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KEYWORDS results. To this end, TIMSS 2015 data for students in the USA and Canada, who
Measurement Invariance speak the same language and data for students in the USA and Turkey, who speak
* different languages, are used. The study is conducted through a descriptive study
TIMSS, . )
Latent Cl approach. The study revealed that all measurement invariance levels were
atent °.7ass, established in Multiple Group CFA for the USA-Canada comparison. In Multiple
Mixed Rasch Model,

Group LCA, on the other hand, measurement invariance was established up to
partial homogeneity. However, it was not established in the Mixed Rasch Model.
As for the USA-Turkey comparison, metric invariance was established in Multiple
Group CFA whereas in Multiple Group LCA it stopped at the heterogeneity level.
Measurement invariance for data failed to be established for the relevant sample in
the Mixed Rasch Model. The foregoing findings suggest that methods with
different theoretical foundations yield different measurement invariance results. In
this regard, when deciding on the method to be used in measurement invariance
studies, it is recommended to examine the necessary assumptions and consider the
variable structure.

Factor Analysis

1. INTRODUCTION

In a world of rapid development and globalization, the information in the social, geographical,
political, healthcare and educational fields of countries are easily accessed through a variety of
organizations. An international database is thus possible because information regarding all
countries is accessible. TIMSS -Trends in International Mathematics and Science Study and
PISA - Programme for International Student Assessment are among the international
educational databases. By way of these large-scale assessments, students from different
educational systems can be compared for their both cognitive (e.g., mathematics, science
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achievement) and affective (attitude, perception, self-confidence, motivation, etc.) latent traits
(Buchholz & Hartig, 2017).

There are a number of studies in the literature conducting cross-cultural comparisons thanks to
the accessibility to international data (e.g. Alatli, Ayan, Demir & Uzun, 2016; Asil & Gelbal,
2012; Rutkowski & Svetina, 2014). In international assessments such as TIMSS, data is
collected by administering a single measurement instrument to all participants from different
countries. However, people from different socio-cultural backgrounds are likely to have
different social, ethical and value judgments and interpret the scale items differently from each
other. Thus, when collecting data from individuals from different cultures, researchers need to
ensure that the items in measurement instruments mean the same in every culture.

The measurements need to be valid to obtain accurate results from the group comparisons made
using the same measurement instrument (scale, questionnaire, test, etc.). In TIMSS, individuals
from different cultures are administered the same measurement instruments. Therefore, the
original versions of these instruments are translated into the languages spoken in all countries.
The fact that measurement instruments can be translated flawlessly into other languages does
not guarantee that each culture interprets the questions in the same way (Kankaras, 2010). Thus,
there is an increasing need for addressing the methodological problems arising from the
comparison of the data obtained from different countries and different cultures. One of these
problems in intercountry comparisons is the invariance of measurements. In this regard, one of
the basic concerns in any cross-cultural studies is whether or not the measurement invariance
is established in testing the differences among groups (Hui & Triandis, 1985). In their study,
Arim and Ercikan (2014) examined to what extent TIMSS 1999 U.S. and Turkey mathematics
test results are comparable. In the comparison of the two countries, measurement invariance
was taken into account and changing item function analyzes were performed for this.
Accordingly, in the analysis made by comparing the test characteristic curves, it was determined
that approximately 23% of the mathematics items operate differently between these two
countries.

1.1. Measurement Invariance

Bryne and Watkins (2003) defined measurement invariance as the perception and interpretation
of the items in the measurement instrument in the same way by individuals who in different
sub-groups with respect to a certain variable. Invariance of measurements and methods that are
adopted in cross-cultural studies across groups is referred to as the methodological invariance.
Scale invariance and item invariance indicate the methodological invariance and concentrate
on the degree of similarity between measurement methods across cultures (Kankaras, 2010).

Measurement invariance is a proof of validity employed to show that the same measurement
instrument which is administered to different cultures in a study measures the same construct.
In addition, since measurement instruments are created to measure a specific construct, the
participants' responses should reveal their position about that specific construct. If their
responses are influenced by additional factors which are different across cultures aside from the
aimed construct, the invariance of measurements will fail to be established. In this case, the
results to be obtained about the individuals by means of the measurement instrument will not
reflect the real scores.

In order to test whether or not measurement invariance, a prerequisite in international
comparison studies, is established, Multiple Group Confirmatory Factor Analysis (MG-CFA),
an extension of Structural Equation Modeling (SEM), and the methods under the Item Response
Theory (IRT) are adopted (Eid, Langenheine & Diener, 2003). In addition to these methods,
mixed distribution models in which measurement invariance is examined by way of identifying
the heterogeneous sub-groups are also implemented. Mixed distribution models have been
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developed for the Item Response Theory (Mislevy & Verhelst, 1990; Rost & von Davier, 1995;
von Davier & Rost, 1995;) and Structural Equation Models (Yung, 1997). These methods are
combinations of a latent trait or the latent class analysis and a structural equation model (Eid &
Rauber, 2000). Multiple Group Latent Class Analysis (MG-LCA), which is a method among
mixed distribution models and is dependent on latent class analyses, may also be employed in
measurement invariance studies (Magidson & Vermunt, 2001; Moors, 2004; Moors &
Wennekers, 2003). MG-CFA is the method which is used when the observed and latent
variables are continuous but cannot be used when both are categorical (Somer, Korkmaz, Dural
& Can, 2009). MG-LCA, on the other hand, which is covered by the latent class models, can
be used in measurement invariance studies if the two data structures mentioned are categorical.
In addition, in their study in which MG-CFA and Differential Item Functioning (DIF) are
compared based on IRT and MG-LCA, Kankaras, Vermunt and Moors (2011) stated that MG-
LCA was an excellent alternative to the other two methods.

Another mixed distribution model is the Mixed Rasch Model (MRM). In mixed distribution
Rasch models (Rost & von Davier, 1995), latent classes may be formed under a Rasch model
for all individuals in a population and item difficulty parameters may differ across the unknown
sub-groups (latent classes). Using this methodology, the number of groups reguired to account
for the differences in item parameters can be identified.” In addition, the probability that an
individual may belong to different classes can be calculated and individuals may be assigned
to a latent class where their membership probability is maximum (Eid & Rauber, 2000). For

ordered response categories (e.g., Likert-type scales), polytomous mixed Rasch model can be
applied (Rost, 1991).

1.1.1. Multiple Group Confirmatory Factor Analysis

MG-CFA, a commonly preferred method in measurement invariance studies in various
disciplines (Meredith, 1993; Mullen, 1995; Steenkamp & Baumgartner, 1998), is a parametric
and linear approach investigating the similarity between measurement model parameters named
as factor loadings, intercepts and error variances for the same factor models across groups.

Measurement invariance within the scope of MG-CFA is defined and tested through four
hierarchical models (Byrne & Stewart, 2006; Meredith, 1993; Wu, Li & Zumbo, 2007). The
measurement invariance levels that are tested in MG-CFA can be listed respectively as follows:

i. Configural Invariance: The configural model is the first level where the measurement
invariance is tested in MG-CFA. This step allows freely estimating the factor loadings,
regression constants and error variances concerning the groups.

ii. Metric (Weak) Invariance: Metric invariance, the second level, is the step where
measurement units of groups regarding the latent variable are tested to find out whether
they are similar or not. To this end, factor loadings are also restricted in addition to the
factor number and factor pattern in groups.

iii. Scalar (Strong) Invariance: This model involves the restriction of the regression
constants as well as the factor pattern and factor loadings (Tucker, Ozer, Lyubomirsk, &
Boehm, 2006, p. 344).

iv. Strict Invariance: It is the last step of measurement invariance. The hypothesis that error
terms concerning the items in the measurement invariance are equivalent across
comparison groups is tested on this level (Onen, 2009).

There is a myriad of measurement invariance studies in Turkey conducted through MG-CFA.
Based on TIMSS 1999 data for Turkey, Uzun and Ogretmen (2010) identified the affective
factors that are influential in students' science achievement and tested these factors'
measurement invariance by gender. In another study, Bahadir (2012) modeled the variables
affecting students' reading skills by means of PISA 2009 data for Turkey. Then she tested the
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measurement invariance of the obtained modelacross regions using MG-CFA. There are also
studies which investigate the measurement invariance by gender and regions (Giilleroglu, 2017,
Olgiioglu 2015; Uzun, 2008) as well as those that compare the countries (Asil & Gelbal, 2012;
Giizeller, 2011), by means of MG-CFA and based on the data on Turkey obtained from
international assessments such as TIMSS and PISA. In his study, Giizeller (2011) examined
whether the factor structure of the Computer Attitude Scale in PISA 2009 is similar across 10
different countries, in other words, its cross-cultural measurement invariance is made through
MG-CFA. He obtained a similar factor structure as a result of the confirmatory factor analysis
performed for all countries and showed that computer attitude has a cross-cultural invariance.
Asil and Gelbal (2012) analyzed the cross-cultural and interlingual invariance of the student
questionnaire administered within the scope of the Programme for International Student
Assessment (PISA) 2016 comparatively based on the samples of Australia, New Zealand, USA
and Turkey. In the conclusion part of their study, they stated that the measurement invariance
failed to be established because of translation-related problems and cultural differences. Wu,
Li, and Zumbo (2007) investigated the cross-country measurement invariance using TIMSS
1999 data in their study. Accordingly, by using the mathematics achievement scores of 21
countries participating in TIMSS 1999, it was checked whether the measurement invariance
was achieved with MG-CFA. These countries include the U.S.A and Canada. According to the
results obtained from the study, strict invariance was provided between the U.S.A and Canada.

In the study conducted by Bowden, Saklofske, and Weiss (2011), the invariance of the
measurement models of the Weschler Adult Intelligence Scale in U.S.A and Canada samples
were examined. The model met the subtest scores that reflect similar structure measurement in
both country samples and the assumption of invariance between samples. The results showed
that structural validity was ensured in the measurement of cognitive abilities in U.S.A and
Canadian samples and emphasized the importance of local norms.

1.1.2. Multiple Group Latent Class Analysis

MG-LCA as a concept is similar to MG-CFA in that it examines the relationship between
categorical variables and latent constructs. MG-LCA analyzes the categorical latent constructs
under the categorically observed variables whereas MG-CFA and IRT assume that latent
variables are continuous. MG-LCA models the latent constructs as ordered categorical or
nominal. Thus, instead of using the correlation/covariance matrix of data as done by MG-CFA,
MG-LCA analyzes the cross-classification of the responses concerning the relevant variable
(Kankaras, 2010). Measurement invariance within the framework of the latent class model is
defined as the situation where the individuals who belong to different groups but are in the same
latent class have the same observed response pattern and conditional probabilities (Millsap &
Kwok, 2004).

Whether observable behaviors of individuals, such as attitudes, self-confidence, interest,
willingness to study, and expressing that they find the lesson fun, arise from a latent structure
is examined with latent variable models. There are three basic variables in these models: latent,
observed and error. Observed variables are predicted by error and latent variables which explain
the relationship between the observed variables, but the observed variables are not the cause of
the latent variable (Collins & Lanza, 2010). In other words, if there is a latent variable that can
be defined, the relationship between the observed variables disappears and this relationship is
explained by the latent variable or variables (Goodman, 2002). Various models are available
according to the fact that the variables are continuous and discontinuous. In latent class analysis,
latent and observed variables are discontinuous. Latent variables observed in a traditional
Latent Class Analysis consist of data at categorical or nominal scale level.

The latent class has at least two classes, if a model that can be defined with a single class is
obtained, the observed variables are statistically independent of each other, so no latent
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variables can be defined. The size of latent classes gives researchers information about
subgroups in the universe. Another parameter used in the latent class analysis is conditional
probabilities. Conditional probabilities can be likened to factor loadings in factor analysis.
These parameters indicate the probability that an individual / observation in the t class of the X
latent variable is at a certain level of the observed variable. Like the latent class probabilities,
the sum of the conditional probabilities equals 1 (McCutcheon, 1987).

The most prominent reason why MG-LCA is preferred in measurement invariance studies is
that almost all of the questions covered by the studies contain discrete (categorical or ordinal)
response categories and can be used to identify the latent constructs from within the set of
discrete observed variables (Kankaras, Moors & Vermunt, 2010). In addition, unlike MG-CFA
and multiple group IRT which have strong assumptions about the distribution of data, MG-
LCA is a rather flexible method feasible for all types of data. Second, while MG-CFA
necessitates the invariance of at least two items under each factor to establish at least partial
validity, there is no such requirement in MG-LCA. MG-LCA allows comparisons between
groups even though each response in the model cannot establish the measurement invariance
of the variable (Kankaras, 2010). In MG-LCA, the measurement invariance is gradually
compared based on three basic models:

1. Heterogeneous Model: In this model, which is tested in the latent class analysis on the
first level of measurement invariance, parameters to be estimated (conditional or latent
class probabilities) are not restricted. In other words, each parameter is allowed to be
estimated separately in comparison groups (McCutcheon & Hagenaars, 1997).

ii. Partial Homogeneous Model: Partial homogeneous model is the model in which slope
parameters are tested by restriction. In this model, whether or not latent class probabilities
differ across groups can be examined by way of removing the group-latent variable
interaction effect from the model (Kankaras, Moors & Vermunt, 2010).

iii. Homogeneous Model: This is the next step after the partial homogeneous model is tested.
The homogeneous model step in the Latent Class Analysis is equivalent to the scalar
(strong) invariance model in the structural equation modelings and fixed parameters are
also restricted in addition to the slope parameters.

There are also measurement invariance studies carried out through MG-LCA in Turkey
(Giingor, Korkmaz & Somer, 2013; Yandi, Kose & Uysal, 2017). Giingér, Korkmaz and Somer
(2013) carried out a study which examined the measurement invariance by gender of the love
capacity dimension of Values in Action Inventory through MG-LCA. They obtained two latent
classes for both men and women and established the homogeneous model among the
measurement invariance steps. In their study, Yandi, Kose and Uysal (2017) compared
measurement invariance results acquired from the models having different statistical
assumptions. In the data obtained from the Openness for Problem Solving Scale in PISA 2012,
when the measurement invariance is examined through the invariance of mean covariance
structures analysis having the assumption of normality, the steps up to strict invariance were
accepted whereas, in MG-LCA, which does not require the assumption of normality, the partial
homogeneous model was accepted.

1.1.3. Mixed Rasch Model

MRM is the combination of the Rasch model and the latent class analysis (Rost, 1991). In
MRM, the probability of answering correctly is a function of both the individual's skill, which
is a continuous variable and the individual's group, which is a categorical variable. The standard
unidimensional Rasch model assumes that the responses or answers to the items of individuals
who are at the same skill level have the same response technique (Fischer & Molenaar, 2012).
Thus, the estimation of item difficulty to be obtained from the analyses remains constant across
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different latent groups at the same skill level (Baghaei & Carstensen, 2013). If the measurement
invariance in a dataset having two or more latent classes is examined through the standard
Rasch model, the results may be misleading for the researcher since they will be interpreted
based on a single class (Frick, Strobl & Zeileis, 2015).

In the mixed Rasch model, first, the number of the latent classes is identified in the examination
of the measurement invariance. The formation of a single latent class is interpreted as the
establishment of measurement invariance. If more than one class is formed, the establishment
of measurement invariance is said to fail and effort is made to find out whether an item-based
Differential Item Functioning (DIF) is present or not. (Yiiksel, 2015). DIF is the case where
individuals from different groups but at the same 0 level are not likely to give the same answer
to an item. A DIF investigation involves the comparison of the differences between item
difficulties in different latent classes. Researchers argued that interpreting the response patterns
of the individuals in each latent class would be more efficient than attempting to define the
latent classes formed through MRM by the observed groups at hand (Bilir, 2009; Cho, 2007,
Cohen & Bolt, 2005). In addition, Kelderman and Macready (1990) stated that approaching the
DIF problem through MRM is more advantageous. The Mixed Rasch Model can be used in the
analysis of the tests measuring the affective traits as well as in the achievement tests (Rost,
Carstensen & von Davier, 1997).

Many studies tested the measurement invariance by means of MRM (Aryadoust, 2015;
Aryadoust & Zhang, 2016; Cohen & Bolt, 2005; Eid & Rauber, 2000; Pishghadam, Baghaei &
Seyednozadi, 2017; Sen, 2016; Yalc¢in, 2019; Yiiksel, 2015; Yiiksel, Elhan, Gokmen,
Kiiciikdeveci & Kutlay, 2018). Tee and Subramaniam (2018) analyzed the measurement
invariance of the attitudes towards eighth grade science in the UK, Singapore and USA
countries that entered TIMSS 2011 with Rasch analysis. According to the results obtained from
the research, there are some differences between students in Asia and students in the West.
More specifically, Singaporean students acknowledge the instrumental value of science more
than students in the UK and the US. Although Singaporean students are more successful than
students from the USA and the UK, they are less confident in science. When it comes to their
feelings for sicence, again, Singaporean students love science more than U.S.A and UK
students.

Olmez and Cohen (2018) in their study, Partial Credit Model of Mixed Rasch Models of the
sixth and seventh grade students in Turkey are used to identify differences in mathematics
anxiety. Two latent classes were identified in the analysis. While students in the first latent class
have less anxiety about understanding mathematics lessons and the use of mathematics in daily
life, students in the second class have more self-efficacy for mathematics. Students in both
classes are similar in terms of exam and assessment anxiety. In addition, it was observed that
students in the first latent class were more successful in mathematics, mostly liked mathematics
and mathematics teachers, and had better-educated mothers than students in the second latent
class. In addition, observed variables such as gender, private or public school attendance, and
education levels of fathers did not differ significantly between latent classes.

1.2. Purpose

Measurement instruments are created based on the assumption that "an instrument measures
the same construct in each group" (Basusta & Gelbal, 2015). The results of the studies in which
the measurement invariance of the measurement instruments administered to different groups
and different cultures remains untested may raise a lot of question marks in minds. Thus, the
invariance of the measurement instruments needs to be tested before the initiation of intergroup,
intercountry or cross-cultural comparisons. Since testing the measurement invariance makes a
significant contribution to the validity of the results in comparison studies, the selection of the
method to be utilized in compliance with the data structure when testing the measurement
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invariance and fulfillment of the assumptions are of such importance. Thus, the validity of
measurements would be further proved as the researchers adopt various methods to test the
measurement invariance (Kankaras, Vermunt & Moors, 2011).

The purpose of this study is to investigate the measurement invariance of the data obtained from
the "Mathematics Liking Scale" in TIMSS 2015 through MG-CFA, MG-LCA and MRM, which
are based on different theoretical foundations and compare the obtained results. To this end, the
country level was taken into consideration when forming the sub-groups. Mathematics
achievement rankings were taken into account when determining the 3 countries included in
the study. Comparisons were made between America, which is in the middle in the success
ranking, and Canada, which is more successful. The analysis was also made between Amerika
and Turkey which is less successful. In addition, the measurement invariance between the
countries where the same language is spoken (USA and Canada) and the countries where
different languages are spoken (USA and Turkey) was tested.

In this study, the Mixed Rasch Model, which is one of the methodologically prominent Mixed
Item Response Theory models in test development and measurement invariance studies, and
MG-LCA model and MG-CFA methods are focused on. The comparison of KRM and MG-
LCA methods, whose mathematical methodologies are similar, will provide guiding results for
researchers who will use these methods. In addition to the KRM and MG-LCA methods, the
MG-CFA method, which has been used in measurement invariance studies for many years, was
included in the study, and the validity of the study results was increased. In this study, the
theoretical foundations of analysis methods used in the field of measurement invariance are
explained in detail. In addition, testing the linguistic measurement invariance will also provide
us with more valid information about the significance of the comparisons made according to
cultural differences in the TIMSS 2015 student survey.

2. METHOD
2.1. Research Design

The purpose of this study is to investigate the invariance of the "Mathematics Liking Scale" in
TIMSS 2015 in American, Canadian and Turkish cultures through MG-CFA, MG-LCA and
MRM. The current research is a descriptive study as aims to identify the cross-cultural validity
level of the "Mathematics Liking Scale" in TIMSS 2015study (Karasar, 2013).

2.2. Population and Sample

6079, 8068 and 9509 eighth-grade students from Turkey, Canada and the USA, respectively,
participated in the TIMSS 2015 developed by the International Association for the Evaluation
of Educational Achievement (IEA). A two-step path is pursued in the sample selection for
TIMSS 2015. In this process, the schools are first selected from both public and private schools
in each country through random sampling. Afterward, a class is chosen from each school
(Olson, Martin & Mullis, 2008). The reason why eighth grade students were chosen in the study
is that students' interests and attitudes towards mathematics are more pronounced in this age
range. Since eighth grade students are in the last grade of primary education, they know
themselves better than fourth grade students and their interests and attitudes towards lessons do
not change much.

2.3. Data Collection Tool

The Mathematics Liking Scale in TIMSS 2015, which aims to identify whether or not students
like math class, consists of a total of 9 items (TIMSS, 2015). Items were translated into Turkish
by the researchers. The reason for using the " Mathematics Liking" scale within the scope of
the study is the high number of items. In addition, the "Mathematics Liking" scale reflects
general affective expressions towards mathematics. Thus, the perception of the statements in
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the items is similar for the students of each country participating in TIMSS. The items are
presented in the Appendix Table A1 both in English and in Turkish with their codes.

2.4. Data Analysis Procedures

The study employed three different methods, namely Multiple Group CFA, Multiple Group
LCA and Mixed Rasch Model, in testing the measurement invariance. The steps followed in
the analysis of data are as follows:

1. Calculation of the required statistics for the missing data, extreme value, normality,
homogeneity of variance and multi-variant normality (testing of assumptions).

ii. Performance of CFA

iii. Performance of MG-CFA and testing of the levels of measurement invariance

iv. Performance of Latent Class Analysis and testing of the levels of measurement invariance

v. Implementation of the MRM and examination of the results

vi. Comparison of the methods based on the obtained results

2.4.1. Assessment Criteria

The MG-CFA method involves calculating the differences between the CFI and TLI values in
comparing the two models in order to find out whether the measurement invariance is
established. Measurement invariance is not established when ACFI and ATLI values are below
-0.01 or above 0.01 (Byrne, Shavelson & Muthen, 1989; Li, Wang, Shou, Zhoung, Ren, Zhang
& Yang, 2018; Liang & Lee, 2019; Schnabel, Kelava, Van de Vijver & Seifert, 2015; Wu, Li
& Zumbo, 2007).

In the LCA model selection process, the simplest (parsimony) model, in other words, the model
having the least number of latent classes and in which less parameter is predicted is sought.
Statistical criteria, parsimony and interpretability should be considered in the model selection
process (Collins & Lanza, 2010; Silvia, Kaufman & Pretz, 2009). There are several criteria in
MG-LCA that are frequently used in the assessment of model-data fit. The likelihood ratio chi-
square (L2) statistics are used as a standard criterion for the inconsistency between the observed
and expected frequencies in the model. In addition to L2 statistics, various information criteria
including Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), modified
AIC (AIC3) and consistent AIC (CAIC) are used in testing the measurement invariance in MG-
LCA. When the sample size is large, BIC and CAIC are used for the model-data fit. When the
sample size is small or medium, however, usually AIC statistics is used (Kankaras, Moors &
Vermunt, 2011).

In order to identify the appropriate model-data fit in Mixed Rasch Model, aside from the criteria
such as AIC and BIC as in MG-LCA, different statistics may be used, for example, the
significance levels of Cressie Read and Pearson Chi-square values. Accordingly, the model
obtained when p-value of Cressie Read or Pearson Chi-square is equal to or above 0.05 is said
to be the appropriate model (von Davier, 2000). In addition, a common problem concerning
chi-square parameters for the scale data observed in item-response models is that the number
of cells significantly greater than the number of response models. The bootstrap method is
recommended as a solution to this problem (Langeheine, Pannekoek & van der Pol, 1996).
Thus, bootstrapped p-values of Cressie Read and Pearson Chi-square values are employed in
this study to decide the appropriate number of latent classes.

In the event that a 1-class model is selected as the most appropriate model in model-data fit in
MRM, it can be said that measurement invariance has been established, in other words,
Differential Item Functioning (DIF) is not present in any of the items. However, if model-data
fit cannot be ensured for a 1-class model, some items will be understood to have DIF. In testing
DIF in items, item difficulties are calculated for the items in each class starting from the 1-class
model to the latent class where the most appropriate model is identified. Identification of the
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items displaying DIF involves the comparison of the differences between the item difficulty
indices calculated for each latent class (Yiiksel, Elhan, Gokmen, Kiigiikdeveci & Kutlay, 2018).
Finally, contingency table analysis is performed to investigate whetherthe latent classes and
observed variables (age, gender, status, country, etc.) are interrelated to find out the source of
DIF occurring in some items.

2.4.2. Testing of the Assumptions

Items were reverse-coded as required before the pre-analysis. The missing data were removed
from the dataset and excluded from the analyses. Deletion is preferred for the missing data, as
it is not more than 5% in data and has a sufficient sample size. The testing of the assumptions
was continued with 9509, 8068 and 5741 student data from the USA, Canada and Turkey,
respectively.

In examining the extreme values, z score concerning the total scale score was calculated
separately for each country and the values obtained were observed to be in the range of -1.54
and +1.95. In this regard, the data contained no extreme value. Skewness and kurtosis values
were examined in testing the normality. Values for skewness and kurtosis were found to be in
the range of +1 for the entire group and for each country. Thus, the data were proved to fulfill
the coefficient of normality (Biiyilikoztiirk, 2017). In the analysis, LISREL 8.80 for MG-CFA;
LATENT GOLD 5.0 for MG-LCA and WINMIRA 2001 package programs for MRM were
used.

2.4.3. Confirmatory Factor Analysis Results

Firstly, in order to identify whether or not the measurement model developed in each step of
the measurement invariance test established model-data fit, was performed and the obtained fit
indices were reported and interpreted. CFA results for each country are shown in Table 1.

Table 1. Model Fit Indices of Each Country Obtained from Measurement Models

Fit Index Measurement Model Results

US Canada Turkey Perfect Fit Acceptable Fit
RMSEA 0.09 0.08 0.10 0.00< RMSEA <0.05 0.05 <RMSEA <0.10
CFI 0.98 0.99 0.98 0.97 <CFI<1.00 0.95 <CFI<£0.97
TLI 0.98 0.98 0.97 0.95<TLI<1.00 0.90 <TLI<0.95
NFI 0.98 0.99 0.98 0.95 <NFI<1.00 0.90 <NFI <£0.95
AGFI 0.88 0.91 0.88 0.90 < AGFI<1.00 0.85 < AGFI1<0.90
GFI 0.93 0.95 0.93 0.95 <GFI<1.00 0.90 <GFI1<0.95

Table 1 shows that, based on the results of the measurement models developed separately for
each country, the RMSEA values are in the acceptable range (Hooper, Coughlan & Mullen,
2008; Kelloway, 1989; Steiger, 1990)) while CFI, TLI and NFI values are in the perfect fit
range (Stimer, 2000). AGFI and GFI values display perfect fit in the measurement model
developed for Canada (Anderson & Gerbing, 1984; Cole, 1987) and are in the acceptable range
for the USA and Turkey.

3. RESULT / FINDINGS

In this section, findings concerning MG-CFA, MG-LCA and MRM, which were employed to
test the measurement invariances of the models obtained from the countries matched with
respect to language (the same language or different languages) are presented.

3.1. Findings Obtained from MG-CFA

The results of MG-CFA that was performed to test the measurement invariance of data for
"Mathematics Liking Scale" are presented in Table 2.
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Table 2. MG-CFA Results for USA-Canada and USA-Turkey Data

Steps N sd CFI GFI TLI RMSEA ACFI  ATLI
Configural Invariance! 4003.86 51 099 098 0098 0.094 -- --
£ Metric (Weak) Invariance? 4136.61 60 098 098 098 0.088 -0.01 0.00
i Scalar (Strong) Invariance? 4647.68 68 098 099 098 0.088 -0.01 0.00
>  Strict Invariance* 507021 77 098 098  0.98 0.086 -0.01 0.00
Configural Invariance' 371490 50 098 098 097 0.098 -- --
E Metric (Weak) Invariance? 4064.85 60 098 097 098 0.094 0.00 0.01
<« Scalar (Strong) Invariance® 6429.77 69 097 097 0.97 0.110 -0.01 0.00
% Strict Invariance? 7918.75 78 096 094 0.96 0.115 -0.02  -0.01

! Factor loadings, factor correlations and error variances are free

2 Factor loadings are fixed (factor correlations and error variances are free)
3 Factor loadings and factor correlations are fixed (error variances are free)
4 Factor loadings, factor correlations and error variances are fixed

It is seen in Table 2 that model-data fit indices (RMSEA < 0.10, CFI > 0.95, GFI > 0.95, TLI
> 0.95) of the measurement model developed in the configural invariance step given under
USA-Canada comparison show a perfect fit. Therefore, it can be argued that the measurement
model is the same for both countries. Fit indices (RMSEA < 0.10, CFI > 0.95, GFI1 > 0.95, TLI
> 0.95) of the model developed in the metric invariance step display that the model-data fit is
perfect. Examination of the difference between CFI and TLI values suggests that the difference
is in the range of +£0.01 (ACFI =-0.01, ATLI = 0.00) and metric invariance is established. Fit
indices (RMSEA <0.10, CFI>0.95, GF1>0.95, TLI > 0.95) of the measurement model created
to test the scalar invariance show that model-data fit is established. Examination of ACFI and
ATLI reveals that the values are in the range of £1 (ACFI = -0.01, ATLI = 0.00) and scalar
invariance is established. Finally, model-data fit is seen to be established when the fit indices
(RMSEA < 0.10, CFI > 0.95, GFI > 0.95, TLI > 0.95) in the developed strict variance model
are examined. Examination of ACFI and ATLI reveals that the values are in the range of +1
(ACFI =-0.01, ATLI = 0.00) and strict invariance is established. In conclusion, as a result of
the analyses performed based on data on the USA and Canada, all steps of measurement
invariance have been observed to be established.

Comparison of USA-Turkey samples shows that the model-data fit indices (RMSEA < 0.10,
CFI > 0.95, GFI > 0.95, TLI > 0.95) of the measurement model which was developed to test
the configural invariance reflect a perfect fit. Fit indices (RMSEA < 0.10, CFI > 0.95, GFI >
0.95, TLI > 0.95) of the model which was developed in the metric invariance step suggest
perfect model-data fit. The difference between ACFI and ATLI values is shown to be in the
range of £0.01 (ACFI = 0.00, ATLI = 0.01). Fit indices (RMSEA < 0.10, CFI > 0.95, GFI >
0.95, TLI > 0.95) of the measurement model created to test the scalar invariance show that
model-data fit is established. The ACFI and ATLI values are observed to be in the range of +1
and the scalar invariance is established (ACFI = -0.01, ATLI = 0.00). Finally, model-data fit is
seen to be established when the fit indices (RMSEA < 0.10, CFI > 0.95, GFI > 0.95, TLI >
0.95) in the developed strict variance model are examined. Examination of ACFI and ATLI
values reveals that ATLI value is in the range of +0.01 whereas ACFI is out of this range (ACFI
=-0.02, ATLI =-0.01). In this case, strict invariance cannot be established. In brief, the results
of the analyses performed based on the data on the USA and Turkey indicate that among the
measurement invariance steps, configural, metric and scalar invariances are established but
strict invariance cannot be established.



Erturk & Oyar

3.2. Findings Obtained from MG-LCA

In order to test the measurement invariance through MG-LCA, first, the number of latent classes
is identified for Turkey, USA and Canada. The obtained statistics starting from 1 up to the 4-
class model are examined to identify the number of latent classes in countries. The number of
latent classes obtained for each country and the assessment criteria for classes are provided in
Table 3.

Table 3. Latent Classes and Information Criteria Values by Countries

Estimated

number of sd L? BIC AIC AIC3 CAIC

parameters
Turkey
1-class 9 5732 78573.875 28961.187 67109.875 61377.875 23229.187
2-class 19 5722 73184.813 23658.679 61740.813 56018.813 17936.679
3-class 29 5712 72997.478 23557.898  61573.478 55861.478 17845.898
4-class 39 5702 72997.477  23644.451 61593.477 55891.477 17942.451
5-class 49 5692 72997.478 23731.005 61613.478 55921.478 18039.005
Canada
1-class 9 8059  108154.927 35658.895 92036.927 83977.927  27599.895
2-class 19 8049  102234.857  29828.782 86136.857 78087.857  21779.782
3-class 29 8039  102043.556 29727.438  85965.556 77926.556  21688.438
4-class 39 8029  102043.556  29817.395 85985.556 77956.556  21788.395
5-class 49 8019  102043.556  29907.351 86005.556 77986.556  21888.351
UsS
1-class 9 9500  135863.083  48843.140 116863.083  107363.083  39343.140
2-class 19 9490  126847.106  39918.763  107867.106 98377.106  30428.763
3-class 29 9480  126565.792  39729.049  107605.792 98125.792  30249.049
4-class 39 9470  126565.762  39820.649  107625.762 98155.792  30350.649
5-class 49 9460  126565.793  39912.249  107645.793 98185.793 30452.249

Table 3 shows that the three-class model has the lowest values for L2, BIC, AIC, AIC3 and
CAIC in each country. In this context, it can be said that the latent variable of liking
mathematics has three latent classes for the research sample. During the testing of the
measurement invariance, analyses were performed based on the three-class model.
Accordingly, first, the heterogeneous model, in which fixed and slope parameters are freely
estimated, then, the partial homogeneous model in which slope parameters in both datasets are
accepted equal and finally, the homogeneous model in which fixed parameters are also
equalized in addition to slope parameters were created. First, the measurement invariance
between the USA and Canada, where the same language is spoken, was tested. Accordingly,
MG-LCA results for the USA-Canada sample are as shown in Table 4.
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Table 4. MG-LCA Results Obtained for the USA — Canada and USA- Turkey

Estimated
Steps number of sd L? BIC AIC AIC3 CAIC
parameters
_ Heterogencous 166 17411 57088.965 -113092.181 22266.965 4855.965 -130503.181
S Model
< .
g Partial
S Homogeneous 112 17465 57446.451 -113262.510 22516.451 5051.451 -130727.510
g Model
= Horﬁfzgfous 85 17492 58554.107 -112418.761 23570.107 6078.107 -129910.761
- Heteﬁﬁg‘;o“ 166 15084 52902.889 -92391.248 22734.889 7650.889 -107475.248
‘f‘; Partial
& Homogeneous 112 15138 53877.805 -91936.478 23601.805 8463.805 -107074.478
g Model
= Honf\z(g)z‘;fous 85 15165 58080.332 -87994.024 27750.332 12585.332 -103159.024

Based on the comparison of the USA and Canada samples, it can be said that the most
appropriate model according to BIC and CAIC is the partial homogeneous model (Kankaras &
Moors, 2011). Comparison of USA-Turkey reveals that BIC and CAIC values are the lowest
for the heterogeneous model. Thus, concerning the MG-LCA results for the USA-Turkey
sample it can be said that the measurement invariance cannot be established.

3.3. Findings Obtained from MRM

In order to test the measurement invariance through MRM, first, the most appropriate number
of latent classes to establish model-data fit for the USA-Canada and USA-Turkey were set. 400
bootstrap samples were used in each analysis to decide the number of the appropriate latent
classes. The appropriate number of classes is decided considering the biggest insignificant p-
value of Bootstrap Pearson y? above 0.05. The number of latent classes and fit assessment
criteria for the samples of USA-Canada and USA-Turkey are shown in Table 5.

Table 5. Fit Statistics for the Mixed Rasch Model

Estimated . Cressie Read Pearson y?
Geometric
number of BIC (Bootstrap p- (Bootstrap p-
Mean LL
parameters value) value)
USA-Canada
1-class 28 313816.58  0.37120018 0.000 0.000
2-class 57 301013.13  0.38687637 0.000 0.097
3-class 86 297434.88  0.39162740 0.000 0.010
USA-Turkey
1-class 28 283209.56  0.35674063 0.000 0.000
2-class 57 269961.05  0.37476185 0.000 0.008
3-class 86 266247.67  0.38025276 0.000 0.022
4-class 115 264500.81  0.38306995 0.003 0.500
5-class 144 263102.19  0.38541874 0.000 0.013

According to the model assessment criteria in Table 5, one-class models in both samples, USA-
Canada and USA-Turkey, are not appropriate. In this case, it can be claimed that the
measurement invariance is not established for both samples. Once the establishment of the
measurement invariance is failed, the appropriate number of classes to establish the model-data
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fit is tried to be set. In the USA-Canada sample, in which the same language is spoken, only the
p-value for Bootstrap Pearson y? value of the two-class model is not significant (p > 0.05). In
this case, the 2-class model was decided to be the most appropriate model for the USA-Canada
sample. In the USA-Turkey sample, in which different languages are spoken, it is the four-class
model in which the Bootstrap Pearson y? value is not significant (p > 0.05).

Since the measurement invariance could not be established, item-based measurement
invariance in MRM was examined. In this regard, first, the measurement invariance of nine
items in the Mathematics Liking Scale was examined in the USA-Canada sample. The model
establishing the model-data fit for the USA-Canada sample is the two-class model.

As for DIF, it emerges when differences take place between the difficulty parameters in classes.
Item difficulty parameters obtained for each class are shown in Table 6. Comparison of the
classes between rows allows identifying the items which are disproportionately easy or difficult
and thus coming up with a clearer interpretation of each class.

Table 6. {tem Difficulty Estimations for Two-Class Model in the USA-Canada Sample

Items Class 1 Class 2
Item 1 0.949 0.408
Item 2 0.062 0.048
Item 3 -0.482 -0.138
Item 4 1.147 0.602
Item 5 0.546 0.233
Item 6 -0.600 -0.514
Item 7 -0.213 -0.155
Item 8 -0.769 -0.382
Item 9 -0.639 -0.102

Based on Table 6, Item 1 and Item 4 in the Latent Class 1 can be said to be more difficult than
those in the Latent Class 2, in other words, individuals who are in Class 2 like mathematics less
compared to the individuals in the Latent Class 1. On the other hand, it is seen that Item 8 and
Item 9 are more difficult for the Latent Class 2, in other words, individuals who are in Class 1
like mathematics less compared to the individuals in the Latent Class 2. Some items were
identified to have DIF as a result of the differentiation of difficulty parameters related to them
into two latent classes. y? test statistics is adopted to find out the source of DIF. Accordingly,
since this study employs students from different countries, y? analysis is performed between
the students' latent classes and countries. 54% and 46% of the USA-Canada sample are made
up of American and Canadian students, respectively. Results of the y? test analysis performed
between countries and class membership are shown in Table 7.

Table 7. Results of x* Analysis Between Latent Classes and Countries
Latent Class

Country 1 2 Total X2 p
US.A 5154 4355 9509
(54.2%) (45.8%) (54%)
Canada 4985 3083 8068 102.90 0.00"
(61.8%) (38.2%) (46%)
Total 10139 7438 17577
(57.7%) (42.3%) (100.0%)

" p<.05
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Table 7 suggests a significant relationship between students' coming from different countries
and latent class membership (y? =102.90; p<0.05). In this regard, DIF is considered to arise
from students' coming from different countries. The rates of the American and Canadian
students in Latent Class 1 are 54.2% and 61.8%, respectively. The rates in the second latent
class are 61.8% for American students and 38.2% for Canadian students.

The measurement invariance of nine items in the Mathematics Liking Scale was examined for
the USA and Turkey, where different languages are spoken. The model establishing the model-
data fit for the USA-Turkey sample is the four-class model. Since a four-class construct
emerged in the USA-Turkey sample speaking different languages, the measurement invariance
could not be established. In this regard, in order to identify which items in the Mathematics
Liking Scale prevent the measurement invariance from being established, in other words,

display DIF, item difficulty parameters for each class were calculated and are presented in Table
8.

Table 8. Item Difficulty Estimations for Four-Class Model in the USA-Turkey Samples

Items Class 1 Class 2 Class 3 Class 4
Item 1 1.066 0.711 0.872 0.264
Item 2 0.559 -1.041 -0.717 0.921
Item 3 -0.004 -0.742 -0.705 0.775
Item 4 1.218 1.525 0.584 -0.399
Item 5 0.696 0.359 1.002 0.093
Item 6 -2.021 -0.240 0.214 -0.461
Item 7 -0.577 0.058 0.181 -0.218
Item 8 -0.596 -0.472 -0.818 -0.637
Item 9 -0.340 -0.157 -0.613 -0.338

Examination of Table 8 reveals that item difficulty parameter values of the Latent Class 4 for
Item 1, Item 4 and Item 5 are lower than the item difficulty values in other latent classes.
Difficulty indices of the Latent Class 2 and the Latent Class 3 for Item 2 are observed to reflect
quite low values as opposed to the difficulty indices of the Latent Class 1 and the Latent Class
4, which display very high values. For Item 3, the value of the difficulty parameter of the Latent
Class 4 is much higher than that of the other latent classes. For Item 6, the item difficulty
parameter value of the Latent Class 1 is much lower when compared to the other latent classes.

Considering that the difficulty parameters for some items are very different across four latent
classes, the items can be claimed to have DIF. In MRM, x? test statistics are used to identify
the DIF source. The y? analysis is carried out between the students' latent classes and countries
in order to examine whether or not there is DIF with respect to coming from countries speaking
different languages. 62% and 38% of the USA-Turkey sample are made up of American and
Turkish students, respectively. Results of the y? analysis performed between countries and
class membership are shown in Table 9.
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Table 9. Results of x* Analysis Between Latent Classes and Countries

Latent Class
Country 1 2 3 4 Total X2 p
U.S.A 4324 3146 1311 728 9509
(45.5%) (33.1%) (13.8%) (7.7%) (62%)
Turkey 992 2560 1641 548 5741 1,363.13 0.00"
(17.3%) (44.6%) (28.6%) (9.5%) (38%)
Total 5316 5706 2952 1276 15250

(34.9%) (37.4%) (19.4%) (8.4%)  (100.0%)

" p<0.05

Table 9 suggests a significant relationship between students' coming from different countries
and latent class membership (y?=1363.13; p<0.05). In this regard, students' coming from
different countries can be suggested as a DIF source. The rates of American and Turkish
students in Latent Class 1 are 45.5% and 17.3%, respectively. The rates in the second latent
class are 33.1% for American students and 44.6% for Turkish students. The rates of American
and Turkish students in Latent Class 3 are 13.8% and 28.6%, respectively. The rates in Latent
Class 4 are 7.7% for American students and 9.5% for Turkish students.

4. DISCUSSION and CONCLUSION

Cross-cultural studies enable us to explore the universality of social and psychological laws and
the cultural differences in people's characteristics, views and behaviors. A number of
generalizations are made through comparison studies regarding the differences between the
cultural groups. Thus, the validity of the results of the cross-cultural comparisons gains
importance. Proving the validity comparison results necessitates testing the measurement
invariance of measurement instruments because although the original measurement instrument
can be translated into the languages of other cultures "flawlessly", it is not possible for each
culture to interpret the questions in the same way (Hui & Triandis, 1985).

This study aims to examine the measurement invariance of the data obtained from the
"Mathematics Liking Scale", which was administered to the students in TIMSS 2015
assessment by means of different methods, in countries, speaking the same and different
languages. To this end, MG-CFA, MG-LCA and MRM methods which have different
theoretical foundations were adopted.

As a result of the study, all steps of the measurement invariance was established when MG-
CFA was employed for the analyses performed for the USA and Canada where the same
language is spoken. In other words, data on these countries are comparable. When the
measurement invariance was examined using the same data, it was seen that partial
homogeneity was achieved by the MG-LCA. This step corresponds to the metric invariance in
MG-CFA. In the MRM, another method used in the study, the measurement invariance for the
USA-Canada sample could not be established and some items were found to have DIF. Country
differences were examined to identify the possible cause of DIF and the results were found to
be significant.

The examination of the measurement invariance of the data obtained from the American and
Turkish students who speak different languages revealed that the steps up to the scalar
invariance in the MG-CFA were established. This result parallels with the measurement
invariance results for the "Support for Scientific Inquiry" questionnaire for students, which was
administered within the scope of PISA 2006, in the study conducted by Asil and Gelbal (2012).
In the analyses, it was found out that none of the items disturbed the invariance in samples of
countries having a similar culture (Australia-New Zealand); that two items disturbed the
invariance in the samples of the countries speaking the same language but having different
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cultures (Australia-USA); and nine items disturbed the invariance in the samples of countries
having different languages and cultures (Australia-Turkey). When MG-LCA was used to
examine the measurement invariance of data obtained from American and Turkish students who
speak different languages, the measurement invariance remained in the heterogeneity step. This
step corresponds to the configural invariance in MG-CFA. In the MRM, on the other hand, the
measurement invariance for the USA-Turkey samples could not be established and some items
were found to have DIF. The country variable was examined to find out the possible causes of
DIF and country difference was found to be a possible cause. In the study, Yandi, K&se, Uysal
and Ogul (2017) obtained similar results and found that the measurement invariance could not
be established when the countries with different cultures as well as different languages were
compared. Kose (2015) also came up with a similar result. According to the results obtained
from the study, while the individual parameter estimates obtained by MRM were good in
heterogeneous data sets, it was observed that MRM was not successful in determining the
reason for the difference in item function in data sets with multi-category and small sample.
Sirganct (2019) examined the effect of the covariant (common) variable in determining the
changing item function with the Mixed Rasch Model. According to the results obtained from
the study, MRM's latent DMF determination power and correct decision percentage increased
significantly when the covariant variable was included in the model.

In conclusion, MG-LCA can be claimed to be a good alternative to MG-CFA in cases where
the data structure is continuous. The differences detected between MG-CFA and MG-LCA are
also similar to the results of the study carried out by Yandi, Kose and Uysal (2017). Moreover,
the results obtained from this study coincide with the results of the studies conducted by
Kankaras, Vermunt and Moors (2011) in which the methods based on IRT, SEM and LCA were
compared. The advantage of the Mixed Rasch Model is that it allows not only detecting the DIF
but also interpreting its possible cause more directly. Thus, unlike MG-CFA, MRM provides
very detailed information for item response profiles. Therefore, it was found that MRM would
be helpful especially in examining the invariance of the measurement instruments if used in
combination with MG-CFA (Quandt, 2011).

According to the results obtained from this study, first of all, it is recommended to test the
invariance of the structures to be compared in the comparison studies of the countries
participating in large-scale exams. In this study, methods with different theoretical foundations
were used to test the measurement invariance at the scale and item level. Future studies can test
the measurement invariance with IRT-based methods in addition to these methods.

There are studies in the literature testing the measurement invariance (Eid, Langeheine &
Diener, 2003; Kankaras & Moors, 2010; Somer, Korkmaz, Sural & Can, 2009; Yandi, 2017;
Yandi, Kose & Uysal, 2017). The common finding in these studies is that the measurement
invariance results obtained by different methods differ from each other. Since each method has
its own assumptions and statistical backgrounds and is based on its own data structure different
results can be obtained. In conclusion, it is recommended to provide evidence for measurement
invariance by means of different methods in future studies (Kankaras, Vermunt & Moors,
2011).
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6. APPENDIX

Table Al. Items in the Mathematics Liking Scale

Codes Items - English Items - Turkish

BSBMI17A I enjoy learning mathematics Matematik dgrenirken egleniyorum.

BSBM17B I wish I did not have to study mathematics® Keske matematik ¢alismak zorunda

olmasam.*

BSBM17C  Mathematics is boring” Matematik sikicidir.*

BSBM17D I learn many interesting things in Matematik dersinde ilging seyler
mathematics Ogrenirim.

BSBMI17E I like mathematics Matematigi severim.

BSBMI17F I like any schoolwork that involves Sayilarin dahil oldugu her okul isini
numbers severim.

BSBM17G 1like to solve mathematics problems Matematik problemlerini severim.

BSBM17H I look forward to mathematics class Matematik derslerini dort gozle beklerim.

BSBMI17I  Mathematics is one of my favorite subjects Matematik favori dersimdir.

*Reverse scored items (TIMSS, 2015).



