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ABSTRACT 
This article demonstrates the application of residual dynamic structural equation modeling 
(RDSEM) for analyzing custom contrasts in experimental factorial designs. Previous applica
tions of RDSEM have often focused on ecological momentary assessment and daily diary 
data. However, RDSEM was explicitly developed for intensive longitudinal data more gener
ally, including settings with very short time intervals between observations. Beyond these 
types of studies, RDSEM is also well suited for analyzing data from laboratory studies such 
as eye-tracking or reaction time experiments. We compare three analytic approaches, 
namely analysis of variance, linear mixed models, and RDSEM, emphasizing the unique 
advantages of RDSEM. Although often applied to momentary assessment data, RDSEM 
proves highly effective for experimental analysis, offering the ability to integrate both time- 
varying and time-invariant covariates, model autoregressive effects, and capture interindivid
ual differences in residual variances / intraindividual variability. These strengths arise from 
RDSEM’s integration of time-series, multilevel, and latent variable modeling, all implemented 
through Bayesian estimation.
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Technological advances enable researchers to collect a 
vast amount of intensive data when conducting 
experiments with factorial designs in the social and 
behavioral sciences. These advances present new chal
lenges to researchers when selecting appropriate meth
ods for data analysis. Dynamic structural equation 
modeling (DSEM; Asparouhov et al., 2018) is a flex
ible tool that has been proposed in recent years for 
analyzing intensive longitudinal data. DSEM can be 
applied to longitudinal data with hours or days 
between assessments (e.g., ecological momentary 
assessment data, Smyth & Stone, 2003; daily diary 
studies, Bolger et al., 2003). DSEM is also well-suited 
for analyzing experiments with factorial designs that 
involve a time-series component as well (e.g., longitu
dinal data collected in a laboratory context, which 
may have seconds between consecutive assessments). 
DSEM introduces several advantages to the analysis of 

experiments, namely, (1) a time-series component 
allowing for autoregressive effects, (2) multilevel mod
eling, (3) a latent variable framework, (4) computa
tional feasibility through Bayesian estimation, (5) 
estimation of interindividual differences in residual 
variances, and (6) latent group-mean centering. This 
article aims to illustrate those advantages in the con
text of an experiment from reading research (although 
the advantages would generalize to any experimental 
context that collects intensive data). Intensive eye- 
tracking data will be used to examine the development 
of reading skills in children from grade one to four. 
DSEM will further be compared to results from ana
lysis of variance (ANOVA) and linear mixed models 
(LMM) to demonstrate how DSEM improves upon 
these more traditional methodologies.

In order to compare DSEM with ANOVA and 
LMM, this article builds upon the recently published 
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latent repeated measures analysis of variance (L-RM- 
ANOVA) approach (Langenberg et al., 2024, 2022), 
which translates traditional ANOVA into the structural 
equation modeling (SEM) framework. When estimated 
using Bayesian methods, L-RM-ANOVA is equivalent to 
a Bayesian multivariate ANOVA. L-RM-ANOVA intro
duces many advantages of SEM to the analysis of data 
from experiments, including, but not limited to, a more 
comprehensive examination of interindividual differen
ces, a convenient way of specifying custom contrasts, 
and the provision of a measurement model (i.e., latent 
variables). However, L-RM-ANOVA has been developed 
for single-level data only and does not allow for model
ing dynamic time-series processes. These features are 
crucial when analyzing data that contain intensively 
repeated measurements over time. For instance, in eye- 
tracking experiments, the reading time for a sentence 
may be influenced by the difficulty level of a previous 
word. Furthermore, because observations are nested 
within participants, it is important to examine the extent 
to which main and interaction effects differ across indi
viduals. This article integrates the advantages of L-RM- 
ANOVA into DSEM, thereby enabling researchers to 
explore interindividual differences in custom contrasts 
from factorial designs, as well as to examine intraindi
vidual variability in dynamic1 processes. Specifically, this 
article utilizes residual dynamic structural equation mod
eling (RDSEM, Asparouhov et al., 2018), a variant of 
DSEM that models autoregressive effects between resid
uals. Below we will refer to L-RM-ANOVA simply as 
ANOVA for the sake of brevity when discussing effect 
testing in single-level factorial designs. We will use the 
term traditional ANOVA when specifically referring to 
the original statistical method. It is important to note 
that, technically, ANOVA is not a model but a method 
for testing hypotheses that involve at least two parame
ters (i.e., numerator degrees of freedom of the F-test). 
This method is based on the general linear model, typic
ally estimated using least squares.

This article is structured as follows: First, this article 
introduces the motivating example of an eye-tracking 
experiment including a 2� 3 factorial within-subject 
design. Second, this article shows how to specify a set of 
custom contrasts which represent (i.e., test directly) 
hypotheses of substantive interest, while incorporating 
both fixed effects (i.e., a common, typically average, effect 

across individuals) as well as random effects (i.e., interindi
vidual differences that vary around the fixed effect) for the 
custom contrasts. Third, this article estimates and com
pares results from the ANOVA, a linear mixed model, and 
RDSEM. Although ANOVA operates on aggregated data 
and does not allow for time-varying covariates, the other 
models make use of the full dataset. The RDSEM will fur
ther include a set of time-invariant and time-varying cova
riates, an autoregressive effect, and interindividual 
differences in residual variances (which cannot be incorpo
rated into ANOVA; time-varying covariates are common 
in LMMs but modeling error structures is admittedly com
plex and rarely done). Finally, the article draws general 
conclusions, provides further advice for applied research
ers, and identifies future directions for research.

Motivating example 

This section introduces the motivating example of this 
article and briefly formulates several example research 
questions that will be analyzed and answered in the 
remainder of this article. The example data stem from 
an eye-tracking experiment that investigated reading effi
ciency in N ¼ 267 children in grades one, two, and 
four. The main research question is how children’s read
ing efficiency improves over grades in elementary 
school. This research question will also guide the con
trast coding and scaling, and the model specification in 
the following sections. The “Landolt” paradigm (e.g., 
Heim et al., 2018; Hillen et al., 2013) was used to meas
ure reading efficiency. The Landolt paradigm involves 
reading two types of sentences: regular sentences and 
Landolt sentences, in which the characters of the words 
are replaced by circles. For Landolt sentences, some of 
the circles in the words are replaced by the character 
“C” and participants are asked to read through the 
words and discover the “C”s.2 The idea behind this 
paradigm is that Landolt sentences involve only oculo
motor skills, whereas regular sentences involve both 
oculomotor skills and linguistic processing (including 
semantic, phonetic and morphosyntactic processing). 
The difference in, for instance, reading times can be per
ceived as a measure of reading efficiency.

The two experimental within-subject factors were sen
tence type (regular sentence vs. Landolt sentence) and 
grade (grade one vs. two vs. four). In each grade, children 
read up to 41 sentences (some children read fewer senten
ces; median ¼ 36, IQR ¼ (36, 41)) with up to 10 words 

1Throughout this article we use the term “dynamic” following the 
terminology of Mplus, where it refers to autoregressive dependencies 
between successive observations. Other frameworks use the label 
differently, for example continuous-time models (e.g., Driver et al., 2017) 
where dynamics are defined through relations among derivatives of latent 
processes. We emphasize this distinction to avoid confusion for readers 
from different methodological traditions.

2Landolt sentences have the same structure and number of characters 
and words as regular sentences but only consist of circles and “C”. 
Example:Regular sentence: The mother thinks Paul’s big drum is loud 
Landolt sentence: OOO OOCOOO OOOOOO OOOOO OOO OOOO OO 
OCOO.
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per sentence (sentences differed in length; median 7, IQR 
¼ (5, 9)), resulting in up to 1,575 measurements per child 
(median ¼ 1,341, IQR ¼ (1,239, 1,424)). Children in the 
sample were recruited from different schools, so add
itional clustering effects at the school level may be present. 
Because school membership was not the focus of the pre
sent analysis and the number of children per school was 
limited, these potential dependencies could not be mod
eled explicitly. This limitation should be kept in mind 
when interpreting the results. Several measures were col
lected such as total viewing time3 (TVT). Figure 1 shows 
the average viewing time per word across the 2� 3 ¼ 6 
experimental conditions. The viewing time was divided by 
the number of characters of the word and then log-trans
formed as the data was substantially skewed.

Development of reading efficiency

In this article, we will investigate several example 
research questions. We will first examine the develop
ment of reading efficiency over grades. In Figure 1, the 
black bars indicate the average difference in viewing 
time between regular and Landolt sentences (i.e., reading 
efficiency) for each of the three grades. The vertical 
dashed red bars indicate the average change in reading 

efficiency (i.e., difference of differences) from grade one 
to two and from two to four. We will use the identical 
contrasts in the model specification section as they 
match the substantive research question. The larger the 
change, the more efficient readers became from one 
grade to the next. We will examine both average 
changes across grades (i.e., fixed effects) and the variabil
ity of these changes across participants (i.e., random 
effects). The data further includes several time-invariant 
covariates: (1) children’s IQ, (2) attention problems via 
the child behavior checklist, (CBCL; Achenbach & 
Rescorla, 2001), (3) reading difficulty (RD), the average 
percentile below the 25th percentile for reading speed 
(Salzburger Lese- und Rechtschreibtests (Salzburg Reading 
and Spelling Test), SLRT-II; Moll & Landerl, 2010), and 
(4) reading comprehension (Ein Lese-Verständnistest für 
Erst- bis Sechstklässler (A Reading Comprehension Test 
for First to Sixth Graders), ELFE 1–6; Lenhard & 
Schneider, 2006). All time-invariant covariates were meas
ured before or at the beginning of the first grade. We 
will use these covariates in this article to explain and pre
dict the change in reading efficiency.

Time-varying covariates

The second research question addresses the use of time- 
varying covariates. Specifically, we aim to examine how 
the initial landing position (LP) within a word influences 
the viewing time. Prior research has established that 

Figure 1. Model-implied fixed effects of the RDSEM (see Section “Model 3: RDSEM”) for the six experimental conditions. Error bars indicate 
credibility intervals. The solid vertical bars indicate the difference between Landolt and regular sentences (i.e., reading efficiency) for each 
of the grades. The dashed vertical bars indicate the change in reading efficiency from grade one to two and two to four, respectively.

3Total viewing time is the sum of all gaze times on a word while reading 
a sentence, including looking back on a word. Total viewing time will be 
abbreviated “viewing time” in the remainder of this article.
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experienced readers tend to land near the center of a word 
during reading (Radach & McConkie, 1998), and landing 
closer to a word’s center is expected to result in shorter 
viewing times. To quantify this, the landing position was 
measured as the absolute distance (in characters) between 
the first fixation and the center of the word. This distance 
was then standardized by dividing it by the total word 
length, yielding a variable that ranges from 0 (indicating a 
landing exactly in the center of the word) to 1 (indicating 
a landing on either the first or last character).

Heterogeneity of residual variances

The third question concerns interindividual differen
ces in intraindividual variability. Individual residual 
variance is a measure of intraindividual variability: it 
describes how an individual’s viewing time fluctuates 
around their mean. This variability may, however, be 
affected by different person characteristics (i.e., time- 
invariant covariates such as IQ, CBCL, RD). That is, 
participants with reading difficulties may show higher 
intraindividual variability. We will examine how IQ, 
CBCL, and RD affect this variability.

Autoregressive effects

Lastly, we will investigate the degree to which viewing 
time of the current word is affected by the viewing 
time of the previous word. For example, viewing time 
may be longer when the previous word is more diffi
cult (e.g., due to cognitive fatigue). Furthermore, these 
autoregressive effects may vary across individuals, and 
may be predicted by time-invariant variables (e.g., 
children with higher IQ may have a weaker autore
gressive effect if they are able to process more difficult 
words without cognitive fatigue).

Prior models for intensive longitudinal data in 
experimental contexts

Traditional ANOVA

Traditional ANOVA is capable of estimating average 
changes in reading efficiency across grades (i.e., between- 
person effects in the present design; see Section 
“Development of Reading Efficiency”), and predicting 
these changes through time-invariant variables 
(Langenberg et al., 2022). However, traditional ANOVA 
cannot model the within-person process (e.g., the autore
gressive effect), thereby precluding examination of 
between-person differences in the within-person process.

Linear mixed models

LMM (for introductions to linear mixed models, see, e.g., 
Fitzmaurice et al., 2011; Laird & Ware, 1982) is an 

extension of ANOVA that allows estimation of within- 
person effects, as it distinguishes between within- and 
between-subject variability. LMMs are able to additionally 
incorporate time-varying covariates at the within level, 
such as the landing position or autoregression (see 
Sections below “Time-Varying Covariates” and 
“Autoregressive Effects”). However, including time-vary
ing covariates and autoregressive effects in multilevel 
models requires careful consideration of different center
ing methods (e.g., grand-mean centering or cluster-mean 
centering; Hamaker & Grasman, 2014). The choice of 
centering can substantially change the interpretation of 
the model parameters. This is especially true for factorial 
designs, where the interpretation of the intercept (and 
thus the autoregressive effect) further depends on the 
choice of factor coding. Furthermore, research has shown 
that, in some cases, autoregressive effects should be mod
eled between residuals; otherwise, biased variance esti
mates may result ((e.g., Sivo et al., 2005; Kwok et al., 
2007). This article will demonstrate how to estimate and 
interpret autoregressive effects between residuals in 
experiments with custom contrasts using latent cluster- 
mean centering.

There is also literature on interindividual differences in 
intraindividual variability (e.g., Hoffman, 2007). A variant 
of the LMM known as the location scale model (LCM) is 
an example of this, allowing for the modeling of within- 
subject variability as a function of time or other cluster- 
level covariates (e.g., Hedeker et al., 2008; Williams et al., 
2019, 2020). This type of model is typically applied to lon
gitudinal data, such as momentary assessment data (e.g., 
Hedeker et al., 2008, 2012; for an implementation, see 
Hedeker, 2013). LCMs can also include autoregressive 
effects. However, to our knowledge existing literature does 
not include LCMs with modeled autoregressive effects 
among residuals; instead, it has used the previous meas
urement to predict the current measurement or the 
residual variance of the current measurement.4

4A closely related recent development is the mixed-effects location scale 
(MELS) framework (Nestler, 2022; Nestler & Blozis, 2024), which extends 
location–scale modeling by jointly capturing individual differences in 
mean levels (location), intraindividual variability (scale), and serial 
dependence parameters (e.g., autocorrelation) within a unified mixed- 
effects specification. MELS separates within- and between-person 
components, allows time-varying and time-constant predictors, and can 
model interindividual differences in intraindividual variability as well as 
autocorrelation parameters. Notably, MELS has also been extended to a 
latent-variable formulation (Nestler & Blozis, 2024), which allows 
outcomes to be represented at the measurement level. In this framework, 
associations among person-specific effects (e.g., between a mean slope 
and a scale component) are typically expressed through correlations 
among random effects, rather than through structural regressions among 
slopes. Recent extensions of the MELS framework further incorporate 
autoregressive residuals (Nestler, 2022; Nestler & Blozis, 2024).
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DSEM and RSEM models

In DSEM models, autoregressive relations are speci
fied for the outcome itself (within level), whereas in 
RDSEM models the autoregressive relations are speci
fied for the residuals after accounting for the struc
tural part of the model (Asparouhov et al., 2018; 
Asparouhov & Muth�en, 2020a, 2020b). This residual- 
based specification in RDSEM separates the structural 
relations from the time-series component and keeps 
the focus on contemporaneous relations among varia
bles, whereas DSEM models structural relations that 
extend across time points (Asparouhov & Muth�en, 
2020). In terms of application, the choice should fol
low the substantive question: when interest lies in 
dynamics of the outcome across time, DSEM is appro
priate; when interest lies in residual dynamics after 
conditioning on predictors, RDSEM is appropriate 
(Asparouhov & Muth�en, 2020). In our experimental 
setting, the focus is on contemporaneous effects 
between reading-related variables, making RDSEM a 
natural choice. One could also consider including a 
time trend across sentences (e.g., children becoming 
faster as the experiment progresses), although the 
presence of such a trend alone should not determine 
model selection. If both specifications are plausible, 
model adequacy of the DSEM and RSEM models can 
be examined using Bayesian information criteria such 
as the deviance information criterion (DIC) under the 
same time-scale settings, and posterior predictive checks. 
Simulation studies show that DIC can identify the cor
rect modeling framework in comparative settings 
(Asparouhov & Muth�en, 2020). For our motivating 
example, we will therefore also briefly compare the DIC 
of DSEM and RDSEM. RDSEM has further been shown 
to be more robust to certain misspecifications of 
unevenly spaced observations. This robustness alone 
should not drive model choice; instead, times should be 
modeled as accurately as possible and model selection 
should combine substantive arguments with comparative 
fit (Asparouhov & Muth�en, 2020a).

RDSEM also offers additional advantages over existing 
approaches. RDSEM models slopes as latent variables 
that have means and variances (i.e., fixed and random 
effects), allowing for the regression of slopes on one 
another, unlike LMM, which does not support a struc
tural model among slopes. Modeling random effects as 
latent variables further allows for the estimation of the 
proportion of variance explained by covariates. Although 
this can also be achieved in LMM through more com
plex parameterization, RDSEM naturally provides this 
feature. Lastly, RDSEM enables the estimation of correla
tions between random effects, such as an autoregressive 

effect (capturing relationships between residuals) and the 
effect of an experimental factor. In this tutorial paper, we 
focus on RDSEM because of its clear illustration of the 
modeling of experimental designs with time-varying 
covariates and autoregressive processes.

In the remainder of this article, the three proposed 
models will be estimated to examine the development and 
change of reading efficiency. The models build upon and 
extend each other step by step, allowing for the research 
questions from the previous section to be addressed.

Specifying custom contrasts

This section provides a brief introduction on how to 
specify linear hypotheses in SEM. This approach formu
lates hypotheses as contrasts (or differences) between 
experimental conditions of within-subject factors and is 
derived from the latent growth components approach 
(Mayer et al., 2012, 2013). The idea can be perceived as 
a generalization of latent growth curves, since growth 
curves are, in fact, also differences between variables. 
The dependent variable under the experimental condi
tions is denoted by y and contrasts between those are 
labeled p: In our motivating example, the experimental 
conditions are the six combinations of sentence type 
and grade of the variable viewing time. Hypotheses are 
specified by expressing the contrasts as a function of the 
dependent variables using a contrast matrix C:

p ¼ Cy: (1) 

The contrast matrix can contain any set of con
trasts, as long as it is invertible. In practice, this 
means that the matrix must include the same number 
of contrasts as there are experimental conditions, and 
that the contrasts must be linearly independent (i.e., 
none of them can be expressed as a combination of 
the others). Researchers often prefer an orthogonal 
contrast matrix because orthogonal contrasts are 
uncorrelated with one another, which makes their 
interpretation more straightforward. Orthogonality 
simply means that the rows of the contrast matrix are 
independent in a geometric sense and do not overlap 
in the information they represent

For our example, we use a set of specific contrasts. 
Recall, we are interested in reading efficiency and 
change of efficiency over time. For that reason, we cre
ate contrasts for (1) an intercept (i.e., grand mean), (2) 
average reading efficiency across all grades; (3) change 
in average viewing time from grade one to two, (4) 
change in average viewing time from grade two to four, 
(5) change in reading efficiency from grade one to two, 
(6) change in reading efficiency from grade two to four. 
The latter two contrasts represent the main research 

810 B. LANGENBERG ET AL.



focus. Some literature (e.g., Rosenthal & Rosnow, 1985; 
Abelson & Prentice, 1997) recommends to scale the 
contrasts (i.e., normalize so the sum of squared coeffi
cients equals one), as this may facilitate comparisons 
between contrasts. However, we decided not to scale 
coefficients because of their substantial interpretation.

The contrast matrix for these contrasts is given by:

We can see that the first row represents an inter
cept which is the grand mean across the six condi
tions. Choosing the grand mean as the first contrast 
simplifies interpretation of model parameters later in 
this manuscript (see Section “Model 3: RDSEM”). The 
second row represents the difference between the 

mean of all Landolt conditions and the mean of all 
regular sentence conditions. The third and fourth row 
represent the difference of the mean of Landolt and 
regular sentences between grade one and two, and 

grade two and four, respectively. The last two rows 
represent our main research focus. The fifth row com
pares the difference between Landolt and regular sen
tences between grade one and two, and the sixth row 
compares this difference between grade two and four. 
Those two rows are a mathematical representation of 
the two red bars in Figure 1.

Hypotheses usually make statements about means 
and variances of the contrasts p: To estimate those 
means and variances, we need to express the depend
ent variables y as a function of the contrasts p: This 
can be achieved by solving the equation for y and 
inverting the contrast matrix C:

The inverted contrast matrix is often referred to as 
B� (Langenberg et al., 2022) and the resulting equa
tion is given by:

Factor Sentence type S L S L S L
Grade G1 G1 G2 G2 G4 G4

C ¼

Intercept
D
T1
T2
D : T1
D : T2

0:167 0:167 0:167 0:167 0:167 0:167
−0:333 0:333 −0:333 0:333 −0:333 0:333

0:5 0:5 −0:5 −0:5 0 0
0 0 0:5 0:5 −0:5 −0:5

−1 1 1 −1 0 0
0 0 −1 1 1 −1

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

: (2) 

Factor
Sentence type Grade Intercept D T1 T2 D : T1 D : T2

B� ¼ C−1 ¼

L G1
S G1
L G2
S G2
L G4
S G4

1 −0:5 0:667 0:333 −0:333 −0:167
1 0:5 0:667 0:333 0:333 0:167
1 −0:5 −0:333 0:333 0:167 −0:167
1 0:5 −0:333 0:333 −0:167 0:167
1 −0:5 −0:333 −0:667 0:167 0:333
1 0:5 −0:333 −0:667 −0:167 −0:333

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

: (3) 

yi ¼ B� pi

TVTL;G1
TVTS;G1
TVTL;G2
TVTS;G2
TVTL;G4
TVTS;G4

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

¼

1 −0:5 0:667 0:333 −0:333 −0:167
1 0:5 0:667 0:333 0:333 0:167
1 −0:5 −0:333 0:333 0:167 −0:167
1 0:5 −0:333 0:333 −0:167 0:167
1 −0:5 −0:333 −0:667 0:167 0:333
1 0:5 −0:333 −0:667 −0:167 −0:333

0

B
B
B
B
B
B
@

1

C
C
C
C
C
C
A

b0, i
bD, i
bT1, i
bT2, i

bD:T1, i
bD:T2, i

0

B
B
B
B
B
B
B
@

1

C
C
C
C
C
C
C
A

(4) 
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We can see that this equation looks very similar to 
regular regression with categorical predictors. The 
power, however, of this approach is the very flexible 
and convenient way of specifying contrasts as differ
ences between experimental conditions of the depend
ent variables. After we derived the contrasts, we now 
need save them in the data file. The resulting long- 
format file for child 2 looks like this:

We see the six rows that stem from the same sub
ject (“id” equals 2), representing the first word 
(“word”; word index) of the first sentence (i.e., sen
tence index; “trial”) in the six experimental condi
tions. In each of the three years, children had to read 
41 Landolt and regular sentences. “sentence” (sentence 
type: regular vs. Landolt) and “grade” (school grade: 
1, 2, or 4) represent the six experimental conditions, 
which are coded through the six variables beginning 
with “c_”. These contrast variables were derived from 
the above contrast matrix. The variable “tvt_w” (log 
total viewing time per character) represents the 
dependent variable. “iq” (intelligence quotient), “cbcl” 
(child behavior checklist, attention problems score), 
and “rd” (reading difficulty) are the aforementioned 
time-invariant covariates, and “lp” (landing position 
within a word) is the time-varying covariate. The 
resulting dataset is now ready for the proposed mod
eling in the following sections.

Inverting the contrast matrix, creating and saving 
the contrast variables can be cumbersome. We provide 
a convenience R (R Core Team, 2021) function in the 
online supplemental material “8 Function for Creating 
Custom Contrasts” that automates the creation of the 
contrasts. It takes a data frame in R and a contrast 
matrix as inputs, and will augment the data set by the 
inverse of the contrast matrix.

Model 1: ANOVA

The following sections contain the three proposed 
models that are able to answer the questions raised in 
the introduction. The models are each estimated in 
Mplus (Muth�en & Muth�en, 1918-2017). We used 
2,000 iterations (i.e., Bayesian updates) for each of the 
models. The results of fixed effects, that is intercepts 
and regression coefficients, can be found in Table 1.              

The results of variances, that is variability of random 
effects, can be found in Table 2. All time-invariant 
covariates are grand mean centered (i.e., each covari
ate is centered around the sample mean) to preserve 
the interpretation of the intercept. We will use 
Bayesian estimation and Mplus (Muth�en & Muth�en, 
1918-2017) for the model to ensure comparability 
with each of the other models presented in this manu
script. The software code for all models is publicly 
available at https://osf.io/7wdfv/and in the online sup
plemental materials (materials “Mplus Code for Model 
1: ANOVA”, “Mplus Code for Model 2: Linear Mixed 
Model”, and “Mplus Code for Model 3: RDSEM”). 
Bayesian credible intervals are reported at the 95% 
level, reflecting the central range of the posterior 
distribution.

The first model that we consider is a “simple” 
ANOVA model based on L-RM-ANOVA. The motivat
ing example constitutes a hierarchical structure, with 
observations (i.e., words) nested in participants. This 
structure will be ignored by averaging viewing time 
within each of the experimental conditions. This will 
yield six observations of viewing time for each of the 
N ¼ 267 participants. The following equation expresses 
the dependent variable viewing time as a function of the 
six contrast variables that we created in the previous sec
tion and the time-invariant covariates:
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The b‘s in the model represent the contrast variables as 
defined in the previous section. The c‘s are the means of 
the contrast variables (i.e., the fixed effects). Although this 
is not a multilevel approach, we still model random effects 
(i.e., interindividual differences in contrasts / effects) 
through f (Rovine & Molenaar, 1998, 2000, 2001; Bauer, 
2003), where VarðfÞ ¼ W; a variance-covariance matrix 
with diagonal elements sjj: In this formulation, residual 
variances at the within level are not estimated because, 
after aggregating to condition means, each person contrib
utes only a single observation per condition. Thus, the 
within-person residual variance is absorbed into the vari
ance of the contrasts. As a consequence, the residuals are 
not separately identifiable in this specification.

We now examine selected contrasts in more detail. 
b0, i is the intercept, that is the mean of viewing time 
across all six conditions. The average of this mean 
across participants (i.e., the fixed effect) is ĉ00 ¼

4:69 ½4:65, 4:72�; where the values in brackets represent 
the 95% credibility interval of the posterior distribution. 
This means that participants needed a viewing time of 
4.69 units per character on the log-transformed millisec
onds scale to read a word, or 109 ms on the original 
scale. In the remainder of this article, we will only dis
cuss findings on the log-transformed scale for the sake 
of simplicity. The variance of the deviations from the 
average across participants (i.e., the variability of the 
random effect) is ŝ00 ¼ 0:06 ½0:05, 0:08�: From those 
values, we can illustrate how viewing time differs across 
children by taking the average effect and adding and 
subtracting one standard deviation of the random effect. 

This yields the expected viewing time for participants 
who are one standard deviation below or above aver
age: ĉ006

ffiffiffiffiffiffi
ŝ00
p

¼ 4:6960:25 ¼ ½4:44, 4:94�:5

The two contrasts of primary interest are bD:T1, i 
and bD:T2, i: The mean change in reading efficiency 
from grade one to two is ĉ40 ¼ 0:56 ½0:49, 0:63� and 
from grade two to four is ĉ50 ¼ 0:30 ½0:25, 0:35�: In 
ANOVA, omnibus hypothesis tests of main effects of 
a factor are often of interest, with the null hypothesis 
H0 : c40 ¼ c50 ¼ 0; meaning there is no change in 
reading efficiency from grade one to two, or from 
grade two to four. In Bayesian models, we cannot use 
an F-test to compare two (or more) model parameters 
against zero, nor can we use a Wald or Likelihood 
Ratio Test. However, a test can be constructed 
based on the draws from the posterior, which is 
asymptotically equivalent to a Wald test (Asparouhov 
& Muth�en, 2020). Mplus calculates the median of the 
draws for each parameter and the variance-covariance 
matrix of the draws. A Wald test based on this infor
mation yields v2ð2Þ ¼ 453:24; p < :001; providing 
strong evidence for a change in reading efficiency 
from grade one to two or from grade two to four, or 
both.

yi ¼ m þ K pi þ ei
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pi ¼ a þ C xi þ fi
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5This calculation illustrates variability across children rather than 
uncertainty of the estimate. It shows the expected viewing times for two 
hypothetical participants who lie one standard deviation below and 
above the sample average. It is therefore not a credibility interval. If 
desired, credibility intervals for these derived values could be obtained by 
repeating the calculation for each posterior draw and summarizing the 
resulting distributions (e.g., using the 2.5% and 97.5% percentiles).
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Our focus is on interindividual differences rather 
than hypothesis tests for main and interaction effects. 
Furthermore, the previous v2 test is significant at p <
:001 and will most likely not differ across ANOVA, 
LMM, and RDSEM. For these reasons, we will focus on 
the variances of the contrasts. The variance of this 
change from grade one to two is ŝ44 ¼ 0:18 ½0:14, 0:24�
and ŝ55 ¼ 0:11 ½0:09, 0:14� from grade two to four, 
respectively. Following the same logic as above, one 
standard deviation below and above the average change 
is obtained as ĉ406

ffiffiffiffiffiffi
s44
p

¼ ½0:14, 0:99� for the change 
from grade one to two and ĉ506

ffiffiffiffiffiffi
s55
p

¼ ½−0:03, 0:63� for 

the change from grade two to four, illustrating the range 
of developmental changes that can be expected for chil
dren who lie one standard deviation below or above the 
average. We can see that the change from grade two to 
four is smaller. This is not surprising based on prior the
ory and research since we expect viewing time in regular 
sentences to converge against viewing time in Landolt 
sentences. We can also estimate the effect of the time- 
invariant covariates on the change of reading efficiency. 
Although IQ and CBCL did not have a significant effect, 
RD does have an effect. For children that suffer from 
RD, the change in reading efficiency will be larger with 

Table 1. Parameter estimates of the fixed effects for the three models ANOVA, linear mixed model, and RDSEM.
ANOVA Mixed Model RDSEM

Est. 95% CI PDO Est. 95% CI PDO Est. 95% CI

Intercepts
TVT wi c00 4.687� (4.649, 4.724) 83% 4.696� (4.658, 4.734) 12% 4.760� (4.721, 4.802)
bD, i c10 0.627� (0.570, 0.689) 14% 0.544* (0.493, 0.598) 0% 0.741* (0.679, 0.807)
bT1 , i c20 0.507� (0.467, 0.548) 17% 0.454* (0.419, 0.489) 7% 0.527* (0.483, 0.572)
bT2 , i c30 0.254� (0.221, 0.289) 42% 0.230� (0.201, 0.258) 15% 0.276* (0.242, 0.313)
bD:T1 , i c40 0.563� (0.494, 0.631) 24% 0.485* (0.427, 0.541) 5% 0.615* (0.540, 0.688)
bD:T2 , i c50 0.302� (0.249, 0.352) 21% 0.240* (0.195, 0.285) 5% 0.341* (0.287, 0.398)
bLP, i c60 0.160� (0.149, 0.171) 76% 0.157� (0.147, 0.167)
ewi exp ðx70Þ 0.303� (0.295, 0.311)
ui c80 0.154� (0.144, 0.164) 93% 0.155� (0.143, 0.166)

Regressions
TVT wi

IQc
i c01 −0.002 (−0.005, 0.001) 86% −0.002 (−0.005, 0.001) 92% −0.002 (−0.005, 0.001)

CBCLc
i c02 −0.004 (−0.011, 0.003) 91% −0.003 (−0.010, 0.004) 93% −0.004 (−0.011, 0.003)

RDc
i c03 0.347� (0.263, 0.431) 86% 0.362� (0.274, 0.447) 85% 0.345� (0.263, 0.432)

bD, i
IQc

i c11 −0.002 (−0.007, 0.002) 92% −0.002 (−0.006, 0.002) 87% −0.003 (−0.007, 0.002)
CBCLc

i c12 −0.003 (−0.014, 0.008) 94% −0.003 (−0.012, 0.007) 93% −0.003 (−0.014, 0.008)
RDc

i c13 0.501� (0.375, 0.622) 54% 0.424* (0.305, 0.537) 53% 0.501* (0.370, 0.632)
bT1 , i

IQc
i c21 −0.001 (−0.004, 0.003) 70% −0.002 (−0.004, 0.001) 77% −0.001 (−0.004, 0.002)

CBCLc
i c22 −0.002 (−0.010, 0.006) 80% −0.004 (−0.010, 0.002) 82% −0.003 (−0.010, 0.005)

RDc
i c23 0.076 (−0.007, 0.167) 88% 0.086* (0.008, 0.160) 91% 0.082 (−0.003, 0.166)

bT2 , i
IQc

i c31 −0.000 (−0.003, 0.002) 95% −0.000 (−0.003, 0.002) 92% −0.001 (−0.003, 0.002)
CBCLc

i c32 0.004 (−0.002, 0.010) 89% 0.005 (−0.001, 0.010) 93% 0.004 (−0.002, 0.011)
RDc

i c33 0.089� (0.008, 0.165) 64% 0.056 (−0.009, 0.123) 69% 0.084* (0.011, 0.156)
bD:T1 , i

IQc
i c41 −0.004 (−0.009, 0.001) 90% −0.004 (−0.009, 0.000) 93% −0.004 (−0.009, 0.001)

CBCLc
i c42 0.010 (−0.003, 0.023) 90% 0.009 (−0.001, 0.020) 95% 0.009 (−0.003, 0.021)

RDc
i c43 0.208� (0.065, 0.364) 82% 0.237* (0.115, 0.365) 85% 0.212* (0.062, 0.353)

bD:T2 , i
IQc

i c51 −0.002 (−0.006, 0.002) 80% −0.003 (−0.006, 0.000) 90% −0.002 (−0.006, 0.001)
CBCLc

i c52 −0.006 (−0.015, 0.003) 82% −0.008 (−0.016, 0.000) 72% −0.005 (−0.014, 0.005)
RDc

i c53 0.177� (0.060, 0.291) 77% 0.146* (0.048, 0.244) 85% 0.166* (0.053, 0.283)
bLP, i

IQc
i 0.000 (−0.001, 0.001)

CBCLc
i −0.000 (−0.002, 0.002)

RDc
i −0.040� (−0.059, −0.020)

ewi
IQc

i exp ðx71Þ 0.999 (0.997, 1.001)
CBCLc

i exp ðx72Þ 1.002 (0.998, 1.007)
RDc

i exp ðx73Þ 1.101� (1.042, 1.163)
ui

IQc
i c81 −0.000 (−0.001, 0.001)

CBCLc
i c82 0.001 (−0.001, 0.003)

RDc
i c83 0.015 (−0.008, 0.037)

Note. Bold red font indicates changes of more than 10% in the median of the posterior distribution between neighboring models. “PDO” (posterior distri
bution overlap) indicates the overlap of the posterior distribution of neighboring models in percentage. The asterisk indicates a significant result using 
a 95% credibility interval.
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c43 ¼ 0:21 ½0:07, 0:36� for grade one to two and c53 ¼

0:18 ½0:06, 0:29� for grade two to four, respectively. A 
possible explanation could be that these children had a 
considerably higher viewing time for regular sentences in 
grade one in the first place. This explanation is also sup
ported by the correlations q04 and q05 of the intercept of 
TVTwi and the two change variables bD:T1, i and bD:T2, i:

The correlations are both positive, meaning that a child 
that had a high intercept (i.e., average viewing time 
across conditions), is likely to have a large change in 
reading efficiency.

Model 2: Mixed model

The second model that we consider is a linear mixed 
model. To maximize comparability of the results will 
also use Bayesian multilevel SEM in Mplus to estimate 
the model. The second model does not aggregate 
measurements within the six conditions, but makes 
use of the full dataset. This yields between 496 to 
1,575 observations per participant (i.e., we had differ
ing numbers of observations). In the Mplus frame
work, slopes (i.e., contrasts) in multilevel models are 
modeled as latent variables. The means of these latent 

Table 2. Parameter estimates of the random effects for the three models ANOVA, linear mixed model, and RDSEM.
ANOVA Mixed Model RDSEM

Est. 95% CI PDO Est. 95% CI PDO Est. 95% CI

Residual Variances (within)
TVT wi s 0.292� (0.290, 0.294)

Residual Variances
TVT wi s00 0.062� (0.050, 0.079) 68% 0.068* (0.055, 0.086) 64% 0.062� (0.050, 0.078)
bD, i s11 0.152� (0.122, 0.190) 23% 0.114* (0.091, 0.144) 22% 0.152* (0.123, 0.192)
bT1 , i s22 0.064� (0.052, 0.082) 19% 0.047* (0.037, 0.059) 22% 0.063* (0.050, 0.078)
bT2 , i s33 0.047� (0.039, 0.060) 30% 0.037* (0.030, 0.047) 34% 0.046* (0.037, 0.060)
bD:T1 , i s44 0.182� (0.143, 0.237) 14% 0.126* (0.098, 0.160) 27% 0.166* (0.132, 0.211)
bD:T2 , i s55 0.107� (0.087, 0.135) 17% 0.077* (0.060, 0.098) 22% 0.105* (0.082, 0.135)
bLP, i s66 0.003� (0.002, 0.004) 23% 0.002* (0.001, 0.003)
ewi s77 0.025� (0.021, 0.032)
ui s88 0.003� (0.003, 0.005) 76% 0.004� (0.003, 0.005)

Rsquared (within)
TVT wi 0.400 (0.397, 0.403) 0.425 (0.420, 0.429)

Rsquared
TVT wi 0.310 (0.198, 0.412) 0.177 (0.106, 0.253) 0.176 (0.106, 0.249)
bD, i 0.279 (0.175, 0.376) 0.149 (0.080, 0.223) 0.150 (0.088, 0.225)
bT1 , i 0.037 (0.005, 0.113) 0.031 (0.006, 0.078) 0.019 (0.003, 0.057)
bT2 , i 0.069 (0.015, 0.163) 0.024 (0.004, 0.062) 0.028 (0.006, 0.065)
bD:T1 , i 0.123 (0.037, 0.238) 0.071 (0.028, 0.129) 0.050 (0.015, 0.099)
bD:T2 , i 0.082 (0.019, 0.174) 0.053 (0.015, 0.116) 0.040 (0.009, 0.093)
bLP, i 0.091 (0.030, 0.189)
ewi 0.047 (0.015, 0.095)
ui 0.020 (0.003, 0.058)

Residual Correlations
TVT wi
bD, i q01 0.616� (0.509, 0.707) 75% 0.582� (0.464, 0.679) 73% 0.621� (0.510, 0.707)
bT1 , i q02 0.371� (0.227, 0.504) 96% 0.364� (0.206, 0.504) 89% 0.387� (0.240, 0.515)
bT2 , i q03 0.425� (0.281, 0.548) 86% 0.401� (0.239, 0.532) 90% 0.420� (0.281, 0.548)
bD:T1 , i q04 0.296� (0.144, 0.434) 53% 0.393* (0.238, 0.527) 58% 0.308* (0.152, 0.443)
bD:T2 , i q05 0.462� (0.329, 0.584) 76% 0.419� (0.275, 0.557) 72% 0.470* (0.331, 0.585)

bD, i
bT1 , i q12 0.261� (0.110, 0.399) 81% 0.302* (0.145, 0.441) 82% 0.263* (0.103, 0.409)
bT2 , i q13 0.443� (0.301, 0.560) 97% 0.444� (0.298, 0.574) 96% 0.435� (0.290, 0.560)
bD:T1 , i q14 0.337� (0.188, 0.475) 61% 0.414* (0.256, 0.544) 65% 0.348* (0.195, 0.481)
bD:T2 , i q15 0.313� (0.156, 0.457) 88% 0.287� (0.121, 0.446) 87% 0.313� (0.162, 0.457)

bT1 , i
bT2 , i q23 0.005 (−0.161, 0.183) 88% 0.029 (−0.147, 0.207) 86% −0.000 (−0.172, 0.169)
bD:T1 , i q24 0.531� (0.406, 0.641) 47% 0.436* (0.282, 0.566) 54% 0.517* (0.382, 0.629)
bD:T2 , i q25 0.095 (−0.077, 0.253) 66% 0.168 (−0.007, 0.346) 73% 0.107 (−0.069, 0.279)

bT2 , i
bD:T1 , i q34 0.132 (−0.038, 0.304) 33% 0.296* (0.127, 0.449) 35% 0.127 (−0.049, 0.303)
bD:T2 , i q35 0.206� (0.049, 0.344) 52% 0.092 (−0.075, 0.274) 53% 0.202* (0.039, 0.347)

bD:T1 , i
bD:T2 , i q45 −0.120 (−0.280, 0.052) 66% −0.038 (−0.228, 0.145) 74% −0.102 (−0.275, 0.078)

Note. Bold red font indicates changes of more than 10% in the median of the posterior distribution between neighboring models. “PDO” (posterior distri
bution overlap) indicates the overlap of the posterior distribution of neighboring models in percentage. The asterisk indicates a significant result using 
a 95% credibility interval.
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variables represent fixed effects, whereas their varian
ces represent the variability of random effects. As 
described earlier, using a multilevel SEM has several 
advantages over the ANOVA model. First, we can 
obtain an estimate of the within residual variance. 
Second, we can utilize covariates to predict slopes 
(which represented are latent variables). That is, we 
estimate the effect of the covariates on the contrasts 
(i.e., this is an interaction effect). By regressing the 
latent slopes on the covariates, we also yield an esti
mate of the explained variance (i.e., R2) of the con
trasts. This is an indicator of how much of the 
interindividual differences in the contrasts are 
explained by the covariates.

In the multilevel SEM framework, we have to devi
ate from the previous notation. We no longer use a 
multivariate but a univariate model. We will make use 
of a slightly different notation:

TVTwi ¼ b0, i þ bD, iCD, wi þ bT1, iCT1, wi þ bT2, iCT2, wi

þ bD:T1, iCD:T1, wi þ bD:T2, iCD:T2, wi þ bLP, iLPwi

þ uiTVTðw−1Þi þ ewi

(7) 

b0, i ¼ c00 þ c01IQc
i þ c02CBCLc

i þ c03RDc
i þ u0, i (8) 

bD, i ¼ c10 þ c11IQc
i þ c12CBCLc

i þ c13RDc
i þ u1, i

(9) 

bT1, i ¼ c20 þ c21IQc
i þ c22CBCLc

i þ c23RDc
i þ u2, i

(10) 

bT2, i ¼ c30 þ c31IQc
i þ c32CBCLc

i þ c33RDc
i þ u3, i

(11) 

bD:T1, i ¼ c40 þ c41IQc
i þ c42CBCLc

i þ c43RDc
i þ u4, i

(12) 

bD:T2, i ¼ c50 þ c51IQc
i þ c52CBCLc

i þ c53RDc
i þ u5, i

(13) 

bLP, i ¼ c60 þ u6, i (14) 

ui ¼ c80 þ u8, i (15) 

Equation (7) expresses viewing time for child i and 
word w as a function of the previously defined con
trasts. The b’s represent the random slopes. Equations 
(8) to (15) represent the latent slopes. We can see that 
the random slopes bj, i (i.e., j represents one of the six 
contrasts) are a function of an intercept cjk (the fixed 
effect, with k 2 f0, 1, 2, 3g), a random effect uj, i; and 
the three time-invariant covariates. Note that we do 
not actually estimate the random effects uj, i (i.e., each 

participant’s deviation from the intercept), but we 
only estimate their variance sjj:

We next examine the two contrasts of interest 
bD:T1, i (Equation 12) and bD:T2, i (Equation 13). In 
(12), the estimated mean change in reading efficiency 
from grade one to two is ĉ40 ¼ 0:49 ½0:43, 0:54� and 
its variance is ŝ44 ¼ 0:13 ½0:10, 0:16�: In (13), the esti
mated mean change in reading efficiency from grade 
two to four is ĉ50 ¼ 0:24 ½0:20, 0:29� and its variance 
is ŝ55 ¼ 0:08 ½0:06, 0:10�: One standard deviation 
below and above the average change is given by 
^̂c406

ffiffiffiffiffiffi
ŝ44
p

¼ ½0:13, 0:84� for grade one to two and 
^̂c506

ffiffiffiffiffiffi
ŝ55
p

¼ ½−0:04, 0:52�: Furthermore, the multilevel 
model offers additional insights. The explained inter
individual differences (R2) of the contrasts drop sig
nificantly with R2ðbD:T1, iÞ ¼ 0:07 ½0:03, 0:13� and 
R2ðbD:T2, iÞ ¼ 0:05 ½0:02, 0:12� (changes of more than 
10% are indicated by bold red font in results tables). A 
likely reason is that we now explicitly estimate the 
within residual variance (ŝ ¼ 0:29 ½0:29, 0:29�), which 
in the ANOVA model was absorbed into the variances 
of the contrasts. By separating within-person variability 
from between-person variability, less variance remains at 
the level of the random effects, which reduces the pro
portion of interindividual differences in the contrasts 
that can be explained by the covariates. At the same 
time, a substantial proportion of variance in the out
come at the observation level is explained overall, as 
indicated by R2ðTVTwiÞ ¼ 0:40 ½0:40, 0:40�: However, 
the model does not allow us to directly examine whether 
and how the covariates predict the within residual vari
ance itself—RDSEM, however, will give us the answer.

Model 3: RDSEM

The third model the RDSEM. RDSEM is a sophisti
cated analytical technique tailored for analyzing inten
sive longitudinal multilevel data, tracing the trajectory 
of both observed and latent variables across time 
(Asparouhov et al., 2018). As noted above, noteworthy 
advantages of RDSEM encompass: (1) integration of a 
time-series element permitting autoregressive influen
ces, (2) delineation of between- and within-person 
effects via multilevel modeling, (3) adoption of a latent 
variable framework, (4) computational tractability facili
tated by Bayesian estimation, (5) interindividual differ
ences in within residual variances, and (6) utilization of 
latent group-mean centering. Diverging from conven
tional SEM, RDSEM is purposefully crafted for inten
sive longitudinal data sets and is adept at capturing 
intricate interrelationships among variables across tem
poral domains, rendering it well-suited for ecological 
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momentary and mobile assessment data (e.g., Trull & 
Ebner-Priemer, 2014; Conner & Barrett, 2012; 
Hamaker & Wichers, 2017; Mehl et al., 2023).

In this section, we will extend the previous models, 
allowing us to answer questions defined in the begin
ning of the article. In particular, the RDSEM model 
extends the LMM by an autoregressive effect which can 
vary across individuals, time-varying covariates, and 
interindividual differences in the within residual vari
ance. The number of observations per participant was 
again 496 to 1,575.6 The model equation is given by:

TVTwi ¼ b0, i þ bD, iCD, wi þ bT1, iCT1, wi þ bT2, iCT2, wi

þ bD:T1, iCD:T1, wi þ bD:T2, iCD:T2, wi þ bLP, iLPwi

þ ewi

(16) 

b0, i ¼ c00 þ c01IQc
i þ c02CBCLc

i þ c03RDc
i þ u0, i

(17) 

bD, i ¼ c10 þ c11IQc
i þ c12CBCLc

i þ c13RDc
i þ u1, i

(18) 

bT1, i ¼ c20 þ c21IQc
i þ c22CBCLc

i þ c23RDc
i þ u2, i

(19) 

bT2, i ¼ c30 þ c31IQc
i þ c32CBCLc

i þ c33RDc
i þ u3, i

(20) 

bD:T1, i ¼ c40 þ c41IQc
i þ c42CBCLc

i þ c43RDc
i þ u4, i

(21) 

bD:T2, i ¼ c50 þ c51IQc
i þ c52CBCLc

i þ c53RDc
i þ u5, i

(22) 

bLP, i ¼ c60 þ c61IQc
i þ c62CBCLc

i þ c63RDc
i þ u6, i

(23) 

ewi ¼ uieðw−1Þi þ dwi (24) 

r2ðdwiÞ ¼ exp ðx70 þ x71IQc
i þ x72CBCLc

i þ x73RDc
i þ u7, iÞ

(25) 

ui ¼ c80 þ c81IQc
i þ c82CBCLc

i þ c83RDc
i þ u8, i (26) 

Although a more thorough discussion of the exten
sions will follow in subsequent sections, we would like 
to briefly highlight the modifications in the above 
equation. We can observe three changes in Equation 
(16). First, we introduced the time-varying covariate 
landing position through bLP, iLPwi (see Equation 23). 
Second, we express the residual as a function of an 
autoregressive effect from the previous word’s 
residual, uieðw−1Þi; and a residual dwi (see Equations 
24 and 26). Third, we express the variance of the 
residual r2ðdwiÞ as a function of several covariates and 
further add a random effect to it u7, i (see also 
Equation 25). Figure 2 represents the full RDSEM, 
where colored boxes indicate the three extensions. 
Figure 1 includes the model-implied fixed and ran
dom effects of the RDSEM for the six experimental 
conditions.

A further issue concerns the specification of the 
time structure and the handling of missing data. In 
Mplus, the tint (time interval) option is used to 
define the distance between successive measurements. 
This option directly affects the estimate of the autore
gressive parameter because the lag is scaled by the 
specified time interval. However, it does not affect 
the estimates of the experimental contrasts, since the 
structural part of the model is separated from the 
autoregressive component. This separation is a par
ticular advantage of using RDSEM rather than DSEM 
in our application (see Section “Prior Models for 
Intensive Longitudinal Data in Experimental 
Contexts”), because we do not operate on a physical 
time scale but rather on sequences of words in a sen
tence. In this context, the autoregressive effect is inter
preted as the dependency between subsequent words, 
rather than between observations separated by a fixed 
amount of time. At the same time, the RDSEM frame
work can naturally be applied to data with truly time- 
based spacing between measurements, where the 
interpretation of the autoregressive effect changes 
accordingly. Regarding missing data, it is important to 
note that the issue of missingness is not unique to our 
application but arises in the general RDSEM frame
work as well. In Mplus, missing data are treated as 
unknown parameters estimated within the Bayesian 
framework, which increases the number of estimated 
parameters. The underlying assumption is that data 
are missing at random (MAR), meaning that missing
ness may depend on observed variables but not on 
the missing values themselves (Muth�en & Muth�en, 
1998-2017). The validity of this assumption must be 
carefully evaluated in each empirical application 

6To prevent the first word of a sentence from being regressed on the last 
word of the previous sentence, we constructed a time index variable that 
was used with the Mplus TINTERVAL option. Within each child, 
observations were sorted by grade, sentence type, trial, and word. We 
then created a time index variable (tint) that increased by one unit for 
each successive word. At the beginning of a new trial, instead of 
increasing the index by one, we increased it by two. This creates a gap in 
the time index between the last word of one sentence and the first word 
of the next sentence. When the TINTERVAL option detects such a gap, 
Mplus internally inserts an additional time point with missing values. This 
artificial observation contains missing values for all time-varying variables, 
including the outcome and all contrast variables.
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(Mohan & Pearl, 2021; Potthoff et al., 2006; Enders, 
2022).

For the RDSEM, the fixed and the random effects 
of the two contrasts of interest (Equations 21 and 22) 
change only slightly compared with LMM. The mean 
change in reading efficiency from grade one to two is 
ĉ40 ¼ 0:61 ½0:54, 0:69� and its variance is ŝ44 ¼

0:17 ½0:13, 0:21�: The mean change in reading effi
ciency from grade two to four is ĉ50 ¼

0:34 ½0:29, 0:40� and its variance is ŝ55 ¼

0:11 ½0:08, 0:14�: One standard deviation below and 
above the average change is given by ĉ406

ffiffiffiffiffiffi
ŝ44
p

¼

½0:21, 1:02� for grade one to two and ĉ506
ffiffiffiffiffiffi
ŝ55
p

¼

½0:02, 0:67�: The point estimates of the fixed and the 
variance of the random effects do not change materi
ally as compared to the LMM (bold red font in Table 
1 and 2 indicate a change of more than 10% in the 
posterior median). A model comparison based on the 
deviance information criterion (DIC) indicated better 
fit for RDSEM relative to DSEM.

Time-varying covariates (landing position)

The first extension answers the question whether the 
initial landing position affects viewing time. We test 
this by incorporating the time-varying covariate LPwi 
into the model. This is not possible in the ANOVA 
approach. The extension can only be incorporated in 
multilevel models, such as LMM and RDSEM. 
Previous research indicates that skilled readers tend to 
fixate closer to the center of a word on their first gaze 
(i.e., even though each word may be viewed multiple 
times, only the initial gaze is considered; Radach & 
McConkie, 1998). We thus expect that the landing 
position will have a positive association with reading 
efficiency. We also allow for interindividual differen
ces (random effects) in the slope bLP, i across children. 
The mean of the slope is given by ĉ60 ¼

0:16 ½0:15, 0:17� and its variance by Varðu6, iÞ ¼ ŝ66 ¼

0:002 ½0:001, 0:003�: Because LPwi ranges from 0 (cen
ter) to 1 (edge), the mean slope ĉ60 ¼ 0:16 represents 
the expected difference in viewing time between a per
fectly centered fixation and one at the beginning or 
end of a word. One standard deviation below and 
above the average effect is given by ĉ606

ffiffiffiffiffiffi
ŝ66
p

¼

½0:11, 0:20�; meaning that for some participants, the 
effect will be closer to 0.11 and for some, it will be 
closer to 0.20. In addition, we can calculate the 
amount of explained variance in the residual variance 
with R2ðbLP, iÞ ¼ 0:09 ½0:03, 0:19�:

Heterogeneity in residual variances

The second extension answers whether some of the 
person characteristics (i.e., cluster-level covariates) 
affect the intraindividual variability. We first partition 
the residual into a part attributable to an autoregres
sive effect from the previous word (see the following 
section) and a remaining error term dwi: dwi; in turn, 
is a function of the time-invariant covariates. We will 
use a different letter (x) to refer to these regression 
coefficients because we need to apply the exponential 
function (i.e., the function exp ðxÞ ¼ ex; which 
ensures that the predicted residual variance is strictly 
positive) to obtain an interpretable quantity of the 
coefficients. The intercept of the residual variance is 
given by exp x̂70 ¼ 0:30 ½0:30, 0:31�: Since the covari
ates in this equation are grand-mean centered, the 
value can be interpreted as the average within residual 
variance across participants. While IQ and CBCL do 
not affect the residual variance, RD does have an 
effect with exp x̂73 ¼ 1:10 ½1:04, 1:16�: If we subtract 
1 from the estimate and multiply by 100 
(ð1:10 − 1Þ � 100 ¼ 10%), we get the percentage 
increase in the residual variance. Children with RD 
will have a residual variance that is 10% larger as 
compared to children without RD. Lastly, we allow 
for a random effect in the residual variance. That is, 
we are modeling “between-person variance in the 
within-person residual variance”. The random effect 
can be interpreted as the interindividual differences in 
the within residual variance that cannot be explained 
by the covariates. The variability of the random effect 
is given by Varðu7, iÞ ¼ ŝ77 ¼ 0:03 ½0:02, 0:03�: The 
interpretation is not straightforward, because we can
not simply take the exponential function of this. We 
can, however, calculate the residual variance for a per
son that is one standard deviation above or below the 
average while setting the covariates to zero (i.e., set
ting the covariates to the sample average): 
exp x̂706

ffiffiffiffiffiffi
ŝ77
p

¼ ½0:26, 0:35�: We can also express the 
change in within residual variance in terms of percent
age by exp

ffiffiffiffiffiffi
ŝ77
p

¼ 1:17; meaning that a person’s within 
residual variance increases by 17% if this person is one 
standard deviation above average. Lastly, we can calcu
late the amount of explained variance in the residual 
variance with R2ðr2ðdwiÞÞ ¼ 0:04 ½0:02, 0:10�:

Autoregressive effect

The third extension answers whether the viewing time 
of the previous word (TVTðw−1Þi) will affect reading of 
the current word. We can investigate this by incorpo
rating an autoregressive (lagged) effect of viewing 
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time into the model. There are two ways of modeling 
this effect in Mplus. First, we could grand-mean cen
ter viewing time of the previous word and use it as a 
predictor. Second, we estimate the residual of the pre
vious word (eðw−1Þi) and use that to predict the 
residual of the current word. Recall, RDSEM differs 
from regular DSEM in the sense that autoregressive 
effects are not estimated for the dependent variable itself 
but for the residual of the dependent variable. RDSEM 
provides a superior approach if a time trend is part of 
the model. We did not include a trend but we will use 
of this approach in this manuscript because it general
izes more easily to models that include such a trend. 
The relevant line can be found in Equations (24) and 
(26). The mean of the autoregressive effect is ĉ80 ¼

0:16 ½0:14, 0:17� and its variance is ŝ88 ¼

0:004 ½0:003, 0:005�: The variance of the slope is negli
gibly small, so we will focus on the interpretation of its 
mean c80: If the residual of the previous word exceeds 
the average viewing time by one unit, the residual of the 
current word will be 0.16 units larger. This could hap
pen if, for instance, the previous word was particularly 
difficult and it took the children longer to process the 
word. Recall that viewing time was standardized by the 
number of characters of the words. Thus, it is not word 
length that accounts for changes in viewing time, but 
other factors such as difficulty or familiarity.

We can further improve the interpretation of c80 by 
calculating the expected autoregressive effect (uieðw−1Þi) 
if the previous word’s viewing time was one standard 
deviation above average. For a child with average IQ, 
CBCL, and RD (i.e., setting these variables to zero 
because they are centered), the average standard devi
ation of the residual is SDðewijIQc

i ¼ CBCLc
i ¼

RDc
i ¼ 0Þ � 0:56:7 Remember, the average autoregres

sive effect (i.e., fixed effect) is ĉ80 ¼ 0:16: Therefore, if 
the previous word’s residual was one standard deviation 
above average, the residual of the current word will be 
0:16 � 0:56 ¼ 0:09 units higher.

Lastly, we regressed the autoregressive effect on the 
three time-invariant covariates, which all did not have 
a significant effect. This is in line with the rather 
small explained variance of the autoregressive 
effect R2ðuiÞ ¼ 0:02 ½0:003, 0:059�:

Posterior distribution overlap across models

Another contribution of this tutorial is to illustrate 
the use of posterior distribution overlap (PDO) to 

compare results across models. Tables 1 and 2 com
pared the results across the three models. PDO quan
tifies the similarity of two posterior distributions as 
the proportion of shared area. A PDO close to 100% 
indicates nearly identical posteriors, while smaller val
ues indicate differences in central tendency, uncer
tainty, or both. This is important because point 
estimates or credible intervals alone can conceal 
meaningful differences in the full distributions. Figure 
3 visualizes the overlap of each of the fixed effect par
amerters for the LMM and the RDSEM estimates.

The PDO may especially be valuable for applied 
researchers because it highlights how different modeling 
choices can influence parameter estimates and, in turn, 
the outcome of an analysis. Ultimately, the aim of the 
analysis is to make substantive statements about devel
opmental processes, not only to report statistical signifi
cance. If the PDO between two reasonable models is 
very low, the resulting substantive statements may differ. 
For example, one model may suggest that the change in 
reading efficiency from grade one to two is large and 
highly certain, whereas another model yields a posterior 
that barely overlaps with the first. In such a case, an 
applied researcher might draw different conclusions 
about the magnitude and even the direction of develop
mental change. In this sense, PDO provides a tool for 
sensitivity analysis. It should not be used for model 
selection. Model choice should be guided by substantive 
arguments and, where available, by fit indices. We note 
that RDSEM lacks many conventional fit indices, with 
the exception of the DIC. The practical value of PDO is 
to shift attention away from p-values and toward the 
magnitude of effects and the certainty around them, 
which is what matters for substantive interpretation.

ANOVA vs. LMM
The tables indicate marked differences for several fixed 
effects when moving from ANOVA (aggregated condi
tion means) to LMM (full data). This is also indicated 
by the percentage of overlap of the PDO. For the two 
developmental contrasts that are central to this article, 
the PDO is PDOc40 ¼ 24% for the change from grade 
one to two (bD:T1, i) and PDOc50 ¼ 21% for the change 
from grade two to four (bD:T2, i). Other fixed effects 
show similar patterns: PDOc10 ¼ 14% (bD1, i), PDOc20 ¼

17% (bT1, i), and PDOc30 ¼ 42% (bT2, i). The intercept 
shows higher overlap with PDOc00 ¼ 83%: These values 
indicate that using all observations in a multilevel frame
work can meaningfully change fixed-effect estimates of 
the developmental contrasts relative to aggregated 
ANOVA; in contrast, the overall level of the outcome is 
more stable.

7The stationary variance of the AR(1) residual process is r2ðdwiÞ=ð1 − u2
i Þ:

With r2ðdwiÞ ¼ exp ðx̂70Þ ¼ 0:303 and ui ¼ ĉ80 ¼ 0:155 (evaluated at 
centered covariates), this gives VarðewiÞ � 0:310; so SD � 0:56:
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LMM vs. RDSEM
Introducing residual autoregression and person-specific 
residual variances in RDSEM changes the fixed develop
mental contrasts further. In the tables, the overlap 
between LMM and RDSEM is very small for the two 
developmental contrasts: PDOc40 ¼ 5% and PDOc50 ¼

5%: As a comparison, when comparing the means of 
two samples, Cohen’s d ¼ 0:5 would equal an overlap 
of around 80% assuming equal variances. This indicates 
a considerable difference in either the point estimate or 
certainty of the means. As shown in Table 1 (Figure 3), 
several other fixed effects also exhibit small overlaps 
across these models (for example, PDOc10 ¼ 0%;

PDOc20 ¼ 7%; PDOc30 ¼ 15%), whereas some parame
ters show higher stability, such as the landing-position 
slope with PDOc60 ¼ 76% and the autoregressive effect 
with PDOc80 ¼ 93% (Table 1). This pattern indicates 
that modeling residual autoregression primarily alters 
the fixed developmental contrasts, whereas parameters 
that capture local dynamics (for example, c60 and c80) 
are much more similar across LMM and RDSEM.

Figure 3 confirms the table-based conclusions. Using 
the posterior draws underlying the figures, the fixed-effect 
posteriors for the developmental contrasts show very 
small overlaps and sizable median shifts. For c40 we 
observe DMedianc40 ¼ 27% with PDOc40 � 5%; and for 
c50 we observe DMedianc50 ¼ 42% with PDOc50 � 5%:

Figure 4 provides a visualization of the differences 
between LMM and RSEM in the posterior effect sizes. 
We derived a naive g2

p for each contrast j as 

g2
pðbj, iÞ ¼

c2
j0

c2
j0þsjj

; which summarizes the size of the 

fixed effect relative to the total between-person 
variability for that contrast.8 Using this definition, 
Figure 4 shows that g2

pðbD:T1, iÞ has DMedian ¼ 7%

with PDO ¼ 58%; whereas g2
pðbD:T2, iÞ has DMedian ¼

23% with PDO ¼ 36%: These results make clear that 
even if two models would both yield small p-values for 
a contrast, they can still yield different standardized 
effect sizes once the full posteriors are considered. For 
an applied researcher, these findings signal that state
ments about the size of developmental change are sen
sitive to whether residual dynamics are modeled.

Summary
In sum, PDO and D Median together provide a trans
parent sensitivity analysis across modeling choices. 

First, several fixed effects, and in particular the devel
opmental contrasts c40 and c50; change materially in 
magnitude when moving from ANOVA to LMM, and 
change even more when moving from LMM to 
RDSEM, as evidenced by low PDO values and sub
stantial D Median in the figures. Second, parameters 
capturing local dynamics, such as c60 and c80; show 
high overlap across models. For applied researchers, 
high PDO and small D Median suggest that different 
methods support the same substantive conclusions, 
whereas low PDO with large D Median indicates that 
substantive conclusions may change with the model
ing approach. PDO should therefore be used to assess 
robustness of conclusions across different modeling 
approaches, not to select models.

Discussion and concluding remarks

This study illustrated the application of RDSEM to 
intensive repeated measures data collected in laboratory 
settings,using the example of a reading efficiency experi
ment with children. Previous applications of RDSEM 
have often focused on ecological momentary assessment 
or daily diary data. However, both DSEM and RDSEM 
were explicitly designed for intensive longitudinal data, 
including contexts with short intervals between observa
tions (e.g., seconds, minutes, or hours). More recently, 
mobile sensing approaches have expanded the scope of 
intensive longitudinal data collection, for example 
through continuous sensor-based measurements of 
behavior and physiology (Mehl et al., 2023). Our study 
illustrates that RDSEM can also be applied in laboratory 
experiments with temporal proximity of milliseconds, 
highlighting the flexibility of the framework across dif
ferent time scales and application domains.

Comparison of results

ANOVA
When analyzing the reading data, ANOVA provided 
only aggregate-level estimates, summarizing the average 
effects of sentence type (Landolt vs. regular), grade level 
and their interaction on viewing times. ANOVA also 
provides estimates of interindividual differences (i.e., 
random effects), represented by variances of contrast 
variables. Although ANOVA detected general trends 
and variability in reading efficiency, such as improve
ment across grades and how improvement differs 
between children, it did not account for individual vari
ability or dynamic relationships between consecutive 
observations (e.g., how reading the previous word affects 
reading the current one). By focusing on group averages, 

8We call this naive because there is vast literature about effect size 
estimates in multilevel models and RDSEM is a special and rather 
complicated case. This version of g2

p may not be the most sensitive effect 
size measure but one that is easy to compute and intuitively 
interpretable.
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Figure 3. Posterior distributions of fixed effects in the LMM (light gray) and RDSEM (dark gray). For each parameter, the change in 
posterior medians (D Median) and the percentage of distributional overlap (PDO) are reported.

822 B. LANGENBERG ET AL.



Figure 4. Posterior distributions of naive effect size measure g2
p in the LMM (light gray) and RDSEM (dark gray). For each param

eter, the change in posterior medians (D Median) and the percentage of distributional overlap (PDO) are reported.
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ANOVA simplifies the data structure, but overlooks 
potentially important within-person processes. 
Additionally, ANOVA is not able distinguish between 
interindividual differences and residual variance (which 
is absorbed by the variances of the contrasts) because it 
is only a single-level approach.

LMM
LMM improved on ANOVA by distinguishing between 
variance of random effects and residual variance, allow
ing for the a more nuanced estimation of individual 
differences. This approach showed that while children 
generally improved in reading efficiency over time, 
there was significant variability in how much each child 
improved. However, LMM still treated the data in a 
way that did not fully capture the complexity of the 
reading process, particularly when it came to handling 
time-varying predictors and modeling the influence of 
previous words on current reading behavior.

RDSEM
RDSEM provided the most comprehensive analysis by 
building on LMM’s ability to estimate both fixed and 
random effects and adding the capacity to model 
time-varying covariates and autoregressive processes. 
RDSEM revealed several important dynamics in the 
data that were not captured by the other models. For 
instance, it showed that a child’s viewing time for a 
word was influenced by the difficulty of the previous 
word, highlighting an autoregressive effect. This 
insight into the temporal dependency between words 
was not captured by either ANOVA or LMM. 
Although autoregressive effects may be modeled 
through LMMs, RDSEM adds to this by allowing for 
modeling autoregressive effects between residuals. 
Moreover, RDSEM modeled how landing position 
(i.e., where a child first fixates on a word) affected 
viewing time on a word-by-word basis, adding 
another layer of detail to the analysis.

In addition to these findings, RDSEM allowed us to 
explore inter-individual differences in intra-individual 
variability. Children with reading difficulties exhibited 
greater variability in their reading performance across 
trials. This result indicated that such children’s view
ing times fluctuate more from word to word, poten
tially signaling greater difficulty in maintaining 
consistent reading strategies. Such insights cannot be 
obtained from ANOVA or LMM.

RDSEM stands out for its ability to model random 
effects not only in main and interaction effects but also 
in autoregressive effects and residual variances. 
Previous work, as mentioned in Section “Prior Models 

for Intensive Longitudinal Data in Experimental 
Contexts”, has explored models incorporating random 
effects in autoregressive processes and residual varian
ces independently. However, to our knowledge, no 
prior research has combined these features into a sin
gle, unified framework. RDSEM is the first model to 
naturally incorporate all of these elements—inter-indi
vidual variability, time-varying covariates, autoregres
sive effects, and random effects in residual variances— 
within a comprehensive modeling structure. This inte
gration allows for a deeper and more accurate under
standing of the dynamic processes within individuals, 
offering unparalleled insight into both fixed and ran
dom effects in experimental data.

Although LMMs can in principle be extended to 
include autoregressive error structures (e.g., Chi & 
Reinsel, 1989) as well, in such cases the autoregression 
is imposed directly on the observed-level errors. In 
contrast, RDSEM defines autoregression between resid
uals after accounting for predictors, which avoids con
flating systematic effects with serial dependence and at 
the same time allows random effects to be modeled in 
a latent-variable framework. To keep the comparison 
transparent and to perform the comparison within a 
single statistical software, we therefore relied on the 
standard LMM specification in Mplus in this tutorial 
and highlighted the additional contributions of RDSEM 
when modeling autoregressive processes.

Generalization

The benefits of RDSEM extend far beyond this reading 
experiment. Its ability to model dynamic processes, 
time-varying covariates, and individual variability makes 
it highly applicable to a wide range of experimental set
tings. In cognitive neuroscience, RDSEM could model 
how brain activity measured via EEG or fMRI evolves 
over the course of a cognitive task, capturing both 
within-person fluctuations in neural responses and how 
these are influenced by previous stimuli or task demands 
(e.g., McCormick & Kievit, 2023). RDSEM allows 
researchers to capture the dynamic interplay between 
time-varying factors and individual differences in ways 
that traditional methods cannot. Given these advantages, 
we recommend that researchers consider RDSEM for 
analyzing experimental data where such dynamic and 
individualized patterns are of interest.

Another advantage of RDSEM (and of Mplus) is its 
flexibility to handle multivariate outcomes. For 
example, in the motivating study, the viewing times 
for Landolt and regular sentences could be treated as 
separate variables if their residual variances differ 
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significantly. Although this possibility was not 
explored in the current manuscript, it presents an 
interesting direction for future research. Moreover, 
the dependent variables do not need to be continuous, 
as Mplus allows for the inclusion of both continuous 
and categorical outcomes. This feature could be par
ticularly useful when examining how error rates (i.e., 
binary outcomes) interact with viewing time.

TINTERVAL option in Mplus

In the present application, we used the TINTERVAL 
option in Mplus to ensure that the autoregressive 
residual process does not carry over across independ
ent sentences. This required the construction of a 
time index variable that introduces gaps between tri
als. When such a gap is detected, Mplus internally 
inserts a missing time point in the data. At this artifi
cial time point, all time-varying variables are treated 
as missing and are estimated within the Bayesian 
framework as unknown quantities. This behavior has 
important implications. In standard DSEM, where 
lagged relations may involve both outcomes and time- 
varying predictors, inserted missing values can affect 
not only autoregressive parameters but also time-vary
ing covariates. In such cases, Mplus samples missing 
covariate values from their posterior distribution. If 
those covariates represent experimentally defined con
trasts, this may lead to a loss of their intended inter
pretation, particularly when lagged predictors or 
higher-order lags are specified.

In contrast, our RDSEM specification uses contem
poraneous regression of the outcome on the contrast 
variables and models autoregression only at the residual 
level. The artificial time points introduced by 
TINTERVAL contain missing values for both the out
come and all contrast variables. Because no observed 
data exist at these time points, they do not contribute 
directly to the estimation of fixed effects for the con
trasts. Instead, they serve only to interrupt the autore
gressive residual chain between sentences. For this 
reason, the contrast coding for all observed time points 
remains unchanged and interpretable. This reasoning 
applies to the RDSEM specification used in the present 
tutorial, which includes contemporaneous regression of 
the outcome on the contrast variables and a first-order 
autoregressive residual process. When lagged predictors 
or higher-order autoregressive effects (e.g., AR(2) or 
higher) are specified, the artificial time points introduced 
by TINTERVAL may interact with the dynamic struc
ture in more complex ways. In such cases, researchers 

should verify that the intended interpretation of time- 
varying predictors is preserved.

To verify this behavior, we exported the expanded 
data structure and confirmed that all inserted rows con
tained only missing values for the outcome and contrast 
variables, while all observed rows retained their original 
contrast coding. In addition, we generated artificial data 
under known parameter values and estimated the 
RDSEM model using the same TINTERVAL procedure. 
The true generating parameters were recovered with 
good accuracy for a single example with sufficiently 
large sample size. The R code used to generate the data, 
the dataset used in the manuscript, and the Mplus input 
and output files are available on the OSF repository.

Future directions

Future research should explore quantifying effect sizes 
of experimental factors in RDSEM. This is not 
straightforward in hierarchical data due to the pres
ence of autoregressive effects and random effects in 
the within-subject residual variance. Additionally, the 
model could be expanded to account for multiple ran
dom factors in the design, such as stimuli in cognitive 
psychology experiments. Another key area for devel
opment is providing more comprehensive guidance 
on specifying different types of contrasts in RDSEM, 
as the choice of contrast can significantly affect the 
interpretation of parameters, particularly autoregres
sive effects and residual variances. For instance, when 
the intercept is defined as a reference category rather 
than the overall average, the interpretation of these 
effects can shift, making it essential to clarify these 
distinctions in future tutorials. Another promising dir
ection would be to use RDSEM for multilevel medi
ation analyses. For example, in our motivating study 
one could test whether children’s IQ influences read
ing efficiency indirectly through their landing position 
on words (IQ ! landing position ! total viewing 
duration). Such models would allow researchers to 
examine not only the direct effects of stable individual 
characteristics, but also their indirect effects through 
time-varying processes. As in all mediation analyses, care 
must be taken to rule out the effects of potential con
founding variables, a challenging task (VanderWeele, 
2015; MacKinnon, 2008). Lastly, an important goal 
would be to offer open-source software for estimating 
the models proposed in this article. Currently, we rely on 
commercial software like Mplus, and while the code is 
available in the online supplemental materials, an Mplus 
license is required. Open-source tools would broaden 
access to these advanced methodological techniques, 
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allowing for wider use across the research community. 
There are attempts to developing open-source software 
for modeling intensive longitudinal data. These include 
the brms R package (B€urkner, 2017) and the recent mlts 
R package (Koslowski et al., 2024), which both rely on 
the Stan modeling language (Stan Development Team, 
2023a, 2023b).

Beyond their advantages, both LMMs and RDSEMs 
also rely on specific assumptions that should be con
sidered when interpreting results. LMMs assume, for 
example, normally distributed random effects and 
homoscedastic residuals, and results can be sensitive 
to centering choices when time-varying predictors are 
included. In our RDSEM analyses estimated with 
Bayesian methods in Mplus, time-varying predictors 
are handled using latent group-mean centering. This 
approach decomposes each predictor into a within- 
person component and a latent between-person com
ponent, thereby separating within- and between-level 
effects at the model level. In contrast to observed 
group-mean centering, the latent centering approach 
accounts for measurement error in cluster means and 
helps avoid biases that can arise with small or unbal
anced cluster sizes and with missing data. The con
trast variables in the present study were entered in 
their original coding and were not manually centered. 
Their effects are estimated at the within level of the 
model, while between-person variability is captured at 
the between level through the latent decomposition. 
Time-invariant covariates were grand mean centered 
to facilitate interpretation of the intercept.

The broader literature discusses several issues that 
are relevant when specifying and interpreting categor
ical predictors in multilevel models. For example, with 
unbalanced data, coding schemes can imply weighted 
versus unweighted mean comparisons, which may 
affect substantive interpretation (Cohen et al., 2003). In 
multilevel settings, failure to properly separate within- 
and between-cluster components may lead to conflated 
or biased estimates, particularly when cluster sizes are 
small or unequal (Enders, 2013; Yaremych et al., 2023). 
For categorical predictors and interactions with con
tinuous variables, interpretation depends directly on 
the chosen coding scheme and centering strategy (West 
et al., 1996). The latent centering framework imple
mented in Bayesian RDSEM addresses many of these 
concerns by explicitly modeling within- and between- 
level components and by accommodating missing data 
under standard model assumptions. Because our focus 
is on the implementation of custom contrasts within 
RDSEM, we limit ourselves to this clarification of how 
coding and centering operate in the present modeling 

context and refer readers to the cited literature for a 
more general treatment.

RDSEM adds further assumptions that are specific 
to time-series modeling. In particular, RDSEM 
assumes stationarity, meaning that autoregressive 
effects remain constant across time, and homoscedas
ticity, meaning that the innovation variance is con
stant across both time and experimental conditions. 
In our application, this implies that the experimental 
manipulations are modeled as influencing only the 
mean level of the outcome but not the temporal 
dynamics or the residual variance. Yet, it is possible 
that conditions also affect these aspects, which would 
represent a violation of the assumptions if equality is 
imposed across conditions. One possible extension to 
address this limitation would be to formulate a multi
variate RDSEM in which each experimental condition 
is represented as a separate variable. Stationarity and 
homoscedasticity would still be assumed within each 
condition, but parameters such as the residual vari
ance or autoregressive effect could be allowed to differ 
across conditions, while others could remain constrained 
to equality. This approach would relax the across-condi
tion constraints and provide a more flexible framework 
for capturing condition-specific dynamics.

In conclusion, RDSEM offers significant advantages 
over traditional methods like ANOVA and LMM. By cap
turing both within-person dynamics and between-person 
variability, RDSEM provides a deeper and more compre
hensive understanding of experimental data, making it a 
powerful tool for researchers in various fields.
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