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ABSTRACT

Advanced Structural Equation Models (SEMs) have gained popularity in recent years, but they are
rarely applied in experimental psychology. We illustrate how analyzing longitudinal phenomena in
repeated-measures experiments using SEM can enhance understanding of trial-level dynamics and fun-
damental cognitive processes. Previous work shows that children exposed to novel sounds during a
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visual task display increased response times in that trial and the following trial (post-novel effect), sug-
gesting a carryover process. We reanalyzed data from adults and children to directly test this hypoth-
esis, revealing age-related differences in attentional dynamics. We provide a comprehensive account
of our analyses and parameter interpretations to help researchers who are interested in similar ques-
tions about the temporal dynamics of cognitive effects and complement our findings by a sample size

simulation study assessing the model’s data requirements.

Experimental research often produces longitudinal data in
the form of repeated measures across multiple trials.
Whereas researchers frequently aggregate these data across
trials to examine marginal effects, many psychological theo-
ries also make more specific predictions at the trial level.
Testing such predictions requires longitudinal models that
operate on trial-level data. Explicitly modeling these tem-
poral dynamics can reveal new opportunities for theory
development and empirical testing (e.g., Baayen et al., 2022;
Fink et al, 2024; Von Gunten et al,, 2018; Widmann et al,,
2024). Experimental psychologists frequently use linear
mixed-effects models (LMMs) to analyze longitudinal data.
By contrast, (longitudinal) Structural Equation Models
(SEMs) are less commonly applied, although they are func-
tionally similar and offer greater flexibility—particularly for
investigating lagged, dynamic effects, such as autoregressive
effects, where current outcomes depend on their previous
values (Curran, 2003; Curran et al., 2014). One key reason
for the limited use of SEMs is that most standard SEM soft-
ware does not support the large number of measurement
occasions (e.g., T > 50) that are typically employed in behav-
ioral or eye-tracking experiments (Asparouhov & Muthén,
2023). To address this gap, the present study demonstrates
how longitudinal SEMs—originally developed for designs
with relatively few measurement occasions—can be adapted
for experimental settings with many repeated observations
by segmenting data into shorter prototypical sequences. We

reanalyzed data from a visual categorization task with a lon-
gitudinal multigroup multilevel SEM, investigating the effect
of different experimental manipulations on autoregressive
(carryover) effects in different participant groups. We begin
by outlining the theoretical background of our substantive
research question and explaining how it translates into stat-
istical terms. We then provide a brief overview of key con-
siderations in the analysis of longitudinal data. The Method
section offers a detailed account of model specification and
parameter interpretation. Our aim is to support researchers
who have similar questions and wish to apply comparable
modeling approaches.

1. Theoretical Background

The analysis of correlations between indicators of cognitive
processes and their dynamics over time provides new
insights into complex cognitive functions (e.g., attention)
and their development. Selective attention involves the abil-
ity to focus on task-relevant information and ignore task-
irrelevant information, an ability that is important for learn-
ing and academic performance. For example, when reading
an article, the sound of one’s mobile phone receiving a text
message may involuntarily distract attention and can impair
performance on the reading task. Neurophysiological and
behavioral studies have suggested that task-irrelevant but
unexpected events can involuntarily capture attention and
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trigger evaluation processes regarding possible behavioral
adjustments (Escera et al., 2000; Horvath et al., 2008). If no
behavioral adaptation is required (e.g., no action on the
phone), attention is voluntarily reallocated to the task at
hand (for a review, see Escera et al., 2000). The mechanisms
underlying the detection of unexpected changes in the envi-
ronment (phone notification sound) and the attentional ori-
enting toward the distractor have been studied intensively,
especially in the auditory modality (Escera et al., 2000;
Schroger & Wolff, 1998; Wetzel et al., 2006), but the mecha-
nisms underlying the reorienting of attention back to the
primary task are not yet well understood. As these atten-
tional mechanisms require resources that are no longer
available for the task at hand, performance may be impaired
(distraction effect; for a review, see Escera et al., 2000). The
distraction effect has been studied extensively through the
use of oddball paradigms, which consist of frequently pre-
sented standard stimuli and infrequently presented deviant
or novel (oddball) stimuli. Participants typically perform a
task that is unrelated to the oddball event or the oddball
features (e.g., categorizing pictures while a sequence of task-
irrelevant standard and oddball sounds is presented).
Responses to the target are typically slower following unex-
pected oddball sounds than following standard sounds. This
behavioral distraction effect-typically quantified as the dif-
ference in response times (RTs) between standard and odd-
ball trials-is small in adults but has been reliably observed
across sensory modalities (Escera et al., 2000; Parmentier,
2014; Wetzel & Schroger, 2014). Consistent with the long-
term development of selective attention into adolescence, a
number of oddball studies have reported larger distraction
effects in children than in adults (Hoyer et al., 2021; Wetzel
et al, 2006, 2019). A recent study analyzed the temporal
(block-wise) trends of distraction effects using pooled data
from different oddball studies with children (aged 4-
10years) and adults (Volkmer et al, 2022). The results
showed increased distraction effects in children compared
with adults. Over the course of the experimental session, the
initially strong distraction effects decreased to adult levels in
the 6-10-year-olds, but not in the 4-5-year-olds. The results
demonstrate that attention control is a time-varying process
and suggest that schoolchildren, but not preschoolers, are
capable of attentional control similar to that of adults when
given more time to practice and adapt the processes under-
lying the control mechanisms. These new findings about the
time course of distraction control can be used in the devel-
opment of models of attention and the design of learning
environments, and may provide additional information for
the diagnosis and treatment of attentional disorders
(Volkmer et al., 2022).

In addition, some oddball studies have reported pro-
longed RTs also in the first post-novel standard trial com-
pared with the remaining, physically identical standard trials
in children (Wetzel, 2015; Wetzel et al., 2019) and adults
(Ahveninen et al., 2000; Berti, 2008; Kahkonen et al., 2002;
Ljungberg & Parmentier, 2012; Parmentier & Andrés, 2010;
Roeber et al., 2003). Increased RTs in post-novel standard
trials have been accompanied by brain activity that also
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differs from the activity that occurs during pre-novel stand-
ard trials in adults (Roeber et al., 2003, 2005) and children
(Wetzel, 2015). These behavioral and neurophysiological dif-
ferences between pre- and post-novel standards have been
discussed as reflecting a continuous reallocation of attention
back to task-relevant stimuli after distraction (Roeber et al.,
2003). If post-novel effects indeed reflect the continuous
reallocation of attention after distraction, then larger distrac-
tion effects should be followed by larger post-novel effects,
that is, longer RTs in novel trials should carry over to sub-
sequent standard trials, and this carryover effect should spe-
cifically occur for novel to post-novel transitions.
Furthermore, a decrease in the distraction effect over time
as a function of age (Volkmer et al., 2022) should also lead
to a similar age-sensitive decrease in post-novel effects.
However, it has also been discussed that mechanisms related
to task set switching, error-processing, or conflict monitor-
ing contribute to the prolonged RTs in post-novel trials
(Berti, 2008; Parmentier & Andrés, 2010; Roeber et al,
2003). The contributions of these processes to the post-
novel effect do not necessarily depend on RTs in the pre-
ceding novel trial. Examining the trial-level relationship
between RTs in novel and post-novel trials across the
experiment and age groups may clarify the underlying
mechanisms and help distinguish between reorienting and
non-reorienting accounts of post-novel effects.

1.1. Present Study

In the present study, we investigated the dynamic relation-
ship between RTs on consecutive trials in an audio-visual
oddball paradigm. Specifically, we reanalyzed the data set
from Volkmer et al. (2022) to test the hypothesis that post-
novel effects result from a carryover of distraction-related
processes to subsequent trials. That is, we hypothesized that
an increased RT on a trial with a novel stimulus would be
associated with an increased RT on the trial following this
novel stimulus. Furthermore, we examined whether this
relationship is specific to the novel-post-novel transition, as
compared with other transitions (e.g., standard-novel), and
whether these dynamic effects differ between age groups.
The specification of a statistical model that was able to test
these hypotheses posed two major challenges: The first chal-
lenge involved the central hypothesis that the post-novel
effect reflects a carryover phenomenon. Evaluating this
assumption required the specification of a lag-1 autoregres-
sive (AR) effect of RT (moderated by experimental condi-
tion and age). In other words, we assumed that the RT on a
given trial is not only shaped by the current stimulus but
also by the RT on the preceding trial. Thus, we needed a
statistical model that could operate at the level of individual
trials and allow us to test lagged (autoregressive) effects.
LMMs, though widely used in experimental psychology, are
not ideal for this purpose, because there is a well-known
bias that affects parameters of observed lagged dependent
variables as predictors (Nickell bias; Nickell, 1981) and that
cannot be resolved by simple data transformations such as
centering (Falkenstrom, 2024; Hamaker & Grasman, 2014).
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The Nickell bias is especially pronounced with fewer time
points, but can be mitigated using latent instead of manifest
lagged variables (Asparouhov et al.,, 2018). Thus, we used a
longitudinal multilevel SEM framework which permitted the
explicit modeling of lagged effects between observed varia-
bles at the trial level. The second challenge concerned some
other longitudinal phenomena that needed to be taken into
account (Von Gunten et al., 2018; Widmann et al., 2024)-
such as between-person variability and (individual) trends.
These had to be appropriately accounted for because they
could otherwise confound the interpretation of autoregres-
sive effects and lead to incorrect inferences about within-
person processes. The following section briefly outlines the
specific modeling decisions we made in response to these
challenges.

1.1.1. Within-Person Versus Between-Person Effects
Most importantly, within-person processes had to be distin-

guished from between-person variability (Von Gunten et al.,
2018). Trial-level autoregressive effects are inherently within-
person in nature and failing to account for between-person
differences—such as individual’s average RT or susceptibility
to distraction—can bias these estimates (e.g., Hamaker et al.,
2015). This separation is typically implemented via random
intercepts and random slopes, which account for individual
baselines and heterogeneous responses to experimental condi-
tions between individuals (Singmann & Kellen, 2019). This
separation was achieved by including latent person-level
intercept and slope factors and by allowing model parameters
to vary across individuals where necessary.

1.1.2. Temporal Trends
Temporal trends, that is, systematic changes in an outcome

over time, are commonly observed in experimental data,
reflecting factors such as fatigue, learning, or changing task
engagement (Baayen et al, 2017; Lorist et al., 2000;
Widmann et al, 2024). Such trends were also reported for
the data set we reanalyzed here (Volkmer et al., 2022). From
a time-series perspective, trends represent violations of the
so-called stationarity assumption, which underlies the inter-
pretation of autoregressive parameters (for a comprehensive
overview, see Ryan et al,, 2025). If left unmodeled, trends can
inflate or obscure autoregressive effects, leading to misinter-
pretations (Mund et al., 2021; Woodward et al., 2017). Thus,
we included slopes for a time variable to account for trends.

1.1.3. Moderating Factors Between and Within Partici-

ants
leinally, we assumed that carryover effects and trends may vary
depending on experimental condition (e.g., whether a trial fol-
lows a novel stimulus) and between age groups, reflecting dif-
ferences in distraction susceptibility or cognitive control.
These moderator effects were explicitly modeled via condition-
specific trends and autoregressive effects in a mul-tigroup
SEM, allowing us to assess interactions between longitudinal
processes and age. Failing to model such interactions can again
violate the

stationarity assumption

because the time-varying autocorrelation structure is not
properly addressed. Similarly, hidden interactions with
trends can lead to erroneous conclusions if ignored
(Widmann et al., 2024).

Together, these considerations necessitated a modeling
approach that is both flexible and sensitive to the structure
of experimental longitudinal data. The SEM framework
allowed us to jointly model autoregressive (carryover)
effects, trends, and moderator effects within and between
individuals in a unified structure, while maintaining a clear
separation of within- and between-person processes.

2. Method

2.1. Original Experiments and Data

The data were pooled from previous auditory-visual oddball
studies by Wetzel et al. (2019, 2016, 2021, available upon
request from the authors) and were previously reanalyzed
by Volkmer et al. (2022). In line with the detailed poolabil-
ity analysis of Volkmer et al. (2022), we pooled data from
the three experimental blocks in which all three studies had
an almost identical experimental setup, that is, blocks fea-
turing non-repeating environmental sounds as novel sounds
(for details, see the additional online material or Volkmer
et al., 2022). The number of trials per condition, sound dur-
ation and loudness, task, and visual targets were therefore
identical across studies.

2.1.1. Participants
We reanalyzed data from children in three age groups (ages

4-5, 6-7 and 8-10) and one adult group for a total of 352
participants. Age groups were formed with the aim of hav-
ing at least 50 participants each. All studies were performed
in quiet rooms at participants’ kindergartens, after-school
care or in the laboratory. Adult participants provided writ-
ten informed consent and confirmed that they did not suffer
from hearing disorders, neurological diseases, or attention
deficit hyperactivity disorder and that they had not taken
any medication that would affect the central nervous system.
Parents confirmed the same conditions for their children
and provided parental consent. Children provided oral con-
sent. The studies were approved by the local ethics commit-
tees. We applied the same exclusion criteria as in the
original studies. Therefore, 14 children were excluded
because they did not complete all experimental blocks, and
an additional seven children had to be excluded due to dis-
turbances, technical problems or misunderstanding the task.
In addition, two adults and nine children were excluded
because their average RTs were more than 2 SDs away from
the mean of their respective age group. Additionally, as we
investigated specific sequences of trials (see the Analysis sec-
tion), we also excluded participants who did not have such
complete sequences in their data (e.g., due to errors), result-
ing in another six participants aged 4-5years who had to be
excluded. The final sample consisted of data from n = 48
children aged 4-5, n = 86 children aged 6-7, n = 128 chil-
dren aged 8-10 and n = 51 adults (total N = 313).



2.1.2. Visual Stimuli
One of three sets of background scenes and targets was pre-

sented in each experimental block. The first set featured a
palace and a fortress, with princesses and knights as targets.
The second set depicted a basket and a hen-roost in a vil-
lage, with cats and hens as targets. The third set included a
flowering shrub and a pond in a coastal landscape, with but-
terflies and fish as targets. Each target appeared in two var-
iants, which differed in orientation (facing left or right),
shape, and color. The variants were presented with equal
probability (25% each).

2.1.3. Sounds

The sounds were environmental sounds (e.g., sneezing, a
bird song, a bell) which were rated as identifiable (Wetzel
et al, 2021). For frequently presented standard sounds,
Wetzel et al. (2021) used different sounds across participants
whereas the other studies used one sound for all participants
(fragment of a bell). The sounds were presented at an aver-
age loudness of 55dB SPL, and the sound duration was
500 ms including raised cosine fade-in and fade-out win-
dows of 10ms. In Wetzel et al. (2016) and Wetzel et al.
(2021) sound intensity was equalized to 6.5 sone (Zwicker
et al., 1991), whereas in Wetzel et al. (2019), it was RMS
equalized.

2.1.4. Task and Procedure
All studies used the same oddball-paradigm. The task was

introduced as a story in which participants were instructed
to help the targets reach their destinations which were
shown on the left or right side of the background by press-
ing the left or right button (e.g., clicking right to guide the
fish to the ocean shown on the right side of the back-
ground). Participants were asked to respond to the visual

500ms
500ms
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target stimuli as quickly and correctly as possible. Figure 1
presents the prototypical trial Participants
responded with their respective index fingers, except for one
child in Wetzel et al. (2019), who responded with their
thumbs. Correct responses within the 2,000 ms RT window
were followed by a 600 ms feedback animation of the target
moving toward the destination. Data consisted of three con-
secutive experimental blocks with 36 trials each (total of 108
trials) per participant. The block order was counterbalanced
across participants. Every block was preceded by a training
block with no limit for RT, which was repeated if the par-
ticipant did not respond correctly in at least 50% of the
training trials. One experimental block took approximately
2min to complete. Within each block, every target was pre-
ceded by a task-irrelevant sound, which was either a stand-
ard sound (n=28 per block, n=284 per condition) or an
interspersed novel sound (n=8 per block, n=24 per condi-
tion). The order was pseudorandomized per participant, so
that novel trials were always preceded by at least two stand-
ard sound trials and also followed by two standard trials
unless participants reached the end of the block. All four
target versions per block were presented with equal number
of novel sounds (balanced). The task was performed on a
Macbook (13.3”) with external loudspeakers placed on the
left and right sides of the laptop, using Matlab (The
MathWorks, Natick, U.S.A.) and the Psychtoolbox (Kleiner
et al,, 2007). An RTBox (Lee et al., 2012) was used to meas-
ure the RTs. Two response buttons for children were placed
on the left and right sides of the laptop.

structure.

2.2. Data Analysis

Data were preprocessed with R version 4.4.2 (R Core Team,
2025) and the data were analyzed with Mplus version 8.11
(Muthén & Muthén, 1998) via MplusAutomation version

2 o

Second-After-Novel
Trial

Post-Novel Trial

. Sound
.J L ! ]
ﬂ,) Response Novel Trial
Target
Standard s L - d
Standard Trial
Sound b ]
—  2000ms | )
100ms Sequence of STA - NOV - P1 - P2

Figure 1. Trial and sequence structure.

Note: Participants were instructed to respond to targets (here: fish and butterfly) by pressing the left or right button within a 2000 ms response window. Every tar-
get was preceded by a standard (78% of trials) or novel (22% of trials) task-irrelevant environmental sound (oddball paradigm). The data for analysis only contained
complete sequences of “standard - novel - post-novel - second-after-novel” as highlighted in the Figure. The target images are illustrative examples and not the

actual stimuli used in the studies
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1.1.1 (Hallquist & Wiley, 2018). All analysis scripts and
annotated Mplus files are available in the additional online
material.

2.2.1. Exclusion Criteria for Trials
The first two trials per block were excluded because they were

needed to establish the rule for distinguishing between stand-
ard and novel sounds (Bendixen et al., 2007). Trials with no
response within 2,000 ms after target onset or responses faster
that 100 ms after target onset were considered invalid and
thus excluded from the analysis. Furthermore, trials with an
incorrect response (error) and trials following incorrect or
invalid responses (post-error trials) were excluded from the
analysis to avoid confounding by error-related processes
(Dutilh et al, 2012). After these preprocessing steps, we
extracted sequences of interest to investigate RT dynamics
across distinct trial types. Specifically, we focused on four trial
types: standard trials (STA), novel trials (NOV), the first
standard trial following a novel trial (post-novel, P1), and the
second standard trial after a novel trial (P2; see Figure 1).
Extracting fixed STA-NOV-P1-P2 sequences allowed us to
examine carryover effects for relevant transitions between trial
types and to distinguish specific novel-related carryover from
general carryover effects between any trials. The number of
sequences extracted per participant was as follows: for chil-
dren aged 4-5, m = 5, range [1; 11]; children aged 6-7, m =
8, range [1; 15]; children aged 8-10, m = 9, range [2;16]; and
adults, m = 12, range [4;17].

2.2.2. Model Building
In statistical modeling terms, the hypothesized carryover

effects from novel RTs to post-novel RTs can be conceptual-
ized as an autoregressive effect, which captures the influence
of the previous observation on the current observation. In a
simplified scenario, where the carryover effect operates in iso-
lation, it could be estimated using a simple regression model
with the novel RT as a predictor of the post-novel RT.
However, in realistic longitudinal data, multiple processes
must be considered; otherwise, the autoregressive parameter
may be confounded and will then likely fail to represent the
trial-level carryover effect of interest. In the following, we
explain the full model step by step (as shown in Figure 2),
illustrating how it can be understood as an extension of the
simple regression framework by conceptually successively
adding components that account for specific potential con-
founding processes. The model was parameterized to resem-
ble conventional LMMs commonly used in experimental
psychology, ensuring that the model coefficients provide a
clear substantive interpretation of the relevant longitudinal
phenomena. All corresponding model equations for the full
model can be found in the additional online material.

As mentioned above, the central parameter of interest is
a regression coefficient o that describes the linear relation-
ship between post-novel RTs (P1) and the preceding novel
RTs (NOV; Figure 2a):

P1 = o- NOV + ep;

As a first step, it was important for our hypothesis to
account for the possibility that the carryover effect was not

.

oy, Sta

Op1, Nov Op, p1
P1 H P2

Between-Person
Person Level

STA

NOV P1 P2

Within-Person
Sequence Level

Figure 2. Building blocks of the analysis model.

Note: The panels illustrate the building blocks leading to the full model in Panel d. Panel a shows the autoregressive effect simplified to a simple regression. Panel
b shows the autoregressive effect of all trial types in a sequence. Panel ¢ shows the distinction between between-person (dark grey, Index B) and within-person
(light grey, Index W) components of the model. Panel d shows the final multilevel structural equation model for one age group including trends. All paths without
Greek letters are fixed to 1. STA =standard RT, NOV = novel RT, P1 = post-novel RT, P2 = second after novel RT, ts;, = time variable coding trial number of STA,

Rl =random intercept, RS =random slope, e = residual variable



specific to novel-post-novel transitions. All RTs, regardless
of trial type, might exhibit an autoregressive effect, poten-
tially with different magnitudes. For the substantive hypoth-
esis to be plausible, the novel-post-novel transition should
differ substantially from other transitions (i.e., the autore-
gressive effect should be larger than in other transitions).
Thus, we investigated longer STA-NOV-P1-P2 sequences
and also included autoregressive paths for the surrounding
standard trials (Figure 2b), allowing us to compare param-
eter magnitudes and test whether the carryover from novel
to post-novel RTs (op;, noy) Was larger than that of other
trial types—that is, whether there was an interaction
between trial type and autoregressive effect. The residuals,
denoted by e, were specified as latent variables whose var-
iances were allowed to differ between trial types to account
for possible heteroscedasticity.

The model formula for P1 corresponding to Figure 2b is
as follows:

P1 = Olp1, Nov * NOV + €ep1

P1 — 0(Pl,Nm/ : (O(Nov,Sm : €sta +eNov) +eP1
~—~

Substitute for STA

Substitute for NOV

The second building block of our model accounted for
the multilevel structure of sequences nested within partici-
pants. To distinguish person-level and trial-level processes,
the multilevel SEM decomposes each observation into a
between-participant  (person-specific) and a  within-
participant (sequence-specific) component. Conceptually,
the multilevel SEM can be understood as a combination of
two models—one representing between-person differences in
RTs and one representing within-person variation in RTs
(see Figure 2c):

P1= Plz + Ply
~—~ ——
between part  within part

The between-person model captures differences between
participants in their average RTs for each trial type. Thus,
the between-person components STAp, NOVjg, Plp, and
P2; take on a constant value for each participant, such that
NOVj reflects a participant’s average RT in novel trials and
P1; reflects their average RT in post-novel trials. The means
of these components correspond to the grand-average RTs
for each trial type, their variances represent the variability
in average RTs across participants, and the correlations p..
quantify the association between participants’ average RTs
in the respective trial types.

The within-person model captures the deviation of the
RT in a specific trial from the (latent) average' RTs of the
participant in the respective trial type (latent centering
within participants). That is, the within-person compo-
nents STAy, NOVy, Ply, and P2y, take on different val-
ues for each trial. For instance, NOVy quantifies how
much faster or slower a participant responded in a specific
novel trial compared with their average RT in novel trials.

"For brevity, we use the therm average to denote latent means in the
remainder of the paper.
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The autoregressive effects o quantify the extent to which
the within-person part of a specific trial is carried over to
the subsequent trial:

PlW = Olp1,Nov * (uNov,Sm ‘ €sta +eNov) +ep;

Substitute for STAy

Substitute for NOVy,

For example, op; o, estimates to what extent a partici-
pant responds particularly slowly (relative to their own aver-
age) in a specific post-novel trial, if they also responded
particularly slowly in the preceding novel trial. This effect is
fundamentally different from the correlation of the respect-
ive between components, as this between-person correlation
quantifies whether participants who respond more slowly to
novel trials on average also respond more slowly to post-
novel trials on average. The between-level correlation thus
refers to stable differences between participants, whereas the
within-level carryover captures a trial-specific process. To
accurately model the carryover effect of interest, it is essen-
tial to separate the between- and within-person components
(Hamaker et al., 2015).

In our full model, we used an alternative parameterization
at the between level to ensure that its interpretation more
closely resembled the random effects typically specified in an
LMM (see Figure 2d, upper part). Specifically, we introduced
a common random intercept (RI) factor for all trial types,
representing each participant’s average standard trial RT,
which is added to the components of every trial type. This
factor captures the idea that between-person differences may
result in generally faster or slower responses across all trial
types. The first standard trial in each sequence serves as the
reference. The RI factor mean corresponds to the fixed inter-
cept in an LMM, and the RI factor variance corresponds to
the random intercept variance. The random slope (RS) fac-
tors quantify the differences between the average standard
trial RT (reflected by the RI factor) and the average RT in
the respective trial type for each participant (i.e., their indi-
vidual person-level experimental effects of novel, post-novel,
or second-after-novel trials on RT). Thus, RSy,, serves as a
marker of participants’ distraction susceptibility (higher val-
ues indicate greater susceptibility), and RSp; serves as a
marker of various stable person-level characteristics contribu-
ting to the difference between standard trial and post-novel
RT (individual person-level post-novel effect). Many proc-
esses may come into play here, such as susceptibility to dis-
traction or the ability to refocus on the task. The correlation
Pnov,p1 quantifies the association between participants’ dis-
traction susceptibility and their individual person-level post-
novel effect (participants’ characteristics). Expressed as a for-
mula, this parameterization would be:

P1 = Pl
~

between part

P1z = RI + RSp;

+ Ply
——

within part

The RS factor means quantify the average experimental
effects of the respective trial types across individuals, corre-
sponding to the fixed effects of the trial types in an LMM.
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The RS factor variances correspond to the random effects
variances.

We also further extended the within-person part of our
full model to reduce confounding of the autoregressive
effects o.. with temporal trends (i.e., systematic changes in
RT over time; see, e.g., Woodward et al.,, 2017, Chapter 5).
Previous analyses of this data set, as well as data from simi-
lar experimental designs, have identified such trends in
standard and novel trial RTs (Volkmer et al., 2022).
Specifically, we added linear trends for all trial types by
regressing the within-person components on a time variable
ts, (see Figure 2d, lower part). To ensure an intuitive inter-
pretation of the trend parameters k, we included an add-
itional layer of autoregressive components (labeled AR) in

the within-person part:
Ply = xp; - ts;s + ARpy
S—— =
trend part AR part
ARp; = dlp,No - ARnoy + €p1
——
residual

carryover

o1, No - (0o, st - ARsia + €no) +epr

substitute for ARy,

= olp;,No - (Ono st €5t +€no) + epr
~—
substitute
= + Olp1, No * €No +ep;

OLp1, No * %No, St * €5t
N e’

carryover from STA residual  carryover from NOV residual

This modeling choice separates temporal trends from
trial-to-trial carryover effects, so that k directly represents
the estimated change in RT for each trial type with a 1-unit
increase in the time variable, independent of the autoregres-
sive effect (Jongerling & Hamaker, 2011; Xiao & Liu, 2025).
The AR components quantify RTs after controlling for both
the between-person components and the temporal trend.
More specifically, they capture the deviation of the observed
RT from the expected RT, given each participant’s average
RT and the time on task (i.e., these are the residuals after
accounting for both the between-person model and the

a. At the Beginning

b. In the Middle (tSTA = 0)

trend analysis). The interpretation of the autoregressive
parameters o.. in the full model is as follows: In trials where
participants are more distracted than expected on the basis
of their average RT, distraction susceptibility, and time
elapsed during the experiment, do they also show greater
distraction in the post-novel trial than would be expected
on the basis of those same factors (i.e., average RT, individ-
ual post-novel effect, and time on task)? This type of carry-
over effect is sometimes referred to as a dynamic residual
effect (Asparouhov & Muthén, 2023). This principle is illus-
trated in Figure 3a. The red dots depict RTs from an exem-
plary sequence from a specific participant. The purple
squares represent the RTs that would be predicted on the
basis of the between-person components, that is, the average
RT per trial type for that participant. The residuals are illus-
trated by black arrows; the carryover effect o of the dynamic
residuals quantifies the extent to which the length and dir-
ection of an arrow in one trial are associated with the length
and direction of the arrow in the preceding trial.

The introduction of the time variable also affects the
interpretation of the between-person components, as all
respective effects become conditioned on the time point
zero. As a result, the between-person factor means (i.e., the
fixed intercepts and fixed slopes for the trial types in an
LMM) refer to this specific reference point. To ensure
meaningful interpretation of these conditional effects, we
coded the time variable tg;, such that the value 0 corre-
sponds to the midpoint of the experiment (Trial 54) as a
reference point. Note that the temporal trends were modeled
using a single time variable, tg;,, which codes the trial num-
ber of the first standard trial in each sequence (as indicated
by “Sta” in the variable name). This means that tg, is con-
stant within each sequence and does not increase per trial
within a sequence. This coding was chosen to ease the inter-
pretation of the model parameters. With tg, defined in this
way, the mean of the RI factor can be interpreted as the
conditional standard trial RT across participants when tg, is
equal to zero, that is, in the middle of the experiment (Trial
54; analogous to the fixed intercept in an LMM). Similarly,

c. At the End
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Figure 3. Visualization of fixed effects, random effects and dynamic residuals with data from exemplary sequences from a hypothetical participant.

Note: Black triangles depict the estimated fixed RT across participants for a specific time point at the beginning, in the middle (when ts, is equal to 0) or at end of
the experiment. Depending on trial type and time point, this value consists of the fixed intercept (for standard trials STA in the middle of the experiment), plus the
fixed effect of the respective trial type (for novel trials NOV, post-novel trials P1, second-after-novel trials P2, in the middle of the experiment), plus the fixed trend
for the trial type (at all other time points). Person-specific random effects (random intercept plus random slope) are deviations between black triangles and purple
squares. The depicted participant is generally slower than average and shows a larger distraction effect (larger difference between STA and NOV for purple squares
compared with black triangles). Deviations between red dots (observed RT in a specific trial) and purple squares (person-specific average RT per trial type) are
depicted by arrows (residuals). The carryover effects o in the model quantify how much the residual (arrow) is predicted by the previous trial’s residual



the RS factor means represent the conditional difference
between the standard trial RT and the RT of the respective
trial type across participants when tg, equals zero (i.e., in
the sequence beginning with trial 54). Thus, the RS factor
means reflect the conditional effect of the respective trial
type in the middle of the experiment, analogous to the fixed
slope of the trial type in an LMM with an accordingly cen-
tered time variable. To illustrate the conditional effects, we
show example sequences at different time points in Figure 3.
The values of the black triangles vary between panels due to
the trend. The conditional effects of our full model corres-
pond to differences between the STA black triangle and the
triangles from the other types of trials in Figure 3b.

The full model shown in Figure 2d was estimated as a
multigroup model. In this approach, the same SEM is fit
simultaneously to multiple (age) groups within a single
model framework. This approach allows for the testing or
constraining of parameters to equality across groups.
Whereas multigroup SEM is commonly used to assess meas-
urement invariance in psychological instruments (Meredith,
1993), the framework is applicable to any SEM context. In
our case, we used the multigroup SEM to obtain parameter
estimates for all parameters in Figure 2d for each age group
within one model. This approach enabled us to conveniently
calculate and test for differences in model parameters
between age groups (e.g., to test the equality of ap; nov
across groups).

Readers familiar with recent advancements in intensive
longitudinal data analysis might question why we did not
employ a residual dynamic SEM (RDSEM, Asparouhov &
Muthén, 2020). While the RDSEM framework theoretically
aligns with our data structure, Mplus lacked a convenient
option for modeling all the latent interactions at the within
level at the time of our data analysis. Furthermore, we were
specifically interested in these STA-DEV-P1-P2 trial sequen-
ces and were reluctant to treat all remaining standard trials
outside these sequences as a single trial type, as we were
uncertain whether the autoregressive effect might change
when multiple standards are presented consecutively due to
the repetition of auditory stimuli (Bendixen et al., 2007).

3. Results

The model was fit in Mplus 8.11 (Muthén & Muthén, 1998)
using maximum likelihood estimation with heteroscedasticity-
robust standard errors (MLR).

3.1. Convergence

Due to the complexity of our model, we encountered con-
vergence issues, that is, the numerical algorithm failed to
(reliably) locate the maximum likelihood, resulting in no
output or a warning about unreliable results. Such issues are
not unusual when implementing complex SEMs and need to
be addressed when implementing such models (see e.g.,
Ludtke et al., 2011). It is beyond the scope of this paper to
discuss the technical details and reasons for convergence
issues, but we disclose the steps we followed to attempt to
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solve the convergence issues in the additional online mater-
ial, as they are needed to replicate our results and may help
researchers handle convergence issues in their models.
Eventually, the full model converged, but the algorithm
reached a saddle point as indicated by a warning message.
However, as standard errors were returned and withstood
our evaluation (see the additional online material), we inter-
preted the model as advised by the authors of the Mplus
package (Muthén, 2020). To increase confidence in the
robustness of the results with respect to the estimation
method, we also used a Bayesian estimator with default
default priors coming with Mplus 8.11, that is, normal dis-
tribution for intercepts (N(0,00)) and regression slopes and
inverse Wishart distributions for covariance matrices with
o2 ~IW(0, —p — 1), where p is the size of the covariance
matrix.” Overall, the Bayesian estimation yielded the same
result pattern for the parameter estimates (see the additional
online material).

3.2. Model Results

Table 1 presents all estimated coefficients, along with their
standard errors (SEs) and concise interpretation guidelines.
All post-tests comparing coefficients within or between age
groups were corrected for a family-wise false discovery rate
(FDR) in accordance with Benjamini & Hochberg (1995).

3.2.1. Conditional Effects of Trial Types
The fixed effects of the trial types represent the conditional

differences between standard trial RTs and the respective trial
type RTs across participants in the middle of the experiment
(Trials 54 to 57), as modeling the temporal trends requires a
reference point. For the sake of readability, we refer to these
simply as conditional effects. All age groups showed a signifi-
cant conditional distraction effect in novel trials (myoy; RT
difference between standard and novel trials in trials 54 and
55), that is, participants’ responses to novel trials were slower
than their responses to previous standard trials in the middle
of the experiment. The conditional distraction effects declined
with age: Children aged 4-5 showed significantly larger condi-
tional distraction effects than all other age groups
(P4—5 vs 6=7 = 047, Pa—5 vs 8-10 < .001, Pa—5 vs adults < -001),
followed by children aged 6-7 who showed significantly larger
conditional distraction effects than adults (p = .001) and chil-
dren aged 8-10 (p = .008). Children aged 8-10 showed no
significant difference in distraction effects from adults
(p = .086). All age groups except for children aged 8-10years
also showed a significant conditional post-novel effect (mp;;
RT difference between standard and post-novel trials in
Trials 54 and 56), that is, participants’ responses to post-
novel trials were slower than their responses to previous
standard trials in the middle of the experiment. Although
post-novel effects declined with age on a descriptive level, no
pairwise comparisons between age groups were significant.

’The multigroup model is not (yet) available with Bayesian estimation in
Mplus 8.11 (Muthén & Muthén, 1998).
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We did not find any conditional post-post-novel effects (m1p,;
RT difference between standard and second-after-novel trials
in Trials 54 and 57).

3.2.2. Carryover Effects o
A visualization of results for autoregressive effects o, reflect-

ing the carryover in RT from one trial to the following trial,
is provided in Figure 4. Children aged 6-10 and adults all
showed significant carryover effects (o) for all trial types.
Carryover effects did not differ significantly between trial
types or between age groups of children aged 6-7 years, chil-
dren aged 8-10years, and adults. However, children aged 4-
5 showed a significant carryover effect only from post-novel
to second-after-novel RT op, p;, but not from standard to
novel oy, sis Or novel to post-novel opy noy. The carryover
from post-novel to second-after-novel RTs op; p; was sig-
nificantly larger than the previous carryover effects
(p = .045 and .045, respectively; Figure 4). Between age
groups, the post-tests revealed no significant differences
after the FDR correction (p > .093).

3.2.3. Trend Parameters
All age groups showed a significant decline in novel trial

RTs over time (Kyov trend parameter). Children aged 6 -
10 also showed significant increases in RT in other trial
types (STA, P1, P2) over time. Nevertheless, we only
accounted for fixed, linear trends per trial type, which is

Nov’ Staaply Novapz, - @
*

M
*
1
0.3
0.2
e
g 0.1 aNov, Sta
i Qp1, Nov
= 0.0 py, p1
-0.1
4-5 6-7 8-10 adults
Age Group

Figure 4. Visualization of carryover effect results.

Note: Results for the autoregressive part of the SEM. The upper panel displays
the autoregressive component (AR) from Figure 2d (carryover, autoregressive
part) to facilitate interpretation. The lower panel presents a bar plot of carry-
over effect estimates for the autoregressive transitions between trial types:
standard (STA) to novel (NOV), novel to post-novel (P1), and post-novel to
second-after-novel (P2), reported separately for each age group (4-5 years: n =
48; 6-7 years: n = 86; 8-10 years: n = 128; adults: n = 51). Error bars indicate
95% confidence intervals. Asterisks denote significant differences in parameter
values (p < .05, false-discovery-rate-corrected)
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likely an oversimplification as the underlying trend in novel
trial RTs has been suggested to follow a non-linear form
(Volkmer et al., 2022). Additionally, trends might differ
between individuals, so that some participants may show a
steeper decline or increase in RTs than others (random
trends). As mentioned before, when the trends are incor-
rectly or insufficiently controlled (incorrect form or neglect
of random trends) the bias estimates of autoregressive (car-
ryover) effects may be biased (Ryan et al., 2025; Woodward
et al., 2017). To address this issue, we estimated a refined
model in which we incorporated a second-order polynomial
trend for novel trials as well as random trend parameters
for all trial types to examine the robustness of the carryover
effect results under different trend specifications. We used a
Bayesian single-group model because polynomial random
trends are not supported by the use of maximum likelihood
estimation in Mplus 8.11. In the same vein we also specified
random effects for the residual variances, relaxing the
assumption that all participants within an age group share
the same residual variances. This approach allowed residual
variances to vary not only between the trial types and age
groups but also between participants within those age
groups, accounting for another form of heteroscedasticity.
This analysis produced the same result pattern for the
autoregressive effects, with overall slightly smaller estimates
for the carryover effects compared with the robust max-
imum likelihood estimation results reported above (see the
additional online material), thereby strengthening confi-
dence in our findings.’

4. Discussion

We reanalyzed sequences of RT data from a visual categoriza-
tion task from adults and children of different age groups
using a multigroup multilevel SEM to investigate carryover
(autoregressive) effects. We implemented an advanced SEM
for common sample sizes per group in experimental psych-
ology. Even though the model is computationally demanding,
the model finally yielded interpretable results, demonstrating
that a well-specified SEM can be used to investigate longitu-
dinal phenomena even in noisy experimental measures such
as RTs with relatively small samples. We briefly discuss the
substantive empirical findings. Then we discuss the model
properties and conclude with results from a sample-size
simulation to investigate statistical power.

4.1. Conditional Effects and Trends

The estimated SEM provided rich and detailed insights into
the behavioral patterns observed in the data set.
Importantly, the model subsumed several simpler analyses
that had previously been conducted on the data set. A com-
parison with these prior findings underscores the plausibility

3A model comparison using the DIC favored the simpler Bayesian models
without the quadratic trend, random trends and random residual variances
(differences in DIC: 1424.3, 3446.03, 10635 and 763.78, for age groups 4-5, 6-
7, 8-10 year-old children and adults, respectively).
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of the present results: The conditional distraction effects
replicated previous research by revealing conditional distrac-
tion effects for all age groups. This finding is consistent
with earlier analyses of this data set as well as with findings
from comparable experiments (Volkmer et al., 2022). We
also found (conditional) post-novel effects in most age
groups, replicating and extending results for children of a
wide age range (Wetzel, 2015; Wetzel et al, 2019) and
adults (Wetzel, 2015). We observed a post-novel effect of
comparable size in children aged 8-10 years, although it was
not significantly different from zero. However, we did not
replicate the significant differences in post-novel effects
between 4-year-old children and other age groups reported
by Wetzel et al. (2019) on a subset of the current data set.
One possible explanation is that we combined 4- and
5-year-olds into a single age group to achieve acceptable
sample sizes per group, whereas only 4-year-olds showed
significant differences in the original study.

Again replicating previous research, we found a decline in
RTs for novel trials over time (temporal trend), a finding that
has been interpreted as an increase in attentional control over
time (Volkmer et al., 2022; Wetzel et al., 2016, 2021). Given
that these effects have already been studied in this data set, their
replication is not surprising. Nevertheless, their replication illus-
trates that effects typically identified using LMMs can also be
equivalently modeled within in multilevel SEM framework, pro-
vided that the random effect factors are specified to match the
random effects structure of an LMM. Extending the previous
findings, we found that children aged 6-10years showed an
increase in RTs over time for standard-sound trials (STA, P2
and P1 for children aged 6-7), possibly indicating fatigue effects
(Hoyer et al., 2021). A similar pattern was present in a previous
analysis by Volkmer et al. (2022), but a significant increase in
standard RTs across blocks was not reported. A reason for this
difference may be that the trend analysis in Volkmer et al.
(2022) was based on aggregation per block, which was likely
less sensitive to small changes, as it was more coarse than our
analysis, which involved a linear trend across time. In addition
to conditional experimental effects and temporal trends, another
set of parameters modeled in previous research comprised the
random effect (co)variances. The interindividual differences
reflected by random effects have rarely been examined explicitly
in experimental psychology despite their potential relevance for
theory development. However, our results indicate that, apart
from the random intercepts, these parameters are associated
with substantial standard errors. A systematic investigation of
between-person correlations would require considerably larger
sample sizes (Hox & Maas, 2001). Overall, these results under-
score the plausibility of the model and highlight the necessity of
accounting for temporal trends and random effects to obtain
interpretable estimates of autoregressive effects. Given these
results, we conclude that the model is appropriate, and thus, we
proceed to interpreting the analyses of carryover effects.

4.2. Carryover Effects

We observed significant carryover effects for all trial types
among children aged 6-10years and adults. That is,

participants responded particularly slowly in a certain trial if
they responded particularly slowly in the previous trial,
regardless of trial type. In contrast to our hypothesis, these
carryover effects were comparable in size for transitions
from novel to post-novel trials compared with transitions
from other trial types. An examination of the parameter
estimates revealed no clear pattern in the magnitudes of the
carryover effects, neither within nor between age groups
among children aged 6-10years and adults. All estimates of
autoregressive effects ranged from 0.11 to 0.19, meaning
that for a 10 ms slower response on one trial (than expected
on the basis of participant characteristics and time), an
increase of 1.1 to 1.9ms in RT on the subsequent trial was
predicted—a rather small effect. On the basis of the present
results, we suggest that the carryover effects represent a gen-
eral phenomenon observable in this experimental context—
regardless of trial type—rather than an indicator of a spe-
cific novel-related reorienting process, at least among chil-
dren aged 6-10years and adults. Similar general carryover
effects have been reported across various experimental para-
digms and could either reflect fluctuation in general proc-
esses, such as cognitive control and attention (Voormann &
Miller, 2024). This finding is in line with previous research,
where models including an AR(1) residual correlation were
found to be appropriate for this data set (Volkmer et al.,
2022) and for RT data in general.

Interestingly, we found a different pattern for children
aged 4-5years. These young children only yielded carryover
effects of 0.20 from post-novel to second-after-novel trials,
that is, in transitions when the sound type remained the
same standard sound. Carryover effects between trials with
varying sound types, that is, standard to novel trials or
novel to post-novel (first standard after novel) trials, were
close to zero for children aged 4-5years. This finding may
indicate a different underlying process in young children
compared to older children either when the task-irrelevant
acoustic stimuli change, or when distraction occurs, com-
pared with when the stimuli types remain the same. It could
also be the case that the general dynamic fluctuation of
attention (reflected by a positive autoregressive effect) is
interrupted by distraction. The following predictable repeti-
tion of a task-irrelevant sound (each novel sound was fol-
lowed by at least two standard sounds) may reduce the
preceding behavioral variability, resulting in significant car-
ryover effects in the youngest group. This process appears
to qualitatively change around age 6, whereas the other
effects (conditional effects, trends) show the same basic pat-
terns for all age groups and merely vary in effect size.
Future research should explicitly examine sequences of
repeated versus changing stimuli across age groups to valid-
ate this pattern of results. Nevertheless, the relatively large
standard errors indicate uncertainty around these parameter
estimates. As is the case with any effect, it is possible that
very small differences between parameters within or
between age groups were present, but the model lacked the
necessary precision to detect it. Similarly, we did not find
significant differences in carryover effects between age
groups after FDR correction, although children aged 4-



5years exhibited a different pattern compared with the other
age groups. Therefore, we conducted a sample size simula-
tion to estimate the differences in carryover effects that can
be reliably detected using this model across varying num-
bers of observations.

4.3. Sample Size Simulation

It is a common concern that advanced SEMs may be “too
complex” for the noisy measurements and limited sample
sizes typical of fields such as cognitive psychology (Rosseel,
2020). These concerns often center on potential convergence
issues or insufficient statistical power. Our data analysis
demonstrated that this type of SEM can be successfully
implemented for RT data with samples of N =48 per
group, provided that convergence issues are appropriately
addressed. In this section, we address the remaining con-
cern: Did we have “sufficient” statistical power to detect car-
ryover (autoregressive) effects? And, building on this
question, how many trials from how many participants
should be collected when planning a similar study investi-
gating autoregressive effects in trial sequences? To this end,
we conducted a simulation to estimate power and 95% con-
fidence interval width for autoregressive effects for three
scenarios: (a) testing autoregressive effects against zero, (b)
comparing autoregressive effects within a group (i.e., ooy, sta
vs. OpyNov), and (c) comparing autoregressive effects
between groups (i.e., opy, Noy for adults vs. children aged 4-
5). Sample size planning for models with numerous parame-
ters is inherently challenging because power analysis
requires prior information about the parameters, which is
typically unavailable before data collection. Making
informed assumptions about realistic values for residual var-
iances or covariances among random effects is particularly
difficult and often involves a high degree of uncertainty.
Therefore, we used the parameter estimates from our empir-
ical analysis as input for a power simulation. We acknow-
ledge that this approach simplifies reality, as the estimates
themselves are subject to uncertainty and may vary substan-
tially across experimental designs. Accordingly, the following
results should be understood as a rough approximation of
what might or might not be realistically achievable in simi-
lar designs with similar measures, rather than as precise
sample size recommendations. We simulated power for
three sample sizes: N =30, N = 50 (a realistic sample size
in the field of developmental cognitive psychology), and
N =100 (a relatively large sample size in the field). We var-
ied the number of sequences per participant between 5 and
40, assuming for simplicity that each participant contributed
the same number of sequences. Given that estimating the
full model required approximately 1.4 hr per run, we used a
reduced model for the simulation. This model excluded the
second-after-novel (P2) trial and focused on comparing chil-
dren aged 4-5years (who showed the largest residual var-
iances) with adults (who showed the smallest residual
variances) to achieve a feasible runtime for 10,000 replica-
tions per condition. Further details and simulation code is
available in the additional online material. These reduced
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models converged in 99.95% of runs without any further
measures taken for helping with convergence.

We simulated effects of varying sizes that were either
even smaller than or equal in magnitude to the effect
observed in our data. The results of these simulations are
presented in Figure 5. It is important to note that there are
no widely accepted interpretations of effect sizes for autore-
gressive effects, and their interpretation depends on the spe-
cific research context. For tests of autoregressive parameters
against a fixed value of zero, as well as for comparisons
within age groups, we found only minor differences in
power between the simulated samples of children and
adults. This similarity is reflected in the close alignment of
the respective dashed and solid lines in Figure 5. Overall,
for relatively small effects of 0.1 and above, a power of 80%
can be achieved with N > 50 and a reasonable number of
sequences, even for between-group comparisons. Among the
three types of tests we examined, the highest power was
observed for tests of a single autoregressive parameter
against zero, followed by the within-age-group comparison
of two carryover parameters. The lowest power overall was
found for the between-age-group comparison. For both
within- and between-group comparisons, statistical power
for detecting very small effects of 0.05 remained at or only
slightly above the chance level of a coin flip—even with a
sample size of N = 100 and 40 sequences per participant. In
a follow-up simulation, we found that achieving 80% power
to detect a 0.05 difference in carryover effects between age
groups would require approximately 70 sequences per par-
ticipant with N = 100 (see the additional online material).

To summarize, our simulation shows that autoregressive
effects of 0.1 and larger can be detected with reasonably
large sample sizes of N > 50 per group and a reasonable
number of sequences (around 20 per participant) for similar
data. To put the effect size into perspective, an autoregres-
sive effect of 0.1 in our case means that a 10 ms increase in
RT in a novel trial predicts a 1ms increase in the subse-
quent post-novel trial. We consider this a rather small effect,
given that, for instance, the average distraction effect for
adults was 24 ms, the average post-novel effect was 12 ms,
and the within participants residual standard deviation was
70 - 80 ms. For comparisons of autoregressive effects within
or between groups, larger sample sizes and numbers of
sequences are needed. Given our empirical data situation
with about N=50 for children aged 4-5years and adults,
and a mean of 5 and 10 sequences per participant, respect-
ively, we had enough power to reliably detect autoregressive
effects of 0.15, but we lacked sufficient power to reliably
detect differences within or between groups of 0.15 or
smaller.*

Again, we emphasize that this simulation was specifically
tailored to our experimental design and data, and we do not
claim that the results are generalizable to different designs.’

“Another followup simulation with more effect sizes can be found in the
additional online material.

®In a series of small simulations we found that the magnitude of trend
parameters and between factor means do not influence the power as long as
the variance components remain constant.
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is shown as a dashed line.

Still, this prospect is promising given the typical measures
and sample sizes used in the field, even for data from pre-
school children. We encourage researchers interested in
investigating carryover effects of different trial types to con-
duct their own power simulations based on their specific
study designs and to use reanalyses of existing data as a
starting point for defining simulation parameters.

4.4. Evaluation the Potential of Multilevel SEMs for
Experimental Psychology

To our knowledge, we are the first to apply a multigroup
multilevel SEM approach to experimental longitudinal data. We
demonstrated how research questions concerning trial-by-trial

processes, such as the dynamics of auditory distraction, can be
conceptualized and modeled in terms of longitudinal phenom-
ena, such as trends and autoregressive effects. SEMs offer a
flexible framework for modeling these phenomena and their
interactions with experimental conditions and between-person
characteristics, while also mitigating estimation biases such as
the Nickell bias (Asparouhov et al, 2018; Nickell, 1981).
Additionally, accounting for different sources of variance, such
as random effects and trends, can increase statistical power
(Widmann et al., 2024). Our empirical analysis and sample size
simulation show that applying these SEMs to typical RT data is
feasible, and that reasonably small effects can be detected with
sample sizes between 50 and 100 participants per group and 10
to 40 sequences per participant, depending on the parameter of
interest. Even smaller samples may be sufficient for less noisy



measures, such as pupil dilation. However, reaching these sam-
ple sizes may be difficult in certain experimental contexts (e.g.,
when testing children or using costly measures). A promising
strategy in such cases is to pool data from experiments with
identical or highly similar setups and paradigms, as we did in
our analysis. Such reanalyses can provide new insights into the
temporal dynamics of established phenomena, such as the dis-
traction effect. These insights, in turn, can guide future research
and inform the design of new studies aimed at testing emerging
hypotheses with adequate statistical power.

5. Conclusion

Our analysis highlights the value of using SEMs to investigate
autoregressive effects in repeated-measures experimental data,
offering new insights into underlying cognitive and psycho-
logical processes. SEMs provide a flexible framework for mod-
eling various longitudinal dynamics and their interactions
with experimental conditions and between-person factors,
while mitigating estimation biases such as the Nickell bias
(Asparouhov et al., 2018; Nickell, 1981). With regard to our
substantive research question, we found no evidence for a spe-
cific carryover effect that links the post-novel effect to the pre-
ceding distraction. Instead, we observed a general attentional
dynamic across trials in participants older than six years and
a qualitatively different pattern in children aged 4-5years,
suggesting a distinct attentional process in this younger age
group. To our knowledge, this is the first study to directly test
the reorienting hypothesis for post-novel effects in children
and adults, providing initial evidence against this account.
More broadly, our findings underscore the potential of longi-
tudinal SEM approaches for advancing cognitive theory. We
encourage researchers to conceptualize repeated-measures data
explicitly in terms of longitudinal structure, and to make use
of the growing set of SEM tools available for such analyses
(e.g., Bollen & Zimmer, 2010; Hamaker et al., 2023; Muthén
& Muthén, 1998; Rosseel, 2012).
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