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Abstract

Purpose: This study aims to examine cross-cultural measurement invariance using multi-group confirmatory factor analysis
(MG-CFA) and multi-group latent class analysis (MG-LCA).

Design/Methodology/Approach: For this purpose, data obtained from the 'Students Like Learning Mathematics Scale' in the
TIMSS 2019 study were used. The sample of the research was determined using the maximum variation sampling method.
Measurement invariance analyses were conducted on 15 comparison groups formed by Singapore, Hong Kong, Japan, Norway,
Turkey, and South Africa.

Findings: The MG-CFA results showed that strict measurement invariance was achieved only between Singapore-Hong Kong
and Hong Kong-Norway. Between South Africa and Turkey, measurement invariance was observed at the level of structural
invariance, while in other groups, it was achieved at the level of metric invariance. According to the MG-LCA results,
measurement invariance was established at the partially homogeneous model level for some groups and at the heterogeneous
model level for others.

analizi Highlights: In MG-LCA, it was determined that for the cross-cultural comparisons where measurement invariance was achieved

at the partially homogeneous model level, measurement invariance was largely achieved at the metric invariance level
according to MG-CFA. The MG-CFA and MG-LCA approaches address measurement invariance from different perspectives.
MG-CFA is a sample- and data-oriented approach, whereas MG-LCA is a person-centered approach. Using these two methods
together provides more comprehensive insights into why measurement invariance could not be achieved.

3. Ortiik sinif analizi
4. TIMSS 2019
5. Ogrenci anketleri
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Calismanin amaci: Bu galismada, kalturlerarasi 6lgme degismezliginin ¢ok gruplu dogrulayici faktor analizi (CG-DFA) ve ¢ok
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10.10.2025
Materyal ve Yontem: Bu amag dogrultusunda, TIMSS 2019 uygulamasinda “Matematik Ogrenmeyi Sevme Olgegi” ile elde edilen
veriler kullanilmistir. Arastirmanin érneklemi, maksimum cesitlilik yéntemi ile belirlenmistir. Olgme degismezligi analizleri
Singapur, Hong Kong, Japonya, Norveg, Tirkiye ve Giiney Afrika Cumhuriyeti’'nin olusturdugu 15 karsilastirma grubu lzerinde
gerceklestirilmistir.

Bulgular: CG-DFA sonuglari, kati 6lgme degismezliginin yalnizca Singapur-Hong Kong ve Hong Kong-Norveg arasinda saglandigini
gostermistir. Gliney Afrika Cumhuriyeti ve Tlrkiye arasinda 6lgme degismezligi yapisal degismezlik diizeyinde kalirken; diger
gruplarda arasinda 6lgme degismezliginin metrik degismezlik diizeyinde saglandigi goriilmiistiir. CG-OSA sonuglarina gére, bazi
gruplar arasinda kismi homojen model, digerleri arasinda ise heterojen model diizeyinde 6lgme degismezligi saglanmistir.

Onemli Vurgular: CG-OSA’ da dlgme degismezliginin kismi homojen model diizeyinde saglandigi kiiltiirlerarasinda CG-DFA’ya
gore dlgme degismezliginin biyiik oranda metrik degismezlik diizeyinde saglandigi belirlenmistir. CG-DFA ve CG-OSA
yaklasimlari 8lgme degismezligini farkl boyutlardan ele almaktadir. CG-DFA, érneklem ve veri odakli bir yaklasimken; CG-OSA
birey merkezli bir yaklagimdir. Bu iki yontemin birlikte kullaniimasi, 6lgme degismezliginin neden saglanamadigi hakkinda daha
kapsamli bilgiler saglamaktadir.

1This study is based on the doctoral dissertation of the first author under the supervision of the second author.

2 Corresponded Author, Kahramanmaras Siitgi imam University, Faculty of Education, Department of Educational Measurement and Evaluation, Kahramanmaras, Tiirkiye;
https://orcid.org/0000-0002-6388-3504

3 Ankara University, Ankara Faculty of Education, Department of Educational Measurement and Evaluation, Ankara, Turkiye; https://orcid.org/0000-0001-7919-0596

Citation/Alinti: Coskun, F., & Giilleroglu, H. D. (2025). Investigation of Cross-Cultural Measurement Invariance through Multi-Group Confirmatory Factor
Analysis and Multi-Group Latent Class Analysis, Kastamonu Education Journal, 33(4), 816-828. doi: 10.24106/kefdergi.1795829


https://orcid.org/0000-0002-0773-4045
https://orcid.org/0000-0001-7919-0596

817

INTRODUCTION

In recent years, international large-scale assessments have gained increasing importance in educational research. Until the
late 1950s, systematic data on educational outcomes were seldom collected at either the national or international level. However,
the past decade has seen significant growth in this field (Kirsch & Braun, 2020). Notably, the Trends in International Mathematics
and Science Study (TIMSS) and the Progress in International Reading Literacy Study (PIRLS), conducted by the International
Association for the Evaluation of Educational Achievement (IEA), as well as the Programme for International Student Assessment
(PISA), carried out by the Organisation for Economic Co-operation and Development (OECD), are at the forefront of large-scale
assessment activities (Hernandez-Torrano & Courtney, 2021). These large-scale assessments capture the attention of the media
and the public and play a pivotal role in shaping education policies worldwide (Johansson, 2016). Additionally, many governments
make significant financial investments to realign their education policies based on the results of these large-scale assessments
(Hambleton & Zenisky, 2011).

Large-scale assessments typically require cross-border measurements conducted through multiple testing tools (Erikcan et al.,
2023). In general, large-scale assessments contribute to the development of cross-cultural understanding by comparing student
characteristics across different countries (Davidov et al., 2014). One of the primary objectives of large-scale assessments, however,
is to compare student characteristics at an international level. This inherently necessitates comparisons across multiple cultures
(Hernandez-Torrano & Courtney, 2021). Such comparisons can only be achieved by adapting the tests developed within the scope
of large-scale assessments to different languages and cultures (Hambleton & Zenisky, 2011). Tests adapted to various languages
and cultures as part of large-scale assessments bring challenges in terms of cross-cultural validity and comparability, such as
construct validity, test equivalence, and equivalence of testing conditions (Erikcan et al., 2023). Even when translators achieve
absolute accuracy, the cultural context of words used in the source and target languages may lead to differing interpretations
(Hambleton & Zenisky, 2011). The lack of equivalence between test versions adapted for different cultures may stem from a
variety of factors, including geographic features, traditions, societal moral values, levels of economic development, religious
beliefs, or education systems (Hambleton, 2004). To ensure comparable measurement results across different cultures, cultural
biases must be minimized (Erikcan et al., 2023). This is achievable through the establishment of measurement invariance. Ignoring
measurement invariance significantly jeopardizes the validity of comparison-based analyses (Vandenberg & Lance, 2000).

Failure to properly test the measurement invariance of data obtained from different cultures or nations can lead to the
misinterpretation of measurement results (Meitinger et al., 2020). Therefore, before making significant inferences based on cross-
cultural data, it is essential to determine whether the relevant constructs are measured in the same way across different cultures
(Cieciuch et al., 2019). Van de Vijver (1998) compared comparisons without establishing measurement invariance to comparing
apples and oranges, arguing that such comparisons are meaningless and incorrect. Direct comparisons made using terms that may
vary across countries, such as the concept of "middle class" commonly used in educational sciences, can result in erroneous
conclusions. For instance, the standards of the "middle class" in a country with a high socio-economic status may differ significantly
from those in a country with a lower socio-economic status. As a result, studies that do not provide evidence of measurement
invariance carry a risk of misinterpreting analysis results (Van de Vijver & Leung, 2021). In this context, education researchers must
carefully examine measurement invariance when conducting studies based on international comparisons. For example, Wendt et
al. (2017), in a study testing four different levels of measurement invariance using data from 37 countries in the TIMSS and PIRLS
applications, found that the model allowing for country-specific measurement structures provided the best fit to the data. This
finding highlights the necessity of ensuring measurement invariance for the accuracy of comparative analyses in large-scale
applications (Borsboom, 2006).

As understood from the previous explanations, measurement invariance fundamentally refers to the ability of a measurement
tool to represent the same construct across all subgroups to which it is applied (Davidov et al., 2014). The literature includes
numerous definitions and varied terminologies related to measurement invariance. In his comprehensive study, Johnson (1998)
identified more than 50 definitions of "measurement invariance." Additionally, it is observed that the term "measurement
equivalence" is also conceptually used in place of measurement invariance in the literature (Kankaras, 2010). Despite the
abundance of definitions and varying terminologies in the literature, the common focus of measurement invariance studies lies in
the feasibility of making comparisons across groups (Vandenberg & Lance, 2000).

Statistically, measurement invariance is tested within a hierarchical structure, progressing from a model where no parameters
are constrained to a model where all parameters are constrained, based on measurements obtained from two different groups
(Meredith, 1993; Thissen, 2001). Jéreskog (1971) first investigated statistical evidence for measurement invariance using Multi-
Group Confirmatory Factor Analysis (MG-CFA). Subsequently, S6rbom’s adaptations of the LISREL program for MG-CFA in 1974
and 1978 contributed to the widespread use of the MG-CFA technique and guided its inclusion in many of today’s analysis
programs (Van De Schoot et al., 2015). Although statistical analyses of measurement invariance appear to have originated with
MG-CFA, many new techniques have been developed over time. Today, numerous methods are employed to test measurement
invariance, including MG-CFA, Multi-Group Latent Class Analysis (MG-LCA), Multilevel Confirmatory Factor Analysis, Multilevel
Factor Mixture Modeling, Bayesian approaches, Alignment Optimization, and Item Response Theory (IRT)-based models (Kim et
al., 2017; Lubke & Neale, 2008). However, the literature shows that MG-CFA, MG-LCA, and IRT-based techniques are the most
commonly used methods in measurement invariance studies (Davidov et al., 2014). MG-LCA, in particular, is considered an
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alternative to MG-CFA by many researchers due to its flexible assumptions (Glingér et al., 2013; Kankaras et al., 2011). MG-LCA
was introduced approximately 14 years after the initial use of MG-CFA, in Clogg and Goodman’s 1985 paper titled “Simultaneous
Latent Structure Analysis in Several Groups.” Developed to evaluate measurement invariance in data obtained from different
groups, MG-LCA shares many similarities with MG-CFA (Clogg & Goodman, 1985).

In MG-LCA, as in MG-CFA, there is a hierarchical structure progressing from a model where no parameters are constrained
across groups to a model where all parameters are constrained. In MG-LCA, the model where all parameters are freely estimated
among the compared groups is referred to as the heterogeneous model, the model where certain parameters are fixed is called
the partially homogeneous model, and the model where all parameters are fixed is known as the homogeneous model (Clogg &
Goodman, 1985; Kankaras & Vermunt, 2014). Despite sharing many theoretical and practical similarities, MG-CFA and MG-LCA
also differ in several aspects (Kankaras et al., 2011). For instance, although both techniques are based on latent variable modeling,
MG-CFA assumes that latent and observed variables are continuous, whereas MG-LCA treats both latent and observed variables
as categorical (Collins & Lanza, 2009; Kankaras et al., 2011). Consequently, MG-CFA requires the fulfillment of univariate and
multivariate normality assumptions (Brown & Moore, 2012), while these assumptions are not examined in MG-LCA (Kankaras et
al., 2011). MG-LCA operates with more flexible assumptions, with its primary assumption being the principle of local independence
(Eid et al., 2003).

From another perspective, while MG-CFA represents a variable-centered approach, MG-LCA is categorized among person-
centered approaches (Bergman & Magnusson, 1997; Bergman & Wangby, 2014). This distinction arises from the analytical
approaches of the two techniques. In MG-CFA, the focus is on evaluating whether factor structures are similar across groups and
identifying potential differences between groups. In contrast, MG-LCA assigns each participant to a specific class based on their
response patterns, and the analysis is conducted by examining the differences and similarities among these participant-formed
classes (Brown & Moore, 2012; Kankaras et al., 2011). In other words, while MG-CFA involves building a model for a latent trait,
MG-LCA identifies latent classes based on participants’ response patterns.

When examining measurement invariance studies, it is observed that MG-CFA is the most commonly used technique (Yandi et
al., 2015). On the other hand, Eid et al. (2003) have presented compelling arguments regarding the advantages of using MG-LCA
to investigate measurement invariance in cross-cultural comparisons. Indeed, numerous subsequent studies (Janousch et al.,
2022; Kankaras et al., 2018; Zhao & Jin, 2023) have demonstrated the effectiveness of MG-LCA in cross-cultural measurement
invariance studies. Building on this context, this study aims to examine cross-cultural measurement invariance using MG-CFA and
MG-LCA techniques with data from TIMSS 2019. A review of the literature reveals that studies employing both techniques together
in cross-cultural measurement invariance research are quite limited. From this perspective, this study is expected to contribute to
the field. Furthermore, conducting cross-cultural measurement invariance research using TIMSS 2019 data is of significant
importance for highlighting the relationship between educational research and cross-cultural measurement invariance. In line
with this overarching goal, this study seeks to answer the following questions.

1. Does the Students Like Learning Mathematics Scale ensure measurement invariance across Singapore, Hong Kong, Japan,
Norway, Turkey, and South Africa according to the MG-CFA method?

2. Does the Students Like Learning Mathematics Scale ensure measurement invariance across Singapore, Hong Kong, Japan,
Norway, Turkey, and South Africa according to the MG-LCA method?

METHOD/MATERIALS
Research Design

This study aims to examine cross-cultural measurement invariance using the Students Like Learning Mathematics Scale (SLLMS)
from the TIMSS 2019 assessment, employing MG-CFA and MG-LCA techniques. In this respect, it is characterized as a descriptive
study since it seeks to examine the current situation without altering it (Fraenkel & Wallen, 2009).

Study Group

In this study, data from the Students Like Learn Mathematics Scale administered to 4th-grade students in the TIMSS 2019
assessment were used to apply MG-CFA and MG-LCA techniques. Accordingly, the population of this study consists of the 58
countries that participated in the 4th-grade level of TIMSS 2019 (Mullis et al., 2020). However, conducting analyses for all 58
countries in a single study was not feasible due to time and scope limitations. Therefore, countries representing high, medium,
and low achievement levels, and differing significantly both geographically and culturally, were selected from among the
participating nations. To achieve this, the maximum variation sampling method, a subtype of purposive sampling, was employed,
and the analyses were conducted using data from Hong Kong, South Africa, Japan, Norway, Singapore, and Turkey (Gliner et al.,
2017). Table 1 presents the student proportions from the countries included in the study sample.

Table 1. Student Proportions of the Countries in the Study Sample

Country Frequency (f) Percentage (%)
Hong Kong 3386 9
South Africa 11891 34
Japan 4196 12
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Country Frequency (f) Percentage (%)
Norway 4526 13
Turkey 4599 13
Singapore 6839 19
Total 35437 100

Data Collection Tools

Students Like Learn Mathematics Scale

SLLMS, included in the TIMSS 2019 assessment, consists of nine items designed to measure students’ attitudes toward learning
mathematics. The scale is structured as a four-point Likert scale, with items rated as “agree a lot,” “agree a little,” “disagree a
little,” and “disagree a lot.” Two of the items on the scale are negatively worded and require reverse scoring. This scale was first
introduced in the TIMSS assessment in 2011 (Yin & Fishbein, 2020). The data for the SLLMS used in the MG-CFA and MG-LCA
analyses in this study were accessed through the IEA’s website (https://timssandpirls.bc.edu/timss2019/). The confirmatory factor
analysis indices for the SLLMS data used in the study are presented in Table 2.

Table 2. Indices Related to the CFA Results of the SLLMS

Country X2 sd ¥2/sd RMSEA CFI GFI SRMR NFI IFI
Singapore 1509.09 27 55.89 .09 .96 .95 .03 .96 .96
Hong Kong 1337.89 27 49.55 12 .94 .92 .05 .94 .94
Japan 1322.54 27 48.98 A1 .95 .93 .05 .95 .95
Norway 874.40 27 32.38 .09 .97 .95 .03 .97 .97
Turkey 1101.28 27 40.78 .09 .94 .95 .05 .94 .94
South Africa 2473.93 27 91.62 .09 91 .95 .06 .91 91

Table 2 shows that the fit indices obtained from the CFA of the SLLMS (CFI > .90, GFI > .90, NFI > .90, IFI > .90) indicate an
acceptable model fit for the six countries in the study sample (Kline, 2016).

Data Analysis

This study aimed to examine cross-cultural measurement invariance using the data obtained from the SLLMS through MG-CFA
and MG-LCA techniques. Before proceeding to the main analyses, the data from Hong Kong, South Africa, Japan, Norway,
Singapore, and Turkey were compiled into a single SPSS dataset and examined for missing data and outliers. It was determined
that the rate of missing data ranged from 0% to 100% for participants and from 1.6% to 4.4% for scale items. Consequently, 273
participants who left all items unanswered and 1,200 participants with more than 30% missing responses were excluded from the
dataset. As recommended by Kline (2016) and Tabachnick and Fidell (2019), the expectation-maximization algorithm was used to
address missing data. Univariate outliers were detected based on z-scores, whereas multivariate outliers were identified using
Mahalanobis distance (Tabachnick & Fidell, 2019). Following these analyses, data from 33,357 participants were included in the
analysis. In tests of normality and multicollinearity assumptions, it was found that the normality assumption was met through
skewness and kurtosis coefficients as well as graphical examinations (Demir, 2019). Additionally, multicollinearity assessments
indicated that VIF, Cl, and tolerance values (VIF < 10; Cl < 30; Tolerance > 10) were within acceptable limits (Tabachnick & Fidell,
2019). Exploratory factor analysis was used to assess unidimensionality and local independence. It was determined that the SLLMS
exhibited a unidimensional structure, thereby satisfying the assumption of local independence (Demars, 2016). IBM SPSS Statistics
(Version 20.0) was used for data preparation. AMOS (Version 24.0) was employed for MG-CFA, and Latent GOLD (Version 6.0) was
used for MG-LCA.

The MG-CFA and MG-LCA techniques used to determine cross-cultural measurement invariance were applied to all pairwise
comparisons among the six countries comprising the study sample. This approach helps identify varying levels of measurement
invariance that may exist among subgroups when full measurement invariance cannot be established across all cultures.
Furthermore, it provides more detailed information for cross-cultural comparisons (Davidov et al., 2014). Similarly, Wu et al.
(2007), in their study examining cross-cultural measurement invariance using TIMSS data, investigated measurement invariance
across 21 comparison groups representing all pairwise comparisons among the seven countries they identified.

In MG-CFA, four levels of measurement invariance were tested, progressing from a model with no parameter constraints to a
model with all parameters constrained (Wu et al., 2007). To determine the best-fitting measurement invariance model, several fit
indices were considered. The first of these is the "Ax?" value, based on the difference in chi-square values between two models.
While the chi-square difference test (Ax?) is still widely used, it has been found to be sensitive to sample size. Therefore, it is
recommended not to rely solely on the Ax? index for decisions regarding measurement invariance (Cheung & Rensvold, 2002;
Kline, 2016). In subsequent years, researchers developed the Comparative Fit Index (CFl) and the Root Mean Square Error of
Approximation (RMSEA), which are less affected by sample size, for use in MG-CFA evaluations (Wu et al., 2007). In this study, the
Ax?, ACFI, and ARMSEA indices were used to determine the level of measurement invariance in model comparisons during MG-
CFA analyses. Accordingly, in model evaluations progressing from structural measurement invariance to strict measurement
invariance, at least two of the following criteria were required to be met: ARMSEA < .05, ACFI < -0.01, and the Ax? difference not
being significant (Cheung & Rensvold, 2002; Wu et al., 2007).
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In MG-LCA, to determine measurement invariance, the first step involved identifying the latent class model representing the
six countries in the study sample (Magidson et al., 2020). Determining the number of classes in latent class models is based on
principles of parsimony and interpretability, similar to exploratory factor analysis, alongside data reduction (Glingor et al., 2013).
Although various indices exist for identifying latent class models, researchers primarily use the Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC). BIC is more suitable for large samples, whereas AIC is preferable for smaller samples.
These indices identify the optimal model based on the number of classes analyzed: the model with the lowest AIC and BIC values
as the number of classes increases is considered the best fit (Oberski, 2016). Latent class models, like MG-CFA, also use the chi-
square index. However, since the chi-square index is sensitive to sample size in MG-LCA, the use of the BIC index is recommended
as an alternative (Magidson et al., 2020). In this study, as the sample sizes analyzed were large enough to affect the chi-square
values, the BIC index was used to evaluate the MG-LCA models.

FINDINGS

The findings of the study are presented in two sections. First, MG-CFA was conducted for all pairwise comparison groups
among the cultures of Hong Kong, South Africa, Japan, Norway, Singapore, and Turkey, which constitute the study sample.
Subsequently, MG-LCA was applied to all comparison groups analyzed in MG-CFA.

Findings Related to MG-CFA

Measurement invariance analyses were conducted across 15 groups based on pairwise comparisons of the countries
constituting the sample. These groups are as follows: Singapore-Hong Kong, Singapore-Japan, Singapore-Norway, Singapore-
Turkey, Singapore-South Africa, Hong Kong-Japan, Hong Kong-Norway, Hong Kong-Turkey, Hong Kong-South Africa, Japan-
Norway, Japan-Turkey, Japan-South Africa, Norway-Turkey, Norway-South Africa, and Turkey-South Africa. Measurement
invariance analyses in MG-CFA started by testing the structural invariance model, which imposes the fewest constraints on model
parameters. Subsequently, for comparison groups that met the requirements of the next higher model, metric invariance, scalar
invariance, and strict invariance models were tested in sequence to conclude the analyses. Table 3 presents the results for the
structural invariance model, the initial level of measurement invariance tested in MG-CFA, across the 15 comparison groups.

Table 3. Indices Regarding the Structural Invariance Level of MG-CFA

Comparison Groups N x? p RMSEA CFI
Singapore-Hong Kong 9847 1379.54 .00 .05 .98
Singapore-Japan 10741 1344.11 .00 .05 .98
Singapore-Norway 10812 1477.89 .00 .05 .98
Singapore-Turkey 11110 1300.86 .00 .05 .98
Singapore-South Africa 17359 1256.77 .00 .04 .98
Hong Kong-Japan 7332 1042.35 .00 .05 .98
Hong Kong-Norway 7403 1176.11 .00 .05 .98
Hong Kong-Turkey 7701 999.11 .00 .05 .98
Hong Kong-South Africaa 13950 955.05 .00 .04 .98
Japan-Norway 8297 1440.70 .00 .05 .98
Japan-Turkey 8595 963.69 .00 .05 .98
Japan-South Africa 14844 919.61 .00 .03 .98
Norveg-Turkey 8666 1097.45 .00 .05 .98
Norveg-South Africa 14915 1053.39 .00 .04 .98
Turkey-South Africa 15213 876.35 .00 .03 .98

Table 3 presents the ¥, RMSEA, and CFl indices to determine whether the structural invariance model is achieved in
measurement invariance based on MG-CFA. Upon examining the table, it is observed that the change in the x? difference test is
significant for all 15 comparison groups (p < .05). However, studies have shown that the x? difference test is prone to significance
in MG-CFA conducted with sample sizes larger than 6,000 (Meade et al., 2008), as also evidenced in other research (Cheung &
Rensvold, 2002). Therefore, for this study, the CFl and RMSEA indices, which are unaffected by sample size, are more effective in
evaluating the measurement invariance models in MG-CFA. Analyzing the information in Table 3, it is determined that the
structural invariance model is met for all 15 comparison groups in the study based on the CFl and RMSEA indices. This indicates
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that the scale structure represented by the SLLMS remains consistent across all comparison groups in terms of the number of
subdimensions and the distribution of items to subdimensions (Kline, 2016).

When the structural invariance model is achieved among the groups examined in MG-CFA, analyses proceed to the next level,
metric invariance (Wu et al., 2007). Since structural invariance was found to be met for all pairwise comparison groups, the metric
invariance model was analyzed for all groups. The MG-CFA results for the metric invariance model are presented in Table 4.

Table 4. Indices Regarding the Metric Invariance Level of MG-CFA

Comparison Groups ACFI ARMSEA Ay? p

Singapore-Hong Kong -0.01 0.00 408.38 .00
Singapore-Japan -0.01 0.01 565.19 .00
Singapore-Norway 0.00 0.00 153.09 .00
Singapore-Turkey 0.00 0.00 236.51 .00
Singapore-South Africa -0.01 0.01 675.94 .00
Hong Kong-Japan 0.00 0.00 132.04 .00
Hong Kong-Norway -0.01 0.00 282.01 .00
Hong Kong-Turkey -0.01 0.01 524.40 .00
Hong Kong-South Africa 0.00 0.00 100.85 .00
Japan-Norway -0.01 0.01 442.94 .00
Japan-Turkey -0.01 0.01 556.79 .00
Japan-South Africa 0.00 0.00 109.52 .00
Norway-Turkey -0.01 0.00 203.75 .00
Norway-South Africa -0.01 0.01 524.97 .00
Turkey-South Africa -0.02 0.01 371.91 .00

Upon examining the information in Table 4, it is observed that the Ay? difference test indicates significant changes for all
comparison groups (p < .05). However, due to the large sample sizes used in MG-CFA, the ACFI and ARMSEA indices provide more
reliable results. Analyzing Table 4, it is evident that the metric invariance model is valid for all comparison groups except Turkey-
South Africa based on the ACFl and ARMSEA indices (ACFI < 0.01; RMSEA < 0.015). Accordingly, the MG-CFA results indicate that
measurement invariance remains at the structural invariance level for the Turkey-South Africa comparison. Indices for the scalar
invariance model are provided in Table 5 for the 14 comparison groups where metric invariance was achieved.

Table 5. Indices Regarding the Scalar Invariance Level of MG-CFA

Comparison Groups ACFI ARMSEA Ay? P

Singapore-Hong Kong -0.01 0.00 408.513 .00
Singapore-Japan -0.03 0.02 2051.57 .00
Singapore-Norway -0.02 0.02 1661.08 .00
Singapore-Turkey -0.04 0.02 2399.19 .00
Singapore-South Africa -0.05 0.02 3413.36 .00
Hong Kong-Japan -0.02 0.01 717.13 .00
Hong Kong-Norway -0.01 0.01 614.16 .00
Hong Kong-Turkey -0.04 0.02 1434.78 .00
Hong Kong-South Africa -0.04 0.02 1743.71 .00
Japan-Norway -0.03 0.02 1585.10 .00
Japan-Turkey -0.05 0.03 2356.01 .00
Japan-South Africa -0.08 0.04 4357.66 .00
Norway-Turkey -0.04 0.02 1996.48 .00
Norway-South Africa -0.06 0.03 3219.17 .00

Upon examining the information in Table 5, the Ax? difference test shows significant changes for all comparison groups (p <
.05). According to the ACFl and ARMSEA indices, the scalar invariance model is valid between the cultures of Singapore-Hong Kong
and Hong Kong-Norway (ACFI < 0.01; ARMSEA < 0.015). On the other hand, scalar invariance is achieved for Hong Kong-Japan only
based on the ARMSEA index. From the information in Table 5, it can be concluded that scalar invariance is satisfied only for
Singapore-Hong Kong and Hong Kong-Norway among the 14 comparison groups. Based on this, the next level, strict invariance,
was analyzed for these two groups. For the remaining 12 comparison groups, measurement invariance was found to remain at
the metric invariance level. The details of the strict invariance model applied to Singapore-Hong Kong and Hong Kong-Norway
through MG-CFA are presented in Table 6.

Table 6. Indices Regarding the Scalar Invariance Level of MG-CFA

Comparison Groups ACFI ARMSEA Ay? p
Singapore-Hong Kong -0.01 0.00 444.61 .00
Hong Kong-Norway -0.01 0.00 415.31 .00
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Upon examining the information in Table 6, the Ax? difference test indicates significant changes between the Singapore-Hong
Kong and Hong Kong-Norway comparison groups (p < .05). According to the ACFI and ARMSEA indices, the strict invariance model
is valid between the cultures of Singapore-Hong Kong and Hong Kong-Norway (ACFI < 0.01; ARMSEA < 0.015). Accordingly, it was
determined that strict measurement invariance was achieved only between the cultures of Singapore-Hong Kong and Hong Kong-
Norway among the 15 comparison groups analyzed using MG-CFA. Structural invariance was found to hold for Turkey-South Africa,
while metric invariance was achieved for the remaining 12 comparison groups

Findings Related to MG-LCA

Measurement invariance analyses based on MG-LCA were conducted across 15 groups formed by all pairwise comparisons of
the countries in the sample, similar to MG-CFA. To achieve this, it was first necessary to identify the latent class model that best
fits the research data for MG-LCA. Accordingly, Latent Class Analysis (LCA) was initially performed to determine the most suitable
latent class model for the research data. After identifying the most appropriate latent class model via LCA, the classes within the
latent model were named based on their theoretical foundations and the constructs they represent. The process of determining
the best-fitting model begins with a single-class latent model and continues by increasing the number of latent classes as long as
degrees of freedom allow (Magidson & Vermunt, 2004; Magidson et al., 2020). The model with the lowest information criterion
value, used as an evaluation metric, statistically represents the model with the best fit to the data. However, since LCA, like
Exploratory Factor Analysis (EFA), is a data reduction method, other criteria such as the number of parameters and the
interpretability of the model must also be considered when determining the appropriate model (Aricigil-Cilan, 2015; Green, 1952;
Glngor-Culha, 2012). Accordingly, LCA was repeated for the six countries in the sample and for the entire dataset to identify the
latent class model that best fits the data. The estimated model parameters for models ranging from a single-class model to a six-
class model for data obtained through the Students Like Learn Mathematics Scale are presented in Table 7.

Table 7. Model Parameters Related to Latent Class Analysis

Model Par.! BIC(LL) AIC(LL) AIC3(LL) 12 sd Class.?
1. Class 27 708239.44 708012.23 708039.23 236485.24 33330 0.00
2. Class 55 588045.86 587583.04 587638.04 116000.04 33302 0.02
3. Class 83 558242.48 557544.04 557627.04 85905.05 33274 0.04
4. Class 111 545867.90 544933.84 545040.84 73238.85 33246 0.06
5. Class 139 539332.54 538162.86 538301.86 66411.86 33218 0.10
6. Class 167 534632.14 533226.83 533393.83 61419.84 33190 0.11

*Note: * number of parameters, ? classification errors

According to Table 7, as the models progress from a single-class model to a six-class model, there is a noticeable decrease in
BIC, AIC, and AIC3 values. This indicates that he data is not limited to a single-class model but instead points to the presence of
multiple latent classes. This finding suggests that the data is suitable for latent class analysis (Magidson & Vermunt, 2004). In
determining the most appropriate number of classes in the latent model, attention must be given not only to BIC, AIC, and AIC3
information criteria but also to the number of parameters and classification error (Altintas, 2016; Lin, 2006). While the decrease
in information criteria is pronounced from the single-class model to the three-class model, it becomes much smaller when moving
from the three-class model to the six-class model. This pattern can be visualized in a graph with the number of classes on the
horizontal axis and information criteria on the vertical axis, similar to the scree plot used in exploratory factor analysis to determine
the number of factors (Coskun, 2023; Coskun & Giilleroglu, 2023; Clim et al., 2020). Considering all this information, the three-
class latent model, where the slope of the decrease in information criteria is the lowest, is considered the most reasonable model
for explaining the data in terms of the number of parameters and classification error. The three-class latent model, which has a
classification error of 4%, indicates that the classification process is largely accurate. Accordingly, the model provides evidence of
a 96% likelihood of correct classification (Altintas, 2016). The conditional probability parameters of the three-class latent model
are presented in Table 8.

Table 8. Conditional Probability Parameters for the Three-Class Latent Model

Item Code Item Levels 1. Class 2. Class 3. Class
(0.50) (0.33) (0.17)
Strongly Agree 0.83 0.15 0.02
A little Agree 0.06 0.78 0.16
ASBMO02A
A little Disagree 0.02 0.16 0.83
Strongly Disagree 0.07 0.05 0.88
Strongly Agree 0.71 0.23 0.06
A little Agree 0.17 0.58 0.25
ASBMO02B
A little Disagree 0.24 0.43 0.33
Strongly Disagree 0.49 0.17 0.34
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Strongly Agree 0.79 0.17 0.04
A little Agree 0.19 0.62 0.19
ASBMO02C
A little Disagree 0.15 0.51 0.34
Strongly Disagree 0.40 0.14 0.46
Strongly Agree 0.75 0.21 0.04
A little Agree 0.18 0.61 0.21
ASBMO02D
A little Disagree 0.09 0.29 0.62
Strongly Disagree 0.26 0.16 0.58
Strongly Agree 0.87 0.12 0.01
A little Agree 0.05 0.87 0.08
ASBMO2E
A little Disagree 0.01 0.29 0.70
Strongly Disagree 0.04 0.04 0.92
Strongly Agree 0.86 0.12 0.03
A little Agree 0.33 0.59 0.08
ASBMO2F
A little Disagree 0.07 0.49 0.45
Strongly Disagree 0.12 0.13 0.75
Strongly Agree 0.87 0.12 0.02
A little Agree 0.26 0.66 0.08
ASBMO02G
A little Disagree 0.05 0.46 0.48
Strongly Disagree 0.11 0.12 0.77
Strongly Agree 0.91 0.07 0.02
A little Agree 0.32 0.64 0.04
ASBMO2H
A little Disagree 0.05 0.52 0.43
Strongly Disagree 0.13 0.11 0.77
Strongly Agree 0.88 0.11 0.01
A little Agree 0.28 0.68 0.05
ASBMO2|
A little Disagree 0.05 0.63 0.32
Strongly Disagree 0.06 0.18 0.76

According to Table 8, the class probability values of the three-class latent model are 0.50 for the first class (1r7’), 0.33 for the
second class ( 5 ), and 0.17 for the third class (). To describe the characteristics of the three classes identified in the three-
class latent model and interpret the behavior of the participant groups, the key parameter to be examined is the conditional
probability values calculated based on respondents’ answers. Examining Table 8, it is observed that the conditional probability
values for the first latent class are concentrated between 0.71 and 0.91 for the “strongly agree” response. Another notable aspect
of the first latent class is that the conditional probabilities for “agree a little” and “disagree a little” responses are significantly
lower, ranging from 0.02 to 0.33. The answering behavior of respondents in the first latent class resembles response bias, a pattern
commonly observed in affective scales (Kankaras, 2010). Another indicator of this behavior is that, despite the presence of two
reverse-coded items (ASBMO02B, ASBMO02B) in the dataset, no change is observed in respondents’ answering behavior. A detailed
examination reveals that respondents in the first class exhibit an extreme response style (Davidov et al., 2014; Triandis, 1972; Van
de Vijver & Leung, 2021). The conditional probability values for the second class in the latent model are concentrated on the
“agree a little” and “disagree a little” responses. Based on these conditional probability values, respondents in this class tend to
favor moderate options, regardless of the item content. This finding aligns with the “midpoint response style,” identified by Van
de Vijver and Leung (2021) as a reflection of the humility norm prevalent in East Asia. In the third latent class, respondents
predominantly choose the “disagree a little” and “strongly disagree” options. This behavior does not align with any specific
response style discussed in the literature. However, examining the conditional probability values for all items suggests that
respondents in this class tend to exhibit negative attitudes toward learning mathematics. Based on the characteristics of the three
latent classes, they have been named as follows, starting from the first class: “latent class representing extreme response
tendency,” “latent class representing midpoint response style,” and “latent class representing participants with negative
attitudes.” The distribution of the three latent classes across the six countries examined in the study is presented in Figure 1.
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Latent Class Distributions for Countries
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Figure 1. Latent Class Distributions for Countries Included in the Research Sample

According to Figure 1, Turkey and South Africa are predominantly positioned in the first class, representing the "extreme
response style," with a probability value of approximately 0.70. Japan stands out in the latent class representing the "midpoint
response style," with a probability value of around 0.50. In countries like Hong Kong, Norway, and Singapore, the distribution of
respondents across the latent classes appears to be relatively more balanced.

Following the determination and explanation of the most appropriate latent class model for the data examined in the study,
both statistically and theoretically, MG-LCA was applied to evaluate measurement invariance. The parameters related to the MG-
LCA results for the comparison groups in which measurement invariance was analyzed across all pairwise combinations are
presented in Table 9.

Table 9. Model Parameters for MG-LCA Results

Group-Model BIC(LL) AIC(LL) Par. L2 df
1-Singapore-Hong Kong

Heterogeneous Model 167480.84 166286.48 166 35943.88 9681
Partially Homogeneous Model 167381.83 166576.01 112 36341.41 9735
Homogeneous Model 167562.41 166950.84 85 36770.24 9762
2-Singapore-Japan

Heterogeneous Model 177827.38 176618.59 166 35205.65 10575
Partially Homogeneous Model 177943.93 177128.37 112 35823.42 10629
Homogeneous Model 180742.49 180123.54 85 38872.61 10656
3-Singapore-Norway

Heterogeneous Model 181128.23 179918.35 166 35453.19 10646
Partially Homogeneous Model 180940.19 180123.89 112 35766.73 10700
Homogeneous Model 182148.43 181528.91 85 37225.75 10727
4-Singpore-Turkey

Heterogeneous Model 168273.92 167059.53 166 33199.02 10944
Partially Homogeneous Model 168169.95 167350.59 112 33598.09 10998
Homogeneous Model 170720.93 170099.11 85 36400.59 11025
5-Singapore-South Africa

Heterogeneous Model 283043.48 281755.01 166 55857.77 17193
Partially Homogeneous Model 284540.11 283670.78 112 57881.55 17247
Homogeneous Model 290596.57 289936.81 85 64201.58 17274
6-Hong Kong-Japan

Heterogeneous Model 123515.51 122370.11 166 28527.63 7166
Partially Homogeneous Model 123356.18 122583.38 112 28848.91 7220
Homogeneous Model 125000.69 124414.19 85 30733.71 7247
7-Hong Kong-Norway

Heterogeneous Model 126816.86 125669.86 166 28775.16 7237
Partially Homogeneous Model 126699.02 125925.14 112 29138.45 7291
Homogeneous Model 127225.89 126638.57 85 29905.88 7318
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Group-Model BIC(LL) AIC(LL) Par. L2 df
8-Hong Kong-Turkey

Heterogeneous Model 113964.58 112811.03 166 26520.98 7535
Partially Homogeneous Model 114011.64 113233.34 112 27051.29 7589
Homogeneous Model 115293.21 114702.54 85 28574.49 7616
9-Hong Kong-South Africa

Heterogeneous Model 228758.68 227506.51 166 49179.74 13784
Partially Homogeneous Model 229708.49 228863.66 112 50644.89 13838
Homogeneous Model 232611.49 231970.31 85 53805.54 13865
10-Japan-Norway

Heterogeneous Model 137167.92 136001.99 166 28036.95 8131
Partially Homogeneous Model 137156.49 136369.84 112 28512.81 8185
Homogeneous Model 139695.63 139098.62 85 31295.58 8212
11-Japan-Turkey

Heterogeneous Model 124314.92 123143.14 166 25782.75 8429
Partially Homogeneous Model 124462.91 123672.31 112 26419.92 8483
Homogeneous Model 128174.05 127574.04 85 30375.65 8510
12-Japan-South Africa

Heterogeneous Model 239101.09 237838.61 166 48441.49 14678
Partially Homogeneous Model 240398.19 239546.39 112 50257.28 14732
Homogeneous Model 248575.11 247928.65 85 58693.54 14759
13-Norway-Turkey

Heterogeneous Model 127616.04 126442.89 166 26030.28 8500
Partially Homogeneous Model 127599.07 126807.55 112 26502.94 8554
Homogeneous Model 129845.96 129245.25 85 28994.64 8581
14-Norway-South Africa

Heterogeneous Model 242401.65 241138.37 166 48689.04 14749
Partially Homogeneous Model 243787.57 242935.24 112 50593.91 14803
Homogeneous Model 249398.86 248752.00 85 56464.67 14830
15-Turkey-South Africa

Heterogeneous Model 229546.11 228279.54 166 46434.86 15047
Partially Homogeneous Model 230404.02 229549.47 112 47812.79 15101
Homogeneous Model 232199.32 231550.78 85 49868.09 15128

The most commonly used fit indices for determining the level of measurement invariance with MG-LCA are the AIC and BIC
information criteria. In MG-LCA evaluations of measurement invariance, the invariance level at which the AIC and BIC information
criteria have the lowest value is considered the valid model (Magidson et al., 2020). However, simulation studies have shown that
the AIC criterion provides more accurate results for small samples, while the BIC criterion is more effective for large samples
(Glngodr-Culha, 2012; Kankaras, 2010). Since the data analyzed in this study represent large samples, the BIC information criterion
was selected as the appropriate index. Accordingly, examining Table 9, it is determined that partial homogeneity is achieved
between Singapore and Hong Kong, Norway, Turkey; Hong Kong and Japan, Norway; and Norway and Turkey, Japan. For the
remaining eight comparison groups, measurement invariance was found to remain at the heterogeneous model level.

DISCUSSION, CONCLUSION AND SUGGESTIONS

In this study, cross-cultural measurement invariance was examined using MG-CFA and MG-LCA techniques based on data from
the Students Like Learn Mathematics Scale (SLLMS) included in the TIMSS 2019 assessment. Measurement invariance analyses
were conducted across 15 comparison groups, encompassing all pairwise comparisons of the cultures of Hong Kong, South Africa,
Japan, Norway, Turkey, and Singapore. The MG-CFA results for the 15 comparison groups indicated that strict measurement
invariance was achieved only between Singapore-Hong Kong and Hong Kong-Norway. Measurement invariance between Turkey
and South Africa was limited to the structural invariance model level, while it remained at the metric invariance level for the other
12 groups. The MG-LCA results revealed that partial homogeneity was established for measurement invariance among the cultures
of Singapore-Hong Kong, Singapore-Norway, Singapore-Turkey, Hong Kong-Japan, Hong Kong-Norway, Japan-Norway, and
Norway-Turkey. For the remaining 8 groups, measurement invariance remained at the heterogeneous model level. Accordingly,
it was found that in MG-LCA, for the cultures where measurement invariance was achieved at the partial homogeneity level —
Singapore-Norway, Singapore-Turkey, Singapore-South Africa, Hong Kong-Japan, Japan-Norway, and Norway-Turkey—
measurement invariance was achieved at the metric invariance level in MG-CFA. The literature supports that the partial
homogeneity model in MG-LCA corresponds to the metric invariance level in MG-CFA (Gling6r-Culha, 2012; Kankaras et al., 2011;
Yandi et al., 2017). The metric invariance level in MG-CFA indicates that the latent structure under evaluation shows significant
similarity across different groups in terms of the number of factors, item factor loadings, and the factors to which the items belong

| Kastamonu Education Journal, 2025, Vol. 33, No. 4|



826

(Wu et al., 2007). More broadly, the metric invariance model suggests that the regression curves representing the relationship
between indicators and the latent variable are equivalent (Kline, 2016). Examining the practical implications of the metric
invariance model, Steenkamp and Baumgartner (1998) found that respondents from different groups with metric invariance tend
to respond similarly to items or create similar response patterns. In the partial homogeneity model in MG-LCA, it is assumed that
the relationship between latent classes and items is consistent across comparison groups. However, the partial homogeneity
model does not constrain class distributions and item distributions to remain constant. This implies that latent class structures are
similar across comparison groups, but respondent patterns may vary (Kankaras, 2010). In measurement invariance research, the
findings obtained from statistical analyses must be examined and explained from both theoretical and practical perspectives. From
this viewpoint, the MG-CFA results showing strict measurement invariance between the cultures of Singapore and Hong Kong is
an expected outcome. Factors such as the geographical proximity of the two countries, the preference for English as the medium
of instruction in both, similarities in educational procedures, and cultural similarities are thought to contribute to achieving strict
invariance (Hambleton, 2004; Maden-Kalkan & Yilmaz-Sasmaz, 2021; Ozcelik-Tezel, 2007). An unexpected finding is the
establishment of strict measurement invariance between Hong Kong and Norway. Although Hong Kong and Norway are influenced
by geographically distinct cultures, such as Northern Europe and Asia, this strict invariance may stem from their shared emphasis
on early childhood education, similarities in educational frameworks, and comparable levels of social development (Foy &
LaRoche, 2020; Kigikoglu & Ercan, 2019). The MG-CFA results indicated that Japan achieved metric invariance with all other
countries. This suggests that the latent structure examined in the study is similar in Japan and other cultures in terms of the
number of factors, the distribution of items across factors, and factor loadings (Kline, 2016). The comparison group with the lowest
level of measurement invariance was between Turkey and South Africa, where only structural invariance was achieved. This
implies that the latent structure examined in the study shares the same number of factors for Turkey and South Africa, but factor
loadings may differ (Kline, 2016).

In addition to MG-LCA, detailed insights into the classes formed by the cultures in the study sample were obtained through
latent class analysis (LCA). According to the findings, participants from South Africa, Turkey, and Japan exhibited response patterns
similar to certain response styles discussed in the literature. Existing literature emphasizes that response styles substantially
impact measurement invariance, particularly in cross-cultural comparisons (Kankaras, 2010; Van de Vijver & Leung, 2021). The
MG-LCA results showed that in the comparison groups examined in the study, when both cultures exhibited response styles, there
was a 100% likelihood of the heterogeneous model being accepted. Conversely, when neither group exhibited response styles,
the partial homogeneity model was accepted with a 100% likelihood. When only one group exhibited a response style, the partial
homogeneity model was deemed compatible with a 45% likelihood. From the perspective of MG-CFA, when both countries in the
comparison group exhibited response styles, the metric invariance model was identified as appropriate with a 67% likelihood, and
the structural invariance model with a 33% likelihood. If only one of the two countries exhibited a response style, the metric
invariance model was found to be appropriate with a 100% likelihood. If neither country exhibited response styles, there was a
67% likelihood that the strict invariance model was appropriate.

Overall, the results indicate that when MG-CFA and MG-LCA are used together in cross-cultural studies, they approach
measurement invariance from different perspectives and, to some extent, complement each other. It is believed that using these
two methods together, rather than relying on a single statistical method, provides more comprehensive insights into questions
such as "why measurement invariance could not be achieved." Hambleton (2004) and Borsboom (2006) emphasized that in
measurement invariance studies, researchers should not merely determine the statistical level of invariance, as this is an
incomplete approach. Instead, the primary objective should be to identify "the reasons why measurement invariance could not
be achieved." From this perspective, it was found that response styles identified through latent class analysis approaches also
align with the results of MG-CFA. It is suggested that repeating the application of MG-LCA and MG-CFA with different latent traits,
samples, and conditions by various researchers would contribute significantly to the field of measurement invariance research.
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