarmaya
egilimli oldugu bilinmektedir. Bu nedenle, artiklarin normal
dagilim gosteriyor olusu yeterli goriilmiis ve analizlere devam
edilmistir. Son olarak analizler igin yeterli Grneklem
biiyiikliigiiniin her bir diizeyde saglanmasi onemlidir. Bu
aragtirmada tanimlanan Orneklem, hem okul hem ogrenci
sayisi agisindan yeterli bilyiikliige sahiptir.

Bulgular

Bu calismada toplamda 312 farkli modelleme yapilmis ve
kurulan modellere ait istatistikler araciligi ile iki arastirma
sorusu yanitlanmaya c¢aligilmistir. Elde edilen bulgular bu
bolimde iki ayri baglik halinde verilmistir. Bu bdoliimde
yorumlar yapilirken agirliklandirma degiskeninin
kullaniminin ABD, Fas ve Urdiin puanlarina iliskin standart
hatalarda ciddi farklilagsmaya (%100°den fazla bir artis) yol
acmasi nedeniyle bu iilkelerin sonuglar1 dikkate alinmamuistir.
Yorumlar 36 iilkenin verileri {izerinden yapilmistir. Buna
karsm,  bulgularin  diger  arastirmacilar  tarafindan
incelenebilmesi adina bu iilkelere ait istatistiklerin hem
tablolarda hem de grafiklerde bulunmasina karar verilmistir.

1. Arastirma Sorusuna iliskin Bulgular

Ogrencilerin matematik basar1 puanlarindaki varyansin
okullar aras1 farklar tarafindan agiklanan kisimlar1 yiizde
olarak 9,18 (Bahreyn) ile 60,51 (Hong Kong) arasinda; fen
basar1 puanlarindaki varyansin okullar arasi farklar tarafindan
aciklanan kisimlart ise 6,30 (Kore) ile 61,93 (BAE) arasinda
degismektedir. Bu farklarin iilkeden {ilkeye Onemli
degisiklikler géstermesinin yani sira ayni iilkenin verilerinde
agirliklandirmanin nasil yapildigina gore agiklanan yiizdelerin
de degistigi gozlenmistir. Matematik basarisinin - ¢ikti
degiskeni olarak ele alindig1 modellerde varyansin okullardan
kaynaklanan kisminin en yiiksek olarak hesaplandig1 durumlar
gorece dengeli bir dagilim géstermistir. En yiiksek yiizdeler, 6
iilkede agirliklandirma yapilmadigi durumda, 14 {ilkede
yalnizca 1. diizey agirliklandirma yapildigi durumda, 10
iilkede yalnizca 2. diizey agirliklandirma yapildigi durumda ve
12 iilkede her iki diizeyde de agirliklandirma yapildigi
durumda elde edilmistir. 6 iilkenin en yiiksek ytizdeleri ise

agirliklandirma durumlarina gore birebir birbirine esittir. Bu

halde denebilir ki, matematik basarisindaki varyansin
okullardan  kaynaklanan kismi, yalmizea 1. diizey
agirhiklandirmanm  yapildigt ve her iki dilizeyde de

agirliklandirmanin yapildigi durumda daha yiiksek olarak
hesaplanmaktadir. Fen basarisinin ¢ikti degiskeni olarak ele
alindigt modellerde varyansin okullardan kaynaklanan
kisminin en yiiksek olarak hesaplandig1 durumlar yine gérece
dengeli bir dagilim gostermistir. En yiiksek oranlar, 7 ilkede
agirliklandirma yapilmadigi durumda, 14 iilkede yalnizca 1.
diizey agirliklandirma yapildigi durumda, 9 iilkede yalnizca 2.
diizey agirliklandirma yapildigi durumda ve 12 iilkede her iki
diizeyde de agirliklandirma yapildigi durumda elde edilmistir.
6 iilkenin en yiiksek oranlar1 ise agirliklandirma durumlarina
gore birebir birbirine esittir. Bu halde denebilir ki, fen
basarisindaki varyansin okullardan kaynaklanan kismi,
yalnmizea 1. diizey agirliklandirmanin yapildigr ve her iki
diizeyde de agirliklandirmanin yapildig1 durumda daha yiiksek
olarak hesaplanmaktadir.

2. Arastirma Sorusuna iligkin Bulgular

Matematik basarisinin ¢ikt1 degiskeni oldugu modellerde
kestirimlerin standart hatalar1 2,38 (Norveg) ile 9,19 (Misir)
arasinda; fen basarisinin ¢ikti degiskeni oldugu modellerde
kestirimlerin standart hatalar1 ise 2,01 (Japonya) ile 9,29
(Misir) arasinda degismektedir. Standart hatalarin iilkelerin
verilerinde agirliklandirmanin  nasil  yapildigma  gore
degisiklik gosterdigi gézlenmistir.

Matematik basarisinin ¢ikt1 degiskeni oldugu modellerde
en diisik standart hatalar, 26 {ilkede agirliklandirma
yapilmadigt durumda, 5 iilkede yalmizeca 1. diizey
agirliklandirma yapildigi durumda, 7 iilkede yalnizca 2. diizey
agirliklandirma yapildigi durumda ve 3 tilkede her iki diizeyde
de agirliklandirma yapildig1 durumda elde edilmistir. 5 tilkede
ise en diisik standart hatalar farkli agirliklandirma
durumlarina gore birbirine esittir. Fen basarisinin ¢kt
degiskeni oldugu modellerde en diisiik standart hatalar, 28
tilkede agirliklandirma yapilmadigi durumda, 6 iilkede
yalnizca 1. diizey agirliklandirma yapildigi durumda, 4 iilkede
yalmzeca 2. diizey agirliklandirma yapildigi durumda ve 1
iilkede her iki diizeyde de agirliklandirma yapildigi durumda
elde edilmistir. 3 iilkede ise en diisiik standart hatalar farkli
agirliklandirma durumlarina gore birbirine esittir.

Sonuclar, Tartisma ve Oneriler

Bu calismada genis 6lgekli testlerden elde edilen verilerle
yapilan analizlerde olast degerlerin ¢ikti degiskeni olarak
birlikte ele alindig1 durumda, farkl sekillerde agirliklandirma
yapilmasinin kestirimlere (6zellikle basari puanlarindaki
varyansin okullar arasindaki farkliliktan kaynaklanan kismi ve
standart hatalar) etkisi incelenmistir. Hem matematik, hem fen
basarisinin ¢iktt degiskeni oldugu durumlarda, sadece 1. diizey
agirliklandirma yapilmast durumunda katsayilar daha yiiksek
kestirilmistir. En yliksek model giivenirlikleri yalnizca 2.
diizey agirliklandirma ya da her iki diizeyde de agirliklandirma
yapilmast durumunda elde edilmistir. En diisiik standart
hatalar, agirliklandirma yapilmayan durumda elde edilmistir
(matematikte 26 iilkede, fende 28 iilkede). Agirliklandirmanin
yapildig1 durumda standart hatalarin yiikselmesi durumu Carle
(2009) ve Tat ve digerlerinin (2019) caligmalarinda da
raporlanan bir bulgudur. Bu acidan bulgular paralellik
gostermektedir. En diisiik y? degerleri, yalmzca 1. diizeyde
agirhklandirma  yapildigi  durumda elde  edilmistir
(matematikte 16 iilkede, fende 15 tilkede).

412



M. Giingor, et al. / Erzincan University Journal of Education Faculty, 26(3)

Bu calismada, matematik bagarisinin ¢ikti degiskeni
oldugu modellerde agirliklandirmanin farkli sekillerde ele
alinmast durumuna gore hesaplanan oranlar arasindaki
farklarin bir iilke (Malezya) icin %20’ye kadar ¢iktig1
gbzlenmistir. Ayrica, Fas, Sili ve ABD iilkelerinin verileriyle
kurulan modellerde de bu oranlarin ciddi farklilik
gosterebilecegi goriilmiistiir. Yine ¢aligmada, fen basarisinin
cikt1 degiskeni oldugu modellerde agirliklandirmanin farkli
sekillerde ele almmasi durumuna gore hesaplanan oranlar
arasindaki farklarin bir iilke (Malezya) i¢in %18,75’e kadar
ciktigi gozlenmistir. Ayrica, ABD ve Sili iilkelerinin
verileriyle kurulan modellerde de bu oranlarin ciddi farklilik
gosterebilecegi gorilmiistir. Ek olarak, kurulan modeller
yakindan incelendiginde (tablolardan goriilebilir) ABD, Fas ve
Urdiin iilkelerinde agirhk degiskeninin farkli sekillerdeki
varlig1 standart hatalarda ciddi degisikliklere yol agmaktadir.
Bu nedenle bu iilkelerin verileri ile ulagilan bulgular yorum
digt brrakilmisgtir.  Ancak bulgularin diger arastirmacilar
tarafindan incelenebilmesi adina bu iilkelere ait istatistiklerin
hem tablolarda hem de grafiklerde bulunmasina karar
verilmistir. Aragtirma bulgularindan ulasilabilecek en dnemli
sonug, genis Olcekli testlerin verilerinin analizinde HLM
kullanilirken  agirliklandirma  degiskeninin  kullanilip
kullanilmamasinin (veya nasil kullanildiginin) istatistiksel
cikarimlari ciddi derecede farklilagtirabilecegidir.

Cok diizeyli verilerin HLM ile analizinde oOrneklem
agirliklandirmalarinin kullanilmasinin yararlarmin
vurgulanmasina (Rutkowski ve digerleri, 2010) karsin,
ampirik kanitlar agirlik degiskenlerinin pek c¢ok istatistigi
ciddi  sekilde etkiledigini  gdstermektedir.  Agirhk
degiskenlerinin kullanim1 ile ilgili olarak Laukaityte ve
Wiberg (2017) agirlik degiskeninin kullanilmamasinin ya da
yalnizca 1. diizeyde (6grenci) kullanilmasmin yaniltict
sonuglara yol agabilecegini ifade etmektedir. Mang ve
arkadaglar1 (2021) tarafindan genis olgekli test verileri ile
yiiriitilen bir ¢alismada hangi agirliklandirma senaryosunun
en iyi calistigi incelenmistir. Arastirma sonucunda, agirlik
degiskenlerinin  eklenmesinin  model  giivenirliklerini
arttirrkken  standart hatalar1 da arttirdigt raporlanmustir.
Aragtirmacilar, sonug¢ olarak agirhiklandirmanin  ikinci
diizeyde (okul) ya da her iki diizeyde de yapilmasim
Onermektedir. Ancak, bu arastirmanin sonuclarindan
hareketle, ¢ikt1 degiskenindeki varyansin ne kadarlik kismini
ikinci diizeydeki degiskenler tarafindan agiklanabilecegine
odaklanilan ¢aligmalarda agirliklandirmanin cikt
degiskenindeki varyansin okullar tarafindan agiklanan kismini
artirabileceginin akilda tutulmasi gerektigi sdylenebilir.

Arastirma bulgularindan goriildiigii lizere ¢oziimlemeler
yapilirken agirliklandirma degiskeninin kullanip
kullanilmama durumuna gore farkli sonuglar elde
edilebilmektedir. Bu nedenle arastirmacilar ¢éziimlemedeki
basamaklar1 acik¢a paylasmahdir. Ozetle, bu calismada genis
Olcekli testlerden TIMSS’in 2019 dongtisiine katilan 39
iilkenin verileriyle 312 model kurulmus, modeller
¢coziimlenmis ve 36 iilkenin verilerinin yorumlanmasi ile su
sonuglara ulasilmigtir:

e Arastirmacilar alan yazmmin da onerdigi {izere olasi
degerleri birlikte ele alabilecekleri modeller kurmali ve
bu modellerde agirlik degiskenini ne sekilde ele
alacaklarini planlamalidir.

e Agirliklandirma degiskeninin modellemelerde ele
alinig bicimine bagl olarak katsayi, standart hata,
giivenirlik ve y? kestirimleri degismekte ve bunlara
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bagli olarak cikti degiskenindeki varyansin okullar
arasi farkliliktan kaynaklanan kismi degismektedir.

e Basar1 varyansindaki okullar arasi farkliliktan
kaynaklanan kismin oldugundan yiiksek hesaplanmasi
arastirmacilar1 yaniltabilir. Ornek vermek gerekirse,
basaridaki varyansi incelerken Malaysia verileri ile bir
caligma yiiriitiildiigiinde basaridaki varyansin okullar
arasindaki farktan kaynaklanan kismi, oldugundan %20
disik —ya da %20 yiiksek— hesaplanabilir. Bu
durumda, aragtirmaci devam modellemelerde 1 ve 2.
diizeyde ele alacagi degiskenleri segmekte zorlanabilir.

Bu calismada genis Olgekli test verisi olarak yalnizca

TIMSS’in 2019 dongiisiiniin verileri kullanilmistir. Diger
genig Olgekli testlerde ve TIMSS’in diger dongiilerinde
durumun ne olduguna bakmak alan yazindaki yorumlari
giiclendirme imkani sunabilir.



