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Julian F. Lohmanna , Steffen Zitzmannb , Martin Hechtc , Christoph Niepeld , and Esther Ulitzsche 

aLeibniz Institute for Science and Mathematics Education; bMedical School Hamburg; cHelmut Schmidt University; dUniversity of 
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ABSTRACT 
Moderated Nonlinear Latent Factor Analysis (MNLFA) has been introduced as a flexible approach for 
testing measurement invariance among categorical and continuous covariates. Equipped with 
Bayesian shrinkage priors, MNLFA can handle large numbers of covariates and potentially invariant 
item parameters. The present study extends the capabilities of the Bayesian MNLFA to multilevel and 
longitudinal confirmatory factor analysis. We show how a Bayesian hierarchical MNLFA (BH-MNLFA) 
can be implemented and provide two simulation studies to demonstrate its functionality. Focusing on 
invariance explorations in experience sampling data as a potential use case in the context of longitu
dinal data analysis, we showcase the utility of BH-MNLFA with data from educational psychology, and 
test invariance of state self-concepts measures across time and school subjects.

KEYWORDS 
Bayesian modeling; 
confirmatory factor analysis; 
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1. Introduction

The measurement of latent variables, such as intelligence, 
personality, motivation, and emotion, using multiple indica
tors (i.e., test or questionnaire items) is ubiquitous in psy
chological research. Latent factor models are typically 
employed to relate item responses to the latent variable of 
interest that itself is not directly observable. The (estimated) 
item parameters of latent factor models reflect how items 
relate to the latent variable. However, in heterogeneous pop
ulations, the interrelation between specific items and the 
latent factor can vary across individuals. This phenomenon 
is well known under the terms measurement non-invariance 
or differential item functioning (e.g., Meredith, 1993). Several 
statistical techniques for investigating measurement invari
ance (MI) have been proposed (e.g., Bauer, 2017; Millsap, 
2012). These approaches explore whether item parameters 
vary as a function of relevant covariates such as group 
memberships. Among those, moderated nonlinear latent fac
tor analysis (MNLFA) stands out as a flexible and powerful 
approach for examining MI that overcomes several limita
tions of other MI approaches (see Bauer, 2017). In essence, 
MNLFA allows researchers to test whether and how the 
relationships between observed variables and latent factors 
vary across different levels of a set of covariates. Thereby, 
MNLFA makes it possible to test MI not only as a function 
of categorical but also continuous covariates. What is more, 
in MNLFA all parameters of a measurement model (item 

loadings, item intercepts, residual variances, latent mean, 
and variance) can be moderated by these covariates, going 
beyond the capabilities of existing approaches. To addition
ally overcome identification concerns that require preselect
ing model parameters as being invariant (so-called anchor 
items), it has recently been proposed to combine the 
MNLFA approach with (Bayesian) regularization techniques 
(Brandt et al., 2025; Chen et al., 2022, and see also Bauer 
et al., 2020 for a non-Bayesian approach). These regulariza
tion techniques allow for the estimation of weakly identified 
models and, thus, make typically unjustified assumptions of 
MI for some preselected model parameters unnecessary 
(Bauer, 2023; Brandt et al., 2025; Robitzsch, 2022).

In the present study, we expand the capabilities of MNLFA 
to the hierarchical data structures often encountered in psy
chological research, for example, when students are nested in 
classes or measurement repetitions are nested within persons. 
We do so by combining MNLFA with multilevel confirmatory 
factor analysis (MLCFA; Muth�en, 1991; Rabe-Hesketh et al., 
2004). In addition to supporting MI investigations in hier
archical data scenarios, this newly proposed approach will 
also allow researchers to consider potential moderators at 
both the within- and between-level. Thereby, this model 
extension can provide a more nuanced understanding of 
measurement invariance across different hierarchical levels. 
For instance, in a longitudinal study, where measurements are 
nested within persons, person characteristics (e.g., age, 
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gender) on the between-level as well as situational characteris
tics (e.g., day time, social context) on the within-level could 
moderate item parameters. In an educational study with stu
dents nested within classes, school and classroom characteris
tics (e.g., class size, school track) on the between-level and 
student-specific factors (e.g., gender, socioeconomic back
ground) on the within-level could be examined as moderators 
of item functioning.

To facilitate the exposition of BH-MNLFA, we focus on 
hierarchical data structures arising from intensive longitu
dinal data with repeated measurements—specifically, its 
application to Ecological Momentary Assessments (EMA; 
Stone & Shiffman, 1994; Trull & Ebner-Priemer, 2013). EMA 
has attracted growing interest in psychological research in 
recent years. A defining feature of EMA studies is that partic
ipants repeatedly respond to questionnaires at multiple time 
points over a period of days or weeks throughout their daily 
lives. These assessments are often conducted in a variety of 
naturally occurring contexts (e.g., at work, in class, at home). 
Such data can provide a rich basis for nuanced analyses of 
within-person processes and interindividual differences (see, 
e.g., Jongerling et al., 2015; Lohmann et al., 2024; 
Nesselroade, 1991), but they also raise important questions 
about the quality and comparability of measurements across 
time points, contexts, and individuals, thereby highlighting 
the need for formal investigation of MI (e.g., Adolf et al., 
2014; Horstmann & Ziegler, 2020; McNeish et al., 2021; 
Ulitzsch et al., 2025; Vogelsmeier, et al., 2019; 2024). 
However, examining measurement invariance across time, 
situational settings, and person characteristics is not straight
forward, and even simpler MI explorations are still often 
lacking in EMA studies (e.g., Moeller et al., 2024; 
Vogelsmeier et al., 2024). We believe that BH-MNLFA pro
vides a powerful, yet simple tool to address this gap. The 
remainder of this article is organized as follows. We begin 
with a brief introduction to MNLFA and MLCFA. Based on 
this, we then develop BH-MNLFA. In the third and fourth 
section, we provide two simulation studies demonstrating the 
functionality of our approach. In the fifth sections, we pre
sent an extensive empirical real data example from an experi
ence sampling study. Finally, we discuss the limitations of 
our work and directions for future research.

1.1. MNLFA

The MNLFA approach is based on a standard CFA model 
with i ¼ 1, 2, :::, I observed indicator items measured for j ¼
1, 2, :::, J subjects (hereafter referred to as Level-1 units). For 
the sake of simplicity—and without loss of generality—we 
focus here on a unidimensional factor model, in which all 
items load on a single latent construct. This unidimensional 
model can be expressed by e.g., Rabe-Hesketh et al. (2007)

yij ¼ ai þ kigj þ eij, (1) 
with gj � N 0, 1ð Þ, eij � N 0, xið Þ;

where yij denotes the observed response of unit j on item i;
and gj represents the latent factor score for unit j:
The parameter ai is the intercept of item i; ki is the item- 

specific loading relating observations to the latent factor, 
and eij is the item- and unit-specific residual with expected 
value zero and variance xi: For model identification, it can 
be assumed that the latent factor has mean zero and a vari
ance of one.

In MNLFA, the item parameters as well as the mean and 
variance of the latent factor are allowed to vary as functions 
of a given number of observed covariates r ¼ 1, 2, :::, R; i.e., 
the parameters are moderated by this set of covariates 
(Bauer, 2017). Let zj denote an r � 1 unit-specific vector 
of observed continuous and/or categorical covariates. 
To investigate how these are related to CFA model 
parameters, Equation (1) is extended by moderation effects 
given by (see, Bauer, 2017; Brandt et al., 2025; Kolbe et al., 
2024)

yij ¼ aij þ kijgj þ eij, with gj � N lj, wj
� �

, eij � N 0, xijð Þ

(2) 

with:

aij ¼ a0 þ jizj (3) 
kij ¼ k0 þ mizj (4) 

xij ¼ x0 exp nizj
� �

(5) 
lj ¼ czj (6) 

wj ¼ exp qzjð Þ: (7) 

Here, ji; mi; ni; c; and q are 1� r matrices of moder
ation effects, indicating the effect of covariates z on the 
respective moderated item parameters aij; kij; and xij or the 
factor parameters lj and wj: Non-zero elements in ji; mi; ni;

c; and q indicate non-invariance. The parameters a0; k0;

and x0; represent the mean baseline item parameters, when 
all covariates zj are zero.

Frequentist approaches for estimating such MNLFA 
models have preselected one or more items as so-called 
anchor item(s) (e.g., Kolbe et al., 2024). The parameters 
of these anchor items are constrained to be fixed across 
covariate values zi (i.e., to be invariant), thereby ensuring 
model identification. However, selecting anchor items a 
priori is often difficult to justify in practical applications, 
as true invariance is rarely known in advance. To address 
this limitation of MNLFA, Brandt et al. (2025) proposed a 
Bayesian estimation procedure for MNLFA that incorpo
rates shrinkage priors for all moderation effects. The 
shrinkage priors serve as regularization factors allowing 
for the estimation of MNLFA as weakly identified models 
with potential moderation effects for all item and factor 
parameters. Similar regularization-based methods have 
also been developed within the frequentist framework 
(Bauer et al., 2020; Belzak & Bauer, 2020, 2024; Robitzsch, 
2023).

Different shrinkage priors have been proposed and eval
uated for regularization in Bayesian estimation (Brandt 
et al., 2018; van Erp et al., 2019), with the Bayesian adaptive 
Lasso (BaLasso) prior (Leng et al., 2014) tending to achieve 
among the most promising results in the context of testing 
MI with MNLFA (e.g., Brandt et al., 2025). BaLasso uses a 
parameter-specific penalty, which is handled as a 
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hyperparameter that itself is sampled from a distribution 
(e.g., van Erp et al., 2019). The BaLasso can be represented as

bjjuj � Double Exponential 0,
1

uj
2

 !

, (8) 

with the penalty hyperprior uj
2ja, b2 � Gamma a, b2ð Þ;

where bj is the coefficient to be regularized, and the double- 
exponential (Laplace) prior has a location parameter fixed at 
zero and a scale determined by the shrinkage parameter uj

2:

The hyperprior on uj
2 allows for data-driven estimation of 

the shrinkage intensity for each coefficient. The fixed 
parameters a and b2 define the shape and scale of the 
Gamma distribution, thereby determining the average 
degree and variability of potential shrinkage, respectively. 
For Bayesian estimation of the MNLFA, the BaLasso can be 
employed for the moderation effects (see Brandt et al., 
2025), i.e., for the parameter vectors j; m; n; c; and q:

1.2. Multilevel CFA

Extending the single-level factor model given in Equation 
(1) to a two-level MLCFA with two separate level-specific 
latent factors for the within-level and between-level, respect
ively, we introduce another subscript k ¼ 1, 2, :::, K denoting 
the cluster membership of unit j. In the context of longitu
dinal data from EMA studies, for example, K refers to the 
number of participants and j indicates a specific measure
ment for person k: Furthermore, Equation (1) is extended 
by the measurement part for Level-2 denoting the within 
part via superscript (W) and between part via superscript (B) 

(e.g., Muth�en, 1991; Rabe-Hesketh et al., 2007):

yijk ¼ ai þ ki
Bð Þgk

Bð Þ þ eik
Bð Þ þ ki

Wð Þgjk
Wð Þ þ eijk

Wð Þ (9) 

with gk
Bð Þ � Nðl, w Bð ÞÞ, gjk

Wð Þ � N 0, w Wð Þ
� �

, 

eik
Bð Þ � N 0, xi

Bð Þ
� �

, eijk
Wð Þ � N 0, xi

Wð Þ
� �

;

where ki
Bð Þ and ki

Wð Þ are the factor loadings for indicator i 
relating observations to the within-level and between-level 
common factor, respectively, gk

Bð Þ is the unobserved 
between-level factor score for cluster k and gjk

Wð Þ is the 
unobserved within-level factor score for unit j in cluster k:
In the context of EMA, gk

Bð Þ would represent stable trait- 
like between-person differences in the construct under 
investigation while gjk

Wð Þ contains person- and measure
ment-occasion-specific deviations from the individual 
trait-like average gk: Furthermore, eik

Bð Þ and eijk
Wð Þ are the 

level-specific residuals. Figure 1 presents a path model for a 
two-level MLCFA with four indicator items.

1.3. A Bayesian Hierarchical MNLFA

To extend the flexibility of MNLFA to settings with clustered 
data, we propose combining Bayesian MNLFA with MLCFA. 
In two-level data structures, covariates can be classified as 
within-level—characteristics of the individual unit—or 
between-level—characteristics of the cluster. In EMA studies, 
within-level covariates often capture time-specific situational 

factors such as time of day or social context. Between-level 
covariates, by contrast, represent stable person-level charac
teristics, including age, gender, or personality traits.

Integrating MNLFA and MLCFA enables researchers to 
examine how these different types of covariates are associ
ated with the measurement properties and the latent con
struct being assessed—for example, with a self-report scale 
measuring test anxiety or situational interest. An educational 
researcher might find that specific item intercepts and load
ings vary across different school subjects or as a function of 
time of day. At the between-level, covariates such as cogni
tive ability or socio-economic background could explain sys
tematic differences in item functioning—for instance, why 
some students consistently score higher on particular items 
or why certain items relate less strongly to the latent factor 
for students from disadvantaged backgrounds. Researchers 
may also explore effects on the latent factor itself, such as 
whether within-person interest decreases over the course of 
the day or whether socio-economic background accounts for 
stable between-person differences in test anxiety.

Therefore, the item and latent factor parameters on both 
levels can be subject of moderation effects: within-level 
parameters can be functions of within-level covariates zjk 
and between-level parameters can be functions of between- 
level covariates zk: Starting from the MLCFA as given in 
Equation (9) we develop the hierarchical (two-level) 
MNLFA that reads as follows:

yijk ¼ aik
Bð Þ þ kik

Bð Þgk
Bð Þ þ eik

Bð Þ þ aikj
Wð Þ þ kikj

Wð Þgjk
Wð Þ

þeijk
Wð Þ (10) 

Figure 1. Path diagram of a unidimensional MLCFA with four indicator items.
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with 
gk

Bð Þ � N lk
Bð Þ, w Bð Þ

� �

, gjk
Wð Þ � N ljk

Wð Þ, w Wð Þ
� �

, eik
Bð Þ

� N 0, xi
Bð Þ

� �
, eijk

Wð Þ � N 0, xi
Wð Þ

� �

and between-level moderations:

aik
Bð Þ ¼ ai0

Bð Þ þ ji
Bð Þzk (11) 

kik
Bð Þ ¼ ki0

Bð Þ þ mi
Bð Þzk (12) 

xi
Bð Þ ¼ x0

Bð Þ exp ni
Bð Þzk

� �

(13) 

lk
Bð Þ ¼ c Bð Þzk (14) 

wk
Bð Þ ¼ w0

Bð Þ exp q Bð Þzk

� �

: (15) 

and within-level moderations:

aijk
Wð Þ ¼ ji

Wð Þzjk (16) 

kijk
Wð Þ ¼ k0

Wð Þ þ mi
Wð Þzjk (17) 

xijk
Wð Þ ¼ x0

Wð Þ exp ni
Wð Þzjk

� �

(18) 

ljk
Wð Þ ¼ c Wð Þzjk (19) 

wjk
Wð Þ ¼ w0

Wð Þ exp q Wð Þzjk

� �

, (20) 

where all parameters have the same meaning as described 
above but (W) and (B) distinguish within-level from 
between-level parameters. Residual variances were modeled 
separately at both levels, assuming independence between 
within-level and between-level residual components, consist
ent with standard two-level CFA formulations. The expo
nential parameterization ensures that residual variances and 
latent variances remain strictly positive across all moderator 
values. For identification, the latent factor means were fixed 
to zero and the latent variances to one at both levels when 
all moderators were set to zero. For the moderation effects 
in ji

Bð Þ, mi
Bð Þ, ni

Bð Þ, c Bð Þ; and q Bð Þ as well as ji
Wð Þ; mi

Wð Þ;

ni
Wð Þ; c Wð Þ; and q Wð Þ; the BaLasso introduced in Equation 

(8) can be employed to achieve model identification, with 
each moderation effect receiving its own shrinkage param
eter s drawn from the same hyperprior. The BaLasso prior 
induces shrinkage of moderation effects toward zero, con
centrating the posterior of weak or unsupported effects near 
zero, whereas nonzero effects are retained when supported 
by the data. For the other model parameters, standard prior 
distribution as typically used in hierarchical Bayesian factor 
models can be specified (see, e.g., Depaoli & Clifton, 2015; 
van Erp & Browne, 2021; Zitzmann et al., 2016, 2020). The 
means and variances of the within and between-level factor 
can be set to be zero and one, respectively, when all poten
tial moderators have value zero. The path model of this BH- 
MNLFA is shown in Figure 2.

2. Simulation Study 1: Level-1 Moderators

A key feature of the proposed hierarchical extension of the 
Bayesian MNLFA is its ability to distinguish between 
within-person and between-person levels, allowing for mod
eration effects at both levels. This first simulation study 
focuses on Level-1 moderators (continuous and 

dichotomous) in the BH-MNLFA and the power to detect 
considerable DIF effects.

2.1. Method

We conducted a simulation study using nine conditions 
with 250 replications per condition. The data were simu
lated in R and analyzed using Stan via RStan (Stan 
Development Team, 2024). The R code is available on our 
Open Science Framework (OSF) repository (https://osf.io/ 
hd5bw).

The data-generating model in Simulation Study 1 was a 
unidimensional BH-MLCFA model with five indicator 
items, reflecting relatively short self-report scales commonly 
used in psychological research in general and in EMA stud
ies in particular. Additionally, a Level-1 continuous covari
ate (scaled and mean centered) and dichotomous covariate 
(effect coded) were simulated. These covariates could act as 
potential moderators of item parameters. The analysis model 
was identical to the data-generating model.

Across all simulation conditions, this design yielded 
2,500 potential moderation effects per parameter type (250 
datasets x 5 items x 2 moderators)—for item loadings, inter
cepts, and residual variances. In each simulated dataset, for 
each covariate, two or three of the five item loadings, inter
cepts, and residual variances were randomly selected to be 
moderated, resulting in a minimum of 12 and a maximum 
of 18 moderated item parameters per dataset. Both the 
number of moderated parameters and the specific item 

Figure 2. Path diagram of the BH-MNLFA.
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parameters subject to moderation were randomly deter
mined in each dataset. The latent mean and variance were 
not allowed to vary as a function of the covariates.

The item-level reliability was assumed to be .5, which can 
be considered a typical value in psychological research and 
was also used in the simulation study by Brandt et al. 
(2025). Thus, standardized factor loadings had the value ffiffiffiffiffiffi

0:5
p

ffi 0:71: The intraclass correlation coefficient was set to 
.5, indicating that 50% of the variance in each item was 
attributable to within-level variance and 50% to between- 
level variance. The latent mean was set to 0, and latent var
iances on the within and between level were set to 1. The 
item-specific means were randomly sampled from value 
range [2, 2.5, 3, 3.5, 4], reflecting typical response patterns 
in Likert-type scales commonly used in psychological 
research, which often yield scale averages within this range 
(see, e.g., Furr & Bacharach, 2013; OECD, 2024; and also, 
our empirical example later on).

2.1.1. Simulation Conditions
Two design factors varied across simulation conditions: (1) 
size of DIF and (2) Level-2 sample size. DIF was set to 0.1 
(small), 0.2 (medium), and 0.3 (large). These values were 
chosen to span a practically relevant range from minor to 
more pronounced deviations from measurement invariance 
and are broadly in line with effect magnitudes considered in 
recent simulation studies on measurement invariance (e.g., 
Bauer et al., 2020; Brandt et al., 2025). In the data-generat
ing model, these coefficients represent standardized linear 
moderation of item intercepts and factor loadings per one 
standard-deviation change in the moderator. Moderation of 
residual variances was implemented via a log-link (i.e., an 
exponential transformation). Accordingly, the same numer
ical DIF coefficient does not imply identical practical impact 
across different item parameters (see, e.g., Bauer, 2017; 
Millsap, 2012).

Level-2 sample size was set to NLevel-2 ¼ 25, 50, and 100. 
Fully crossing the two design factors resulted in nine simu
lation conditions.1 The Level-1 sample size for each cluster 
was held constant at NLevel-1 ¼ 20 across conditions.2

However, because Level-1 sample size is also expected to 
influence the power to detect DIF in BH-MNLFA, we con
ducted a supplementary simulation in which Level-1 sample 
size was varied, too. The results of this study can be found 
in the Online Supplemental Material A on OSF (https://osf. 
io/hd5bw).

2.1.2. Model Specification and Estimation
Weakly informative normal distributions were used as priors 
for item intercepts li � N 0, 10ð Þ and exponentially trans
formed item loadings ~ki � N 0, 0:5ð Þ: The exponential trans
formation ensured that the item loadings were always 

positive (ki ¼ expð~kiÞ). For residual variances, we specified 
weakly informative half-cauchy priors xi � HC 0, 2ð Þ:

Identical priors were used for the within- and the between- 
level.

BaLasso priors with a hyperprior /i � Gamma 10, 1ð Þ

were employed for the potential moderation effects of the 
item parameters and factor mean and variance—a typical 
choice in other MNLFA applications (e.g., Chen et al., 
2022).3 We used Markov Chain Monte Carlo (MCMC) esti
mation with 5,000 iterations in Stan (Carpenter et al., 2017; 
Stan Development Team, 2024). The first 1,000 iterations 
were discarded as warm-up. Convergence was assessed using 
the potential scale reduction (PSR) measure (Gelman et al., 
2013), which should be below 1.1 for all model parameters 
(see Brandt et al., 2025).

2.2. Results

Table 1 presents the model convergence rates and the over
all accuracy of detecting moderation effects of item parame
ters for each simulation condition. The convergence rates 
were slightly higher for the smaller sample size conditions. 
The accuracy of detecting moderation effects increased with 
higher DIF and larger sample sizes.

Figure 3 displays the item parameter-specific true and 
false positive rates. Because continuous and dichotomous 
moderator showed almost identical results across conditions, 
we report the average results in the following. However, 
moderator-specific results can be found on OSF (https://osf. 
io/hd5bw). The true positive rate refers to the probability of 
detecting a moderation effect when it is present, while the 
false positive rate refers to the probability of detecting a 
moderation effect when it is absent. We based statistical 
inferences on Bayesian 95% credible intervals (i.e., computed 
as the 2.5th and 97.5th percentiles of the posterior distribu
tion), corresponding to an alpha level of .05. A moderation 
effect was classified as detected when its 95% Credible 
Interval did not include zero. The false positive rates were 
consistently below 5% across all sample size and DIF condi
tions, indicating that the Type I error rate was well- 
controlled.

In contrast, the true positive rates varied substantially 
across simulation conditions. As could have been expected, 
higher DIF and larger sample sizes were associated with 
higher true positive rates. This pattern was consistent across 
the three item parameters. In psychological research, a 
power of 0.8 (i.e., 80%) is typically considered sufficient. 

Table 1. Convergence rates and accuracy for detecting DIF.

Convergence Accuracy

DIF ¼ 0.1 DIF ¼ 0.2 DIF ¼ 0.3 DIF ¼ 0.1 DIF ¼ 0.2 DIF ¼ 0.3

NLevel-2 ¼ 25 92% 96% 93% 60% 84% 96%
NLevel-2 ¼ 50 86% 89% 92% 65% 95% 99%
NLevel-2 ¼ 100 86% 83% 89% 75% 98% 99%

1DIF was varied in magnitude but not in structural pattern (e.g., intercept- 
only, loading-only, or residual-only DIF). Isolating these patterns was beyond 
the scope of this study but may affect detection performance.
2This decision was made to restrict the number of design factors.

3In the simulation studies, we did not vary the shrinkage hyperprior. However, 
in the empirical application later on, we introduce a sensitivity approach to 
assess how different hyperparameter settings affect inferences regarding DIF.
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However, for the small DIF condition (DIF ¼ 0.1), the true 
positive rates were below 80%, indicating that it was chal
lenging to detect moderation effects under these conditions 
reliably.

In the medium DIF condition, the detection rates for 
moderation effects were below the desired threshold only in 
the small sample size condition. In contrast, in the large 
DIF condition, the true positive rates were above 80% for 
all three item parameters when the sample size was moder
ate (NLevel-2 ¼ 50) or large (NLevel-2 ¼ 100). These findings 
suggest that the power to detect moderation effects was gen
erally adequate when the size of DIF and the sample size 
were both at least medium.

2.3. Discussion

The first simulation study exclusively focused on Level-1 
moderation effects in a multilevel CFA and demonstrated 
that BH-MNLFA allows for the detection of moderation 
effects among all item parameters with respect to continu
ous as well as dichotomous moderators. As was to be 
expected, however, the results also highlight that the accur
acy of detecting these effects depends on sample size and 
the magnitude of the DIF effect. When sample sizes are 

small or DIF effects are weak, the power to detect moder
ation effects may be limited. Results from an additional 
simulation study (Online Supplemental Material A) further 
demonstrate that the Level-1 sample size (i.e., the number 
of observations per cluster) substantially affects Level-1 DIF 
detection. Holding DIF magnitude and the Level-2 sample 
size constant, larger Level-1 sample sizes yielded higher DIF 
detection rates.

3. Simulation Study 2: Level-2 Moderators

In the second simulation study, we examined the perform
ance of BH-MNLFA in detecting moderation effects at the 
cluster level (Level 2). We expected that power to detect 
such cluster-level moderation would depend primarily on 
the Level-2 sample size and would benefit much less from 
increases in Level-1 sample size, in contrast to the within- 
level moderation design in Simulation Study 1 (see add
itional simulation in Online Supplemental Material A). 
Nevertheless, we were also interested in whether Level-1 
sample size might still influence the detection of DIF at the 
between level, even though the moderators were purely 
between-cluster variables in the second simulation study. 
We therefore explicitly incorporated variation in Level-1 

Figure 3. True and false positive rates for detecting moderation effects on item intercepts (I), loadings (L), and residuals (R) at the within-level.
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sample size into the design of Simulation Study 2. To iden
tify suitable sample size conditions for detecting cluster-level 
moderation effects, we based the following design choices 
broadly on the findings of Brandt et al. (2025), who eval
uated the performance of single-level Bayesian MNLFA.

3.1. Method

The data-generating model was again a unidimensional 
MLCFA model with five indicator items. A cluster-level 
continuous and a dichotomous covariate were simulated, 
acting as potential moderators of item parameters on the 
between-level. Again, there were 2500 potential moderation 
effects (250 datasets x 5 items x 2 moderators) for item 
loadings, intercepts, and residual variances, respectively. In 
each simulated dataset, two or three of the five item load
ings, intercepts, and residual variances were randomly 
selected to be moderated per covariate, resulting in a min
imum of 12 and a maximum of 18 moderation effects per 
dataset. In line with Simulation Study 1, the latent mean 
and variance were never the subject of moderation effects.

In Simulation Study 2, three design factors were varied 
across simulation conditions: Level-2 sample size (NLevel-2 ¼

400 vs. 800, Level-1 sample size (NLevel-1 ¼ 5 vs. 20) and 
size of DIF (DIF ¼ 0.1 vs. 0.2 vs. 0.3). All other parameters 
and prior specifications were identical to those used in 
Simulation Study 1.

3.2. Results

Table 2 presents the convergence rates and the accuracy of 
detecting item parameter moderations. Again, convergence 
rates were higher for the small sample size condition. 
Overall accuracy of detecting whether there was a consider
able moderation effect or not was higher for larger sample 
sizes and stronger DIF effects. Notably, higher Level-1 sam
ple size also improved detection rates, indicating that 
within-cluster sample size contributes to identifying 
between-level moderation effects.

Figure 4 presents the true positive and false positive rates 
for detecting DIF in Level-2 item intercepts, loadings, and 
residual variances across the two moderators (moderator- 
specific results are available on OSF). As expected, detection 
rates increased with larger DIF and larger sample sizes. For 
all Level-2 item parameters, higher Level-1 sample size was 
also associated with higher detection rates. However, it 
became apparent that only for the largest DIF (0.3) and the 
largest sample size condition (i.e., NLevel-2 ¼ 800, NLevel-1 ¼

20) did detection rates for all three Level-2 item parameters 
exceed the desired 80% threshold. Detection rates for 

intercepts and loadings were also above this threshold for 
all DIF ¼ 0.3 conditions across sample size combinations. 
For DIF ¼ 0.2, moderation of Level-2 intercepts and load
ings was only reliably detected when the Level-2 sample size 
was high (i.e., 800).

3.3. Discussion

The second simulation study demonstrated that the pro
posed BH-MNLFA approach can detect moderation effects 
on between-level item parameters. As expected, power was 
driven primarily by Level-2 sample size and DIF magnitude, 
but Level-1 sample size also contributed: larger within-clus
ter samples yielded higher detection rates for all Level-2 
item parameters. However, satisfactory performance was 
obtained only under relatively favorable conditions, indicat
ing that substantially larger samples are required for reliably 
detecting item parameter moderations on between-level 
compared to within-level moderation in practice.

4. Empirical Application

In this empirical application, we investigated MI for differ
ent state self-concepts using a large dataset from educational 
psychology (Niepel et al., 2022, 2025). In this study, we 
drew on data from NLevel-2 ¼ 355 students, who participated 
in a three-week EMA conducted in German schools. The 
students repeatedly completed a questionnaire regarding 
several situational variables after each German, English, 
Mathematics, and Physics lesson. The target variables of the 
present application were students’ German, English, 
Mathematics, and Physics state self-concepts. Each of these 
state self-concepts was assessed with three items after each 
lesson (Niepel et al., 2022). Importantly, the latter implies 
that for each subject (e.g., English, Mathematics), students’ 
self-concepts were assessed after every lesson regardless of 
the subject being taught. For instance, Physics self-concepts 
were not only assessed after Physics lessons but after 
English, German, and Mathematics as well. The items were 
adapted from the Self-Description Questionnaire (Marsh 
et al., 1983) to assess situational expressions of self-concepts 
(i.e., state self-concepts). The item wordings can be found in 
Online Supplemental Material B on OSF (https://osf.io/ 
hd5bw), and further details can be found in Niepel et al. 
(2022). We only used data from measurement occasions at 
which a student responded to all 3 items of a given self- 
concept scale.

We employed BH-MNLFA to answer the following two 
research questions involving one continuous and one cat
egorical Level-1 moderator:

1. How do the measurement properties of state self- 
concepts change over the period of the EMA study 
(continuous moderator)?

2. How do the measurement properties of subject-specific 
state self-concepts differ across the school subjects 
Mathematics, Physics, German, and English (categorical 
moderator)?

Table 2. Convergence rates and accuracy for detecting DIF.

Convergence Accuracy

NLevel-2 NLevel-1 DIF ¼ 0.1 DIF ¼ 0.2 DIF ¼ 0.3 DIF ¼ 0.1 DIF ¼ 0.2 DIF ¼ 0.3

400 5 98% 98% 99% 58% 71% 88%
20 90% 93% 92% 59% 78% 94%

800 5 95% 95% 92% 61% 87% 98%
20 82% 79% 82% 64% 93% 99%
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4.1. Method

4.1.1. Data Analysis
We ran a separate BH-MNLFA for each of the four state 
self-concepts (i.e., four unidimensional BH-MNLFA mod
els). To address research question 1, time in hours—as 
tracked from the beginning of the EMA period onwards— 
was introduced as a continuous Level-1 moderator in each 
of these models. To address research question 2, we used 
three Level-1 dummy variables to represent which subject 
was taught in a given lesson. It is important to note that 
each of the self-concepts were assessed after each lesson 
type. The particular subject currently under study served as 
the reference category. For example, when the Mathematics 
state-self-concept was under study, we introduced the three 
dummies “German lesson”, “English lesson”, and “Physics 
lesson”. If one of these dummies significantly moderates the 
item parameters, for example, “English lesson”, this would 
indicate that the measurement properties of Mathematics 
self-concept differ when measured after English compared 
to Mathematics lessons.

4.1.2. Model Estimation and Sensitivity Analysis
Each model was estimated using MCMC with three parallel 
chains and 10,000 iterations per chain. We used the same 
weakly informative prior setting introduced in 
Simulation Study 1. The shrinkage hyperprior was 
set sj

2 � Gamma a, 1ð Þ:

Although the BaLasso automatically adaptively deter
mines the appropriate amount of shrinkage during model 
estimation, the choice of hyperprior nevertheless influen
ces the range and strength of possible shrinkage effects 
(see Chen et al., 2022). This leads to an inevitable trade
off: A hyperprior that is overly restrictive may incorrectly 
shrink meaningful moderation effects toward zero, while a 
too-weak prior may lead to poor convergence. Thus, it is 
crucial to assess whether inferences are robust to varying 
assumptions about the degree of shrinkage. To identify 
hyperprior settings that best balance this tradeoff, we con
ducted a sensitivity analysis that systematically varied the 
hyperprior settings and evaluated their impact on both 
model convergence and parameter estimates. We explored 
six different hyperprior values setting the shape parameter 
a to 400, 200, 100, 50, 25, and 10 and re-estimating each 
model under each setting. These values represent a gradi
ent from stronger to weaker regularization. Lower values 
of the shape parameter place less prior mass on large 
penalty values and increase the relative variability of the 
penalty parameters, thereby weakening the average shrink
age and allowing regression coefficients to deviate more 
freely from zero. For each setting, we assessed model con
vergence using the PSR, which should be below 1.05, 
and an effective size of at least 400 for all model 
parameters.4

4.2. Results

Figure 5 depicts the 95% Bayesian Credible Intervals for the 
moderation effects in the four analyses of the subject- 
specific state self-concept scales.

4.2.1. Time as a Moderator of Item Parameters
Across the various self-concept scales, Figure 5 shows that 
only 2 of the 12 item loadings—and only 1 of the 12 item 
intercepts—exhibited a moderator effect of time that dif
fered substantially from zero. Overall, this pattern indicates 
that both metric and scalar measurement invariance were 
largely supported for the state self-concept scales by our 
analyses. In addition, the results revealed several consistent 
trends in how time moderated the parameters across the 
self-concept measures. Most notably, three item residuals 
were consistently negatively moderated, suggesting that 
measurement error tended to decrease over time. This pat
tern can be interpreted as an instance of what the literature 
on repeated self-report measurement refers to as the 
Socrates effect (e.g., Jagodzinski, 1986)—a specific form of 
the mere-measurement effect (Long et al., 2025). The term 
describes the phenomenon whereby repeated self-reflection 
prompted by questionnaires or interviews leads to shifts in 
response behavior, greater self-awareness, and in some cases 
even personal change over time (e.g., Godin et al., 2008). 
Recent work also suggests that such processes may be 
reflected in the psychometric properties of self-report scales 
themselves (McNeish et al., 2021). A reduction in measure
ment error suggests that the students may increasingly form 
a clearer internal representation of the latent construct being 
assessed, thereby aligning their responses across items more 
consistently.

Four further significant moderation effects were present 
with respect to the moderator time. For the math state self- 
concept, one item intercept and the latent mean were posi
tively moderated. Although just credibly different from zero, 
these positive moderation effects—with only the latent mean 
moderation indicating true change in the underlying con
struct—suggest a small overall increase in students’ math 
state self-concept over the study period. In addition, for 
English and Physics self-concept, there was a negative mod
eration of the second item loading by the time covariate, 
implying that the second item slightly became less related to 
the latent factor over time.

4.2.2. School Subjects as Moderators of Item Parameters
Again, with only 5 of the 36 possible item loading moderations 
and 2 of the 36 possible item intercept moderations yielding 
Credible intervals not including zero, the findings for school 
subjects largely support metric and scalar invariance of the state 
self-concept scales. Overall, 26 of the 132 possible moderation 
effects across the four subject-specific analyses were credibly dif
ferent from zero. All substantial moderation effects related to 
school subjects were consistently negative, and most of them 
concerned variance components—namely, latent factor variance 
and item residual variance. Specifically, the latent variance 
showed 7 significant moderations, and the item residuals showed 

4Following the recommendations of Zitzmann and Hecht (2019), we applied 
stricter convergence criteria for the empirical application, whereas the 
simulation studies required a more pragmatic balance between convergence 
diagnostics and computational efficiency.
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12. These results suggest that state self-concepts tend to be less 
variable after lessons in non-corresponding subjects than after 
lessons in the corresponding subject. In addition, the findings 
indicate that state self-concept indicators tend to contain less 

measurement noise following lessons in non-corresponding 
subjects.

Furthermore, concerning item loadings, five significant 
moderation effects were observed. These effects indicated 

Figure 5. Bayesian 95% credible intervals for the moderation effects of the covariates time and type of lesson across math, german, english, and physics state self- 
concepts.
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that only the first and second items exhibited school-sub
ject–specific variation. For the item intercepts, only two 
parameters showed moderation effects by the school subject 
factor. More specifically, for the English and physics self- 
concept scales, students tended to rate Item 1 lower after 
math lessons compared to after lessons in English and phys
ics, respectively. Notably, no significant moderation 
effects were found for the latent means in any of the 
analyses.

4.2.3. Sensitivity Analysis
To illustrate the results of the sensitivity analyses, Table 3
depicts the estimated moderation effects for Physics state 
self-concepts comparing six models ran with different set
tings for the shrinkage hyperprior. The three models with 
the highest shrinkage effect fulfilled the convergence criteria 
and were thus candidates for final inference. The parameter 
estimates of the models that do not fulfill the convergence 
criteria and are thus impractical for final inference are 

Table 3. Sensitivity analysis of moderation effects on physics state self-concept under varying shrinkage prior settings.

Moderation effect Gamma (400,1) Gamma (200,1) Gamma (100,1) Gamma (50,1) Gamma (25,1) Gamma (10,1)

Item 1
Intercept

Time −0.002 (0.003) −0.003 (0.004) −0.003 (0.005) 0 (0.008) −0.001 (0.012) −0.013 (0.01)
English −0.007 (0.004) 20.014 (0.006)* 20.019 (0.009)* 20.026 (0.012)* −0.024 (0.017) −0.017 (0.023)
Physics 0.001 (0.003) −0.001 (0.004) −0.004 (0.006) −0.01 (0.009) −0.009 (0.013) 0.012 (0.024)
German −0.004 (0.004) −0.008 (0.005) −0.012 (0.007) −0.016 (0.009) −0.017 (0.014) −0.015 (0.036)

Loading
Time −0.001 (0.003) −0.001 (0.004) 0.001 (0.006) 0.146 (0.204) 0.008 (0.014) −0.188 (0.141)
English −0.005 (0.005) −0.013 (0.008) −0.015 (0.01) −0.007 (0.016) −0.019 (0.029) −0.019 (0.199)
Physics −0.008 (0.006) −0.012 (0.01) −0.018 (0.014) −0.02 (0.016) −0.026 (0.022) −0.087 (0.114)
German −0.004 (0.004) −0.014 (0.008) −0.019 (0.011) −0.026 (0.013) −0.021 (0.021) 0.24 (0.398)

Residual
Time 20.134 (0.013)* 20.146 (0.013)* 20.152 (0.013)* 20.155 (0.013)* 20.157 (0.013)* 20.14 (0.012)*
English 20.02 (0.011)* 20.054 (0.014)* 20.083 (0.016)* 20.095 (0.016)* 20.102 (0.017)* 20.098 (0.019)*
Physics −0.005 (0.006) 20.029 (0.013)* 20.056 (0.015)* 20.069 (0.015)* 20.072 (0.016)* 20.084 (0.019)*
German −0.001 (0.004) −0.011 (0.01) 20.032 (0.015)* 20.048 (0.017)* 20.048 (0.015)* 20.058 (0.017)*

Item 2
Intercept

Time 0.005 (0.004) 0.008 (0.005) 0.01 (0.006) 0.014 (0.009) 0.013 (0.013) 0 (0.011)
English −0.001 (0.003) −0.003 (0.005) −0.004 (0.008) −0.01 (0.012) −0.007 (0.018) 0.001 (0.025)
Physics 0.002 (0.003) 0.003 (0.004) 0.003 (0.006) 0 (0.009) 0.002 (0.014) 0.025 (0.027)
German 0.001 (0.003) 0.001 (0.004) 0 (0.006) −0.001 (0.008) −0.001 (0.015) 0.001 (0.04)

Loading
Time 20.023 (0.007)* 20.019 (0.007)* 20.017 (0.008)* 0.142 (0.222) −0.008 (0.015) −0.205 (0.153)
English 20.012 (0.006)* 20.024 (0.008)* 20.028 (0.012)* −0.015 (0.019) −0.029 (0.03) −0.018 (0.211)
Physics −0.005 (0.005) −0.01 (0.01) −0.016 (0.015) −0.019 (0.017) −0.019 (0.024) −0.096 (0.12)
German −0.008 (0.005) 20.017 (0.008)* −0.019 (0.011) −0.023 (0.013) −0.016 (0.023) 0.28 (0.442)

Residual
Time 20.07 (0.022)* 20.104 (0.019)* 20.118 (0.019)* 20.136 (0.024)* 20.129 (0.019)* 20.128 (0.025)*
English −0.002 (0.004) −0.004 (0.008) −0.014 (0.015) −0.046 (0.027) 20.046 (0.021)* 20.069 (0.025)*
Physics −0.001 (0.004) −0.007 (0.009) −0.023 (0.017) 20.05 (0.021)* 20.063 (0.024)* 20.064 (0.025)*
German −0.005 (0.006) 20.025 (0.015)* 20.054 (0.021)* 20.083 (0.022)* 20.096 (0.025)* 20.106 (0.026)*

Item 3
Intercept

Time 0 (0.003) 0 (0.004) 0.001 (0.005) 0.004 (0.008) 0.003 (0.013) −0.009 (0.01)
English −0.002 (0.003) −0.006 (0.005) −0.01 (0.008) −0.018 (0.012) −0.016 (0.017) −0.009 (0.023)
Physics −0.003 (0.003) −0.006 (0.005) −0.01 (0.006) −0.016 (0.009) −0.015 (0.012) 0.004 (0.023)
German 0 (0.003) −0.001 (0.004) −0.004 (0.006) −0.007 (0.008) −0.008 (0.014) −0.007 (0.037)

Loading
Time −0.002 (0.003) −0.004 (0.005) −0.003 (0.006) 0.145 (0.209) 0.003 (0.013) −0.194 (0.144)
English 0 (0.003) −0.001 (0.005) −0.001 (0.009) 0.004 (0.013) −0.004 (0.029) −0.013 (0.193)
Physics −0.008 (0.006) −0.011 (0.009) −0.019 (0.014) −0.017 (0.02) −0.028 (0.021) −0.09 (0.113)
German 0 (0.003) −0.003 (0.005) −0.007 (0.009) −0.014 (0.013) −0.01 (0.021) 0.254 (0.404)

Residual
Time 20.12 (0.012)* 20.129 (0.012)* 20.133 (0.012)* 20.136 (0.012)* 20.136 (0.012)* 20.133 (0.012)*
English 20.017 (0.01)* 20.042 (0.012)* 20.057 (0.013)* 20.057 (0.018)* 20.07 (0.015)* 20.059 (0.018)*
Physics 0.001 (0.003) 0 (0.005) −0.003 (0.008) −0.005 (0.011) −0.007 (0.013) −0.011 (0.014)
German −0.001 (0.003) −0.005 (0.007) −0.01 (0.01) −0.014 (0.012) −0.017 (0.014) −0.018 (0.015)

Latent Mean
Time 0.001 (0.003) 0.002 (0.006) 0.003 (0.011) −0.011 (0.025) −0.001 (0.033) 0.049 (0.035)
English −0.005 (0.006) −0.014 (0.012) −0.028 (0.021) −0.026 (0.032) −0.05 (0.044) −0.052 (0.064)
Physics 0 (0.003) −0.001 (0.006) −0.006 (0.012) −0.004 (0.023) −0.019 (0.034) −0.008 (0.113)
German −0.001 (0.003) −0.003 (0.007) −0.01 (0.013) −0.012 (0.023) −0.03 (0.036) −0.022 (0.05)

Latent Variance
Time −0.007 (0.007) −0.018 (0.013) −0.029 (0.018) −0.148 (0.16) −0.053 (0.037) 0.208 (0.191)
English −0.006 (0.007) −0.023 (0.017) −0.045 (0.027) −0.081 (0.04) −0.057 (0.074) 0.063 (0.187)
Physics 20.027 (0.015)* 20.065 (0.026)* 20.076 (0.038)* −0.095 (0.051) −0.078 (0.059) −0.029 (0.19)
German −0.005 (0.006) −0.021 (0.016) −0.038 (0.026) −0.067 (0.044) −0.056 (0.056) −0.357 (0.454)

Note. Columns in light grey show the parameter estimates from the models that did not meet the convergence criterion.
�Bayesian 95% Credible Interval does not include zero.

STRUCTURAL EQUATION MODELING: A MULTIDISCIPLINARY JOURNAL 11



printed in grey. For the report of final results in the previ
ous sections, we used the least strong shrinkage effect that 
still resulted in model convergence (i.e., Gamma(100, 1)).

From Table 3, it can be inferred that parameter estimates 
for the moderation effects are higher when the shrinkage 
effect is smaller. It also becomes apparent that some moder
ation effects are not statistically significantly different from 
zero when the shrinkage factor is high, but become signifi
cant in the models with lower shrinkage factors (e.g., the 
moderation of the residual of item one by the Physics lesson 
dummy). It is also observable that the standard deviation of 
the parameter estimates also increases when the shrinkage 
factor decreases. Sensitivity analyses for the other self- 
concept scales can be found in Online Supplemental 
Material C on OSF (https://osf.io/hd5bw). Overall, the 
hyperprior Gamma(100,1) achieved the best balance for the 
given scenario, with one exception—the math self-concept 
scale.

4.3. Discussion

Across the subject-specific analyses, the BH-MNLFA results 
indicate that the state self-concept scales demonstrated 
largely robust metric and scalar invariance over time and 
across school subjects. Only a few item loadings and inter
cepts showed significant moderation. This suggests that, 
overall, the scales measured the same constructs consistently 
across repeated assessments and instructional contexts.

At the same time, a consistent pattern of negative moder
ation effects for item residuals emerged over time. This 
reduction in measurement error may be due to a Socrates 
effect, whereby repeated self-reporting leads participants to 
develop an internal representation of the latent construct 
over time and provide more consistent responses across 
items.

Regarding school-subject effects, significant moderation 
was found primarily for variance components, with both 
latent variances and item residuals tending to be lower after 
non-corresponding lessons. This pattern suggests fewer 
intraindividual fluctuations and less measurement noise 
when the immediate instructional context is not directly 
tied to the domain being assessed. As a result, students’ 
responses in these situations appeared more homogeneous 
and trait-like.

Taken together, the empirical application highlights how 
BH-MNLFA can be used for examining how measurement 
properties and structural parameters change across time and 
contexts.

5. General Discussion

In the present study, we introduced BH-MNLFA for testing 
measurement invariance in clustered data with continuous 
and categorical moderators at both the within- and 
between-cluster levels. This approach combines multilevel 
CFA, moderated nonlinear factor analysis, Bayesian estima
tion, and Bayesian regularization via shrinkage priors. 
Two simulation studies demonstrated the functionality of 

BH-MNLFA and provided information on power to detect 
non-invariance, offering practical guidance for researchers 
considering its use. Although flexibly applicable to a range 
of hierarchical data structures, we illustrated the method 
using repeated EMA measurements and showed how BH- 
MNLFA can be used to investigate contextual correlates and 
shifts in measurement invariance over time. A sensitivity 
analysis further illustrated how to navigate the tradeoff 
between model convergence and shrinkage of moderation 
effects. In our OSF repository, we also make editable code 
available to run the BH-MNLFA with Stan (Carpenter et al., 
2017).

5.1. Comparison of BH-MNLFA with Alternative 
Approaches for Testing MI in EMA Data

While BH-MNLFA can be applied to various types of hier
archical data, in this study, we highlighted its possible appli
cation for testing MI in data obtained from EMA. In this 
section, we therefore contextualize BH-MNLFA among 
existing methodological approaches designed to address MI 
in the context of EMA data.

In recent years, several methods have been proposed and 
discussed for testing or exploring MI with EMA data. Most 
of them deal with the MI among the two essential dimen
sions of EMA data—persons and time. For instance, Adolf 
et al. (2014) proposed to explore MI by iteratively imposing 
equality constraints on item parameters in a CFA model. 
The procedure begins with an unconstrained model, where 
each parameter is estimated freely for each person and each 
time point. Next, researchers can sequentially impose equal
ity constraints—for instance, by first holding item loadings 
equal across time points within persons (i.e., weak invari
ance over time) and secondly also holding item loadings 
equal across persons (i.e., weak invariance across persons). 
Fit measures such as the Bayesian information criterion or 
likelihood ratio test statistics can be used as indicators of 
whether MI holds. The procedure proceeds until strict 
invariance is established across measurement occasions and 
persons or rejected by poor model fit.

McNeish et al. (2021) addressed the two-level nesting 
structure of EMA data by proposing a cross-classified multi
level CFA model in which Level-1 item parameters are 
treated as random effects across both time and individuals. 
These random effects are assumed to follow a normal distri
bution with a population mean parameter and a corre
sponding variance component quantifying the heterogeneity 
of a given item parameter along a given dimension (e.g., 
heterogeneity across persons or across measurement occa
sions). This model specification acknowledges that MI viola
tions can occur in a nonsystematic (random) fashion across 
either dimension and quantifies the extent of measurement 
variability by estimating variance components for item 
parameters directly. If random effects variances are near 
zero, this suggests approximate invariance; higher variance 
indicates more substantial MI violations. Again, model com
parisons and fit measures can be used to test the necessity 
of a given variance parameter.
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Vogelsmeier et al. (2019) proposed a Latent Markov 
Factor Analysis (LMFA) for investigating MI in EMA. This 
method assumes the existence of a small number of latent 
measurement models, or “measurement regimes,” within a 
given dataset. Participants are allowed to transition between 
these regimes over time, reflecting potential qualitative shifts 
in the measurement structure. Transitions between regimes 
are governed by a first-order Markov process, which models 
the probability of moving from one latent state (i.e., meas
urement model) to another across adjacent measurement 
occasions. Notably, LMFA is not limited to a confirmatory 
framework. Instead, it also supports an exploratory investi
gation of factor structures and loading patterns across dif
ferent latent states (Vogelsmeier et al., 2025). This makes it 
particularly well-suited for settings where researchers sus
pect discrete, regime-like changes in how constructs are 
measured—such as changes in how constructs manifest dur
ing different psychological or physiological states—rather 
than gradual or moderated variations.

BH-MNLFA adds a new method to the existing 
approaches for investigating MI in EMA contexts that 
focusses on covariate effects. It accounts for the nested 
structure of EMA data, in which repeated measurements are 
nested within individuals. However, unlike cross-classified 
approaches (e.g., Kim et al., 2023; McNeish et al., 2021), 
BH-MNLFA does not assume a second clustering along 
measurement occasions. This aspect reflects the fact that 
measurement occasions in EMA data are often highly indi
vidualized and exhibit no clear structure across persons, as 
in panel data. However, BH-MNLFA allows for systematic 
and flexible testing of measurement moderation by observed 
covariates on the person level (person characteristics as 
moderators of the measurement model) and time-point-spe
cific level (situational factors or time itself moderating meas
urement properties).

5.2. Limitations and Future Research

The BH-MNLFA, as described in this article, is not without 
its limitations and could be further extended and refined in 
future work.

First, the proposed BH-MNLFA is a complex model. 
Estimating these models using MCMC can be time-consum
ing when datasets are large. For instance, the runtime for a 
model in the empirical example was up to 24 hours, even 
running chains in parallel. Future studies could explore 
alternative estimation procedures, such as Bayesian 
Penalized Maximum Likelihood (e.g., L€udtke et al., 2021), to 
accelerate estimation. However, a critical aspect in this con
text is how to derive valid standard errors for statistical 
inference on moderation effects under Penalized Maximum 
Likelihood (Casella et al., 2010).

Second, the proposed model does not quantify between- 
cluster differences in item parameters or DIF effects. In this 
sense, our specification can be viewed as a fixed-effects 
model. However, in the literature on measurement models 
with intensive longitudinal data, the possibility to quantify 
and test between-person differences in measurement 

properties was recently introduced and discussed (e.g., 
McNeish et al., 2021; Schuurman & Hamaker, 2019). Future 
extensions of BH-MNLFA could therefore incorporate ran
dom effects for item parameters—and potentially also for 
moderator effects—to capture heterogeneity in measurement 
characteristics across clusters.

Third, our proposed sensitivity analysis procedure to find 
appropriate regularization parameters for a given dataset 
considers the tradeoff between model convergence and the 
detection of substantial moderation effects. Other 
approaches also consider model fit as another quantity to be 
considered in selecting shrinkage factors (Orzek et al., 2023; 
Robitzsch, 2023). These approaches, for instance, use typical 
fit measures, such as the Bayesian information criterion 
(BIC), and search for the shrinkage factor that results in the 
best fit indices. Future approaches could also rely on cross- 
validation and out-of-sample predictions to optimize this 
procedure and adapt it for the BH-MNLFA. However, it 
will be a challenge to reconcile such approaches with an 
acceptable runtime.

Fourth, other Bayesian shrinkage priors have been devel
oped and recently applied and evaluated in the context of 
MNLFA (Brandt et al., 2018, 2025; Chen et al., 2022; van 
Erp et al., 2019). The results of extensive simulation studies 
implied that lasso priors provide among the best results 
(e.g., Brandt et al., 2025). Nevertheless, potential disadvan
tages of the BaLasso, such as that coefficients are not 
shrunken exactly to zero when using posterior means, 
should be considered (for details see Brandt et al., 2018; van 
Erp et al., 2019). This property might be less important 
when investigating MI but alternative priors could be tested 
in the context of the BH-MNLFA in the future.

Fifth, in the EMA application, we considered only linear 
changes in item parameters over time. In practice, however, 
other functional forms—such as quadratic, piecewise, or 
even nonparametric trajectories—may be theoretically plaus
ible and substantively important. The BH-MNLFA frame
work can, in principle, be extended to accommodate such 
alternative specifications of moderation effects. Moreover, 
researchers may be interested not only in change across the 
entire study period but also in changes within specific tem
poral windows (e.g., time of day) or person-specific indices 
of assessment history (e.g., the consecutive number of com
pleted prompts). BH-MNLFA is well suited to address these 
types of questions, as long as the time-related covariates are 
appropriately defined and coded.

Sixth, the presented model implementation is limited to 
two-level data. However, three or more level data might be 
of interest for applied researchers (e.g., Parrisius et al., 
2022). In addition, similar to recent implementations and 
recommendations concerning the (single-level) MNLFA, we 
implemented our BH-MNLFA as a unidimensional model. 
However, sometimes it might be of interest to consider 
more complex factor models (bivariate or G-factor models). 
Future work could therefore extend the BH-MNLFA for 
these scenarios.

Finally, missing data are common in (intensive) longitu
dinal and multilevel designs and can affect both estimation 
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and the sensitivity to detect violations of measurement 
invariance. Our BH-MNLFA implementation assumes data 
in long format and uses all available information on the 
item responses at Level 1. Thus, individuals contribute 
information from the measurements they provided, which is 
typically appropriate under ignorable missingness assump
tions (i.e., MCAR or MAR; Enders, 2022). Nevertheless, 
higher proportions of missing item responses reduce the 
Level-1 sample size and will therefore lower power for 
detecting DIF. In contrast, missingness in moderators is 
more consequential for the current implementation. The 
present model treats moderators as fully observed, such that 
missing covariate values may lead to listwise or casewise 
deletion for the affected occasions, classes, or persons 
(depending on the covariate’s level). Although in many 
applications moderators are background or contextual varia
bles collected via separate mechanisms (e.g., baseline ques
tionnaires or administrative sources) and therefore typically 
exhibit relatively low missingness—as in our empirical 
example—this need not hold generally. Therefore, missing 
moderators in BH-MNLFA is an important direction for 
future studies. Further model developments could extend 
BH-MNLFA, for instance, by including Bayesian approaches 
for addressing missing data (Gelman et al., 2013) or by 
applying multiple imputation as a prior modeling step. 
These approaches would allow the model to retain informa
tion from partially observed covariates and may reduce bias 
under MAR.
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