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ABSTRACT

This study critically examines the use of alignment optimization to improve cross-national comparability of
teacher and principal scales from the Teaching and Learning International Survey (TALIS) 2018. By investigating
key psychometric properties, including dimensionality, reliability, and measurement invariance, the study
highlights critical challenges in international large-scale assessments. While unidimensionality and high internal
consistency were established for all scales, traditional multiple-group confirmatory factor analysis (MGCFA)
suggested that scalar invariance could not be fully established for most scales, raising concerns about the
robustness of cross-national comparisons under strict invariance assumptions. In contrast, alignment optimiza-
tion emerged as a flexible and robust method, significantly enhancing the comparability of principal scales, all of
which met alignment criteria. However, persistent challenges were identified for many teacher scales, which fell
below alignment thresholds, emphasizing unresolved methodological complexities. This study demonstrates the
transformative potential of alignment optimization for advancing psychometric rigor in global educational
research and underscores the need for innovative approaches to address lingering comparability issues in in-

ternational assessments.

1. Introduction

Ensuring cross-national comparability in International Large-Scale
Assessments (ILSAs) is a cornerstone for understanding global educa-
tional trends and informing policy. With the growing participation of
diverse countries, the demand for robust methodologies to ensure valid
cross-country comparisons has intensified (Trevino et al., 2021). ILSAs,
such as those led by the OECD and other international bodies (2019),
rely heavily on contextual questionnaires to capture nuanced insights
into the educational environments that shape outcomes at the student,
teacher, and school levels (Senden et al., 2023). These questionnaires
not only contextualize achievement scores but also serve as tools for
evaluating the equity and effectiveness of educational systems globally.

The pursuit of comparability in ILSAs, however, is fraught with
methodological challenges. Multi-Group Confirmatory Factor Analysis
(MGCFA), the conventional approach to establishing measurement
invariance, often falls short when applied to complex, culturally diverse
datasets. Its inability to consistently achieve scalar invariance across
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groups limits the validity of cross-national comparisons and undermines
the interpretability of findings. In response to these limitations, align-
ment optimization has emerged as a promising alternative, offering
greater flexibility through the concept of approximate invariance.
Despite its potential, the application of alignment optimization in ILSAs
remains uneven, with most studies focusing predominantly on student-
level data. These studies, while illuminating, have yielded mixed results,
highlighting the need for more comprehensive investigations that
address both their strengths and limitations.

This study seeks to bridge this gap by critically examining the
application of alignment optimization using data from the Teaching and
Learning International Survey (TALIS) 2018. By focusing on teacher and
principal scales—key dimensions of educational systems—we aim to
provide empirical evidence on the efficacy of alignment methods in
enhancing cross-national comparability. We note that invariance
alignment (IA) is also referred to as alignment optimization, and we
have used these terms interchangeably, as seen in previous studies
(Robitzsch, 2023; Cieciuch et al., 2018; Pokropek et al., 2019). Beyond
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assessing their utility, we explore the boundaries of these methods,
identifying unresolved challenges and areas for methodological refine-
ment. By situating our analysis within the broader discourse on ILSA
methodologies, this study contributes to advancing the rigor and inter-
pretability of international educational research.

1.1. Multi-group confirmatory factor analysis (MGCFA)

Multiple Group Confirmatory Factor Analysis (MGCFA) is a funda-
mental method used in structural equation modeling (SEM) to assess
measurement invariance (MI) across different groups (Joreskog, 1971;
Van de Vijver et al., 2019). The method allows researchers to simulta-
neously fit a predefined factor structure to various groups, facilitating
comparisons of measurement parameters such as factor loadings and
intercepts.

Multiple Group Confirmatory Factor Analysis (MGCFA) is widely
recognized as one of the most effective techniques for testing measure-
ment invariance (MI) in structural equation modeling (SEM). While
there are various approaches to examine MI (Braun & Johnson, 2010;
see also Kim et al., 2017; Davidov et al., 2018a, b), MGCFA remains the
most discussed method in the literature (Joreskog, 1971; Sorbom,
1974).

The MGCFA model is structured as follows: let i = 1, ..., n denote
individual observations, p = 1, ..., P the number of observed indicators,
g =1, ..., G the groups to be compared, and y;g a P x 1 vector of observed
indicator scores for individual i in group g. The model further includes:

Ag: a P x 1 group-specific vector of factor loadings,

vg: a vector of intercepts,

nig: the latent factor scores for individual i in group g,

eig: a P x 1 vector of residual terms assumed to follow N (0, ©g),
where ©g = Cov(eg, €'g).

The measurement model can be expressed as:

yig = vg + Agnig + eig.

The mean and covariance structure (MACS) for the model is given by:
ug = vg + Agag,

Cov(ysg, yg) = Xg = Ag¥gA’g + Og.

In these equations:

e ug represents the observed means of yy,
¢ ay and ¥, denote the latent means and variances of 7g,
® ng~ N (ag, ‘I’g).

MGCFA tests MI hierarchically, beginning with configural invari-
ance, which evaluates whether the same factor structure is applicable
across groups. The next level, metric invariance, examines whether
factor loadings are equivalent across groups, ensuring comparability of
factor scores. Finally, scalar invariance, which involves the equality of
item intercepts across groups, is considered a necessary condition for
valid comparisons of latent means (Chen et al., 2008; Chen, 2007;
Vandenberg & Lance, 2000). However, recent studies suggest that scalar
invariance is not always necessary to ensure comparability. While
traditionally considered essential, newer research argues that mean-
ingful comparisons can still be made under conditions of partial or
approximate invariance (Robitzsch & Liidtke, 2023; Funder & Gardiner,
2024; Welzel & Inglehart, 2016; Liu et al., 2017). This perspective is
particularly relevant for international large-scale assessments, where
strict scalar invariance is often difficult to achieve due to cultural and
linguistic differences.

While MGCFA is widely used, achieving scalar invariance can be
challenging in studies with large numbers of groups. Small deviations in
parameter estimates may result in significant model misfit due to the
stringent assumptions underlying MGCFA. These challenges are espe-
cially pronounced in international large-scale assessments (ILSAs),
where cultural and linguistic differences between groups often lead to
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non-invariance. As a result, researchers have sought alternative
methods, such as alignment optimization, to address these limitations
(Thissen, 2024).

For instance, the TALIS 2018 study applied this method to assess the
cross-cultural comparability of teacher and principal scales across
participating countries. The analysis revealed that only one teacher scale
and one principal scale achieved scalar-level invariance, underscoring
the challenges of achieving full comparability in large-scale assessments
(refer to Table 9 and Figs. X and Y in the Appendix for detailed results).

1.2. The alignment method

The alignment method, developed by Asparouhov and Muthén
(2014), addresses many of the challenges associated with traditional
MGCFA. Unlike MGCFA, which requires strict invariance for meaningful
comparisons, alignment optimization operates under the principle of
approximate MI. This approach enables the identification of meaningful
latent mean differences across groups while tolerating minor
non-invariances in measurement parameters.

Let’s provide an overview of the alignment method used to estimate
measurement invariance. For illustration purposes, we employ a
multiple-group factor analysis model with a single latent factor 7, which
is measured by p = 1, ..., P observed indicators across g =1, ..., G
groups. Let yjpy denote the p-th observed indicator for individual i in
group g. The factor model is expressed as:

Yipg ~'pg " ‘pglig * “ipg

In this equation:

1.3. vpg and Jyg represent the intercept and loading parameters,
respectively

e ¢ipg ~ N (0, Oy) is the residual term.
e 1ig ~ N (ag ) is the latent factor for individual i in group g.

The alignment method estimates all group-specific parameters,
including vpg, Apg, ag, yg, and Opg. Unlike traditional methods that
assume exact measurement invariance (MI), the alignment method re-
lies on approximate MI. This allows for the estimation of ag and yg by
minimizing the overall differences between the measurement parame-
ters across groups. The approach assigns a preference to models that
maximize the number of invariant parameters while minimizing non-
invariant parameters, thereby achieving an optimal balance. This
methodology ensures that the group-specific factor means and variances
are estimated accurately without strictly adhering to the assumption of
exact MI.

The process starts with a configural model that provides the best fit
for the data without enforcing invariance constraints. The alignment
algorithm then optimizes model parameters to minimize non- invariance
while maintaining the fit of the configural solution. This procedure en-
sures that the majority of parameters are invariant, while allowing for
localized non-invariances that do not significantly affect the interpre-
tation of results (Asparouhov & Muthén, 2014).

One of the major advantages of alignment is its ability to differen-
tiate between invariant and non- invariant parameters in a single esti-
mation step, eliminating the need for the iterative adjustments required
in MGCFA. Additionally, alignment is particularly effective in studies
with large group numbers, where full scalar invariance is unlikely to
hold. However, the method assumes that the majority of parameters are
invariant; violations of this assumption can impact the accuracy of
estimated group differences and lead to biased interpretations (Fischer
et al., 2019; Klieme, 2020).

The alignment optimization approach is an exploratory multiple-
group factor analysis technique designed to identify the most suitable
configuration of partial measurement invariance, allowing for approxi-
mate rather than strict equivalence across groups. This method has been
proposed as a potential approach for estimating group means and
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variances when full measurement invariance is not achieved, thereby
allowing for approximate cross-group comparisons (Asparouhov &
Muthén, 2014). However, the extent to which alignment optimization
provides meaningful comparisons depends on the specific analytical
context, and it should be considered as one of several possible solutions
rather than a definitive method.

The procedure consists of two key stages. First, a configural invari-
ance model is fitted, allowing factor loadings and intercepts to vary
freely across groups while constraining factor means to zero and fixing
factor variances at one. In the second stage, factor means and variances
are estimated for each group without assuming full invariance. During
this step, the alignment method applies a simplicity function, compa-
rable to rotation criteria in exploratory factor analysis (EFA), to identify
the optimal invariance structure (Asparouhov & Muthén, 2014, p. 496).
More broadly, invariance alignment (IA) can be understood as a
particular robust linking procedure for polytomous items, as commonly
used in item response theory (IRT) (Robitzsch, 2020, Stats).

Following the alignment estimation, a comprehensive review is
conducted to determine which measurement parameters exhibit
approximate invariance and which deviate significantly. This is ach-
ieved by analyzing both visual representations and the degree of misfit
in factor loadings and intercepts. To ensure the validity and reliability of
the results, a benchmark of no more than 25 % non-invariance is typi-
cally recommended, as outlined by Asparouhov and Muthén (2014) and
Muthén and Asparouhov (2014).

Alignment optimization has demonstrated significant utility in
ILSAs, such as PISA and TALIS, where group-level heterogeneity com-
plicates traditional MI testing. By identifying subsets of parameters and
groups that meet invariance criteria, alignment optimization offers a
more flexible approach compared to traditional methods for assessing
measurement invariance across groups. However, its effectiveness in
enabling meaningful cross-group comparisons depends on the extent of
non-invariance and the specific analytical context (Asparouhov &
Muthén, 2014; Robitzsch & Liidtke, 2023).

1.4. From MG-CFA to alignment: approaches to measurement invariance
in ILSAs

A critical distinction in testing measurement invariance lies between
traditional multi-group confirmatory factor analysis (MG-CFA) and
alignment optimization. MG-CFA is primarily a theory-driven approach
that evaluates the fit of a proposed structure of implied covariances
across groups by applying sequential equality constraints on parameters
(metric and scalar invariance) (Kline, 2016). This stepwise
model-trimming strategy often works well in two-group comparisons
but becomes increasingly restrictive and prone to false detection of
noninvariance as the number of groups rises, as is typically the case in
international large-scale assessments (Byrne & van de Vijver, 2017; Kim
et al., 2017; Rutkowski & Svetina, 2014). In contrast, alignment opti-
mization seeks to minimize the overall degree of noninvariance by freely
estimating factor means and variances through a simplicity function,
thereby allowing a certain level of parameter variation while still pro-
ducing comparable results across groups (Asparouhov & Muthén, 2014;
Marsh et al., 2018; Munck et al., 2018; Seddig & Lomazzi, 2019). This
method is better suited for analyses involving many groups, as it avoids
relying on extensive pairwise comparisons and provides a practical way
to evaluate approximate rather than exact invariance (Fischer & Karl,
2019; Lamm et al., 2019; Muthén & Asparouhov, 2013, 2014, 2018; van
de Vijver et al., 2019). Importantly, alignment allows researchers to
interpret factor means without imposing equality constraints on load-
ings and intercepts, which is especially relevant in cross-cultural set-
tings where exact invariance is rarely attainable (Byrne & van de Vijver,
2017; Somaraju et al., 2022). Taken together, the two approaches reflect
different philosophies of invariance testing: MG-CFA aims for exact
equivalence, whereas alignment provides a framework for approximate
invariance that acknowledges and accommodates heterogeneity across
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diverse populations.
1.5. Previous studies related to alignment optimization

The increasing application of alignment optimization methods in
cross-national studies highlights their growing importance in addressing
challenges related to measurement invariance. These methods have
been applied across various educational and non-cognitive constructs,
from teaching quality and job satisfaction to ICT readiness and political
trust. Studies such as those analyzing teacher self-efficacy, distributed
leadership, and student motivation have demonstrated the potential of
alignment optimization to approximate invariance where traditional
Multi-Group Confirmatory Factor Analysis (MGCFA) fails. However,
despite these promising applications, the results are inconsistent across
studies. For instance, while some constructs, like school ICT readiness or
distributed leadership, exhibit low non-invariance rates that facilitate
cross-group comparisons, others, such as teacher self-efficacy or math-
ematics self-concept, show higher levels of non-invariance. While this
may introduce complexities in comparability, meaningful comparisons
can still be made under certain conditions (Robitzsch & Liidtke, 2023).
These discrepancies suggest that the success of alignment methods
heavily depends on the nature of the construct, item design, and group
characteristics (Sandoval-Hernandez et al., 2025).

Moreover, the lack of consensus on thresholds for acceptable non-
invariance and the variability in methodological rigor across studies
further complicate the interpretation of results. While some researchers
adopt stringent criteria (e.g., <20 % non-invariance), others allow for
higher thresholds, leading to divergent conclusions about construct
comparability. Additionally, the diverse educational and cultural con-
texts in which these methods are applied introduce challenges related to
linguistic and contextual biases, as seen in studies on teaching quality
and political trust. This underscores the need for more standardized
practices and methodological advancements, including simulation
studies, to refine the alignment optimization approach. As the reliance
on alignment methods continues to grow in large- scale assessments,
establishing robust guidelines or integrating them with complementary
methods, such as Bayesian approximate invariance, will be critical to
enhancing their utility and thoughtful use (Sandoval-Hernandez et al.,
2025).

In the literature on student data, various methodological approaches
have been proposed to address the challenges posed by exact measure-
ment invariance. Among these, invariance alignment (IA) and Bayesian
measurement invariance represent distinct approaches, with IA opti-
mizing parameter structures across groups and Bayesian methods
relying on probabilistic modeling with prior distributions (Robitzsch,
2022a). However, existing research has not demonstrated substantial
improvements in the cross-national comparability of student question-
naire scales when employing these methods (Senden et al., 2023; see
also Ding et al., 2022; Fischer et al., 2019; Odell et al., 2021; Wurster,
2022). This underscores the limitations of current statistical approaches
in resolving invariance issues within student questionnaire data across
diverse cultural contexts. To enhance cross-national comparability, it
may be necessary to address potential sources of bias at all stages of
cross-cultural research, from study design to data analysis (Senden et al.,
2023).

1.6. The objective of this study

The primary aim of this study is to critically assess the effectiveness
of alignment optimization as a methodological approach for facilitating
cross-cultural comparisons across participating countries in interna-
tional large-scale assessments (ILSAs). We seek to determine whether
alignment optimization serves as a robust alternative to traditional
methods for ensuring measurement invariance and, importantly, to
identify the specific conditions under which it proves most effective.

To address this aim, we analyze data from the OECD’s TALIS 2018
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survey, encompassing responses from teachers and principals. As one of
the most comprehensive datasets in educational research, TALIS 2018
provides a standardized framework for examining the comparability of
constructs across diverse national and cultural contexts. By leveraging
this dataset, our study aims to offer rigorous, evidence-based insights
into the applicability, strengths, and limitations of alignment optimi-
zation in achieving meaningful and reliable cross-national comparisons.
This work contributes to advancing methodological innovation in ILSAs
and underscores the critical importance of ensuring comparability in
educational research and policymaking.

2. Methodology
2.1. Data

This study utilizes data from the 2018 Teaching and Learning In-
ternational Survey (TALIS), conducted by the Organisation for Eco-
nomic Co-operation and Development (OECD). TALIS is a large-scale
international survey that provides insights into the working conditions
of teachers and school leaders and the learning environment in schools.
The 2018 cycle of TALIS collected data from 48 education systems, of-
fering comprehensive information on teaching practices, school lead-
ership, and professional development.

For this study, we focused on the data collected from lower sec-
ondary school teachers (ISCED 2) and their school leaders. TALIS 2018
employs a two-stage sampling design, where schools are sampled first,
followed by a random sample of teachers within each participating
school. The dataset includes responses from approximately 260,000
teachers and 13,000 school leaders, representing diverse educational
systems globally. The data was weighted using country-specific sam-
pling weights to account for the sampling design and ensure accurate
cross-national comparisons.

2.2. Measures

The TALIS 2018 questionnaires provide rich data on a variety of
constructs relevant to teaching and school leadership. For this study, we
focused on a subset of variables to examine alignment optimization and
measurement invariance across countries. These variables include:

Teacher Constructs: Constructs such as job satisfaction, workload
stress, teacher-student relations, and self-efficacy were analyzed to
capture teachers’ perceptions of their work environment and profes-
sional practices (see Table 7 for more detailed information).

Principal Constructs: Variables related to distributed leadership,
stakeholder involvement, and school leadership were selected to reflect
the leadership styles and practices at the school level.

Each construct was measured using a set of items grouped into scales.
For example, teacher job satisfaction was assessed through subscales
focusing on satisfaction with the profession and work environment.
Similarly, distributed leadership was evaluated using items that reflect
the participation of stakeholders in decision-making processes.

All scales were derived from TALIS 2018 and validated through a
rigorous development process, ensuring their reliability and validity
across participating countries (OECD, 2020). These pre-established
measures, rather than being constructed specifically for this study,
were adopted to maintain consistency with international assessment
standards. The scale development process included extensive piloting,
psychometric analysis, and expert review, ensuring their appropriate-
ness for large-scale educational research. This approach aligns with the
methodological framework outlined in the TALIS 2018 Technical Report
and provides a robust foundation for the alignment optimization anal-
ysis conducted in this study. These measures formed the foundation for
the alignment optimization analysis conducted in this study.
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2.3. Analytical strategy

Our analytical strategy comprised several steps to assess the
comparability and validity of the scales derived from the TALIS 2018
dataset, specifically focusing on teacher and principal responses at the
ISCED 2 level. The primary goal was to ensure that the scales used in the
analysis were suitable for cross-country comparisons and reliable for
measuring the intended constructs. All analyses were conducted using
the rd3c¢3 R library (Carrasco et al., 2024), a versatile tool developed by
the authors for advanced psychometric analysis with a focus on
cross-national comparability. The rd3c3 package serves as a wrapper for
the alignment procedure implemented in Mplus, facilitating its appli-
cation within the R environment through MplusAutomation (Hallquist &
Wiley, 2018).

2.4. Evaluation of dimensionality

The first step involved evaluating the dimensionality of each scale to
confirm that they were unidimensional and thus measured a single un-
derlying construct. We utilized the parallel analysis method as recom-
mended by Lubbe (2019) for this purpose. Parallel analysis involves
comparing the observed eigenvalues from item correlation matrices,
with those obtained from randomly generated data correlation matrices
of the same size. If the observed eigenvalues exceed the random ones, it
indicates the presence of a significant factor. Lubbe’s (2019) parallel
analysis is designed for ordered categorical indicators. It uses polychoric
correlation matrices instead or pearsonian correlations matrices, and
accounts for item indicator response distribution. Traditional parallel
analysis using pearsonian correlations tend overestimate number of
factors, while parallel analysis on polychoric correlations may also
overestimate the number of factors, if item category responses are not
taken into account. By applying this method, we systematically assessed
each scale to determine the appropriate number of factors to retain.
Assessing unidimensionality is crucial because it validates the assump-
tion that the scale items collectively shared a single source of variance,
which is a prerequisite for subsequent analyses like measurement
invariance testing and alignment optimization.

2.5. Reliability

The second phase of the analytical strategy focused on evaluating the
reliability of the scales. This step involved calculating key reliability
metrics, including person separation reliability and Cronbach’s alpha.
Assessing reliability is a critical precursor to structural analyses, as it
ensures that the scales are measuring constructs consistently across in-
dividuals and contexts. Without sufficient reliability, subsequent val-
idity and invariance testing may be compromised. Person separation
reliability assesses the scale’s ability to differentiate between groups
based on the factor realizations and their standard errors (Verhavert
etal., 2018; Wright & Masters, 1982), while Cronbach’s alpha estimates
internal consistency and is widely used as a measure of reliability in
psychometric research (Cronbach, 1951; Cronbach & Shavelson, 2004).
These measures were calculated to ensure the robustness of the scales
and their suitability for use in subsequent analyses.

2.6. Measurement invariance testing

To evaluate the measurement invariance of the scales, we employed
a model-based approach using the graded response model (GRM), which
is also referred to as confirmatory factor analysis (CFA) with ordinal
indicators. This approach follows the guidelines established by Wu and
Estabrook (2016), Rutkowski and Svetina (2017), and Tse et al. (2024).
The GRM is particularly suited for scales with ordinal data, as it accounts
for the graded nature of responses and allows for robust testing of
measurement properties across groups. While we acknowledge that
other researchers often use the normal distribution factor model for
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Likert-scale items, our choice was driven by the categorical nature of the
TALIS 2018 data. Some studies (e.g., Rhemtulla et al., 2012) suggest that
categorical variables can be treated as continuous under certain distri-
butional assumptions and with sufficient response categories; however,
this decision remains partially assumption-dependent and therefore a
methodological choice (Robitzsch, 2022b).

Our analysis adopted a trimming strategy, beginning with the most
constrained model (strict invariance) and progressively relaxing con-
straints to test less restrictive models—such as scalar and threshold
invariance—in line with current practices for ordered categorical data.
The primary focus was on achieving scalar and strict invariance, which
are necessary to support comparisons of both latent and observed means
across countries (Tse et al., 2024).

The evaluation criteria for model fit were based on recommendations
by Rutkowski and Svetina (2017). Specifically, we applied a strict
RMSEA threshold of < 0.055 as the primary cut-off for determining
acceptable model fit in scalar invariance testing. However, in the initial
pooled CFAs, we allowed for a more relaxed RMSEA threshold of < 0.10
to accommodate the complexity of the data structure and to assess
general model adequacy (He et al., 2014; Hu & Bentler, 1999). This
two-phase strategy ensured that exploratory assessments (pooled CFA)
maintained feasibility while the final multigroup comparisons adhered
to conservative fit standards for ordinal data (Chang et al., 2017).

Importantly, our approach diverges from the IEA team’s practice,
which applies CFA using maximum likelihood (ML) estimation, treating
Likert-scale items as continuous. In contrast, given the ordinal-
categorical structure of the TALIS data, we applied DWLS (diagonally
weighted least squares) estimation, which is more appropriate for
modeling categorical outcomes. This distinction is critical, as RMSEA
values derived from ML-based CFA are not directly comparable to those
from DWLS-based models, and traditional thresholds like RMSEA < 0.08
or 0.10 may be too lenient in the context of ordinal indicators (Xia &
Yang, 2019). Therefore, importing fit thresholds from continuous-data
CFA and applying them to ordinal-data CFA is methodologically inap-
propriate (Kite et al., 2018).

Our work is grounded in the approach described by Svetina et al.
(2020), who offer updated guidelines for invariance testing using cate-
gorical data and provide model specifications tailored for multigroup
comparisons. These specifications include:

e Pooled: a graded response model applied to the combined sample
with design weights;

e Configural: a multigroup model with freely estimated parameters
across groups;

e Threshold: a model where thresholds are held equal across groups;

e Scalar: a model with equal loadings and thresholds but free scale
factors;

e Strict: a fully invariant model except for group-level means.

Their simulations recommend a RMSEA < 0.055 threshold as a rule
of thumb for scalar-level invariance with ordinal indicators across many
groups. We followed this threshold when evaluating our multigroup CFA
models using DWLS estimation.

There are thus three methodological approaches in play throughout
this paper:

1. Pooled CFA with DWLS, using RMSEA < 0.10 for exploratory model
fit;

2. Multigroup CFA with ordinal indicators (DWLS), using RMSEA
< 0.055 as a criterion for scalar invariance;

3. Alignment optimization applied over DWLS-based CFA, providing
parameter-level evidence of measurement invariance.

While RMSEA served as our primary fit index due to its sensitivity to
structural misfit in measurement invariance models, we also considered
CFI as a complementary measure, especially in the pooled CFA phase. In
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Table 3

Fit Indices for Teacher Scales.
Scale CFI RMSEA  SRMR
Workload stress 0.96 0.13 0.04
Workplace well-being and stress 1 0.04 0.01
Satisfaction with target class autonomy 0.99 0.11 0.02
Personal utility motivation to teach 1 0.06 0.01
Clarity of instruction (subscale) 0.98 0.11 0.03
Cognitive activation (subscale) 0.96 0.15 0.03
Classroom management (subscale) 0.98 0.19 0.02
Exchange and co-ordination among teachers (subscale) 1 0.03 0.01
Professional collaboration in lessons among teachers 0.98  0.05 0.01

(subscale)

Effective professional development 0.99 0.04 0.03
Professional development barriers 0.96  0.07 0.03
Self-efficacy in classroom management (subscale) 1 0.07 0.01
Self-efficacy in instruction (subscale) 1 0.05 0.01
Self-efficacy in student engagement (subscale) 0.99 0.12 0.02
Job satisfaction with work environment (subscale) 0.99 0.1 0.02
Job satisfaction with profession (subscale) 0.97 0.2 0.03
Teachers’ perceived disciplinary climate 1 0.02 0
Teacher-student relations 1 0.06 0.01
Participation among stakeholders, teachers 0.95 0.21 0.05
Team innovativeness 1 0.06 0
Self-related efficacy in multicultural classrooms 0.94 0.22 0.05
Diversity practices 0.96 0.13 0.06
Teaching practices 091 0.12 0.04

Table 4

Fit Indices for Principal Scales.
Scale CFI RMSEA SRMR
Workload stress 1 0 0
Job satisfaction with work environment (subscale) 0.94 0.24 0.06
Job satisfaction with profession (subscale) 0.97 0.16 0.03
School leadership 1 0 0
Participation among stakeholders, principals 0.94 0.16 0.06
Academic pressure 0.97 0.16 0.05
Stakeholder involvement, partnership 1 0 0
Lack of special needs personnel 1 0 0
School delinquency and violence 1 0.01 0
Organisational innovativeness 0.98 0.2 0.03
Diversity beliefs 0.99 0.17 0.02
Distributed leadership 1 0 0
Diversity practices, school 0.98 0.06 0.04
Diversity policies, school 0.93 0.14 0.22
Equity beliefs 0.99 0.14 0.03

Tables 3 and 4, CFI values consistently exceeded standard thresholds,
which supports the overall robustness of the models.

We also note that alignment optimization offers additional value by
directly identifying which factor loadings and intercepts are non-
invariant, rather than relying on global model fit indices alone. This
approach complements the traditional MGCFA framework and provides
a more flexible, parameter-level understanding of comparability across
countries.

Finally, we recognize that the discussion on fit index benchmarks for
categorical data is still evolving. As recommended in recent literature (e.
g., Rutkowski & Svetina, 2017; Svetina & Rutkowski, 2020), continued
refinement of cut-off values and modeling strategies is necessary,
particularly in large-scale, multi-group contexts like TALIS where strict
invariance is often difficult to achieve.

2.7. Alignment optimization

The alignment optimization process employed in this study used the
same graded response model (GRM) as in the previous routine, ensuring
consistency in the analytical approach. This model facilitates the com-
parison of latent means across groups by accounting for the ordinal
nature of the data.

To anchor the alignment process, we fixed the latent mean to the
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most central comparison group. This central group was identified based
on its mean scores over the observed item responses, providing a stable
reference point for aligning other groups.

For evaluating the success of the alignment process, we adopted a
threshold of 75 % common parameters across the compared groups. This
threshold ensures that the alignment meets a satisfactory level of
parameter invariance, enabling meaningful cross-group comparisons.

Overall, the model estimation process followed the framework
established by Svetina et al. (2020) model-based invariance testing.
However, a key distinction in this study was the inclusion of the strict
invariance model, aligning more closely with recent advancements in
the field as discussed by Tse et al. (2024) and Padgett (2023). This
approach allowed for a more comprehensive evaluation of measurement
invariance across the specified groups, ensuring robust comparisons of
latent means and variances.

An important consideration in the alignment procedure is the choice
of the epsilon (g) value, which affects the statistical properties of the
estimator. Research suggests that the default Mplus setting of 0.01 may
be less optimal compared to a more stringent value of 0.001, which can
lead to improved estimation accuracy (Robitzsch, 2024).

In the results section, we present a detailed report for one selected
teacher scale out of the 23 evaluated, and one principal scale out of the
15 analyzed. This comprehensive report showcases all the generated
results using the programmed alignment routines, providing a clear and
thorough overview of the alignment procedure and its outcomes.

3. Results
3.1. The results of dimensionality

The dimensionality analysis, conducted using parallel tests,
confirmed that all teacher and principal scales are unidimensional. For
teachers, the analysis included 23 scales, such as "Workload stress,"
"Cognitive activation," and "Job satisfaction with work environment," all
of which demonstrated a single underlying dimension. Similarly, for
principals, the 15 scales, including "School leadership," "Academic
pressure," and "Organisational innovativeness," were found to be uni-
dimensional. These findings support the assumption that each scale
measures a coherent and singular construct, ensuring their validity for
subsequent analyses.

3.2. The results of reliability

In the Appendix, Table 1 presents reliability metrics for teacher
scales from TALIS 2018, showing that most scales achieved values above
the acceptable threshold of 0.70 for both Cronbach’s alpha and sepa-
ration reliability. While scales like “Team innovativeness” and “Partic-
ipation among stakeholders, teachers” demonstrated strong reliability,
others such as “Exchange and coordination among teachers” and “Pro-
fessional collaboration in lessons” showed slightly lower values, indi-
cating areas for improvement. Overall, the results affirm the robustness
of the teacher-related constructs.

Table 2 displays reliability results for principal scales, also indicating
generally strong internal consistency across most measures. High reli-
ability was observed for scales like “Diversity beliefs” and “Organiza-
tional innovativeness,” while lower but acceptable values were found for
“Diversity policies” and “Diversity practices.” All scales were retained to
allow a comprehensive assessment in the subsequent measurement
invariance analysis, even if a few fell slightly below the conventional
cut-off.

3.3. The results of measurement invariance testing
Table 3 presents the pooled data fit indices (CFI, RMSEA, and SRMR)

for the teacher scales in TALIS 2018, with the following threshold values
applied: 0.90 for the Comparative Fit Index (CFI), 0.08 for the
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Standardized Root Mean Square Residual (SRMR), and 0.10 for the Root
Mean Square Error of Approximation (RMSEA).

The CFI values indicate that most teacher scales meet or exceed the
0.90 threshold, suggesting an acceptable fit for the majority of scales.
Similarly, the SRMR values remain below 0.08 across all scales, rein-
forcing adequate model fit. However, the RMSEA values exhibit more
variability, with several scales approaching or exceeding the 0.10
threshold. Notably, some scales, such as Classroom Management (0.19),
Job Satisfaction with Profession (0.20), and Participation Among
Stakeholders (0.21), exceed this threshold, signaling potential concerns
regarding model fit. Overall, these results suggest that while most
teacher scales achieve acceptable model fit, some may require further
investigation or refinement to improve their alignment. The findings
highlight the importance of evaluating multiple fit indices to ensure
measurement comparability in large-scale assessments.

Table 4 presents the pooled fit indices (CFI, RMSEA, and SRMR) for
the principal scales in TALIS 2018, with the following thresholds
applied: 0.90 for the Comparative Fit Index (CFI), 0.08 for the Stan-
dardized Root Mean Square Residual (SRMR), and 0.10 for the Root
Mean Square Error of Approximation (RMSEA).

The CFI values demonstrate that all principal scales meet or exceed
the 0.90 threshold, indicating good model fit across all scales. Similarly,
SRMR values remain below the 0.08 threshold, reinforcing an accept-
able fit for all principal scales. However, RMSEA values show greater
variability, with some scales exceeding the 0.10 threshold, particularly
Job Satisfaction with Work Environment (0.24), Organisational Inno-
vativeness (0.20), and Diversity Policies (0.14). These results suggest
potential models fit concerns for a few scales, warranting further
investigation into possible sources of misfit.

In cases where RMSEA values are reported as 0, this is due to the
scale comprising only three items. RMSEA is known to be an unreliable
fit index for models with very few degrees of freedom, particularly for
models with only three indicators, where it often returns values near or
equal to zero regardless of model fit (Kenny et al., 2015). Therefore,
these values should be interpreted with caution and in conjunction with
other fit indices.

Overall, the findings provide strong evidence of acceptable model fit
for most principal scales, with only a few scales requiring additional
evaluation, particularly in relation to RMSEA. This highlights the
importance of assessing multiple fit indices to ensure robust model
alignment and comparability in international assessments.

Table 5 summarizes the scalar-level invariance results for teacher
scales from TALIS 2018, evaluated using a stringent RMSEA threshold of
0.055, which is often applied to ensure meaningful comparability of
latent means across countries. Only a limited number of teacher sca-
les—Self-efficacy in classroom management, Self-efficacy in instruction,
Teacher—student relations, and Team innovativeness—met this threshold,
as indicated by the "yes" outcome in the rmsea_test column. These results
suggest that for these particular constructs, mean comparisons across
countries may be considered valid and interpretable within an interna-
tional context.

In contrast, most teacher scales either exceeded the RMSEA
threshold or failed to converge during scalar invariance testing. For
instance, constructs such as Job satisfaction with profession, Classroom
management, and Participation among stakeholders demonstrated RMSEA
values well above the cut-off, indicating potential misfit in the scalar
model. Scales with missing RMSEA entries (e.g., Workplace well-being
and stress, Effective professional development, and Diversity practices)
likely reflect non-convergence issues, which may stem from insufficient
variability, local model misfit, or data sparsity across countries—such as
low frequencies in specific item response categories within certain na-
tional samples. Sparsity limits the reliability of polychoric correlations
and can prevent the estimation algorithm from identifying stable
threshold parameters, especially in models with many groups and
ordinal indicators. These findings highlight the persistent measurement
challenges in achieving scalar invariance for teacher-reported
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Table 5
Testing Means Comparability Results for Teacher Scales.

scale  model RMSEA CFI SRMR  rmsea_test

Workload stress scalar  0.08 096 0.05 no

Workplace well-being and stress scalar

Satisfaction with target class scalar  0.07 0.99 0.03 no
autonomy

Personal utility motivation to scalar  0.06 1 0.03 no
teach

Clarity of instruction (subscale) scalar  0.06 098 0.04 no

Cognitive activation (subscale) scalar 0.08 0.95 0.04 no

Classroom management scalar 0.1 0.98  0.04 no
(subscale)

Exchange and co-ordination scalar  0.07 0.95 0.04 no
among teachers (subscale)

Professional collaboration in scalar  0.07 0.83 0.05 no
lessons among teachers
(subscale)

Effective professional scalar
development

Professional development scalar  0.07 092 0.05 no
barriers

Self-efficacy in classroom scalar  0.05 1 0.02 yes
management (subscale)

Self-efficacy in instruction scalar  0.04 099 0.02 yes
(subscale)

Self-efficacy in student scalar
engagement (subscale)

Job satisfaction with work scalar  0.07 099 0.03 no
environment (subscale)

Job satisfaction with profession scalar 0.11 096  0.05 no
(subscale)

Teachers’ perceived disciplinary scalar 0.06 1 0.03 no
climate

Teacher-student relations scalar  0.05 1 0.02 yes

Participation among scalar 0.12 097 0.06 no
stakeholders, teachers

Team innovativeness scalar 0.05 1 0.02 yes

Self-related efficacy in scalar  0.12 096 0.06 no
multicultural classrooms

Diversity practices scalar

Teaching practices scalar  0.07 0.9 0.05 no

*If some scale lines are empty, which means may not converge the model

constructs, underscoring the importance of cautious interpretation when
comparing means across countries. Researchers are advised to consider
alternative approaches such as partial invariance models or alignment
optimization to explore comparability more flexibly.

Table 6
Testing Means Comparability Results for Principal Scales.
scale model RMSEA CFI SRMR  rmsea_test
Workload stress scalar 0.07 0.96  0.04 no
Job satisfaction with work scalar
environment (subscale)
Job satisfaction with scalar
profession (subscale)
School leadership scalar
Participation among scalar
stakeholders, principals
Academic pressure scalar
Stakeholder involvement, scalar
partnership
Lack of special needs scalar  0.07 0.99 0.04 no
personnel
School delinquency and scalar
violence
Organisational scalar
innovativeness
Diversity beliefs scalar
Distributed leadership scalar
Diversity practices, school scalar
Diversity policies, school scalar

*If some scale lines are empty, which means may not converge the model
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Table 6 presents the scalar-level invariance results for principal
scales. Here, the pattern is even more pronounced: none of the principal
scales achieved scalar invariance based on the strict RMSEA < 0.055
threshold. For several scales—such as Lack of special needs person-
nel—results are available, but the RMSEA exceeds the threshold, indi-
cating lack of scalar-level comparability. For most other principal scales,
scalar models failed to converge, and thus RMSEA values could not be
estimated. This is marked by empty cells in the table.

The failure to converge may be partially attributed to the smaller
sample sizes of principals in comparison to teachers, which increases
model instability and reduces statistical power for detecting invariance.
Additionally, sparse response patterns in certain countries—due to
limited use of specific response categories or highly skewed item dis-
tributions—can exacerbate estimation difficulties, particularly in
ordinal CFA models. Another plausible explanation is that constructs
related to school leadership (e.g., Distributed leadership, Participation
among stakeholders) are inherently more context-dependent and may
vary substantially across national systems due to differing school
governance structures, accountability frameworks, and leadership
norms. Such cultural and systemic diversity can introduce severe non-
invariance, further complicating model convergence and comparability.

These results warrant caution in interpreting mean comparisons of
principal scales across countries using traditional MGCFA-based
methods. They also suggest that relying solely on scalar invariance
criteria may obscure meaningful insights. Alternative techniques, such
as alignment optimization, may offer more practical solutions by iden-
tifying and adjusting for non-invariant parameters, as discussed in
subsequent sections of this paper. Nonetheless, these findings under-
score the ongoing methodological complexity in evaluating and
achieving cross-national comparability in international large-scale as-
sessments (ILSAs), especially for school leader-reported data.

3.4. The results of alignment optimization

Table 7 presents the alignment test results for teacher scales in TALIS
2018. The invariance parameter (inv_par) is used to assess the degree of
comparability across countries, with a threshold of 0.75 indicating
acceptable alignment. Scales meeting this criterion (align_test = "yes")
suggest that their latent means can be meaningfully compared across
groups. However, the majority of teacher scales fall below this
threshold, indicating limited cross-country comparability. Notably, only

Table 7
Alignment Results with Teacher Scales.
scale inv_par  align_test
Workload stress 0.48 no
Workplace well-being and stress 0.53 no
Satisfaction with target class autonomy 0.56 no
Personal utility motivation to teach 0.48 no
Clarity of instruction (subscale) 0.65 no
Cognitive activation (subscale) 0.52 no
Classroom management (subscale) 0.46 no
Exchange and co-ordination among teachers (subscale) 0.43 no
Professional collaboration in lessons among teachers 0.42 no
(subscale)
Effective professional development 0.81 yes
Professional development barriers 0.47 no
Self-efficacy in classroom management (subscale) 0.66 no
Self-efficacy in instruction (subscale) 0.67 no
Self-efficacy in student engagement (subscale) 0.61 no
Job satisfaction with work environment (subscale) 0.59 no
Job satisfaction with profession (subscale) 0.50 no
Teachers’ perceived disciplinary climate 0.61 no
Teacher-student relations 0.59 no
Participation among stakeholders, teachers 0.53 no
Team innovativeness 0.52 no
Self-related efficacy in multicultural classrooms 0.55 no
Diversity practices 0.74 no
Teaching practices 0.55 no
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one scale (Effective professional development) surpasses the alignment
threshold, reinforcing the challenges of achieving comparability in
teacher-reported constructs within international assessments. These
findings highlight the need for methodological refinement or alternative
approaches to improve cross-national measurement invariance in large-
scale assessments.

Table 8 presents the alignment test results for principal scales in
TALIS 2018. The invariance parameter (inv_par) assesses the degree of
cross-country comparability, with a threshold of 0.75 indicating
acceptable alignment. Notably, all principal scales surpass this threshold
(align_test = "yes"), suggesting that their latent means can be mean-
ingfully compared across countries. These results indicate strong mea-
surement consistency and robustness for principal-reported constructs
across different national contexts, reinforcing their suitability for cross-
national analysis in international large-scale assessments.

4. Discussion

This study examined the comparability of teacher and principal
scales derived from the TALIS 2018 dataset across participating coun-
tries, using both traditional multiple-group confirmatory factor analysis
(MGCFA) and alignment optimization techniques. The findings high-
light the potential of alignment optimization as a methodological tool
for enhancing cross-national comparability in ILSAs. Alignment opti-
mization offers a practical alternative to traditional MGCFA by allowing
for approximate measurement invariance, which is particularly useful in
ILSAs where strict invariance is often unattainable due to cultural and
linguistic diversity. Unlike MGCFA, which requires strict scalar invari-
ance for valid cross-national comparisons, alignment optimization
identifies subsets of parameters and groups that meet invariance criteria,
enabling meaningful comparisons even in the presence of partial non-
invariance. This approach can be integrated into the existing scaling
and reporting processes of ILSAs by providing additional insights into
the robustness of scale scores and identifying areas where scales may
require refinement. In the following sections, we discuss how these in-
sights can inform the interpretation and use of ILSA data, as well as
future methodological advancements (Robitzsch & Liidtke, 2023;
Fischer et al., 2025; Funder & Gardiner, 2024; Rosseel & Loh, 2022).

The results showed significant differences between the two methods
in terms of achieving scalar-level invariance, as well as notable dispar-
ities between teacher and principal scales. Under the MGCFA frame-
work, almost all scales—both teacher and principal—failed to reach
scalar invariance. This outcome underscores the well-documented
challenges associated with ensuring measurement equivalence in
large-scale, cross-national assessments. The absence of full scalar
invariance suggests that mean comparisons across countries should be
interpreted with caution, given potential differences in how constructs
are measured across contexts.

Table 8

Alignment Results with Principals’ Scales.
scale inv_par align_test
Workload stress 0.92 yes
Job satisfaction with work environment (subscale) 0.92 yes
Job satisfaction with profession (subscale) 0.91 yes
School leadership 0.97 yes
Participation among stakeholders, principals 0.92 yes
Academic pressure 0.98 yes
Stakeholder involvement, partnership 0.90 yes
Lack of special needs personnel 0.90 yes
School delinquency and violence 0.96 yes
Organisational innovativeness 0.95 yes
Diversity beliefs 0.95 yes
Distributed leadership 0.96 yes
Diversity practices, school 0.97 yes
Diversity policies, school 0.91 yes
Equity beliefs 0.97 yes
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Interestingly, on the TALIS 2018 Technical Report only “team
innovativeness” from teacher scales reached the scalar level invariance
which ensure mean score comparability across countries, however, in
our study in addition to team innovativeness, Self-efficacy in classroom
management, Self-efficacy in instruction and Teacher-student relations
scales also reached the scalar level invariance. For principals, on the
technical report diversity beliefs reached scalar level invariance which
ensured the cross-cultural comparison across countries for this scale,
however, in our analysis, none of principal scales reached the scalar
level invariance.

In contrast, alignment optimization yielded markedly different re-
sults, particularly for the principal scales. All principal scales success-
fully achieved comparability under this method, enabling meaningful
cross-national comparisons of their latent means. This suggests that
alignment optimization is a powerful tool for addressing the limitations
of traditional MGCFA, particularly for constructs measured at the school
leadership level. This result may raise questions, especially considering
that the principal sample sizes are considerably smaller than those for
teachers. It is plausible that the smaller principal samples limited the
statistical power to detect non-invariance, which might have led the
alignment method to yield more favorable comparability results. While
alignment optimization is designed to tolerate minor non-invariances,
its sensitivity may differ depending on group size and response pat-
terns. Readers should be cautious when interpreting these results and
consider the possibility that alignment comparability in smaller samples
may reflect reduced power to detect violations rather than genuinely
higher measurement invariance. This issue merits further methodolog-
ical investigation in future simulation studies.

However, for teacher scales, alignment optimization was less effec-
tive, with many scales still failing to meet the criteria for comparability.
This highlights persistent measurement challenges for constructs
assessed at the teacher level, even with advanced techniques. The
observed high levels of non-invariance may stem from minor parameter
differences across groups that, due to the large sample sizes in this study,
become statistically significant (Asparouhov & Muthén, 2022). This
raises the question of whether the statistical significance threshold
should be recalibrated when applying the alignment method to analyze
measurement invariance in International Large-Scale Assessment (ILSA)
data (Senden et al., 2023). Further methodological research is needed to
determine the necessity of such an adjustment and to develop effective
strategies for its implementation.

While our findings illustrate the promise of alignment optimization
in addressing cross-national comparability, we caution against inter-
preting it as a universally superior alternative to multi-group CFA. As
Luong and Flake (2023) emphasize, alignment should not be treated as
an accessory analysis to be applied automatically, nor as a universal
solution. Its scope is limited to latent mean and variance comparisons,
and questions of generalizability remain open. We therefore position
alignment as a valuable methodological advancement for large-scale,
multi-group contexts—particularly ILSAs—while recognizing that it
complements, rather than replaces, traditional CFA approaches. Our
findings align with recent applications of alignment in ILSAs. For
example, Fang et al. (2025), using TALIS 2018, demonstrated that
alignment optimization offered clear advantages over MG-CFA in iden-
tifying comparable patterns across many groups and in detecting
item-level noninvariance. At the same time, they emphasized that unlike
MG-CFA, which is supported by well-established guidelines, alignment
still lacks universally agreed-upon standards for implementation and
reporting. This reinforces the need for careful application and trans-
parent documentation when using alignment in cross-national research.

These findings contribute to the ongoing debate on how much
measurement invariance violations impact substantive research con-
clusions. While alignment optimization provides a more flexible
approach to assessing cross-national comparability, prior research sug-
gests that results from different invariance assumptions often yield
highly similar substantive conclusions (Desa et al., 2019). This raises an
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important question about the extent to which strict measurement
invariance criteria should guide the interpretation of ILSA scale scores.
In practical terms, even when full scalar invariance is not achieved,
ILSAs report scale scores on an international metric, implicitly con-
senting comparison of means across countries. This practice, while can
be considered useful for broad cross-national analyses, also introduces
risks when comparability assumptions are not fully met. Rather than
advocating solely for methodological refinements, this study un-
derscores the need for a more transparent discussion on how ILSA scores
should be used in secondary analyses. One possible recommendation is
to promote model-based approaches in reporting, where adjustments for
partial measurement invariance are incorporated into substantive ana-
lyses rather than relying exclusively on pre-scaled scores.

These findings have important implications for the interpretation
and use of TALIS 2018 data. For teacher scales that failed to achieve
alignment optimization comparability, cross-national mean compari-
sons should be avoided or treated with extreme caution. Researchers
may consider alternative approaches, such as focusing on within-
country analyses or examining trends rather than direct comparisons
or building on prior research (e.g., Fischer et al., 2019; Klieme, 2020;
Scherer & Gustafsson, 2015; Scherer & Nilsen, 2016; Eryilmaz et al.,
2020; Eryilmaz & Sandoval Hernandez, 2024; Kaya et al., 2024), a
practical alternative is to restrict cross-national mean score comparisons
to a select group of culturally and linguistically similar countries. For
principal scales, the successful application of alignment optimization
provides confidence in their comparability and supports their use in
cross-national analyses of leadership practices and perceptions.

Future research should delve deeper into the reasons for the differ-
ential performance of teacher and principal scales, considering factors
such as construct clarity, item design, and the influence of cultural and
contextual variables unique to teachers and principals. Additionally,
methodological advancements in alignment optimization are essential
to enhance its application in complex hierarchical models and diverse
educational contexts, further addressing the unique challenges of large-
scale assessments. To fully validate this promising method, compre-
hensive simulation studies are required to determine the optimal sample
sizes, item numbers, and response category designs necessary for reli-
able and meaningful cross-national comparisons.

Researchers can apply the practices discussed in this study using the
rd3c3 R package, which facilitates alignment optimization in interna-
tional large-scale assessments. This package allows users to efficiently
implement alignment optimization, providing a more flexible alterna-
tive to traditional MGCFA. By leveraging rd3c3, researchers can better
evaluate cross-national comparability, visualize alignment results, and
ensure more transparent and robust interpretations of ILSA data.

In conclusion, while alignment optimization helps address some of
the limitations of traditional invariance testing, its effectiveness is
closely tied to how fit indices are used to assess model adequacy. In this
study, we relied primarily on RMSEA and CFI, two commonly used
indices in measurement invariance testing. However, it is well-
documented that RMSEA behaves differently in ML-based CFA
compared to DWLS-based CFA (ordinal models), and conventional cut-
offs may not be directly transferable (Xia & Yang, 2019). Applying
ML-based RMSEA thresholds to ULS and DWLS estimation methods can
lead to the accumulation of models with severe misfit that are none-
theless considered acceptable, particularly in research settings with
large sample sizes (Xia & Yang, 2019).

While RMSEA is highly sensitive to minor misfits, especially in large
samples, it can sometimes overstate measurement problems when small
deviations occur across groups. Conversely, CFI tends to be more stable,
but it may not adequately capture localized areas of misfit. In our pooled
CFA analyses, some elevated RMSEA values may also reflect local
dependence among similarly worded items, which can inflate residual
covariances not accounted for by the latent construct (Marsh et al.,
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2013). Additionally, RMSEA values of zero—observed in some sca-
les—are explained by the limited number of items (e.g., three-item
scales), where the model’s low degrees of freedom can lead to artifi-
cially suppressed fit statistics (Kenny et al., 2015). Given these limita-
tions, our findings should be interpreted with caution, particularly
regarding teacher scales where alignment thresholds were not consis-
tently met.

By acknowledging these limitations and leveraging advanced tech-
niques, researchers can better support evidence-based educational pol-
icymaking on a global scale. Future research should continue refining
methodological benchmarks, ensuring that measurement invariance
decisions are informed by appropriate fit criteria for specific estimation
methods.

Future research should prioritize refining alignment methodologies
to address the complexities inherent in culturally and contextually
diverse constructs. Simulation studies are also necessary to determine
optimal conditions for implementing alignment methods, including
considerations such as sample size, item design, and construct clarity.
Ensuring valid cross-national comparability would lead to higher-
quality data that can be used to benchmark educational performance,
identify best practices, and understand differences in the performance of
education systems within and between countries. Such data would also
facilitate unveiling systemic relationships between inputs and outputs in
education, support progress toward global educational agendas (e.g.,
Sustainable Development Goals), and provide critical cultural and
contextual insights. In sum, advancing methodological approaches like
alignment optimization is necessary for enabling reliable global educa-
tional comparisons, fostering innovation, and informing evidence-based
policies that address the diverse realities of education systems
worldwide.

This study shows that alignment optimization is a useful tool for
identifying non-invariant factor loadings and intercepts across countries
in international large-scale assessments. It proved particularly effective
for principal scales, where it enabled meaningful cross-national com-
parisons despite the failure of traditional MGCFA to establish scalar
invariance. However, for teacher scales, substantial non-invariance
persisted even under alignment, limiting the comparability of these
constructs. Thus, while alignment optimization enhances our ability to
detect and manage non-invariance, its success in improving compara-
bility depends on the nature of the constructs and respondent group.
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Appendix
Table 1
The reliability results for teacher scales.
scale separation alpha
Workload stress 0.81 0.79
Workplace well-being and stress 0.82 0.75
Satisfaction with target class autonomy 0.80 0.83
Personal utility motivation to teach 0.85 0.85
Clarity of instruction (subscale) 0.72 0.72
Cognitive activation (subscale) 0.74 0.73
Classroom management (subscale) 0.85 0.87
Exchange and co-ordination among teachers (subscale) 0.77 0.74
Professional collaboration in lessons among teachers (subscale) 0.64 0.63
Effective professional development 0.45 0.55
Professional development barriers 0.69 0.64
Self-efficacy in classroom management (subscale) 0.81 0.84
Self-efficacy in instruction (subscale) 0.78 0.80
Self-efficacy in student engagement (subscale) 0.82 0.83
Job satisfaction with work environment (subscale) 0.79 0.78
Job satisfaction with profession (subscale) 0.80 0.79
Teachers’ perceived disciplinary climate 0.86 0.85
Teacher-student relations 0.76 0.80
Participation among stakeholders, teachers 0.85 0.87
Team innovativeness 0.86 0.90
Self-related efficacy in multicultural classrooms 0.85 0.84
Diversity practices 0.62 0.70
Teaching practices 0.60 0.56
Table 2
The reliability results for principal scales.
scale separation alpha
Workload stress 0.64 0.63
Job satisfaction with work environment (subscale) 0.75 0.76
Job satisfaction with profession (subscale) 0.77 0.74
School leadership 0.80 0.82
Participation among stakeholders, principals 0.77 0.76
Academic pressure 0.77 0.77
Stakeholder involvement, partnership 0.73 0.67
Lack of special needs personnel 0.75 0.75
School delinquency and violence 0.80 0.82
Organisational innovativeness 0.81 0.85
Diversity beliefs 0.77 0.90
Distributed leadership 0.73 0.76
Diversity practices, school 0.54 0.61
Diversity policies, school 0.47 0.64
Equity beliefs 0.66 0.84
Table 9
TALIS 2018 teachers and principals’ scales and invariance levels.
Scale Label Variable Name Scale Type Invariance Level
Academic pressure T3PACAD Principal Scales Metric
Stakeholder involvement, partnership T3PCOM Principal Scales Metric
School delinquency and violence T3PDELI Principal Scales Configural
Diversity beliefs T3PDIVB Principal Scales Scalar
Job satisfaction, overall, teacher T3PJOBSA Principal Scales Configural
Job satisfaction with work environment, principal T3PJSENV Principal Scales Configural
Job satisfaction with profession, principal T3PJSPRO Principal Scales Configural
Lack of special needs personnel T3PLACSN Principal Scales Metric
Participation among stakeholders, principals T3PLEADP Principal Scales Metric
School leadership T3PLEADS Principal Scales Metric
Organisational innovativeness T3PORGIN Principal Scales Configural
Workload stress T3PWLOAD Principal Scales Configural
Clarity of instruction T3CLAIN Teacher Scales Metric
Classroom management T3CLASM Teacher Scales Configural
Cognitive activation T3COGAC Teacher Scales Metric
Professional collaboration in lessons among teachers T3COLES Teacher Scales Metric
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Table 9 (continued)

Scale Label Variable Name Scale Type Invariance Level
Teacher cooperation, overall T3COOP Teacher Scales Configural
Teachers perceived disciplinary climate T3DISC Teacher Scales Metric
Diversity practices, teacher T3DIVP Teacher Scales Configural
Effective professional development T3EFFPD Teacher Scales Configural
Exchange and cooperation among teachers T3EXCH Teacher Scales Configural
Job satisfaction, overall, teacher T3JOBSA Teacher Scales Metric
Job satisfaction with work environment, teacher T3JSENV Teacher Scales Metric
Job satisfaction with profession, teacher T3JSPRO Teacher Scales Metric
Professional development barriers T3PDBAR Teacher Scales Configural
Need prof. devel. for teaching for diversity T3PDIV Teacher Scales Metric
Need prof. devel. in subject matter and pedagogy T3PDPED Teacher Scales Metric
Personal utility value T3PERUT Teacher Scales Metric
Satisfaction with target class autonomy T3SATAT Teacher Scales Metric
Self-efficacy in classroom management T3SECLS Teacher Scales Metric
Self-efficacy in student engagement T3SEENG Teacher Scales Metric
Self-related efficacy in multicultural classrooms T3SEFE Teacher Scales Metric
Self-efficacy in instruction T3SEINS Teacher Scales Metric
Teacher self-efficacy, overall T3SELF Teacher Scales Metric
Social utility value T3SOCUT Teacher Scales Metric
Participation among stakeholders, teachers T3STAKE Teacher Scales Metric
Student behaviour stress T3STBEH Teacher Scales Configural
Teacher-student relations T3STUD Teacher Scales Metric
Team innovativeness T3TEAM Teacher Scales Scalar
Teaching practices, overall T3TPRA Teacher Scales Configural
Perceptions of value and policy influence T3VALP Teacher Scales Metric
Workplace well-being and stress T3WELS Teacher Scales Metric
Clarity of instruction T3WLOAD Teacher Scales Metric
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