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ABSTRACT 
When comparing relations and means of latent variables, it is important to establish measurement 
invariance (MI). Most methods to assess MI are based on confirmatory factor analysis (CFA). Recently, 
new methods have been developed based on exploratory factor analysis (EFA); most notably, as exten
sions of multi-group EFA, researchers introduced mixture multi-group EFA, multi-group exploratory fac
tor alignment, EFA trees, and multi-group factor rotation to resolve rotational indeterminacy in EFA. 
The main advantage of EFA-based (compared to CFA-based) assessment of MI is that no potentially 
too restrictive measurement model has to be specified. This allows for a more thorough investigation 
because violations of MI due to cross-loadings can be considered, too. For each method, we address 
the model specification and recommendations for application, detailing their strengths and weak
nesses. We demonstrate each method in combination with multi-group factor rotation in an empirical 
example. Differences to and possible combinations with CFA-based methods are discussed.
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In psychological science, we are almost always interested in 
investigating some kind of latent variable (e.g., personality 
traits like extraversion). The object of research is often the 
comparison of mean values of latent variables (or measure
ments thereof) between different groups; for example, pro
sociality or moral judgements across countries (Bago et al., 
2022; House et al., 2020). This includes both comparisons 
between different groups (e.g., in cross-cultural research; 
Milfont & Fischer, 2010) or comparisons across subsequent 
measurements within the same group (e.g., pre- and post- 
treatment). Latent variables are measured by so called indi
cators or observed variables (often questionnaire items) in 
order to obtain scores of the latent variable (Lord & Novick, 
1968; Van Bork et al., 2022). The relationship between 
observed and latent variables is captured in the measure
ment model. To enable meaningful comparisons between 
groups, it is crucial to test whether the measurement models 
are invariant across groups. Measurement invariance (MI) 
means that the latent variables are measured identically 
across groups; that is, people with the same true score on 
the latent variable should also receive the same score on the 
observed variables (Meredith, 1993; Putnick & Bornstein, 
2016; Vandenberg & Lance, 2000). In more technical terms, 
the parameters of the measurement model have to be identi
cal across groups.

Multi-group Confirmatory Factor Analysis (MG-CFA) was 
originally introduced to test whether a measurement model 
is invariant across a defined set of groups. However, 
MG-CFA reaches its limits when many groups have to be 

compared (e.g., a covariate nation with 48 groups; Kuppens 
et al., 2006). The chance of false-positive findings of non- 
invariance increases with the number of groups due to mul
tiple testing (Rutkowski & Svetina, 2014). Additionally, this 
amount of hypothesis tests can make it difficult to tell 
invariant from non-invariant parameters (Byrne & Vijver, 
2010; De Roover et al., 2022). To improve investigations of 
MI for cases with many groups, more advanced methods 
have been developed. Raykov et al. (2013) developed a mul
tiple testing procedure to investigate MI that uses the 
Benjamini-Hochberg correction (Benjamini & Hochberg, 
1995). This controls the false-discovery rate rather than the 
family-wise error rate, resulting in a higher power compared 
to simple multiple testing of MG-CFAs with Bonferroni cor
rection. Kim et al. (2017) provide a comprehensive overview 
of methods to investigate MI with many groups, for 
example, Multilevel Factor Mixture Modeling and 
Alignment Optimization (Asparouhov & Muth�en, 2014). 
The majority of these methods developed so far and all 
methods detailed in Kim et al. (2017) are based on CFA. 
While the use of CFA allows to incorporate theoretical con
siderations when investigating MI, it can also be too 
restrictive in terms of model specification. If the model is 
slightly misspecified, a CFA-based approach might not 
accurately recover the true structure of a model (N�ajera 
et al., 2023).

In recent years, new methods have been developed that 
are based on exploratory factor analysis (EFA). As exten
sions of multi-group EFA (MG-EFA; Dolan et al., 2009), 
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researchers developed mixture multi-group EFA (MMG-FA; 
De Roover et al., 2022), multi-group exploratory factor align
ment1 (AESEM; Asparouhov & Muth�en, 2023), and EFA 
trees (Sterner & Goretzko, 2023). Investigating MI on the 
basis of EFA avoids the problem of having to assume a 
(potentially too) restrictive model across all groups. The 
goal of this paper is to give an overview of these recent 
developments and to demonstrate the application of EFA- 
based MI methods. Additionally, because all of these meth
ods inherit the challenge of rotational indeterminacy of the 
EFA model, we illustrate how these methods can be com
bined with multi-group factor rotation (MGFR; De Roover 
& Vermunt, 2019). MGFR resolves the rotational indeter
minacy per group and locates non-invariant factor loadings 
by means of hypothesis testing. We demonstrate all of this 
on an empirical data example from moral psychology (Bago 
et al., 2022). Because the methods differ in their assump
tions and outcomes, a direct comparison does not make too 
much sense. Instead, we provide a guide on when to use 
which method in which way. By this, we hope to help 
researchers to navigate through the extensive literature on 
EFA-based methods to investigate MI and increase the 
prevalence of MI testing in social scientific research (Leitg€ob 
et al., 2023; Maassen et al., 2023). To facilitate the applica
tion of the presented methods, we provide openly available 
R, Mplus, and Latent Gold code.

The remainder of the paper is structured as follows: 
Section 1 outlines the differences between CFA- and EFA- 
based tests of MI. Sections 2–5 present the four EFA-based 
methods (MG-EFA, MMG-FA, AESEM, EFA trees) in detail. 
For each method, we address the model specification and 
recommendations on when to use the method, detailing 
their strengths and weaknesses. Section 6 presents MGFR 
and an overview table summarizing all methods. Sections 7
and 8 demonstrate the application of the methods in com
bination with MGFR. Section 9 discusses differences to and 
possible combinations with CFA-based methods.

1. CFA vs. EFA in MI Testing

The main difference between CFA and EFA pertains to the 
loadings in the model. A loading quantifies the strength of 
the relation between a latent factor and an item. In CFA, 
some loadings are constrained to zero whereas in EFA all 
paths between latent and observed variables are estimated 
freely (Goretzko et al., 2021; Mulaik, 2010). Thus, if 
assumptions about which items measure which latent factor 
are available, CFA allows to incorporate these assumptions 
in the model. If there are no assumptions and the goal is to 
uncover the relation between items and latent factors, EFA 
should be preferred. This is especially the case during the 
development of new measures.

As already mentioned, until recently, CFA was the basis 
for most MI testing methods (Marsh et al., 2014). As a con
sequence, MI in this context not only concerns the equiva
lence of parameters in the measurement model but also the 
equivalence of its architecture; that is, the number of latent 
factors and the imposed zero-loadings must hold across 
groups (De Roover et al., 2022). Needless to say, the strict 
specification of the measurement model with zero-loadings 
is often not tenable (N�ajera et al., 2023), especially when 
these restrictions have to be assumed across all groups. If 
the model is then modified in a data-driven way, its general
izability is diminished because this strategy capitalizes on 
chance (MacCallum et al., 1992). Additionally, misspecifica
tions in the measurement model can introduce bias in the 
estimation of the remaining parameters, especially when 
maximum likelihood estimation is used (Bollen et al., 2007). 
Since in EFA no zero-loadings are imposed, none of these 
problems caused by model misspecifications are an issue in 
EFA-based MI testing. EFA as a basis even makes tests for 
MI wider-ranging because it allows to assess the invariance 
of cross-loadings as well as differences in the position of 
main loadings (De Roover & Vermunt, 2019). These advan
tages are inherent in all methods that we will present.

2. Multi-Group EFA

2.1. Model Specification

Both MG-CFA and MG-EFA are instances of the more gen
eral multi-group factor analysis model (J€oreskog, 1971; 
S€orbom, 1974). In MG-EFA, no loading paths between the 
observed variables and the latent factors are constrained to 
zero. Hence, EFA can be used to freely uncover the relations 
between observed and latent variables (Goretzko et al., 
2021). Let xig be the p-dimensional vector of observed varia
bles for subject ig in group g (with ig ¼ 1, . . . , Ng and 
g ¼ 1, . . . , G). This vector can be described as a linear func
tion of the m latent factors (Mulaik, 2010):

xig ¼ sg þ Kgnig
þ eig (1) 

where sg is a p-dimensional vector of group-specific intercepts, 
Kg is a p�m matrix of group-specific factor loadings, nig 

is a 
m-dimensional vector of latent factor scores, and eig is a 
p-dimensional vector of error terms. For maximum-likelihood 
estimation, the latent factor scores are assumed to be multi
variate-normally distributed; specifically, nig

� MVNðag , UgÞ, 
where ag denotes the factor means of group g and Ug the fac
tor (co-)variances. In MG-EFA, the factors are rotationally 
indeterminate per group, which means there are infinitely 
many sets of factor solutions which have the same fit to the 
data but lead to different interpretations of the solution. This 
has to be resolved per group by a rotation criterion (De 
Roover & Vermunt, 2019), which often improves interpretabil
ity by pursuing simple structure – where each observed vari
able has near-zero loadings for all factors but one. As already 
mentioned, we will employ MGFR to address this issue (details 
will follow in a later section), which not only strives for simple 
structure but also maximizes the similarity of the rotated 
loadings across groups. The error terms are also assumed 

1We abbreviate the method by AESEM following Asparouhov and Muth�en 
(2023). They extended the alignment method (Asparouhov & Muth�en, 2014) 
to the general exploratory structural equation model (ESEM; Asparouhov & 
Muth�en, 2009), which leads to the abbreviation AESEM (aligned ESEM). 
However, we will only look at the measurement model part of ESEMs, which 
are EFAs.
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to be multivariate-normal and independent of the factor 
scores; specifically, eig � MVNð0, WgÞ, where Wg is a p� p 
diagonal matrix which contains the unique variances of the 
observed variables in group g. Combining all of the above, 
we arrive at the group-specific model-implied covariance 
matrix Rg ¼ KgUgK

>
g þWg :

2.2. Testing Procedure

In a factor-analytic context, MI is tested by fitting and compar
ing increasingly constrained models (De Roover et al., 2022; 
Vandenberg & Lance, 2000). Many comprehensive guides for 
MI testing in this context exist, so we will keep this section 
rather short (see e.g., Putnick & Bornstein, 2016; Van de 
Schoot et al., 2012). The first step is to test whether configural 
MI holds. Configural MI means that the construct architecture, 
that is, the number of latent factors and the location of zero- 
loadings are equivalent across groups. This is tested by estimat
ing the baseline model in Equation (1) per group. Because there 
are no loadings constrained to zero in MG-EFA, the only 
model misspecification that could cause the overall model fit to 
be bad is a different number of latent factors. For example, the 
baseline models for all groups are estimated with three latent 
factors but in one group there are actually four latent factors. 
To partially identify the model, the factor means ag are set to 0 
and the factor covariance matrix Ug is set to an m�m identity 
matrix, that is, with factor variances of 1 and factor covariances 
of 0 (Van de Schoot et al., 2012). In the next step, the invariance 
of factor loadings, called weak or metric MI, is tested. For this, 
the fit of the baseline model is compared to the fit of a model in 
which loadings are constrained to be equal across groups (i.e., 
K1 ¼ . . . ¼ KG). If metric MI is supported, latent covariances 
or relations (e.g., how extraversion relates to other latent varia
bles) can be compared between groups (De Roover et al., 2022). 
Strong or scalar MI is assessed by comparing the fit of the met
ric model with the fit of a model with constrained intercepts 
(i.e., s1 ¼ . . . ¼ sG). If scalar MI is supported, comparisons of 
latent factor means are warranted (e.g., the means of extraver
sion). In the last step, strict or residual MI is tested by con
straining the unique variances of the observed variables, that is, 
the diagonal of Wg , to be equal across groups. If residual MI 
holds and factor variances are equal as well, this means that the 
item reliabilities are equal across groups (e.g., extraversion is 
measured with the same precision in different groups) 
(Vandenberg & Lance, 2000). However, this level of MI can be 
difficult to achieve and is not a prerequisite for the comparison 
of latent factor means (Chen, 2007; Vandenberg, 2002).

A decrease in fit when estimating a more restricted 
model is an indication that the tested level of MI is not sup
ported (Chen, 2007; Cheung & Rensvold, 2002); for 
example, if the comparative fit index (CFI) decreases by 
more than 0.01 and/or the root mean squared error of 
approximation (RMSEA) increases by more than 0.01. 
Rutkowski and Svetina (2014) propose more liberal cut-offs 
for when the number of groups exceeds 10, especially for 
testing metric MI: a decrease of the CFI by more than 0.02 
and an increase of the RMSEA by more than 0.03. 
Appropriate cutoffs for model fit evaluation depend on both 

model complexity and sample size (Cao & Liang, 2022b; 
Goretzko et al., 2023), so researchers should not carelessly 
adopt proposed values. Cao and Liang (2022a) provide more 
detailed recommendations on the choice of common fit 
measures to detect violations of MI in models with cross- 
loadings. A stricter comparison of the models by a v2-differ
ence test is also possible as the respective models are always 
nested. However, as the test is highly sensitive to sample 
size, the use of fit indices is widely considered more suitable 
(De Roover et al., 2022).

2.3. When to Use MG-EFA

When applying MG-EFA, no statistical knowledge beyond 
that of single-group EFA is needed. Instead of investigating 
one loading matrix, researchers get to work with up to G 
loading matrices (with G being the number of investigated 
groups). One thing that is more challenging in MG-EFA is 
the choice of rotation and its interpretation. Choosing the 
right rotation is never easy because, depending on the rota
tion, different interpretations of the factor solutions emerge. 
When dealing with more than one loading matrix, the con
clusions about invariance or non-invariance might change 
when using different rotations (De Roover & Vermunt, 
2019). The issue of rotation in the multi-group case will be 
discussed thoroughly in the section on MGFR. It should 
also be kept in mind that whereas in the single-group case 
the data are usually standardized, in multi-group settings it 
is common to use unstandardized data (i.e., to model 
covariance instead of correlation matrices).

MG-EFA comes with a lack of flexibility and strong 
assumptions that have to be made. MG-EFA can only test 
MI on covariates that are measured and for which hypothe
ses about non-invariance exist. If a covariate associated with 
non-invariance is not measured or if there are no hypothe
ses about non-invariant group constellations, MG-EFA 
reaches its limits. For example, researchers have to choose 
the covariate gender and form hypotheses about non-invari
ant groups to test MI on this covariate. However, more 
often than not the choice of which covariate to test for non- 
invariance is not straightforward (Sterner et al., 2024). 
Testing all available covariates with all potential group con
stellations leads to the already mentioned multiple testing 
problem. This is emphasized in cases where a covariate 
encompasses many groups and nearly impossible when a 
covariate is continuous (e.g., age; Putnick & Bornstein, 
2016). To summarize, if you want to test MI for a measured 
categorical covariate with a small number of groups, and if 
specifying a CFA model might be too strict, MG-EFA is a 
good option. If not, you might want to resort to one of the 
methods presented in the following. We will explain how 
these methods can find unmeasured clusters of groups for 
which MI holds, investigate MI along a continuous covariate 
or identify covariates associated with MI without any 
hypotheses about them.
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3. Mixture Multi-Group EFA

3.1. Model Specification

MMG-EFA extends MG-EFA by building on the assumption 
that, although parameters differ across groups, some groups 
have equal measurement parameters. Thus, there may be 
clusters of groups based on these parameters for which MI is 
supported. Therefore, MMG-EFA performs clustering based 
on finite mixtures (McLachlan et al., 2019) to identify 
groups that have equal parameters in the measurement 
model (Leitg€ob et al., 2023), for example, equal loadings (De 
Roover et al., 2022) and/or equal intercepts (De Roover, 
2021). Groups within the same cluster are then modeled 
with cluster-specific loadings and/or intercepts. Parameters 
of the measurement model that pertain to a higher level of 
invariance (e.g., unique variances) are still estimated group- 
specifically. The parameters of the structural model (i.e., fac
tor means and factor (co)variances) are also free to vary 
among groups in the same cluster. The assumption of 
underlying clusters implies that the data-generating model 
of the observed variables xig is a mixture of multivariate- 
normal distributions with K components (which we call 
clusters). All observations of a group are assumed to stem 
from the same normal distribution, that is, there are no par
ameter differences below the group-level (e.g., differences on 
the observation-level within a group). Because EFA-based 
methods are especially useful for evaluating main- and 
cross-loading differences between groups, we focus on the 
model with cluster-specific loadings (De Roover et al., 
2022). We refer readers interested in the model with clus
ter-specific intercepts to De Roover (2021). The MMG-EFA 
model with cluster-specific loadings for group g is

f ðXg ; hÞ ¼
XK

k¼1
pkfgkðXg ; hgkÞ ¼

XK

k¼1
pk
YNg

ig¼1
MVNðxig ; lg , RgkÞ

(2) 

where the model-implied covariance matrix for group g con
ditional on the cluster membership zgk ¼ 1 is given by 
Rgk ¼ KkUgkK

>
k þWg : Note that lg are the group-specific 

item means, which are equal to the intercepts in case of fac
tor means of 0. The density of the distribution of the 
whole population is denoted by f. The prior classification 
probability of a group to belong to each of the K clusters is 
indicated by pk (thus, 

PK
k¼1 pk ¼ 1) and fgk is the kth clus

ter-specific density for group g. hgk denotes the parameter 
set of these distributions, containing both the mean vectors 
and covariance matrices. After model estimation, posterior 
classification probabilities ẑgk are obtained that indicate the 
estimated probability that group g belongs to cluster k. 
Notice how the loading matrices Kk are now cluster-specific 
(with rotational freedom per cluster), whereas the intercepts 
sg and the unique variances Wg remain group-specific (for 
an explanation why the factor (co-)variances Ugk are group- 
and cluster-specific, see De Roover et al., 2022). This 
renders the covariance matrix Rgk to be group- and cluster- 
specific but only the cluster-specific loadings influence the 
clustering.

It is important to note that the invariance of parameters 
within each cluster only holds under the assumption that 
the correct number of clusters K was extracted. If too few 
clusters are selected, MI may not hold within each cluster. 
If too many clusters are selected, MI may hold across some 
of the clusters. This model selection problem is addressed 
by combining both the Bayesian Information Criterion (BIC; 
Schwarz, 1978) and the Convex Hull procedure (Ceulemans 
& Kiers, 2006; CHull; Ceulemans & Van Mechelen, 2005). 
The BIC tries to strike a balance between model fit and 
complexity by adding a penalty for additional free parame
ters and larger sample sizes. De Roover et al. (2022) and De 
Roover (2021) recommend to use the number of groups G 
for the sample size when computing the BIC (instead of the 
actual sample size) because the clustering operates at 
the group level. CHull can be seen as a generalization of the 
scree test (Cattell, 1966), again trying to balance model fit 
and complexity. This is similar to the approach suggested 
by Lorenzo-Seva et al. (2011) to determine the number of 
factors to be extracted in EFA. We refer readers to De 
Roover et al. (2022) and De Roover (2021) for more tech
nical details on these two model selection strategies. It is 
best to run multiple MMG-EFAs with different numbers of 
clusters and to choose the solution with the lowest BIC and 
the highest scree-ratio resulting from CHull. In general, 
when in doubt about how many clusters to extract, it is rec
ommended to investigate the two or three best solutions. 
Only if the additional clusters show substantive parameter 
differences, the solution with more clusters should be pre
ferred over the parsimonious solution with less clusters (De 
Roover, 2021). Additionally, applying MG-EFA per cluster 
to test whether MI holds within each cluster can be a way 
to check if the selected number of clusters is plausible.

3.2. When to Use MMG-EFA

As mentioned, we focus on the MMG-EFA model with clus
ter-specific loadings (De Roover et al., 2022) but the follow
ing points also apply to the model with cluster-specific 
intercepts (De Roover, 2021). MMG-EFA proves especially 
useful when you want to efficiently investigate measurement 
(non-)invariance across many groups. By introducing the 
assumption that there are clusters of invariant groups, the 
number of parameters that have to be compared in a pair
wise manner are reduced. This can even be beneficial in 
case of a medium number of groups. For example, in the 
case of six groups, 15 pairwise comparisons would be 
needed to test all possible pairs of groups for MI. By assign
ing these six groups to three clusters (two groups each), the 
number of pairwise comparisons is reduced to three. 
Needless to say, the higher the number of comparisons, the 
higher the risk of falsely detecting non-invariance (De 
Roover, 2021; Rutkowski & Svetina, 2014).

Similarly, finding clusters of groups according to their meas
urement parameters helps in pinpointing which items are 
problematic with regard to MI (De Roover, 2021). By compar
ing the cluster-specific loadings or intercepts, items that are the 
source of non-invariance can be identified, again with less 
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pairwise comparisons. Another advantage is that the clustering 
might help to remedy small group sizes. When group sizes are 
too small to allow for a precise estimation of group-specific 
parameters, estimating parameters (e.g., loadings) cluster-spe
cifically helps to achieve more reliable estimates.

For now, MMG-EFA can only be applied to continuous 
data, for which the assumption of normality is plausible. At 
least, data should be ordinal with five or more answer catego
ries and no severe non-normality (De Roover et al., 2022). 
Researchers should thus make this assumption deliberately 
and should ensure that the data are approximately normal. 
Consequently, checking whether the data are approximately 
normal (ideally per group, since normality is assumed per 
cluster), having at least five answer categories for the ques
tionnaire items, and having a large sample (to mitigate the 
effects of non-normality) are recommended when applying 
MMG-EFA (De Roover et al., 2022; Dolan, 1994).

4. EFA Trees

4.1. Model Specification

Usually, MI is tested with regard to the covariate of interest 
for comparison (e.g., gender). However, MI could also be 
violated in a more nuanced way by another covariate which 
is not considered. EFA trees can uncover covariates that are 
associated with violations of MI in a data-driven manner, 
that is, without any prior assumptions about which covari
ates to investigate (Sterner & Goretzko, 2023). To do so, 
they make use of model-based recursive partitioning 
(Hothorn et al., 2006; Zeileis et al., 2008). This algorithm 
tests whether parameters of the model are stable across 
groups that are defined by some covariate. If the parameters 
are unstable, it splits the data on the covariate which best 
explains this instability. More specifically, they loop through 
a three-stage process (Zeileis et al., 2008):

1. A model (in our case, an EFA) is fit to the entire sam
ple by estimating the model parameters via maximum 
likelihood estimation. Let PðY , hÞ be the objective func
tion, h ¼ ðK, U, WÞ the vector of model parameters (i.e., 
factor loadings, factor correlations, and unique varian
ces) and Y the observations, with elements Yi, i ¼
1, :::, N: The parameter estimates ĥ can be obtained by 
solving the first order condition

XN

i¼1
pðYi, ĥÞ ¼ 0 (3) 

whereby

pðY , hÞ ¼
oPðY , hÞ

oh
(4) 

is the score function of PðY , hÞ:
2. A test for parameter stability is performed with regard to 

every covariate by means of null hypothesis tests (struc
tural change test). For this, the algorithm assesses 

whether the corresponding scores evaluated at the par
ameter estimates, p̂i ¼ pðYi, ĥÞ, fluctuate randomly 
around their mean 0. In each node, the model needs to 
be estimated only once to assess parameter stability (i.e., 
MI) with regard to different covariates. After every cova
riate has been evaluated, the one associated with the low
est (Bonferroni-corrected) p-value below a significance 
level a is selected for splitting the model. Note that by 
Bonferroni-correcting the p-values, the prespecified sig
nificance level a is ensured for the whole tree and the 
issue of multiple testing is accounted for (see Zeileis 
et al., 2008 for details on the distribution of the test sta
tistics and how corresponding p-values are computed).

3. Once a covariate for splitting is found, the optimal split 
point on this covariate has to be computed. Note how 
the identification of a covariate to split on and the search 
for the split point on this covariate are two separate 
steps. This ensures that the bias of other tree algorithms 
(like CART or C4.5) toward selecting covariates with 
many potential split points is remedied. When splitting 
the model into B segments, two potential segmentations 
can be compared by evaluating the segmented estimation 
functions 

PB
b¼1
P

i2Ib
PðYi, hbÞ: For continuous covari

ates, an exhaustive search over all potential segmenta
tions is performed. For a split into B¼ 2 segments, this 
can be performed in O(N) operations, where N is the 
sample size. For categorical covariates, all potential con
stellations are evaluated. For a split into B¼ 2 segments, 
this can be performed in Oð2C−1Þ operations, with C 
being the number of categories. To keep the computa
tional demand low and the examples illustrative, we only 
consider splits into two segments. However, this still 
allows us to identify covariates that define more than 
two non-invariant groups. For this, an EFA tree would 
simply split twice (or multiple times) on this covariate.

These three steps are repeated until a) no parameter 
instability in a leaf node is statistically significant, b) a pre
specified depth of the tree is reached, or c) the sample size 
in a leaf node falls below a prespecified minimal value. For 
more mathematical details on the structural change tests, 
see Hothorn et al. (2006), Zeileis and Hornik (2007) and 
Zeileis et al. (2008). For more details regarding EFA trees 
specifically, see Sterner and Goretzko (2023).

4.2. When to Use EFA Trees

The main advantage of EFA trees is that no hypotheses 
about covariates potentially associated with (non-)invariance 
are needed. EFA trees automatically test all covariates for 
non-invariance, as opposed to (M)MG-EFA where grouping 
covariates have to be specified. In this, they can simultan
eously handle categorical and continuous covariates. If one 
expects non-invariant groups associated with interactions 
between covariates, these interactions can be detected in two 
ways (Zeileis et al., 2008): Either the interaction term is 
added as a potential split covariate into the algorithm; or, to 
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preserve the exploratory spirit of EFA trees, one could allow 
“deeper” trees, that is, trees that split the data more than 
once. All splits in a tree are conditional on all prior splits. 
Suppose an EFA tree splits the data twice on two different 
covariates age and gender: Each leaf node (the final node in 
a tree) can be seen as a group defined by an interaction 
between these two covariates that lead to this leaf node, for 
example, women that are older than 30 years.

One issue that has to be kept in mind is that EFA trees are 
rather uninformative as to why they split the data. That is, 
there is no information available about which parameters of 
the measurement model differ across groups, causing the tree 
to split the data (Sterner & Goretzko, 2023). Consequently, 
researchers have to thoroughly investigate the models in the 
leaf nodes. This requires both domain expertise and experi
ence in interpreting EFA results (e.g., different rotations of a 
loading matrix). As already mentioned, different rotations of 
the resulting solutions might lead to different conclusions 
about MI (De Roover & Vermunt, 2019). One remedy we will 
present below is the use of MGFR on the models in the 
nodes. Alternatively, Sterner and Goretzko (2023) describe 
how to apply elastic net regularization on the EFA models in 
the leaf nodes. Note that, given a specific type of regulariza
tion and set of hyperparameters, regularization yields a unique 
solution. However, changing these settings can again alter the 
conclusions about MI.

Even though EFA trees can assess MI on multiple covari
ates at the same time, it can only detect MI if the covariate 
causing it is measured (Sterner & Goretzko, 2023). If this 
covariate is not measured but a covariate correlated with the 
relevant one is available, non-invariance may still be 
detected (Strobl et al., 2015). As a consequence, if an EFA 
tree splits the data on a covariate, we would be cautious to 
interpret this covariate as the cause of the non-invariance. 
Every covariate identified for splitting could also be an 
observed indicator of a latent cause. Again, this underpins 
the importance of domain expertise when interpreting EFA 
trees.

To summarize, EFA trees require no hypotheses about 
the grouping variable(s) that is (are) relevant to capturing 
invariance and non-invariance in the data. However, 
domain expertise to interpret their results are indispens
able. We recommend EFA trees for two scenarios specific
ally: First, in the earliest stages of questionnaire 
development, EFA trees allow for a thorough screening of 
various covariates and therefore numerous groups with 
varying measurement models. Even though MI is usually 
considered prior to latent mean comparisons, taking it 
into account when constructing a measure can help to 
prevent later issues with data analysis. The exploratory 
nature of EFA trees can assist researchers to consider 
every possible group constellation in this phase. Second, 
they can be applied prior to group comparisons with 
many available covariates, especially when many covariates 
are continuous. EFA trees can help to identify interactions 
that should be accounted for, in order to not render group 
comparisons meaningless.

5. Multi-Group Exploratory Factor Alignment

5.1. Model Specification

Alignment aims at enabling a comparison of latent means 
across groups when full MI is not supported; that is, when 
there are some small differences in parameters across groups 
(Asparouhov & Muth�en, 2014, 2023). This is done by first 
estimating a configural model, that is, a model where all 
parameters are estimated group-specifically (this corre
sponds to the model in Equation (1)). The factor means and 
variances of these models are set to 0 and 1, respectively, 
for each group. In a second step, the alignment step, the 
factor means and variances of the groups are chosen so that 
the amount of non-invariance across groups is minimized. 
This corresponds to minimizing the differences between 
loadings and intercepts across groups. It is important to 
note that the factor means and variances are unidentifiable. 
As a consequence, the alignment does not change the model 
fit when searching for optimal values of the factor means 
and variances. To resolve this unidentifiability and to arrive 
at the optimal (i.e., “most invariant”) values, an alignment 
function F is minimized with respect to the factor means 
and variances (Asparouhov & Muth�en, 2014, 2023):

F ¼
X

m

X

p

X

gk<gl

wgk , gl f ðkmpgk − kmpglÞ

þ
X

p

X

gk<gl

wgk , gl f ðspgk − spglÞ (5) 

where gk and gl represent groups k and l (with k ¼ l) for 
every possible pair, and kmpgk and kmpgl (spgk and spgl ) indi
cate the factor loadings (intercepts) of groups k and l, 
respectively. Because in AESEM cross-loadings are consid
ered, all factors are aligned at the same time, in contrast to 
the original alignment method where all factors are aligned 
separately (Asparouhov & Muth�en, 2023). wgk , gl is a weight 
that depends on the group sizes, wgk , gl ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffi
Ngk Ngl

p
, and thus 

expresses the certainty with which parameters for a group 
are estimated. The component loss function f is used to 
scale the observed parameter differences among the groups. 
It is chosen to be 

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 þ �
pp

, where � is a small number, 
e.g., 0.001. This function is approximately the same as 

ffiffiffiffiffi
jxj

p

with � being added to ensure continuous differentiability 
(Asparouhov & Muth�en, 2014; Robitzsch, 2023). Equation (5)
is minimized when the majority of loadings and intercepts are 
invariant, and only a small number of parameters are (largely) 
non-invariant (i.e., the number of non-invariant parameters is 
minimized). Medium-sized non-invariant parameters are 
avoided by this specific loss function (Kim et al., 2017).

Alignment cannot be considered a test of a specific level of 
MI (e.g., metric or scalar MI). However, the Mplus output pro
vides invariance hypothesis tests for all parameters across 
groups (Flake & McCoach, 2018; Luong & Flake, 2023). That is, 
for every parameter estimate (e.g., for every loading), it is tested 
whether it is equivalent across groups. Additionally, an effect 
size estimate R2 is provided for each parameter (Asparouhov & 
Muth�en, 2014). This coefficient indicates the degree to which a 
parameter is invariant across groups, ranging from 0 
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(completely non-invariant) to 1 (completely invariant). The 
combination of these hypothesis tests and effect size estimates is 
an indication for the degree of (non-)invariance of a parameter 
across groups (Flake & McCoach, 2018).

The alignment approach has been extended to the EFA 
model in Asparouhov and Muth�en (2023). The only differ
ence to the procedure just described is that the (unrotated) 
configural model is rotated first, before being aligned. As 
usual, the rotation is done by minimizing a rotation criter
ion (e.g., geomin). Quite naturally, these separate steps of 
rotation and alignment can also be combined by adding the 
rotation function to the alignment loss function in Equation 
(5). This joint function is then minimized with respect to 
the factor means, factor variances, and the rotation criterion 
(i.e., usually a criterion aiming at simple structure solu
tions). In order to preserve the order of first rotating and 
then aligning the model, Asparouhov and Muth�en (2023) 
assign an infinitely large weight to the rotation part of the 
joint function. As a consequence, the method first estimates 
a rotated configural model which is then aligned, condi
tional on the rotated solution.

5.2. When to Use AESEM

As already mentioned, AESEM—or alignment, in general—is 
not a test of MI but enables a comparison of latent means 
without having to make the assumption of exact MI. 
Especially in cases with many groups, there are many possibil
ities of MI being violated, so assuming exact MI is often 
unrealistic (Davidov et al., 2014). One assumption that has to 
be made for AESEM, however, is that most measurement 
parameters are invariant and only few parameters are non- 
invariant. A rough rule-of-thumb in the literature is that 25% 
of the parameters can be non-invariant (Asparouhov & 
Muth�en, 2014; Flake & McCoach, 2018; Luong & Flake, 
2023). If one is willing to make this assumption, AESEM pro
duces a model with a clear interpretation about (non-)invari
ance. Researchers are provided with approximate latent means 
which can be used to compare groups even if exact MI is not 
supported (Asparouhov & Muth�en, 2014, 2023). This makes 
AESEM a powerful follow-up method for the other methods 
presented here and elsewhere because it provides a way of 
handling non-invariant measurement models. One advantage 
of alignment in general is that it is well-researched under vari
ous conditions and that applications of the method on real 
data exist. For example, we refer readers to Munck et al. 
(2018) and Lomazzi (2018) for exemplary applications, to 
Luong and Flake (2023) for an in-depth tutorial, and to Flake 
and McCoach (2018) for a simulation study on its perform
ance with polytomous items. Rudnev (2019) details a tutorial 
on alignment with Mplus syntax.

A disadvantage of alignment in combination with EFA 
(i.e., AESEM) is that the implemented rotation does not 
pursue agreement of loading matrices between groups. 
Instead, when rotating the configural models before the 
alignment step, AESEM solely applies a common rotation 
criterion like simple structure rotation (e.g., geomin, pursu
ing one non-zero loading per item) in every group 

(Asparouhov & Muth�en, 2023). While this yields interpret
able loading matrices per group, it is suboptimal for the 
evaluation of loading differences between groups (De Roover 
& Vermunt, 2019). As we will describe in the section on 
MGFR, a combined criterion that optimizes simple structure 
per group and agreement between groups would be a more 
suitable choice. Further, it is unfortunate that such a power
ful method is only properly implemented in the commercial 
software Mplus. Many more researchers could benefit from 
this tool if open-source implementations were available. The 
only open-source implementation of the alignment function 
is provided in the the R package sirt (Robitzsch, 2022). 
However, because alignment is not the focus of the sirt 
package, its functionalities are limited compared to Mplus 
(e.g., it only supports alignment per factor, that is, for CFA 
models without cross-loadings).

6. Multi-Group Factor Rotation

6.1. Model Specification

As we have mentioned several times throughout this paper, 
EFA models are only determined up to admissible rotations. 
That is, the estimated solutions can be rotated in infinitely 
many ways without altering the goodness of fit of the 
model. To resolve this rotational indeterminacy, a rotation 
criterion has to be specified (see Browne, 2001 for an over
view). What changes with different rotations, however, is 
the interpretation of the solutions. Depending on the rota
tion, the loading patterns (i.e., the size and probably also 
the allocation of primary and cross-loadings to latent fac
tors) may completely change for a group. This, in turn, 
affects the conclusions regarding (non-)invariance across 
groups. Consequently, the choice of the rotation criterion is 
critical in a multi-group context (De Roover & Vermunt, 
2019). If we are only interested in whether all loadings are 
invariant, the rotation of the solution is irrelevant. This is 
because a fully invariant factor model will show invariant 
loading patterns among all groups for every admissible rota
tion. We would then just compare the fit of the configural 
model and the metric MI model. If the loadings are invari
ant, we can impose equal loadings across groups and apply 
simple structure rotation or target rotation to this single set 
of loadings. If, however, loadings are non-invariant across 
group, we need to stick with the group-specific loadings and 
our goal would be to identify which loadings are non-invari
ant. This is needed to consider partial MI or item selection, 
or to reason about potential sources of non-invariance (De 
Roover & Vermunt, 2019). Solely applying simple structure 
rotation per group would not be optimal because it does 
not pursue agreement of the rotated factor loadings between 
groups. De Roover and Vermunt (2019) introduced MGFR 
to solve this rotation issue and provide a way of identifying 
loading differences between groups by means of hypothesis 
testing.2 By applying MGFR, the solutions are rotated both 
to simple structure per group and to agreement between 

2To enable hypothesis testing of rotated factor loadings, Jennrich (1973) 
showed how to derive the standard errors.

123



groups. For this, MGFR minimizes a rotation criterion and 
an agreement criterion (i.e., minimizes disagreement 
between groups) in a combined multi-group criterion:

RMGðK1, . . . , KGÞ ¼ wRA þ ð1 − wÞ
XG

g¼1
RSS

g (6) 

where RA is an agreement criterion for all groups, RSS
g a 

simple structure rotation criterion for group g, and w 2
½0, 1� a weight to assign relative importance to these two cri
teria. When optimizing this combined multi-group rotation 
criterion (by means of constrained maximum likelihood 
estimation), the group-specific factor variances and cova
riances are allowed to differ across groups, which helps to 
unravel differences in loadings from differences in factor 
(co-)variances (De Roover & Vermunt, 2019). In this, 
MGFR is similar to AESEM in the sense that it rotates and 
rescales the parameters. However, as shown in Equation (6), 
it performs these two steps at the same time—so that both 
rotation and rescaling optimize the agreement—while not 
considering the item intercepts. This makes MGFR the bet
ter alternative when the focus lies on investigating met
ric MI.

RSS
g can currently be oblimin or geomin, or a target rota

tion toward an assumed measurement model.3 For RA, De 
Roover and Vermunt (2019) present two possible choices, 
namely, generalized procrustes (GP; Ten Berge, 1977) and 
loading alignment (LA). GP minimizes large loading differ
ences between groups while allowing small differences. This 
is achieved by applying the least squares principle:

RA
GP ¼

XG

gk¼1

XG

gl¼gkþ1

X

p

X

m
ðkgkpm − kglpmÞ

2 (7) 

Here, kgkpm is the loading of item p on factor m in group 
gk. Although GP is originally an orthogonal rotation, the 
solution can be oblique because MGFR combines it with an 
oblique simple structure rotation.

LA is closely related to the alignment function in 
Equation (5) but considers only the loadings:

RA
LA ¼

XG

gk¼1

XG

gl¼gkþ1

X

p

X

m

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðkgkpm − kglpmÞ
2
þ �

qr

(8) 

where � is again a small number to ensure continuous dif
ferentiability. LA pushes small loading differences to 0 while 
allowing (few) large differences. Because loading differences 
are then either 0 or large, LA is suitable to disentangle non- 
invariant and invariant loadings. Despite this theoretical 
advantage, MGFR with GP as the RA criterion performed 
much better in the simulation studies by De Roover and 
Vermunt (2019).

All EFA-based MI-methods inherit the challenge of 
resolving rotational indeterminacy in the multi-group case. 
In the following empirical demonstration of the methods, 
we thus show how they can be combined with MGFR to 

achieve interpretable and comparable factor solutions. 
Table 1 provides an overview of the assumptions, hyper
parameters, and capabilities of the presented EFA-based MI 
methods.

7. Empirical Demonstration

7.1. Data

For our empirical demonstration of the presented methods, 
we used the dataset published by Bago et al. (2022) and 
investigated MI of the Oxford Utilitarianism Scale (OUS; 
Kahane et al., 2018). In a multilab study, Bago et al. (2022) 
examined the influence of psychological and situational fac
tors on the judgement of moral dilemmas. Following Bago 
et al. (2022), we excluded participants who showed patterns 
of careless responding (i.e., wrong answers to control ques
tions), indicated to have had technical problems, and did 
not answer the material in their native language. For simpli
city of the subsequent analyses, we deleted all rows that 
contained missing values. This led to a final sample size of 
N¼ 21746.

The OUS measures utilitarian thinking, that is, how 
strongly people believe that actions should always aim at 
maximizing the overall good. It consists of two independent 
subscales, impartial beneficence (IB; measured by five items) 
and instrumental harm (IH; measured by four items). IB 
describes the attitude that no individual is more important 
than another, while IH means that moral rules can be 
neglected if it is for a greater good. Participants indicated 
their agreement to the items on a seven-point Likert scale (1 
¼ “strongly disagree”, 4 ¼ “neither agree nor disagree”, 7 ¼
“strongly agree”). The items of the OUS can be found in the 
Appendix. We refer interested readers to Kahane et al. 
(2018) for more details on the OUS. Although assumptions 
about which items belong to which subscale are available, 
we only considered EFA models in our empirical demon
stration (i.e., all items are allowed to load on both factors IB 
and IH). This let us illustrate in more detail one of the 
advantages of EFA-based MI investigations: they yield a 
more detailed picture of loading non-invariance by also tak
ing into account (differences in) cross-loadings.

The data further contain many covariates for which (a 
violation of) MI of the OUS can be investigated. We did 
not consider every covariate with every method. Rather, we 
selected for each method the covariate(s) that we think best 
demonstrate(s) the main advantages of the respective 
method. In general, we applied all methods simply for 
didactic purposes to showcase their exemplary application. 
Our recommendation is not to always apply all methods. 
We looked at the following covariates:

� level of religiosity: continuous on a scale from 1 (lowest) 
to 10 (highest); M¼ 4.21 SD¼ 2.79

� region: categorical with three levels “Southern” 
(N¼ 4692), “Eastern” (N¼ 2762), and “Western” 
(N¼ 14292)

3Varimax rotation is also available but—in most cases—less ideal because it 
does not allow to disentangle differences in factor loadings from differences 
in factor (co-)variances.
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� age: continuous; M¼ 26.05 SD¼ 10.25
� gender: categorical with four levels “male” (N¼ 6300), 

“female” (N¼ 15189), “other” (N¼ 63), and “I wish not 
to answer” (N¼ 194)

� country of origin: categorical with 45 levels.

7.2. Software

The analyses were run in R (version 4.3.1; R Core Team, 
2021), Mplus (version 8.9), and Latent Gold (Vermunt & 
Magidson, 2016), depending on which method is available 
in the respective software (see also Table 1). For analyses in 
R, we used the packages lavaan (Rosseel, 2012), semTools 
(Jorgensen et al., 2022), partykit (Hothorn & Zeileis, 2015), 
mixmgfa (available at https://github.com/KimDeRoover/ 
mixmgfa/). Additionally, we created the R package EFAtree 
(https://github.com/philippsterner/EFAtree) which imple
ments the EFA trees presented by Sterner and Goretzko 
(2023). The paper was written using the package papaja 

(Aust & Barth, 2020). All code needed to reproduce the 
analyses is openly available at https://osf.io/n8x5d/.

8. Results

8.1. MG-EFA

To demonstrate the use of MG-EFA, we investigated MI of 
the OUS on the covariate region, that is, between eastern, 
southern, and western participants. Table 2 shows that the 
configural model (with two latent factors for all groups) has 
an acceptable model fit. The v2-difference tests for both the 
comparisons of the configural and the metric as well as the 
metric and the scalar model is significant (both p-values are 
< 0.005). Judging by these test results, we would have to 
conclude that neither loadings nor intercepts are equal 
across the three groups. However, as mentioned, the v2-dif
ference test is highly sensitive to sample size, which is quite 
large for the data set at hand. Differences in fit indices 

Table 1. Overview of methods based on exploratory factor analysis.

Method Assumptions Hyperparameters Covariates Level of MI tested Result

MG-EFA (Dolan et al., 
2009) Available in: R, 
Mplus, Latent Gold

Observed covariates 
(e.g., region) define 
potentially non- 
invariant groups 
(e.g., eastern and 
western region)

Level of significance for 
hypotheses tests

� Only categorical 
covariates 

� Only covariates with 
limited number of 
groups

All levels (configural, 
metric, scalar, 
residual)

� Group-specific 
parameter estimates 

� Hypothesis tests 
and fit indices for 
different levels 
of MI

MMG-EFA (De Roover, 
2021; De Roover 
et al., 2022) 
Available in: R, 
Latent Gold

� There are clusters of 
groups for which 
parameters are 
invariant 

� For now: data are 
multivariate 
normally distributed

Number of clusters to 
be extracted

� Only categorical 
covariates 

� Covariates can have 
many groups

Metric and/or scalar 
(between unobserved 
clusters)

� Unobserved clusters 
of groups 

� Sets of cluster- 
specific, invariant 
parameter estimates

AESEM (Asparouhov & 
Muth�en, 2023) 
Available in: Mplus

Most parameters are 
invariant, only few 
parameters are non- 
invariant

� Level of significance 
for hypotheses tests 

� Additive constant in 
loss function to 
ensure 
differentiability

� Only categorical 
covariates 

� Covariates can have 
many groups

No test of a specific 
level of MI (tests 
parameter difference 
for every parameter 
across all groups)

� Set of invariant 
parameters (or 
indication for which 
specific groups the 
parameter is not 
invariant) 

� Aligned factor 
scores that can be 
compared across 
groups

EFA trees (Sterner & 
Goretzko, 2023) 
Available in: R

For continuous 
covariates (e.g., age): 
there are two 
discrete groups 
defined along the 
covariate for which 
MI is violated (i.e., 
there are no gradual 
parameter 
differences)

� Level of significance 
for hypotheses tests 

� Maximum depth of 
trees 

� Minimum sample 
size in each leaf 
node

Both categorical and 
continuous covariates

� No test of a specific 
level of MI (tests 
parameter instability 
across all covariates) 

� Cannot find 
differences in 
intercepts 
(scalar MI)

� Groups defined by 
(interactions 
between) covariates 
across which MI is 
violated 

� Group-specific 
parameter estimates

MGFR (De Roover & 
Vermunt, 2019) 
Available in: Latent 
Gold

� For GP agreement: 
More large 
differences in 
loadings, less small 
differences 

� For LA agreement: 
Less large 
differences in 
loadings, more 
small differences

� Rotation criterion 
� Agreement criterion 
� Weight between 

rotation and 
agreement

� Only categorical 
covariates 

� Number of groups 
(¼ number of 
resulting loading 
matrices) should still 
be comparable and 
interpretable

Metric MI � Group-specific 
loading matrices 
(rotated to simple 
structure and 
agreement) 

� Group-specific factor 
covariance matrices 

� Hypotheses tests for 
loading equivalence 
across groups

Note. MI¼Measurement invariance, (M)MG ¼ (Mixture) multi-group, EFA¼ Exploratory factor analysis, AESEM¼Multi-group Exploratory Factor Alignment, 
MGFR¼Multi-group factor rotation, GP¼Generalized procrustes, LA¼ Loading alignment. Hyperparameters are parameters that cannot be estimated by data 
but have to be set prior to the analyses.
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reveal that the fit of the metric model (where loadings are 
constrained to be equal across groups) is not worse than the 
fit of the configural model (DRMSEA ¼ −0:01, DCFI 
¼ 0:00). Based on cut-off criteria for a comparison of a 
small number of groups (in our case: three), the conclusion 
that metric MI is supported seems more suitable (Chen, 
2007; Cheung & Rensvold, 2002). When additionally con
straining intercepts to be equal across groups, the fit 
becomes worse (DRMSEA ¼ 0:01, DCFI ¼ −0:04). 
Consequently, scalar MI seems to not be supported. We 
could conclude that latent covariances or relations (e.g., the 
correlation between IB and IH) can be compared between 
the three groups. Latent factor means, on the other hand, 
should not be compared without additional considerations 
(e.g., before establishing partial scalar MI).

As mentioned, the primary focus of EFA-based methods 
is to investigate differences in both main- and cross-loadings 
between groups. Although for this specific sample metric 
MI seems to be supported (evaluated across all items), it 
might still be informative to investigate the loadings of the 
individual items between groups. This lets us identify prob
lematic items that could be changed or dropped to increase 
the invariance of the total scale. To achieve loading matrices 
that are comparable across groups, we used MGFR with 
oblimin rotation for all groups and GP as the agreement cri
terion. The weight of the agreement criterion was set to 0.5, 
as recommended starting settings by De Roover and 
Vermunt (2019; for more detailed recommendations on how 
to set the weight w, see Figure 1 in De Roover & Vermunt, 
2019). Additionally, MGFR as implemented in Latent Gold 
provides Wald hypothesis tests that indicate which loadings 
on which factor significantly differ across groups. Of course, 
Wald hypothesis tests to identify significant differences in 
loadings could also be applied with any other rotation 
method.

Table 3 shows the resulting loading matrices. Table 4
shows the results of Wald hypothesis tests of loading invari
ance across the three regions. Due to multiple testing, we 
corrected the p-values with the Benjamini-Hochberg 
correction to control the false-discovery rate (Benjamini & 
Hochberg, 1995), using a level of significance of 0.05 (in the 
table, the corrected p-values are reported). Many main- and 
cross-loadings are significantly non-invariant across the 
three regions. For items 1, 5, 6, and 8 on factor IH and 
item 1, 2, 3, 5, 6, 8, and 9 on factor IB, the null hypothesis 
of loading invariance is supported by the data. However, 
because of the large sample size, these hypothesis tests have 
a high power to detect even small (and possibly irrelevant) 
loading differences. It is thus important to also inspect the 

loading matrices to pinpoint especially critical items.4 Most 
notable are the loading differences between regions on items 
7 (“It is just as wrong to fail to help someone as it is to 
actively harm them yourself.”) and 4 (“If the only way to 
ensure the overall well-being and happiness of the people is 
through the use of political oppression for a short, limited 
period, then political oppression should be used.”). The 
main loading of item 7 is lower for the southern region 
(compared to eastern and western regions), while it also has 
a higher cross-loading in this group. Similarly, on item 4, 
both the southern and the western region have a lower 

Table 2. Results of multi-group exploratory factor analysis between regions.

Model v2 df p-value RMSEA D RMSEA CFI D CFI

Configural 1,185.15 57 0.000 0.052 0.000 0.958 0.000
Metric 1,339.90 85 0.000 0.045 −0.007 0.953 −0.005
Scalar 2,343.10 99 0.000 0.056 0.011 0.916 −0.037

Note. v2 ¼ Value of the test statistic, df¼Degrees of freedom, RMSEA¼ Root 
mean square error of approximation, D RMSEA¼Difference in RMSEA 
between models, CFI¼ Comparative fit index, D CFI¼Difference in CFI 
between models. A p-value of 0 means that it is < 0.001.

Table 3. Unstandardized loading matrices of multi-group exploratory factor 
analysis of the Oxford utilitarianism Scale with region as grouping covariate.

Eastern Southern Western

Items IH IB IH IB IH IB

Item 1 0.30 0.74 0.29 0.81 0.26 0.77
Item 3 0.01 1.20 0.11 1.20 0.16 1.17
Item 5 −0.17 0.78 −0.25 0.88 −0.26 0.88
Item 7 0.11 0.67 0.20 0.50 −0.02 0.69
Item 9 0.02 1.02 −0.11 0.94 −0.03 0.91
Item 2 1.00 0.16 1.12 0.13 1.14 0.15
Item 4 0.75 −0.05 0.51 0.20 0.58 0.10
Item 6 1.03 −0.04 0.97 −0.08 1.00 −0.06
Item 8 1.14 0.03 1.16 −0.03 1.11 −0.03

Note. IB and IH denote the latent factors impartial beneficence and instrumen
tal harm, respectively. The factor solutions were obtained by applying multi- 
group factor rotation with oblimin rotation for all groups and generalized pro
crustes as the agreement criterion. The weight of the agreement criterion was 
set to 0.5.

Table 4. Results of Wald hypothesis tests of loading invariance across the 
three regions after multi-group exploratory factor analysis.

Factor Item Test statistic df p-value

IH Item 1 1.99 2 0.370
Item 2 17.01 2 0.000
Item 3 24.89 2 0.000
Item 4 24.48 2 0.000
Item 5 4.67 2 0.146
Item 6 2.37 2 0.349
Item 7 37.91 2 0.000
Item 8 3.65 2 0.206
Item 9 12.16 2 0.004

IB Item 1 2.52 2 0.420
Item 2 0.80 2 0.670
Item 3 1.18 2 0.664
Item 4 27.86 2 0.000
Item 5 6.31 2 0.097
Item 6 1.05 2 0.664
Item 7 25.88 2 0.000
Item 8 4.48 2 0.198
Item 9 7.00 2 0.090

Note. IB and IH denote the latent factors impartial beneficence and instrumen
tal harm, respectively. df¼Degrees of freedom. A combination of item and 
factor indicates for which item the invariance of loadings of this item on 
which factor was tested. For example: Item 1 and IB shows result of test of 
invariance of loadings of item 1 on factor IB across the three regions. p-values 
are Benjamini-Hochberg corrected. A p-value of 0.000 indicates that it is 
< 0.001.

4Effect sizes for MI are available that are independent of the sample size, for 
example EPC-interest (Oberski, 2014), dMACS (Nye & Drasgow, 2011), and 
extensions of dMACS (Gunn et al., 2020). However, these effect sizes are not 
(yet) applicable to models with cross-loadings. To identify critical items, it 
might thus be advisable to inspect items with the highest differences in 
loadings across groups relative to each other. As an outlook, researchers 
might use the outlying-variable detection method proposed by De Roover 
et al. (2017), which is also applicable to loadings of an EFA.
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main-loading than the eastern region, where the southern 
region again shows a notable cross-loading of 0.20 on this 
item. Attempts to increase MI of the OUS between regions 
could start with these two items.

8.2. MMG-EFA

We used MMG-EFA to unravel loading non-invariance of 
the OUS with regard to the covariate country. MMG-EFA is 
especially useful for this covariate because there are a large 
number of different countries, specifically 45 countries, in 
the data. While it is very unlikely that they all share the 
same loadings, it is plausible to assume that there are clus
ters of countries for which loadings are invariant. To allow 
for reliable estimations in each potential cluster, we only 
considered countries with sample sizes larger than 200. This 
led to 33 countries being considered in the analysis.

First, we conducted MMG-EFAs with one to ten clusters. 
According to both the BIC (with the number of groups as sam
ple size) and the CHull procedure, the suggested number of clus
ters is six (see Table 5), which is the solution we selected.

Table 6 shows the composition of these six clusters. Each 
country was assigned to the cluster for which its posterior 
cluster membership probability ẑgk was highest. It should be 
mentioned that ẑgk can take on any value between zero and 
one, which allows groups to have high posterior cluster mem
bership probabilities for more than one cluster. In practice, 
however, classification uncertainty is rare and limited because 
groups usually contain enough sample size for the model to 
be quite certain about their classification. In addition to the 
names of the countries, we added the region (as assigned in 
Bago et al., 2022) as well as the geographic region (i.e., the 
continent a country belongs to). The clustering does not seem 
to follow an obvious structure in terms of regions or conti
nents. However, what can be concluded is that the loadings 
within each cluster are invariant (given that the correct num
ber of clusters was selected). Two countries, China and 
Hungary, have their own cluster, which means that they do 
not share equivalent loadings with any other country.5

Table 7 shows the loading matrix of each cluster after a 
MGFR (i.e., the cluster membership was used as a new 
grouping covariate). Again, the weight of the GP agreement 
criterion was set to 0.5. Table 8 shows the results of Wald 
hypothesis tests of loading invariance across the six clusters 
for all combinations of items and factors. As can be seen, all 
main- and cross-loadings but one are significantly non- 
invariant (after Benjamini-Hochberg correction). Only for 
item 5 on the factor IH (which is a cross-loading), the null 
hypothesis of loading invariance is supported by the data. 
When comparing the loading matrices across clusters, we 
can see that for some items in some clusters there was a 
shift in main- and cross-loadings (e.g., item 1 in cluster 3 
and 5, or item 4 in cluster 1). Additionally, some items 
show large cross-loadings in some clusters, whereas there 
are no cross-loadings on these items in other clusters. For 
example, item 8 has a large cross-loading in cluster 3 and 6, 
but no cross-loading in cluster 1 and 2.

A few things should be noted here: First, the large sample 
size leads to a high power of the Wald hypothesis test, ren
dering even practically irrelevant loading differences 
between clusters statistically significant. Second, the higher 
the number of clusters (or groups, in general), the more dif
ficult it becomes for MGFR to rotate the loading matrices to 
a solution that is interpretable within each cluster but also 
comparable between clusters. Thus, it might be beneficial to 
change the rotation or agreement criterion as well as try dif
ferent weights between these two criteria according to rec
ommendations by De Roover and Vermunt (2019). This 
might yield results that are easier to interpret. Table 9 shows 
the loading matrices when the weight of the agreement cri
terion was set to 0.1 (i.e., putting more emphasis on simple 
structure rotation). In our case, while some loadings 
changed in size, the positions of main- and cross-loadings 
did not change notably.

In general, we could now inspect the item content and 
link loading differences between clusters (i.e., countries) to 
theory and empirical evidence. By doing so, we might 
rephrase items to increase the invariance of the OUS. 
Alternatively, we could also continue the analyses per cluster 
because loadings are invariant within each cluster. For 
example, we could investigate scalar MI within each cluster 
and simply refrain from comparing countries from different 
clusters.

8.3. EFA Trees

Because EFA trees can simultaneously evaluate multiple 
covariates for MI, we investigated MI with regard to level of 
religiosity, region, gender, and age. We used the following 
settings: level of significance was set to a ¼ 0:005, the max
imum tree depth to three (including the first node, i.e., a 
maximum number of two splits), and the minimum sample 
size per node to n¼ 400. These settings allow for an inter
pretable tree but with possible interactions (due to restricted 
tree depth) and reliable parameter estimates in each node 
(due to large minimum sample size per node). At the same 
time, the low level of significance mitigates the risk of 

Table 5. Fit statistics for the ten mixture multi-group exploratory factor analy
ses of the Oxford utilitarianism Scale.

Number of clusters log L fp BIC CHull scree ratio

1 −348,941.3 707 700,354.7 NA
2 −348,826.6 722 700,177.7 1.54
3 −348,752.3 737 700,081.6 1.63
4 −348,706.8 752 700,042.9 1.32
5 −348,672.3 767 700,026.3 1.14
6 −348,641.9 782 700,018.0 1.74
7 −348,624.4 797 700,035.5 1.17
8 −348,609.8 812 700,058.8 NA
9 −348,594.5 827 700,080.5 1.21
10 −348,582.1 842 700,108.2 NA

Note. log L¼ loglikelihood, fp¼ number of free parameters, BIC¼ Bayesian infor
mation criterion, CHull¼ convex hull. NAs can sometimes occur in the CHull pro
cedure. Raising the number of random starts might alleviate this issue but in 
our case, even with 100 random starts some solutions fell under the hull.

5If a group has its own cluster, it is important to check whether the sample 
size is large enough to allow for reliable estimations in this cluster. For our 
example, this was the case (nChina ¼ 1, 175 and nHungary ¼ 863).
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Table 7. Unstandardized loading matrices of the mixture multi-group exploratory factor analysis of the Oxford utilitarianism Scale with clusters as grouping 
covariate.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Items IB IH IB IH IB IH IB IH IB IH IB IH

Item 1 0.64 0.40 0.92 0.35 0.34 0.73 0.95 0.35 0.08 0.46 1.12 0.38
Item 3 1.21 0.22 1.24 0.26 0.90 0.31 1.05 0.40 0.94 0.09 1.24 0.32
Item 5 0.83 −0.07 0.77 −0.16 0.61 0.01 0.82 −0.10 0.93 −0.10 0.49 −0.04
Item 7 0.57 0.24 0.56 0.10 0.97 0.02 0.85 −0.03 0.99 0.04 0.62 0.08
Item 9 1.02 0.06 0.82 0.08 1.07 0.12 0.84 0.02 0.98 0.28 0.60 −0.07
Item 2 0.19 1.17 0.32 1.12 0.51 0.80 0.31 1.02 0.30 1.00 0.24 0.92
Item 4 0.41 0.37 0.18 0.58 0.06 0.76 0.10 0.78 0.33 0.64 0.04 1.00
Item 6 0.28 0.81 0.04 0.97 0.03 1.12 −0.01 1.09 0.25 0.88 −0.06 1.04
Item 8 0.07 1.21 0.08 1.09 0.49 0.88 0.23 0.91 0.16 1.21 0.34 0.64

Note. IB and IH denote the latent factors impartial beneficence and instrumental harm, respectively. The factor solutions were obtained by applying multi-group 
factor rotation with oblimin rotation for all groups and generalized procrustes as the agreement criterion. The weight of the agreement criterion was set to 0.5.

Table 8. Results of Wald hypothesis tests of loading invariance across the six clusters of mixture multi-group exploratory factor analysis.

Factor Item Test statistic df p-value

IH Item 1 61.22 5 0.000
Item 2 76.76 5 0.000
Item 3 50.23 5 0.000
Item 4 135.13 5 0.000
Item 5 14.99 5 0.010
Item 6 65.57 5 0.000
Item 7 46.32 5 0.000
Item 8 120.13 5 0.000
Item 9 27.69 5 0.000

IB Item 1 323.90 5 0.000
Item 2 61.38 5 0.000
Item 3 74.39 5 0.000
Item 4 77.17 5 0.000
Item 5 38.38 5 0.000
Item 6 102.41 5 0.000
Item 7 111.62 5 0.000
Item 8 128.33 5 0.000
Item 9 74.06 5 0.000

Note. IB and IH denote the latent factors impartial beneficence and instrumental harm, respectively. df¼Degrees of freedom. A combination of item 
and factor indicates for which item the invariance of loadings of this item on which factor was tested. For example: Item 1 and IB shows result of 
test of invariance of loadings of item 1 on factor IB across the four clusters. p-values are Benjamini-Hochberg corrected. A p-value of 0.000 indicates 
that it is < 0.001.

Table 6. Composition of the clusters for the six-cluster solution of mixture multi-group exploratory factor analysis.

Cluster Continent Region Country

Cluster 1 Americas Southern Argentina
Americas Western Brazil
Americas Southern Colombia
Asia Eastern India
Europe Western Italy
Europe Western Netherlands
Europe Western Portugal
Europe Western Romania
Asia Southern Turkey

Cluster 2 Oceania Western Australia
Europe Western Austria
Europe Western Bulgaria
Americas Western Canada
Europe Western Switzerland
Europe Western Germany
Europe Western Denmark
Europe Western Spain
Europe Western Greece
Europe Western Croatia
Europe Eastern North Macedonia
Asia Eastern Pakistan
Asia Southern Philippines
Europe Western Serbia
Europe Southern Slovakia
Americas Western United States of America

Cluster 3 Asia Eastern China
Cluster 4 Europe Southern Czechia

Europe Southern France
Europe Western United Kingdom of Great Britain and Northern Ireland
Europe Western Poland

Cluster 5 Asia Eastern Japan
Europe Western Russian Federation

Cluster 6 Europe Southern Hungary
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finding practically irrelevant but statistically significant non- 
invariance. Note that we can only “afford” these rather strict 
settings because of the large sample. EFA trees could also be 
used with more liberal settings in smaller samples (see 
Sterner & Goretzko, 2023).

Table 10 shows the hypothesis test results in the parent 
node of the EFA tree. All p-values are below a, so the cova
riate with the smallest p-value is selected for splitting (in 
this case region with a p-value of 2:9� 10−89). The tree split 
the data into a group with only eastern observations and a 
group with both southern and western observations. Tables 
11 and 12 show the hypothesis test results in these two 
resulting nodes, respectively. In both nodes, the EFA tree 
split the data on the covariate age6, resulting in four final 
leaf nodes:

� eastern participants with age 27 or younger,
� eastern participants with age 28 or older,
� southern or western participants with age 24 or younger,
� southern or western participants with age 25 or older.

Figure 1 illustrates this tree structure with corresponding 
sample sizes in the leaf nodes. It is very likely that the tree 
would have continued to split the data, had we allowed 
deeper trees. However, this would have decreased the inter
pretability because it might have led to eight leaf nodes. If 
interpretation of the resulting partitions (i.e., potential 
three-way interactions between covariates) provides substan
tial increase in information gained, deeper trees are easily 
possible (e.g., see Brandmaier et al., 2013 for a SEM tree 
with eight leaf nodes). We continued our investigation with 
four leaf nodes.

EFA trees do not provide information on which parame
ters differ between these four groups. For now, we can only 
conclude that there is a violation of MI with regard to an 
interaction between the covariates region and age. To better 
understand possible sources of non-invariance, EFA trees 
can be combined with MGFR. The node membership can 
be treated as a new grouping covariate. By applying MGFR, 
the loading matrices in the nodes can be rotated to increase 
interpretability of the parameters within nodes while also 
ensuring comparability between nodes (i.e., groups).

Table 13 shows the loading matrices for all four-leaf nodes 
after applying MGFR (with the weight of the GP agreement 
criterion set to 0.5). Table 14 shows the results of Wald 
hypothesis tests of loading invariance across the four-leaf 
nodes for all combinations of items and factors. Again, many 
main- and cross-loadings are significantly non-invariant (after 
Benjamini-Hochberg correction). Only for items 1, 5, 6, 8, 
and 9 on factor IH and item 2, 6, 8, and 9 on factor IB, the 
null hypothesis of loading invariance is supported by the data. 
Item 7 (“It is just as wrong to fail to help someone as it is to 
actively harm them yourself.”) sticks out in both “younger” 
leaf nodes. For younger eastern participants, item 7 shows a 
lower main-loading compared to both “older” leaf nodes and 
also has the highest cross-loading in this leaf node. For 
younger southern-western participants, it has the lowest 

Table 9. Unstandardized loading matrices of the mixture multi-group exploratory factor analysis of the Oxford utilitarianism Scale with clusters as grouping 
covariate with more weight on rotation than on agreement.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Items IB IH IB IH IB IH IB IH IB IH IB IH

Item 1 0.62 0.35 0.91 0.24 0.24 0.71 0.92 0.24 0.02 0.47 1.13 0.19
Item 3 1.22 0.10 1.23 0.11 0.86 0.23 1.02 0.27 0.97 0.03 1.25 0.10
Item 5 0.86 −0.17 0.81 −0.26 0.62 −0.04 0.84 −0.20 0.98 −0.16 0.51 −0.13
Item 7 0.56 0.18 0.57 0.03 0.97 −0.07 0.86 −0.14 1.03 −0.03 0.63 −0.03
Item 9 1.04 −0.05 0.82 −0.02 1.06 0.03 0.84 −0.08 0.98 0.22 0.62 −0.18
Item 2 0.07 1.20 0.20 1.12 0.40 0.77 0.21 0.99 0.16 1.01 0.19 0.90
Item 4 0.38 0.34 0.12 0.57 −0.03 0.76 0.02 0.78 0.25 0.64 −0.02 1.02
Item 6 0.21 0.81 −0.07 1.00 −0.12 1.13 −0.12 1.10 0.13 0.89 −0.12 1.08
Item 8 −0.06 1.25 −0.04 1.11 0.38 0.84 0.14 0.90 −0.01 1.24 0.31 0.59

Note. IB and IH denote the latent factors impartial beneficence and instrumental harm, respectively. The factor solutions were obtained by applying multi-group 
factor rotation with oblimin rotation for all groups and generalized procrustes as the agreement criterion. The weight of the agreement criterion was set to 0.1.

Table 10. Hypothesis test result in the parent node of the EFA tree.

Region Gender Religiosity Age

Test statistic 577.966 595.155 294.987 452.478
p-value 0.000 0.000 0.000 0.000

Note. Test statistics were a v2 statistic for categorical and a supLM statistic for 
continuous covariates. A p-value of 0.000 indicates that it is < 0.001. If mul
tiple p-values are below the level of significance, the covariate with the small
est p-value is selected.

Table 11. Hypothesis test result in the Eastern node of the EFA tree.

Region Gender Religiosity Age

Test statistic 0.000 119.487 70.671 121.313
p-value NA 0.005 0.001 0.000

Note. Test statistics were a v2 statistic for categorical and a supLM statistic for 
continuous covariates. A p-value of 0.000 indicates that it is < 0.001. If mul
tiple p-values are below the level of significance, the covariate with the small
est p-value is selected. The covariate region was not tested in this node 
because with only eastern observations, no further split on the covariate 
region is possible.

Table 12. Hypothesis test result in the Southern and Western node of the 
EFA tree.

Region Gender Religiosity Age

Test statistic 251.377 568.532 218.897 454.176
p-value 0.000 0.000 0.000 0.000

Note. Test statistics were a v2 statistic for categorical and a supLM statistic for 
continuous covariates. A p-value of 0.000 indicates that it is < 0.001. If mul
tiple p-values are below the level of significance, the covariate with the small
est p-value is selected.

6It is a coincidence that the tree further split the data on the covariate age in 
both nodes. It might have also happened that another covariate for splitting 
the data was chosen in one (or both) nodes.
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cross- but also the lowest main-loading (in absolute terms). 
Item 3 has almost no cross-loading in the younger eastern 
node but has quite high cross-loadings (>0.20) in both older 
nodes (eastern and southern-western). Item 4 is especially 
noticeable in the younger southern-western node, where its 
main-loading is more than 0.10 lower compared to the older 

southern-western node and more than 0.20 lower than in 
both eastern nodes. Items 7 and 4 here too seem to be the 
most prominent items with regard to metric non-invariance.

8.4. AESEM

We used the four nodes generated by the EFA tree (cf. 
Figure 1) as groups across which AESEM is applied. 
AESEM could also be applied to a covariate with more 
groups (e.g., country with its 45 levels). However, by using 
the results of the EFA trees, we can keep the results easier 
to interpret while also demonstrating how the methods can 
be combined.

Table 15 shows the average loadings weighted by the 
sample size across all invariant groups (the detailed Mplus 
output is available at https://osf.io/n8x5d/). That is, these 
are the “most invariant” parameters that can be seen as esti
mates in the groups for which approximate MI holds. This 
is the case for almost all loadings. On the factor IB, only the 
loadings of item 7 (which is a main-loading) in the younger 
southern-western node, and of item 4 (cross-loading) in the 
younger eastern node were non-invariant compared to all 
other nodes. On the factor IH, the loadings of item 3 
(cross-loading) in the eastern younger node, and item 4 
(main-loading) in the younger southern-western node were 
non-invariant compared to all other nodes. Only for these 
two groups, these specific parameters cannot be seen as 
invariant estimates. It can be concluded that the proportion 
of non-invariant loadings is low; only four out of 72 

Figure 1. Resulting partition after applying EFA trees to the Oxford Utilitarianism Scale data.

Table 13. Unstandardized loading matrices of the exploratory factor analysis tree of the Oxford utilitarianism Scale with tree leaf nodes as grouping covariate.

Eastern, Age � 27 Eastern, Age > 27 South-West, Age � 24 South-West, Age > 24

Items IH IB IH IB IH IB IH IB

Item 1 0.32 0.75 0.46 0.58 0.33 0.80 0.31 0.67
Item 3 0.05 1.20 0.20 0.94 0.18 1.18 0.22 1.12
Item 5 −0.15 0.75 −0.05 0.77 −0.20 0.82 −0.24 0.94
Item 7 0.24 0.60 −0.12 0.99 0.08 0.56 0.14 0.71
Item 9 0.07 1.01 0.06 0.97 −0.01 0.91 −0.03 0.90
Item 2 1.03 0.17 0.96 0.20 1.19 0.14 1.18 0.14
Item 4 0.73 −0.07 0.79 0.12 0.52 0.15 0.65 0.14
Item 6 1.04 0.00 1.04 −0.11 1.00 −0.07 0.95 −0.02
Item 8 1.16 0.04 1.12 0.10 1.14 −0.02 1.14 −0.01

Note. IB and IH denote the latent factors impartial beneficence and instrumental harm, respectively. South-West stands for both regions southern and western. 
The factor solutions were obtained by applying multi-group factor rotation with oblimin rotation for all groups and generalized procrustes as the agreement cri
terion. The weight of the agreement criterion was set to 0.5.

Table 14. Results of Wald hypothesis tests of loading invariance across the 
four leaf nodes of the exploratory factor analysis tree.

Factor Item Test statistic df p-value

IH Item 1 4.63 3 0.225
Item 2 30.14 3 0.000
Item 3 21.96 3 0.000
Item 4 37.48 3 0.000
Item 5 10.59 3 0.025
Item 6 6.88 3 0.113
Item 7 31.72 3 0.000
Item 8 0.27 3 0.960
Item 9 6.55 3 0.113

IB Item 1 23.72 3 0.000
Item 2 1.75 3 0.630
Item 3 12.66 3 0.010
Item 4 23.78 3 0.000
Item 5 26.08 3 0.000
Item 6 6.39 3 0.106
Item 7 43.92 3 0.000
Item 8 8.00 3 0.069
Item 9 6.52 3 0.106

Note. IB and IH denote the latent factors impartial beneficence and instrumen
tal harm, respectively. df¼Degrees of freedom. A combination of item and 
factor indicates for which item the invariance of loadings of this item on 
which factor was tested. For example: Item 1 and IB shows result of test of 
invariance of loadings of item 1 on factor IB across the four leaf nodes. p-val
ues are Benjamini-Hochberg corrected. A p-value of 0.000 indicates that it is 
< 0.001.
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loadings, that is, 5.6% are non-invariant (four nodes with 18 
loadings each ¼ 72 loadings). By applying AESEM to the 
nodes resulting from an EFA tree, we were thus able to 
achieve an approximately invariant set of loadings. This fol
low-up analysis could even be used to assess the reason why 
the EFA tree split the data. It might be that the EFA tree 
split the data because non-invariance on the four mentioned 
loadings was too large or because of other parameter differ
ences (e.g., factor covariances or residual variances), given 
that most loadings are approximately invariant (after 
alignment).

8.5. Synthesis of the Results

The various analyses revealed some items that stick out with 
regard to non-invariance. Notably, items 4 and 7 showed 
lower main-loadings and higher cross-loadings compared to 
other items, both across regions (MG-EFA) and regions 
interacting with age (EFA trees and AESEM). Additionally, 
the analysis with MMG-EFA revealed that the investigation 
of MI across regions as defined by Bago et al. (2022) might 
not be too useful because many countries from the same 
region were assigned to different clusters. Taking these 
results together, it might be beneficial to investigate notice
able items against the background of the covariates across 
which they are non-invariant (here for example: items 4 and 
7 across regions and age group). Additionally, results of the 
MMG-EFA can reveal potentially more adequate clusters of 
groups than what might be provided by prior classifications 
(e.g., the regions by Bago et al. (2022)).

In case of non-invariance, like in our example, the inte
gration of the results also depends on the stage of the 
research process. Similar to single-group settings, EFA-based 
methods to investigate MI lend themselves to be applied 
already during scale development. In this stage, changes to 
the item pool are often still possible, and non-invariance 
could be addressed directly, for example by reformulating 
items 4 and 7 in the example above. Issues of non-invari
ance could then be prevented in the future. If a scale is 
already developed and EFA-based methods are applied to 
assess metric MI for both main- and cross-loadings, a viola
tion of MI could also be seen as an interesting finding by 
itself. Using domain expertise, we could reason about poten
tial causes of MI and model these causes accordingly or 
test our hypotheses about them (Sterner et al., 2024). If 

EFA-based methods are used as a precursor of CFA-based 
analyses, one could also aim for partial MI, for example by 
testing whether freeing certain main- or cross-loadings in a 
stepwise manner would improve the fit of the model. For 
this, the results of the EFA-based analysis, that is, which 
main- and cross-loadings were significantly different, could 
be taken into account, too.

In closing, we want to highlight again that we applied all 
methods for didactic purposes. The choice of methods for 
each individual application depends on the data set, the 
available covariates, the research question, and the assump
tions one is willing to make (cf. Table 1).

9. Discussion

We presented EFA-based methods to investigate MI. The 
focus of these methods is on the investigation of metric MI, 
that is, the invariance of main- and cross-loadings across 
groups. For each method, we detailed the model specifica
tion as well as its advantages and drawbacks. We demon
strated the assumptions that have to be made and the 
insights we gain in return in an empirical example. On top 
of that, we showed how EFA-based MI methods can be 
combined with MGFR to resolve the rotational indetermin
acy in multi-group settings.

The main take-away of our presentation and demonstra
tion is that the optimal choice of a method depends on the 
question you want to answer, combined with the specific
ities of the data at hand. A detailed (yet not exhaustive) 
overview of prerequisites and capabilities of each method is 
given in Table 1. Ideally, the methods are combined to thor
oughly scrutinize the data for MI. For example, the clusters 
or nodes resulting from MMG-EFA or EFA-trees, respect
ively, can be used as groups in MG-EFA, and the resulting 
loading matrices can be rotated by MGFR. In this, covari
ates with many groups can be reduced to a smaller number 
of clusters or nodes, for which we can then, for example, 
investigate scalar MI by means of hypothesis testing. We 
refrained from addressing scalar MI due to the focus of 
EFA-based methods on metric MI. However, as we will dis
cuss shortly, EFA-based methods could function as a pre
cursor of CFA-based investigations of scalar MI. Even 
further, clusters or nodes resulting from prior analyses could 
be used as groups in multi-group (E)SEM (Asparouhov & 
Muth�en, 2009), allowing us to then model structural rela
tions between our constructs of interest.

As mentioned in the introduction, EFA-based methods 
differ from CFA-based methods mainly in the fact that no 
(potentially overly restrictive) zero-loadings have to be 
imposed. This allows for a more detailed investigation of 
metric MI because violations of metric MI due to cross- 
loadings can be considered. However, the investigation of 
scalar MI is hampered. For example, with EFA trees, the 
intercepts cannot be included in the model estimation (in 
lavaan language: the argument meanstructure must not be 
set to TRUE). The intercepts of the items (the parameters 
we want to test for invariance) are intertwined with the fac
tor means (the parameters we want to compare between 

Table 15. Unstandardized loading matrix of exploratory alignment of the 
Oxford utilitarianism Scale (weighted average loadings across invariant 
groups).

Items IB IH

Item 1 0.86 0.28
Item 3 1.32 0.11
Item 5 0.97 −0.26
Item 7 0.80 0.07
Item 9 1.04 −0.07
Item 2 0.14 1.19
Item 4 0.16 0.68
Item 6 −0.08 1.01
Item 8 −0.04 1.18

Note. IB and IH denote the latent factors impartial beneficence and instrumen
tal harm, respectively.
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groups). Even if the intercepts were equal across groups, an 
EFA tree would split the data if the factor means were dif
ferent between groups. Similarly, the results of MMG-EFA 
with clustering based on loadings do not consider (non- 
)invariance of intercepts. It is possible to cluster the groups 
on both loadings and intercepts. However, this entails the 
assumption that there is one underlying clustering for both 
of these sets of parameters (Leitg€ob et al., 2023). It is thus 
more advisable to first cluster the groups based on the load
ings and then, per obtained cluster, continue to cluster the 
groups based on the intercepts. When applying AESEM, 
both loadings and intercepts are considered and, thus, scalar 
invariance is also investigated. But because we are also 
investigating all cross-loadings for invariance, there are 
more loadings than intercepts that are being estimated and 
aligned (if the specified model has two or more factors). It 
should be examined whether this potential dominance of 
loadings (when minimizing Equation (5)) has some 
undesired effect on the assessment of scalar MI.

In summary, EFA-based methods are not to be seen as 
methods “competing” with CFA-based ones, for example the 
methods detailed in Kim et al. (2017). Rather, they are a 
useful addition to the MI-toolbox that broaden the capabil
ities of investigating MI along an exploratory-confirmatory 
continuum (N�ajera et al., 2023). Especially in the context of 
scale development, it can be beneficial to apply EFA-based 
methods to investigate the violations of MI due to cross- 
loadings, before using CFA-based methods to assess scalar 
MI. An EFA-based method is able to identify potentially 
non-invariant cross-loadings and allows us to alter the 
model based on these results (which we then have to valid
ate on new data, of course). This approach is superior to 
the aforementioned strategy of (repeatedly) modifying CFA 
models in a data-driven way because it capitalizes less on 
chance (MacCallum et al., 1992).

9.1. Future Research

All presented methods are rather new. While they have 
been investigated thoroughly in the original papers that 
introduced them, more simulated and empirical research is 
needed to better understand their behavior under various 
conditions. As mentioned in the introduction, the alignment 
method can be seen as the method that has been researched 
the most among all methods presented here (Flake & 
McCoach, 2018; Lomazzi, 2018; Luong & Flake, 2023; 
Munck et al., 2018), but much less so when cross-loadings 
are present (i.e., when AESEM is used). For all the methods 
at hand, not much is known about their performance when, 
for example, data are non-normal, covariates are highly cor
related, or MI is violated in a nuanced way (for example, a 
U-shaped relation between values of a continuous covariate 
and parameter values).

More broadly, it would be interesting to research and 
demonstrate how exactly EFA-based methods can be used 
as a precursor of CFA-based analyses. On the one hand, 
this can be done in methodological studies, for example, by 
investigating the benefits of refining a model using EFA- 

based methods in the context of MI (e.g., instead of using 
modification indices in the context of CFA). On the other 
hand, and maybe even more importantly, tutorial papers are 
needed that showcase potential workflows of MI investiga
tions to provide guidance for applied researchers. Somaraju 
et al. (2022) showed a workflow that details use cases and 
follow up analyses in the context of MG-CFA and align
ment. Such workflows could be extended by preceding EFA- 
based analyses. In this, the different groups and models 
entering the CFA-based analyses would have been scruti
nized, in an exploratory manner, for model (mis-)specifica
tions and metric MI beforehand, hopefully allowing for a 
more well-founded investigation of scalar MI.
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Appendix 

Items and corresponding subscales of the OUS (Kahane et al., 2018).

ID Item subscale

1 If the only way to save another person’s life during an emergency is to sacrifice one’s own leg, then one is 
morally required to make this sacrifice.

IB

2 It is morally right to harm an innocent person if harming them is a necessary means to helping several other 
innocent people.

IH

3 From a moral point of view, we should feel obliged to give one of our kidneys to a person with kidney failure 
since we don’t need two kidneys to survive, but really only one to be healthy.

IB

4 If the only way to ensure the overall well-being and happiness of the people is through the use of political 
oppression for a short, limited period, then political oppression should be used.

IH

5 From a moral perspective, people should care about the well-being of all human beings on the planet equally; 
they should not favor the well-being of people who are especially close to them either physically or 
emotionally.

IB

6 It is permissible to torture an innocent person if this would be necessary to provide information to prevent a 
bomb going off that would kill hundreds of people.

IH

7 It is just as wrong to fail to help someone as it is to actively harm them yourself. IB
8 Sometimes it is morally necessary for innocent people to die as collateral damage—if more people are saved 

overall.
IH

9 It is morally wrong to keep money that one doesn’t really need if one can donate it to causes that provide 
effective help to those who will benefit a great deal.

IB

Note. IB¼ Impartial Beneficence; IH¼ Instrumental Harm.
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