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ABSTRACT

The (Random Intercept) Cross-Lagged Panel Model ((RI-)CLPM) is increasingly used in psychology and
related fields to assess the longitudinal relationship of two or more variables on each other.
Researchers are interested in the question which of the lagged effects is causally dominant receives
considerable attention. However, currently used methods do not allow for the evaluation of causal
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dominance hypotheses. This paper will show the performance of the Generalized Order-Restricted
Information Criterion Approximation (GORICA), an extension of Akaike’s Information Criterion (AIC), in
the context of causal dominance hypotheses using a simulation study. The GORICA proves to be an
adequate method to evaluate causal dominance in lagged effects models.

1. Introduction

Structural equation modeling (SEM) has become an increas-
ingly popular modeling technique in the social and behav-
ioral sciences, because of its ability to analyze structural
relationships (Bollen & Noble, 2011). Loosely speaking, SEM
combines factor analysis and multiple regression into one
multivariate statistical technique. Specifically, this paper will
be tailored towards two related SEM models: the cross-
lagged panel model (CLPM) and the random intercept
cross-lagged panel model (RI-CLPM). The CLPM can be
used to analyze panel data in which two or more variables
are repeatedly measured at multiple time points. Hamaker
et al. (2015) introduced the RI-CLPM as an extension of the
traditional CLPM, to facilitate the separation of within-per-
son variation from between-person variation. Both the
CLPM and the RI-CLPM are utilized to unravel processes
that develop over time.

The exploration of causal dominance is gaining attention
across various fields. Next, we discuss three studies that
indicate the growing interest among researchers in under-
standing causal dominance relationships. Schuurman et al.
(2016) conducted a study using a multilevel multivariate
autoregressive modeling approach to investigate cross-lagged
associations between variables over time. The study under-
scores the significance of standardizing coefficients within
individuals for wvalid comparisons and cautions against
drawing misleading conclusions by disregarding individual
differences. An empirical example focusing on competence
and exhaustion in individuals diagnosed with burnout is
presented. Overall, the study highlights the benefits of

employing a multilevel multivariate autoregressive modeling
approach and emphasizes the importance of standardizing
coefficients within individuals to accurately assess the
strength of cross-lagged associations.

Another study, namely Kuiper (2021b) demonstrated the
evaluation of causal dominance hypotheses using the
Generalized ~ Order-Restricted  Information  Criterion
Approximation (GORICA; Altinigik, 2018) with CT meta-
analyzed lagged regression estimates and illustrated its per-
formance. However, the evaluation of the performance of the
GORICA was limited to a small simulation study.

Scott (2021) investigated relationships among various
cross-lagged models, including Autoregressive Latent
Trajectory (ALT), General Cross-lagged Model (GCLM),
Latent Growth Curve Model with Structured Residuals and
Unspecified Growth Trajectory (LGCM-SR-UGT), Cross-
lagged Panel Model (CLPM), Random Intercept Cross-
lagged Panel Model (RI-CLPM), and Mean Stationary
GCLM. Through simulations, the study addressed two key
aspects: (1) evaluating fit indices to determine “good” fit
and utilizing Bayes Factor to select the best from the set of
various cross-lagged models, and (2) examining the impact
of disregarding variability in trajectories on cross-lagged
estimates. The findings of the study from Scott (2021)
revealed that RMSEA identified models with “good” fit, and
the Bayes Factor favored cross-lagged models closely aligned
with the true model over less related models. Furthermore,
various patterns of bias in path estimates and standard
errors were observed. The presence of causal dominance, in
combination with time-variant between-person variance and
covariance, exerted a significant influence on the bias in
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path estimates. Thus, it is important the select the right type
of cross-lagged model. Our study primarily focuses on the
concept of evaluating causal dominance hypotheses using
GORICA in the context of RI-CLPM and CLPM.

When researchers selected the right cross-lagged model
and standardized its estimates correctly, they can evaluate
their expectations based on past experiences and theoretical
considerations. To evaluate these expectations statistically,
researchers can translate their ideas into what we will refer
to as “informative hypotheses” (Hoijtink, 2011). Informative
hypotheses contain inequality constraints among the param-
eters of interest, that allow researcher to statistically evaluate
the relative size of specific parameters. In the (RI-)CLPM-
framework, the interest is often in assessing “causal domi-
nance”, that is, assessing which of the cross-lagged effects
between two variables is the strongest. Specifically, in the
situation in which two variables mutually influence each
other at a subsequent time point, the variable that exerts the
strongest influence on the other or, better, has the most pre-
dictive strength is said to be causally dominant.

Consider the study by Masselink et al. (2018), who were
interested in the effect between self-esteem and depressive
symptoms. Although the existence of the effect between
these variables was already known, they focused on the
evaluation of causal dominance between the two. Their
hypothesis of interest was that the cross-lagged effect of
self-esteem on depressive symptoms, that is, the effect of
self-esteem on time point ¢ — 1 on depressive symptoms on
time point f (y,) is stronger in absolute sense than the
cross-lagged effect of depressive symptoms on self-esteem,
that is, the effect of depressive symptoms on time point ¢ —
1 on self-esteem on time point ¢ (f5,), which can be formal-
ized as H; : |B,| < |y,|, where |.| denotes the absolute value
and the parameters with subscript ¢ are the standardized
parameters between time point t — 1 and time point t. The
absolute values of the cross-lagged effects ensures that the
ordering of the absolute strengths of effects are compared.
Ultimately, Masselink and colleagues expected that the
cross-lagged effect of self-esteem on depressive symptoms
tends to be stronger in absolute sense than the cross-lagged
effect of depressive symptoms on self-esteem using the SEM
model. Masselink et al. (2018) studied the effects between
self-esteem and depressive symptoms in a RI-CLPM using
Chi-square test and then inspected the estimates themselves.
Even though their findings (w.r.t. the test and size of the
estimates) were in favor of the hypothesis |8,| < |y,|, their
result does not quantify its support.

Altinisik (2018) introduced the GORICA, a methodology
applicable not only to normal linear models but also to gen-
eralized linear models (GLMs), generalized linear mixed
models (GLMMs), and structural equation models (SEMs),
including (RI-)CLPMs. The (RI-)CLPM has gained popular-
ity in the literature, as researchers from various fields have
shown a keen interest in exploring the concept of causal
dominance between variables. Hence, there is need for
investigating hypotheses related to causal dominance. To
address this gap, we are delighted to present the perform-
ance of the GORICA which enables the evaluation of causal
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dominance hypotheses in (RI-)CLPMs. In this paper, we
will investigate the performance of the GORICA to
(RI-)CLPMs using a simulation study, and apply the method
to the data from Masselink et al. (2018), who studied the
longitudinal association between self-esteem and depressive
symptoms.

The article is organized as follows. First, the CLPM and
the RI-CLPM are explained in further depth. Second,
informative hypotheses and causal dominance will be fur-
ther illustrated using hands-on examples from the field of
psychology. Third, we will consider model selection as it is
often encountered in SEM, namely, using the AIC. We will
add to this by elaborating on various extensions of the AIC:
namely, the order-restricted information criterion (ORIC),
the generalized order-restricted information criterion
(GORIC), and the generalized order-restricted information
criterion approximation (GORICA). Fourth, we will investi-
gate the performance of the GORICA in simulations con-
taining a bivariate and a tri-variate (RI-)CLPM, and evaluate
its performance by the true hypothesis rate (i.e., the percent-
age of all simulations in which the true hypothesis is
selected). Fifth, we apply the GORICA on the data obtained
by Masselink et al. (2018). We will end with a discussion of
the findings of the present study. Additionally, the supple-
mentary material (Supplementary material for Sukpan &
Kuiper) contains relevant and detailed information that is
referenced in this paper. Furthermore, for those interested
in evaluating causal dominance hypotheses on RI-CLPM,
the R code is available from https://github.com/Chuenjai/
Causal-dominance.

2. Lagged Effects Models
2.1. The Cross-Lagged Panel Model

The Cross-Lagged Panel Model (CLPM) is one of the most
popular approaches to analyze effects between variables over
time (Biesanz, 2012). CLPM, also referred to as a cross-
lagged path model, is frequently used to model panel data
or longitudinal data in social and behavioral data. Panel
data consist of a relatively small number of repeated meas-
urements from the same cases (e.g., individuals, dyads, or
families). It can be used if two or more variables have been
measured at two or more occasions. The models are consid-
ered “lagged” because they estimate effects between variables
across different time points. They are considered “crossed”
because they also estimate effects from one variable to
another over time and vice-versa (Allen, 2017; Hamaker
et al., 2015; Usami et al., 2019). To facilitate the explanation
of the model, we will use the study of Masselink et al.
(2018) as an example, in which the effects between self-
esteem and depressive symptoms in young adolescents was
investigated. The data of Masselink et al. (2018) consist of
2105 patients who were recruited from seven secondary
schools (age range: 10-14 years) in the Netherlands at three
time points (three waves) one year apart (namely 2013,
2014, and 2015). Masselink et al. (2018) applied a bivariate
RI-CLPM (with three time points) to their data, as depicted
in Figure 1. Here, o and 0 denote the autoregressive effect
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Figure 1. The bivariate CLPM for three waves and two observed variables;
squares denote the observed variables, circles denote latent variables, triangles
represent constants for the mean structure. The latent variables p and q are the
grand-mean centered observed variables. Single-headed arrows indicate regres-
sion and double-headed arrows indicate correlations or (co)variances. The fig-
ure is based on Hamaker et al. (2015).

(same variable, different time points) and y and f denote
the cross-lagged ones (different variables and time points).

Let us consider a bivariate CLPM, where one with three
time points is depicted in Figure 1. Let x; and y; denote
the measurements for time-point t (t=1, ..., T) for indi-
vidual i (i=1, ..., N). In a lagged effects model, the varia-
bles x; and y; are preferably centered to improve the
interpretation of the mean/intercept parameters (Hamaker
et al, 2015). In a CLPM, one can grand-mean center the
variables:

Xit = Uy + Dit (1)
Yit =T+ qit (2)

For time-point ¢ and individual i. Here, u, and m; are the
grand means at time point ¢ for the two variables. The latent
variables p; and gj, are the individual temporal deviation
terms from these grand means. Notably, Equations (1) and
(2) are not a true measurement model, because no measure-
ment errors are specified. When no constraints are imposed
on these means, they are allowed to change over time. Such
changes may result from underlying developmental trajecto-
ries. However, this is typically not the focus in CLPM and
thus the CLPM implicitly removes such group-level longitu-
dinal trajectories from the cross-lagged relations (Usami
et al.,, 2019).

When the data are centered, the structural equations for
an individuals’ temporal deviations p; and g; are modeled
as exogenous variables for t =1 (i.e., variances and covari-
ance of variables are separately estimated), whereas, for

t > 2, pi and gq;; are modeled as

Pit = uPii—1 + BiqGi, i1 + Uit (3)
Qit = ViPit—1 + 0:qi 11 + Vit 4)

where o; and J; are autoregressive parameters and f, and 7,
are cross-lagged parameters. Note that these parameters
have a subscript ¢, implying that they may change over time
(Usami et al., 2019), that is, they may differ across waves, as
can be seen in Figure 1.

The CLPM had a large impact on the analyses of psycho-
logical data in social and behavioral sciences. However, sev-
eral authors have pointed out that the CLPM makes a
number of assumptions that might not be met in applied
contexts or that researchers might not be aware of when
using the model (Allison, 2009; Berry & Willoughby, 2017;
Hamaker et al., 2015; Mund & Nestler, 2019). First, the
CLPM generally lacks explicit theories of change, it assumes
that individuals fluctuate around a common grand mean in
each of the involved variables over time. Hence, the CLPM
assumes that there are no stable between-person differences
in these variables. Stated otherwise, the CLPM does not con-
sider that the average level of a variable across time is
higher for some individuals than for others. As a conse-
quence, if stable between-person differences in x or y are
present, they are included in the estimated autoregressive
and cross-lagged paths (Berry & Willoughby, 2017;
Hamaker et al, 2015; Mund & Nestler, 2019). Second,
although cross-lagged panel analysis can also be conducted
using structural equation modeling (SEM), many cross-
lagged panel models assume that variables are measured
without error. For many variables in psychological research,
this is clearly not the case, which leads to biased results.
Some scholars have also argued that measurement error
may also be misidentified as real change when models have
only two time points. In these cases, measurement error
could still influence the results of SEM (Allen, 2017). Third,
the time interval can be of any length, though it must be
contextually appropriate to have meaningful interpretations.
If the interval is too short, measurement will occur before
the effects can be observed. If the interval is too long, the
effects will dissipate before the next measurement (Allen,
2017; Mund & Nestler, 2019).

As a result, the lagged parameters that are obtained with
the CLPM do not represent the actual within-person effects
over time, and this may lead to erroneous conclusions
regarding the presence, dominance, and sign of predictive
effects (Hamaker et al., 2015). The RI-CLPM can help to
mitigate the first issue and is explained next.

2.2. The Random Intercept Cross-Lagged Panel Model

The RI-CLPM (Hamaker et al., 2015) is an extension of the
CLPM that includes latent variables, which are referred to
as random intercepts. A bivariate RI-CLPM (with three
time-points) is displayed in Figure 2. A RI-CLPM allows to
estimate the within-person autoregressive and cross-lagged
effects. The basic idea behind the RI-CLPM is that, instead
of all individuals varying around a common mean over
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Figure 2. The bivariate RI-CLPM with the separation of within-person and between-person variation for three waves and two observed variables; squares denote
the observed variables, circles denote latent variables, triangles represent constants for the mean structure. The variables p* and g* are the person-mean centered
observed variables, and x and w are random intercepts. Single-headed arrows indicate regression and double-headed arrows indicate correlations or (co)variances.

This figure is based on Hamaker et al. (2015).

time, each individual fluctuates around their own rather sta-
ble, person-specific mean level over time with respect to the
constructs under investigation. This assumption is imple-
mented by defining a latent intercept for each construct
across all time points. The intercept for, for instance, effect
satisfaction allows some individuals to be generally more
satisfied with their effects than other individuals. Due to the
separation of within-person and between-person variation,
the autoregressive effects provide information on the
within-person stability in x or y, instead of containing infor-
mation on the (between-person) rank-order stability of these
variables, where rank-order stability refers to the level to
which the ordering of individuals on a construct remained
unchanged over time. Similarly, the cross-lagged effects per-
tain to within-person associations. In a bivariate RI-CLPM,
x; and y; are modeled as

Xig = My T Ki+ Dy (5)
Yie =T+ w;+qj (6)

where p, and 7, are the temporal means at time point f; x;
and w; are random intercepts for individual i and pj and
q;; are residuals at time point ¢ for individual i. The random
intercepts x; and w; are time-invariant, stable trait factors
that represent individual trait-like deviations from temporal
means: They can be thought of as latent variables or factors
whose factor loadings are all constrained to 1. The residuals
p and g}, are temporal deviations from the expected scores
of individual i at measurement ¢ (i.e., temporal deviations
from p, +x; and 7, + ;). Consequently, pj, and gj, differ
from p; and g; in Equations (1) and (2), which represent
deviations from the group means. The RI-CLPM reduces to
the CLPM if we set the variances of k; and w; to zero,

meaning there are no stable, trait-like between-person dif-
ferences (Figure 2). Hence, the CLPM is nested within the
RI-CLPM. The RI-CLPM is identified if two or more varia-
bles have been measured at three or more time points.
Furthermore, the estimation of the RI-CLPM presupposes
that the variables were measured without error, that is, the
error variances of the observed indicators are constrained to
be zero (Usami et al., 2019).
The structural equations are modeled as

P = %Piiq T :[))rq;it—l + uj, (7)
Qe = 7ViPii T 5?‘1?,:—1 + V. (8)

Notably, these equations resemble Equations (3) and (4)
from the CLPM, respectively. Nevertheless, the autoregres-
sive and cross-lagged regression parameters differ. The
autoregressive parameters of and J; do not represent the
stability of the rank order of individuals from one occasion
to the next, but rather the amount of within-person carry-
over effect (Hamaker, 2012; Hamaker et al., 2015; Kuppens
et al, 2010; Suls et al., 1998). The cross-lagged parameters
B; and y; refer to within-person effects due to the lagged
relations pertain exclusively to within-person fluctuations,
and thus should be interpreted as the extent to which a
variable affects another variable at the following time point
and vice versa. As an example, let us take the study of
Masselink et al. (2018). Masselink et al. (2018) investigate
the longitudinal association between self-esteem and depres-
sive symptoms. In Figure 2, the autoregressive parameters
o) represents the within-person effect between previous self-
esteem on current self-esteem and J; represents the within-
person effect between previous depressive symptoms on cur-
rent depressive symptoms. The cross-lagged parameters y;
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denote the within-person cross-lagged effect between current
depressive symptoms and previous self-esteem and f; is the
within-person cross-lagged effect between current self-
esteem and previous depressive symptoms. For readability,
in the remainder of the text, we will leave out the super-
script *. From the text, it will be clear when we refer to RI-
CLPM parameters.

In summary, RI-CLPM accounts for trait-like, time-
invariant stability that separates the within-person process
from stable between-person differences through the inclu-
sion of random intercepts. This random intercept partials
out between-person variance such that the lagged effects in
the RI-CLPM actually pertain to within-person dynamics
(Hamaker et al., 2015). However, using the RI-CLPM does
not mitigate potential problems concerning measurement
error, which may still be misidentified as real changes, or
time intervals that are too short for any effects to occur or
too long for effects to remain.

3. Informative Hypotheses

Scientists often have clear expectations about the order or
the sign of the parameters in their statistical model when
they formulate their hypotheses. For instance, in a
(RI-)CLPM, researchers might have expectations about the
predictive strength of the cross-lagged effects: Masselink
et al. (2018) stated that self-esteem and depressive symp-
toms are associated with each other and the cross-lagged
effect of self-esteem on depressive symptoms, that is, the
effect of self-esteem on time point ¢ — 1 on depressive symp-
toms on time point t (y,) is stronger in absolute sense than
the cross-lagged effect of depressive symptoms on self-
esteem, that is, the effect of depressive symptoms on time
point ¢ — 1 on self-esteem on time point ¢ (f5,). This a-priori
expectation is reflected by the following hypothesis:

Hy B < |yl )

In cross-lagged longitudinal analysis, many researchers in
the field of psychology want to examine the absolute
strength of effects between two variables over time. The
variable with the strongest cross-lagged effect is “causally
dominant”. Often, researchers have their own experiences or
some evidence based on their expertise or on previous
research, researchers have a-priori hypothesis regarding
which variable has more predictive strength. For example,
Amtmann et al. (2020) studied the cross-lagged effect
between pain intensity and sleep disturbance and stated that
the lagged effect of sleep on pain (y) tends to be stronger
(in absolute sense) than the lagged effect of pain on sleep
(P). The investigation of the causal dominance hypothesis
can be written as || < |y|. As another example, Van der
Schuur et al. (2019) assessed whether the cross-lagged effect
between current stress and previous media use (f8) is stron-
ger in absolute sense than cross-lagged effect between cur-
rent media use and previous stress (y). This is reflected by
the hypothesis || > |y|. In the case of wave-specific param-
eters, like in Masselink et al. (2018), the hypotheses involve
more than two parameters and more than one order-

restriction, |f,] < |p,l;1f5] < |ys]. In case of a tri-variate
model, hypotheses often involve more than two parameters
and more than one order-restriction. One can, for instance.
hypothesize the direction of the “causal dominance” for
pairs of reciprocal cross-lagged effects. For example, in a tri-
variate model, one can be interested in the hypothesis
12| <[] [P13] < [D31ls (P3| < |h3;|s with ¢y, the cross-
lagged effect of the variable 1 on time point t —1 on the
variable 2 on time point t, ¢,; the cross-lagged effect of the
variable 2 on time point # —1 on the variable 1 on time
point t and so on. Note that such comparisons are only
meaningful and fair when parameters are on a comparable
scale, which oftentimes come down to inspecting standar-
dized parameter estimates.

While researchers often have these type of informative
hypotheses, their evaluation cannot be done with current
model comparison techniques reported in SEM software.
Fortunately, this can be done with GORICA, a recently devel-
oped information criterion. In the next section, we first discuss
the currently reported methods and state why they do not suf-
fice. Second, we elaborate on the GORICA and how it can
evaluate the hypothesis/hypotheses of interest. Since the per-
formance of the GORICA is not yet investigated for the
CLPM and RI-CLPM, we will examine it using a simulation
study, which will be discussed in the subsequent section.

4. Model Selection in SEM

One or more theories regarding the model parameters can be
reflected by one or more hypotheses. These hypotheses, also
referred to as models, can be compared. In case of model
selection and model comparison, the models to be compared
are different specifications of the same statistical model and
can thus be seen as hypotheses on model parameters. In cur-
rent SEM software, there exist two types of model comparison
methods: The Chi-square difference test and model selection
(using information criteria). The Chi-square difference test can
compare two nested models (e.g., a model where all parame-
ters are freely estimated and a nested model where some of
the parameters are constrained). One then needs the difference
between the Chi-square values and their degrees of freedom
from the two nested models." Since the Chi-square test cannot
compare non-nested models, we will not further discuss this
model comparison technique.

Another technique to compare models is model selection
using information criteria.” Many information criteria have

"In case of constraining variances to zero (e.g., the variances of the random
intercepts in a RI-CLPM), the test should be adjusted, since variances are
nonnegative values. Note that the reference value zero lies on the boundary
of the parameter space of a variance. Consequently, the zero variance model
should be tested against a model with a positive variance instead of a model
with a freely-estimated variance. This can be done by using the Chi-bar-
square difference test (Hamaker et al., 2015; Stoel et al., 2006), available in
the R package Chibarsq.difftest (Kuiper, 2021a) for which example code can
be found on: chi-bar-square test. Notably, the Chi-bar-square difference test
cannot compare non-nested models nor can it evaluate inequality constraints
other than testing positive variances.

There is another framework to compare the relative evidence for one model
over the other, namely the Bayesian framework based on Bayes Factors (BFs;
Kass and Raftery (1995)). The BF quantifies the relative support provided by



been proposed, for instance, Akaike’s information criterion
(AIC; Akaike, 1973), Bayesian information criterion (BIC;
Schwarz, 1978), and Deviance Information Criterion (DIC;
Spiegelhalter et al.,, 2002). These criteria are suited to com-
pare both nested and non-nested models. Since the AIC is
often reported in SEM software and has order-restricted
extensions (as will be explained later on), we will focus on
the AIC here.

4.1. The Akaike Information Criterion and Order-
Restricted Extensions

The Akaike Information Criterion (AIC) is one of the most
widely used methods for choosing a “best approximating”
model from several competing models given a particular
dataset. It was developed by Akaike in 1973. The basis of the
AIC relies on several assumptions. It is assumed that the data
is a realization of a random variable, which has an unknown
probability distribution. Fortunately, one can draw inferences
about the “true” distribution using the distribution of the
data. Using this assumption, the best approximating model
would be the model in which the “distance” between the esti-
mated distribution and “true” distribution is as small as pos-
sible (Burnham & Anderson, 2002). Akaike showed that this
selection of the best model can be done with the AIC:

AIC,, = =21, + 2K, (10)

where K,,, is the number of distinct model parameters and 1, is
the maximum log-likelihood under the restrictions in Model m.

The AIC can only evaluate hypotheses that contain
equality restrictions (and freely estimated parameters).
However, theories often involve orderings of parameters,
which are expressed by inequality restrictions. Suppose we
have independent random variables from each of K popula-
tions specified by scalar-valued, unknown parameters
01,02, n, O satisfying the simple-order restriction 0; < 0, <
... <0g. The AIC cannot evaluate these simple-order
restricted hypotheses, whereas the order-restricted informa-
tion criterion (ORIC) proposed by Anraku (1999), a modifi-
cation of the AIC, can. ORIC can detect the configuration
of the true parameters with the simple-order restriction. The
ORIC is defined as follows:

ORIC,, = =2l + 2P, (11)

where I, is the maximum log-likelihood under the mth can-
didate model and p,, is the dimension for model m.

Kuiper et al. (2011, 2012) proposed the generalized
order-restricted information criterion (GORIC) which is a
generalization of the ORIC. While ORIC is applicable to
simple-order restriction (e.g. 0; < 0, < 0;) and tree order
restrictions (e.g. 0, < 0y,05 < 0;), the GORIC can be used
for the evaluation of (in)equality constrained hypotheses
going beyond these hypotheses. For example, the GORIC

can be used to evaluate the hypothesis 9“;92 > 0; or 0, —

the data for two competing hypotheses. BFs can be calculated in R, for
example, using the bain package (Gu et al., 2019, 2018; Hoijtink et al., 2019).
For the comparison of the performance of GORICA and bain, the interested
reader is referred to the supplementary material.
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0, > 0; — 04 or H; in Equation (9), the GORIC for Model
m is calculated by

GORIC,, = —2I,, + 2PT,, (12)

where the GORIC,, incorporates the likelihood part, that is,
the maximum order-restricted likelihood, thus under the
constraint (l,,) and the penalty part (PT,). The penalty
again reflects the dimension of the model and can be seen
as the expected number of parameters. Note that, in case of
simple-order or tree-order restricted hypotheses, PT,,
reduces to p,, and, in case of equality-restricted hypotheses,
PT,, reduces to K,,. The GORIC can be applied to univari-
ate and multivariate normal linear models.

Altinisik (2018) proposed the generalized order-restricted
information criterion approximation (GORICA), the general-
ization of the GORIC. The GORICA can be utilized to evalu-
ate the same type of (in)equality constrained hypotheses as
the GORIC. The advantage of the GORICA is that it is
applicable to not only normal linear models, but also easily
to generalized linear models (GLMs), generalized linear
mixed models (GLMMs), and structural equation models
(SEMs) and thus also to (RI-)CLPMs. The performance of
the GORICA approximates the performance of the GORIC
and extends its use to a broader range of models. The
GORICA for Model m is defined as:

GORICA,, = —2L,, + 2PT,, (13)

where the GORICA also incorporates a likelihood part (L,,),
the asymptotic maximum order-restricted log-likelihood of
the maximum likelihood estimation (MLEs) and a penalty
part (PT,,), which is the same as the penalty in the GORIC.

For all these information criteria (ICs), it holds that the
hypothesis with the smallest criterion value is the best from
the set of hypotheses. Thus, IC values only denote the order-
ing of the candidate models and not the relative strength.
The extent to which a hypothesis is better than the other can
be quantified using IC weights, the relative likelihood of a
hypothesis in a set of hypotheses (Burnham & Anderson,
2002; Kuiper et al., 2012; Wagenmakers & Farrell, 2004). The
IC weights (w,,) can be obtained as follows:

exp{—1 IC,}
ZAm/I’:l eXp{_% ICm’}

The strength of evidence in favor of one model over another
is obtained by dividing their weights. For example, the support
for H, vs. H, is denoted by w;/w,. If hypotheses H, and H,
have IC weights of 0.75 and 0.25, respectively, H; has
0.75/0.25 = 3 times more support than H,. Note that the
GORICA weights will asymptotically equal the GORIC weights.
Additionally, in case of equality-restricted hypotheses, the
GORICA weights will asymptotically equal the AIC weights;
but only in the case of equality-restrictions, since the AIC is
not equipped to evaluate inequality-restrictions. The GORICA
values and weights and the ratio of GORICA weights can be
obtained with the goric function (Vanbrabant & Kuiper, 2020)
of the R package restriktor (Vanbrabant & Rosseel, 2020).

Since the focus of the paper is on evaluating informative
hypotheses (more specifically, causal-dominance hypotheses)

Wy = (14)
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Table 1. Specifications in simulations for bivariate (RI-)CLPM with a total of 144 conditions (2 x4 X 6 x 3).

Model Number of waves

RI-CLPM and CLPM 3,456

Sample size Cross-lagged effects (f3,7)
25, 50, 75, 100, 200, 300 (0.1, 0.2)
(0.1, 0.4)
(—0.07, —0.07)

in (RI-)CLPMs, we will use the GORICA. Specifically, our
goal is to investigate the performance of the GORICA to
evaluate causal dominance hypotheses in lagged-effects
models. Here, we will focus on two statistical models:
CLPM and RI-CLPM, and we will inspect the performance
of the GORICA in these models with a simulation study.
The design of our simulation studies is described next.

5. Simulation study

To evaluate the performance of the GORICA, we will con-
duct a simulation study. We employ two types of simula-
tions: (1) a bivariate (RI-)CLPM, like used in Masselink
et al. (2018), and (2) a tri-variate (RI-)CLPM. In the simula-
tion, we will thus inspect the CLPM as well. Namely,
although the RI-CLPM is often more realistic, there may be
processes that come from a CLPM data generating process.
In the simulations, we will investigate the ability of the
GORICA to correctly select the true hypothesis regarding
causal dominance. The performance of the GORICA is
measured by the true hypothesis rate (THR; i.e., the per-
centage of times the true hypothesis is selected).

5.1. Simulation I: Bivariate (RI-)CLPM

The first simulation aims to examine the performance of the
GORICA in a bivariate (RI-)CLPM, as depicted in Figures 1
and 2. We simulated bivariate data, using R (R Core Team,
2020), with a varying number of waves, varying number of
participants, and varying strengths of cross-lagged effects.
Our choice of population values is based on the study by
Masselink et al. (2018), who used three waves, which is the
minimum number of waves that is required to fit a RI-
CLPM, and a number of participants of N=2105.
Therefore, we started varying the waves from three waves
on up until 6 (e, W € {3,4,5,6}). Note that it is to be
expected that the performance increases with number of
wave. In case 6 waves do not show a good performance yet,
we will increase the number of wave. For the number of
participants, we started with a low value, namely 25. Then,
we increased it with steps of 25 and later on steps of 100
(or more) up until 2100. As will become clear later on, for
much lower number of participants, GORICA performed
well and/or the trend of the performance was clear, this
led to the decision to stop at N=300. Consequently, we
inspect the following number of participants: N €
{25,50,75,100,200,300}. Additionally, two types of cross-
lagged population parameter specifications are considered:
in one setting, the cross-lagged effects are unequal (f, y) =
(0.1, 0.2) and (B, y) = (0.1, 0.4); in the other setting, the
cross-lagged effects are equal (8, y) = (—0.07, —0.07), using
the parameter estimates in Masselink et al. (2018). The

autoregressive population parameters are held constant over
the simulations: («, 6) = (0.22, 0.28), using the estimates
found in Masselink et al. (2018).> Table 1 gives an overview
of the simulation design in a bivariate (RI-)CLPM.

In each generated dataset, we evaluate the causal domin-
ance hypothesis as specified in Equation (9), that is, H; :
|8l < |y|, versus its complement H, : || > |y|. Note that H,
is true in the setting with unequal parameter specifications,
while H, and H, are equally true in the equal parameter
specification, since the truth is on the boundary of the
hypotheses.

In the simulation, 1000 datasets will be generated per
simulation condition. CLPM data is created by drawing data
for each participant from the first-order vector autoregres-
sive (VAR(1)), which can be regarded as a single-subject
CLPM that generally has multiple observations (waves).
Thus, the lagged-effect between current and previous obser-
vations for one participant can be described as a VAR(1)
model (Hamilton, 1994).

Yt = C+q)Yt_1 —+ u;

(15)

where Y, and Y,_; represent the values of the two variables at
time points ¢t and t — 1 (for t = 1,..., T), respectively, the vec-
tor ¢ is the intercept, the 2 x 2 matrix @ contains the VAR(1)
regression parameters (o, f5, 7, and ), and the vector u; con-
tains the residuals, also referred to as innovations, at time t.

We sample T =100 VAR(1) observations using the
VAR.sim() function from the tsDyn package (Antonio et al.,
2009) and use only the last W of those T timepoints, with
W € {3,4,5,6} the number of waves in that simulation.
When there are three waves, the last W =3 observations
from each variable are used, and this process is repeated for
each participant (as depicted in Figure 3 with W = 3 waves,
2 varijables, and N participants).

To generate RI-CLPM data, the creation of CLPM data is
extended by adding person-specific means to the data.
These means are generated from a bivariate normal distribu-
tion with mean g = 0 and covariance matrix Q = I, a 2 X
2 identity matrix. Resulting in an N X 2 matrix of person-
specific means for the N participants and 2 variables. Note
that the means are, by definition, equal over the waves.

Each generated dataset will be analyzed with both the
CLPM and the RI-CLPM (Figures 1 and 2 for a graphical
representation) using the R package lavaan (Rosseel, 2012).
Note that the autoregressive and cross-lagged paths are con-
strained to be the same across time in both models. Hence,
the models do not contain wave-specific parameters.

3We used the estimates from the first to second wave of the RI-CLPM in
Masselink et al. (2018) since they estimate wave-specific ones. Note that, for
ease, we use a (RI-)CLPM where the parameters are not wave-specific. In the
example section and the supplementary material, we will show how the
GORICA can be applied to models with and without wave-specific parameters.
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Figure 3. An lllustration of how the three-wave data for the first participant (i=

times, that is, for each individual.

Inspection of the mean parameter estimates of a, 5, y, and
0 over the simulations (by checking whether they are close/
asymptotically equal to the population parameter value)
ensured the quality of the data generation.

Per simulation, both the standardized autoregressive esti-
mates (o and 0), the standardized cross-lagged estimates (f8
and 7), and the covariance matrix of those estimates are
extracted. This serves as the input for the calculation of the
GORICA. The goric function (Vanbrabant & Kuiper, 2020)
in the restriktor package (Vanbrabant & Rosseel, 2020) is
used to calculate the GORICA values and the GORICA
weights per simulation, which are used to calculate the per-
centage of times the true hypothesis is selected (THR).

When applying the RI-CLPM, we also use the GORICA to
evaluate whether the random intercept variances are larger than
zero (Var > 0 and Vary,] > 0, where Var|) and Var, are
the variances of x and , respectively, the random intercepts
in a bivariate RI-CLPM). We did this to ensure that the model
requires random intercepts. Especially, when the number of
participants, the number of waves, and/or the difference
between the cross-lagged effects are small, the random intercept
variances may be non-positive. We also found this in our simu-
lation. In practice, one would now conclude that the RI-CLPM
is a poor fit, leading to the recommendation of using a CLPM
instead of a RI-CLPM. In the simulation, this implies discard-
ing the drawn sample, since our focus is on evaluating the
GORICA within a RI-CLPM. Hence, we drew another sample
such that in total we base our conclusions still on 1000 simu-
lated data sets. As an example, in a bivariate RI-CLPM with W
= 3 waves, N = 25 participants and (f, y) = (0.1, 0.2), the
GORICA did not find support for positive random intercept
variances in 3 out of 1003 iterations. Pages 1 and 9 (i.e., Tables
1 and 2) of the supplementary material (Supplementary mater-
ial for Sukpan & Kuiper) provide more detail on how often we
encountered negative variances (in which simulation condition).
There, one can see that this happens in only 0.02% of the
simulation cases when inspecting the bivariate model and

1) is obtained from data generated from the VAR(1) model. This is repeated N

0.09% of the simulation cases when inspecting the tri-variate
model. Notably, when the number of waves is larger than 4,
the GORICA always found support for positive random inter-
cept variances, irrespective of the number of participants.
Furthermore, when the number of participants, the number of
waves, and/or the difference between the cross-lagged effects
are small, we came across the following warnings: “the covari-
ance matrix of latent variables is not positive definite matrix”
and “in sqrt (ETA2): NaNs produced. These warnings typically
indicate a poorly fitted model as well, which can be expected in
such situations; for example, situations with a small number of
participants and only a few waves. Bear in mind that, in the
bivariate RI-CLPM with three waves of data, 26 parameters
need to be estimated (even though there are 7 equality con-
straints). Consequently, it may be hard to fit the model in the
case of N=25 participants. When this happened, we did not
proceed with the next steps (e.g., applying the GORICA), we
discarded the drawn data set. To still obtain 1000 data sets to
base our conclusions on, we then sampled once more a data
set (from the same population), as described in Figure 3. Next,
we estimated the (RI-)CLPM using this new data set. If there
were no negative variances or warnings, we proceeded with
applying GORICA. In total, we thus simulated 1000 datasets,
all of which exhibited neither negative variances nor warnings.
We could have decided to not inspect situations where the
number of participants, the number of waves, and/or the differ-
ence between the cross-lagged effects are small, but we are also
interested in seeing the performance for such cases. Notably,
when we would use 200 participants or more in our simulation,
we would not have encountered this problem. The results of
the performance of the GORICA, when the (RI-) CLPM is the
data generating model, are discussed in the upcoming section.

5.1.1. The Performance of GORICA in a Bivariate (Rl-) CLPM
Figure 4 shows the results when evaluating the true,
informative hypothesis H; : || < |y| versus its complement
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Figure 4. The (true) hypothesis rates when using the GORICA in a bivariate RI-CLPM for all simulation conditions, namely the number of participants (x-axis), the
number of waves (different Colored lines), and the three different pairs of cross-lagged parameters (f and 9): (a) (5, y) = (0.1, 0.2), (b) (5, y) = (0.1, 0.4), and (c)
(B, 7) = (-0.07, -0.07). Note that in plots (a) and (b), H; is the true hypothesis, while in Plot (c) both H; : || < |y| and H, : || > |y| are true.

(Hz : |B] > |7|) using the GORICA. The performance of the
GORICA is similar under both the RI-CLPM and the CLPM.
Hence, the results for the RI-CLPM are shown here, while
the results and patterns for the CLPM are reported in the
supplementary material. In Figure 4a, where || =0.1 and
|y| = 0.2, the THR is larger than 50% and increases with the
number of waves and the number of participants. When the
difference between the cross-lagged effects larger (Figure 4b
versus Figure 4a), the THR rises faster as well, and is actu-
ally close to 100% under all specifications concerning the
number of observations and the number of waves. In
Figure 4c, these cross-lagged parameters (f and y) based
on Masselink et al. (2018) where both hypotheses are cor-
rect since || = |y| = 0.07, both hypotheses obtain the
same amount of support (i.e., the THR fluctuates around
50%). This behavior is to be expected, because the hypoth-
eses under consideration are both correct and equally com-
plex.* The GORICA thus performs adequately when
evaluating causal dominance in a (RI-)CLPM, because
when there is causal dominance, this is generally detected,
that is, the GORICA does quantify the support for the
hypothesis of interest (H; : || < |y|), while if there is no
causal dominance (i.e., when the strength of the parame-
ters is equally strong), both hypotheses obtained a similar
amount of support. Kuiper (2021b) found the same trends,
when looking at so-called CTmeta-analyzed estimates in
a less comprehensive simulation study. Furthermore,

“In practice, one will find an equal fit, an equal complexity, and thus GORICA
weights of 0.5 (which is the same as the weights based on the complexity/
penalty). This then indicates that both hypotheses are equally supported,
which reflects support for the border of the hypothesis, that is, support for
equal strength of parameters.

these results validate our expectation that GORICA has the
capability to evaluate causal dominance in a bivariate
(RI-)CLPM.

5.2. Simulation Il: Tri-Variate (RI-)CLPM

In the second type of simulation study, the previous simula-
tions are extended to a tri-variate (RI-)CLPM. Compared to
the bivariate (RI-)CLPM, in a tri-variate (RI-)CLPM three,
rather than two, sets of variables are measured at multiple
occasions and may affect one another. The tri-variate CLPM
and RI-CLPM are path diagram displayed in Figure 5. The
tri-variate data is generated analogously to the bivariate
simulation, with 1000 datasets per simulation condition
but with three variables rather than two. The number
of participants will again be varied with N €
{25,50,75,100,200,300}. Here, only three waves will be
considered, because in that case the performance of the
GORICA is already good; and we already saw that increas-
ing the number of waves increases the THR (as to be
expected). Three sets of cross-lagged population parameter
specifications will be considered which are based on the

bivariate population values: (¢5, ¢21, G135 G315 Doz P32)=
(0.1, 0.2, 0.1, 0.2, 0.1, 0.2), (12r Brp» Brzr P3pr Pozr P3y)=
(0.1, 0.4, 0.1, 0.4, 0.1, 0.4), and (15, Dr1s Prss P> Do
¢5,)= (=0.07, —0.07, —0.07, —0.07, —0.07, —0.07). Table 2
presents a summary of the simulation conditions.

The lagged effect parameters are again generated in such
a way that they are the same across waves, and hence, no
wave-specific parameters will be inspected. The autoregres-
sive population parameters for all specifications are 0.22,
0.28, and 0.28 as in the previous simulation type. The causal
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(b) Tri-variate RI-CLPM

Figure 5. The tri-variate CLPM and tri-variate RI-CLPM; where squares denote the observed variables, circles denote latent variables and triangles represent con-
stants for the mean structure. The latent variables p and q in Figure 5(a) are the grand-mean centered observed variables, while p, g, and r are the person-mean
centered observed variables in Figure 5(b). Single-headed arrows indicate regression, double-headed arrows indicate correlations or (co)variances.

Table 2. Specifications in simulations for tri-variate (RI-)CLPM with a total of 36 conditions (2 x 1 X 6 x 3).

Model Number of wave

Sample size

Cross-lagged effects (915, Py1, P13 P31, Doz P37

RI-CLPM and CLPM 3

25, 50, 75, 100, 200, 300

(0.1, 0.2, 0.1, 0.2, 0.1, 0.2)
(0.1, 0.4, 0.1, 0.4, 0.1, 0.4)
(=0.07, —0.07, —0.07, —0.07, —0.07, —0.07)

dominance hypothesis of interest in this simulation can be
written as

H;s : [§pp] < a1l [h1s] < |ds1s || < [a]-

H; will be compared with its complement, representing
all orderings except the one in Hj.?

Similarly, to previous simulations, the hypothesis of interest
Hj is true in the first two sets of cross-lagged parameter speci-
fications, leading to the expectation that the THR is expected
to converges to 100% in these simulations. In the third set of
simulations, where the parameter are hypothesized to be

(16)

®Notably, if there is a competing theory stating different orderings (perhaps
even the opposite ordering of this one) or no causal dominance (stating that
the reciprocal cross-lagged parameters are of equal strength), then this should
be added to the set and then the unconstrained hypothesis should be
included as safeguard. In this simulation, we thus assume that there is one
theory, which is then compared against all other possible theories.

equal, H; and its complement are both true (that is, the truth
is on their border). Because Hj is less complex than its com-
plement, and hence has a lower penalty, it should be selected
on the basis of parsimony. Bear in mind that, due to sampling
variation, the cross-lagged effects will not be estimated as
exactly equal and the complement will sometimes be the best
when the difference in likelihood outweighs the difference in
penalty. Hence, it can be expected that the support for Hj is
lower than 100%, but higher than 50%. Similarly, to the bi-
variate simulation study, the THR is calculated as the percent-
age of times Hj is the preferred hypothesis.®

Note that, again, non-positive variances of the random
intercept in the RI-CLPM where encountered. For the

°In practice, one will find an equal fit and GORICA weights that equal the
weights based on the complexity/penalty. This then indicates that both
hypotheses are equally supported, which reflects support for their border.
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simulations in a tri-variate RI-CLPM with 3 waves, the
GORICA did not find support for positive variances of the
random intercepts in some of the simulations with N =
25,50,75,100 and 200. In practice, one would now conclude
that the RI-CLPM is not the correct model, but the CLPM
is. Since we are interested in the performance of the
GORICA in case of a RI-CLPM, we disregard these simula-
tions and sampled new data (like in the simulation study
for the bivariate model). For more details, refer to the sup-
plementary material available at Supplementary material for
Sukpan & Kuiper.

5.2.1. The performance of GORICA in a Tri-Variate (RI-)
CLPM

Figure 6 shows the performance of the GORICA for the tri-
variate RI-CLPM, the results for the CLPM can be found in
the supplementary material, where one can see the same
patterns as for the RI-CLPM. In Figures 6a and b, H; is the
true hypothesis, which is detected by the GORICA. The
THR is structurally above 90% and increases quickly to
100% when the number of participants and/or the difference
between the cross-lagged parameters increases. In Figure 6c,
when the cross-lagged parameters are specified as equal, the
less complex hypothesis Hj; receives most support, namely
in about 87% of the simulations. Consequently, the comple-
ment of H; which is also true, but more complex is pre-
ferred in 13% of the simulations. This is due to equalities
never being exactly true and sometimes the difference in
likelihood will outweigh the difference in penalty.

In practice, one will find equal fit for both hypotheses.
Then, the GORICA weights are solely determined on the
penalty differences. This, then indicates support for the bor-
der of the hypothesis, that is, support for equal strength of
parameters. Since Hj is the least complex one, it will obtain
higher support. The mean GORICA weight, in this scenario,
converges to 0.77 which equals the weight based on solely
the penalty values. Note that when H; is true, the mean
GORICA weight (and THR) of H; converges to 1 (and
100%), see the mean weights of all simulations in the sup-
plementary material.

5.2.2. What if the Hypothesis of Interest is Not True and
Thus its Complement is?

In the previous simulation set-ups, the hypothesis of interest
was the true data generating hypothesis. What if the hypoth-
esis of interest is not true and thus its complement is? In
the bivariate (RI-)CLPM, either H, or its equally-sized com-
plement H, is true (H;:|f| <|y| and H,:|B| > |y]).
Consequently, when H, is true, the THR for H, is the same
as the THR for H;, resulting in the same plots. Bear in
mind that, when H, is true, the selection rate of H; will be
100% minus the THR of H,.

In the tri-variate (RI-)CLPM, the informative causal
dominance hypothesis has a different complexity than its
complement since it consist of many orderings for examples
the ones displayed in Hy; and Hs in Equation (17).
Consequently, when the complement of Hj; is true, its THR
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Figure 6. The (true) hypothesis rates when using the GORICA in a tri-variate RI-
CLPM for all simulation conditions, namely the number of participants (x-axis)
and the three different pairs of cross-lagged parameters (¢, ¢y, P13 P31,
¢23' ¢32): (a) ((/)12' d)Z'I' d)13' ¢31' ¢23' ¢32): (01' 02' 01' 02' 01' 02)' (b)
(120 G0 130 b310 b3, P3)= (0.1, 04, 0.1, 0.4, 0.1, 04), and (0) (15, Py,
D130 P31, a3 P3p)= (—0.07, —0.07, —0.07, —0.07, —0.07, —0.07). Note that in
plots (a) and (b), H; is the true hypothesis, while in Plot (c) both H; and its
complement are true but Hs is the most parsimonious one.

is not the same as the THR for Hj, that is, the plots will
differ. Hence, it is of interest to inspect what happens if the
hypothesis of interest in the tri-variate model is not true,
but its complement is. For ease of generating the data and
explaining the set-up, we will again use the set-up in which



Hj is true. The difference is that we will now investigate
what happens if we evaluate a hypothesis other than Hj,
which is incorrect, versus the complement of that hypoth-
esis. This will be done for two types of incorrect hypotheses:
One where all the order restrictions are in the complete
opposite direction (H;) and one where only one (namely
the first) order restriction is reversed (Hs):

Hy 2 [drp] > |@arls (D13l > | @31y [a3] > [l
Hs : [d1p] > 1] [D13] < |ds1]s [as] < [dsa]-

We will run a simulation for each of these two hypotheses,
using the same parameter specifications as in the previous sim-
ulations. Note that for the equal population cross-lagged par-
ameter specification, the simulation results are not different
from the previous simulations, because the complexity of H,
and Hs is (approximately) the same as of that Hs. Hence, only
the simulations with order-restricted parameters will be dis-
cussed. For these simulations, both H; and Hs are incorrect
and there complements are true. Hence, asymptotically, we
expect no support for Hy and Hs. The performance of the
GORICA in a RI-CLPM is presented in Figure 7. Similar
results for the CLPM are shown in the supplementary material.

Using the GORICA to evaluate the hypotheses of interest
in a (RI-)CLPM, it can be seen that, when the complement
hypotheses are true, the support for the incorrect hypotheses
of interest Hy and Hs decreases with the number of partici-
pants and with the difference between the cross-lagged
parameters (Figure 7). When the number of participants N
is 300 or more and the difference between the cross-lagged
parameters is large, the incorrect hypotheses of interest Hy
receive almost no support anymore. Notably, for a small
number of participants, it is hard to choose the true hypoth-
esis from the incorrect ones (namely, the THRs are larger
than 75% for N = 25 in Figures 7a and b), especially if the
hypothesis of interest is close to the truth (like Hs which
differs in only one order restriction). Additionally, it can be
seen that the support for Hy, which contains solely incor-
rect order restrictions, is always lower than the support for
Hs, which contains only one incorrect order restriction.

17)

6. Example

In this example section, we will demonstrate the use of the
GORICA on the RI-CLPM using the panel data of
Masselink et al. (2018), who assessed the longitudinal effect
between self-esteem and depressive symptoms. We will
inspect two types of RI-CLPMs. Namely, one where we have
wave-independent parameters (i.e., where the parameters are
the same across waves) and one where we do allow for
wave-specific lagged-effects parameters. The first is compar-
able to the model we used in our simulations and is
depicted in Figure 8. The second is the one Masselink et al.
(2018) use and is displayed in Figure 9. In both figures, the
7 represents the effect between self-esteem at time point ¢
and depressive symptoms at time point ¢ + 1, while the f
denotes the effect between depressive symptoms at time
point t and self-esteem at time point t 4 1. The estimates
from these two types of RI-CLPMs are obtained using the R
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Figure 7. The number of times the incorrect hypotheses H, (Green) and Hs
(pink) are chosen in a RI-CLPM, for various participant numbers (x-axis) and two
cross-lagged parameter specifications: (a) (12, @1, P13, P31, D3, P35)= (0.1,
0.2,0.1,0.2,0.1,0.2) and (b) (15, @31, D1z D31, Doz, P3y)= (0.1, 0.4, 0.1, 0.4,
0.1, 0.4).

package lavaan. The R code used in the analysis can be
accessed at https://github.com/Chuenjai/Causal-dominance).

Many studies have shown that self-esteem and depressive
symptoms are related (Orth et al, 2009; Steiger et al., 2014;
Mlawer et al., 2021). Moreover, Masselink et al. (2018) have an
expectation that adolescents with the cross-lagged effect of self-
esteem on depressive symptoms is hypothesized to be stronger
in absolute sense than the cross-lagged effect of depressive
symptoms on self-esteem. Formalizing this theoretical expect-
ation vyields the following hypothesis for the model with wave-
independent parameters (Figure 8): Hy, : |f] < |y|, where |f]|
and |y| are the absolute values of f and 7. In the case of
wave-specific parameters model, the hypothesis of interest is
reflected by Hip : |55 < |7,151B5] < |73]- Bear in mind that, to
compare the dominance of the effects, one should compare
the absolute value of the strength of (standardized) effects. In
this example, one can clearly see the impact if you do not use
absolute values. Namely, —0.053 is smaller than —0.047, while
| —0.053] = 0.053 is higher than | — 0.047| = 0.047. So, when
the interest lies in the absolute strength, then one should spe-
cify this in the hypothesis. We will examine whether the
hypothesis of interest (H;, and Hj, in the wave-independent
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Figure 8. Simplified graph of the RI-CLPM with standardized estimates for the autoregressive parameter estimates and the cross-lagged parameter estimates at
time point t and t + 1(t = 1,2) where the standardized cross-lagged paths are constrained to be the same across time.
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Figure 9. Simplified graph of the RI-CLPM with standardized coefficients for the autoregressive parameter estimates and the cross-lagged parameter estimates at

time point t and t + 1(t = 1,2) in a wave-specific parameters model.

Table 3. GORICA values and weights for the hypotheses of interest (H;, and
its complement) in a wave-independent parameters model.

log-likelihood penalty term GORICA values GORICA weights

Hypothesis (Lm) (PTm) (GORICAR) (W)
Hiq 34.238 12.5 —43.475 0.502
Complement 34.230 125 —43.460 0.498

Table 4. GORICA values and weights for the hypotheses of interest (H;, and
its complement) in a wave-specific parameters model.

Log-likelihood penalty term GORICA values GORICA weights

Hypothesis (L) (PTrm) (GORICAR) (W)
Hip 8.410 2977 —10.865 0.586
Complement 8.607 3.523 —10.168 0.414

parameters model and the wave-specific parameters model,
respectively) is more likely than its complement (Tables 3 and
4, respectively). The GORICA evaluation of the hypotheses is
done using the goric function from the R package restriktor.
Next, we get the separate sections, a wave-independent param-
eters model and a wave-specific parameters model and the
discussions.

6.1. Wave-Independent Parameters Model

In a wave-independent parameters model, the autoregressive
parameters (o« and J) and the cross-lagged parameters

(B and 7y) are constrained to be the same across time, like
we did in the simulation. Figure 8 displays a simplified rep-
resentation of the wave-independent parameter RI-CLPM
together with the standardized estimates for the data of
Masselink and colleagues (the standardized estimates
B =-0.047, 5 =—0.053, & =0.028, and & = 0.261). The
evaluation of Hj, and its complement are shown in Table 3.

The log-likelihood value (L,,) for Hj, is only a bit larger
than the log-likelihood value of its complement, while both
hypotheses are equally complex and thus have equal penalty
terms (Table 3). Therefore, the GORICA value for H;, is
only a bit smaller than the GORICA value of the comple-
ment hypothesis. The GORICA weights show that both
hypotheses receive approximately the same amount of sup-
port. As the hypotheses are equally complex and do not
overlap, the true parameter values are expected to be at the
boundary of the hypotheses. That is, it is expected that the
cross-lagged effects are equal. Thus, there does not seem to
be a causally dominant effect, and the lagged effect between
self-esteem and depressive symptoms seems equally strong
as the reciprocal lagged effect. Hence, based on this result,
one could conclude that the hypothesis stating equally
strong (standardized) cross-lagged effects should be the
hypothesis of interest in a future study. Alternatively, one
could think about a maximum in absolute difference



between the two standardized cross-lagged effects such that
the estimates can be seen as equal in practical sense - imply-
ing that, if the absolute difference is larger, the standardized
estimates are truly different. For example, one could spe-
cify Hi, = |f] = |y] < .05.

6.2. Wave-Specific Parameters Model

Masselink et al. (2018) studied the effect between self-esteem
and depressive symptoms using a RI-CLPM with wave-spe-
cific parameters. Here, we analyze the data in the same as
they did. Figure 9 depicts the wave-specific parameter RI-
CLPM together with the standardized estimates between
time point 1 and time point 2 (ie, f, =—0.047,
7, = —0.008, o =0.177, and J, = 0.247) aAnd between
time point 2 and time point 3 (ie, f; = —0.067,
75 = —0.110, o3 = 0.269, and J; = 0.335). The GORICA
results for the evaluation of Hj, and its complement are
presented in Table 4.

The log-likelihood value (L,,) for Hj, is smaller than the
log-likelihood value of its complement, indicating that the
(unconstrained) estimates are not in agreement with Hjy.
Nevertheless, the log-likelihood values do seem to be close.
The penalty term for the Hj, is smaller than the penalty
term for the complement of Hj;. Balancing fit and complex-
ity, the GORICA value for Hj; is smaller than the GORICA
value of its complement, denoting that H;, is preferred over
its complement. The ratio of GORICA weights shows that
Hjp is 1.415 times (0.586/0.414 = 1.415) more likely than its
complement. Thus, there is support for Hy;, but we feel it
is not compelling evidence for Hy,. Hence, in the wave-spe-
cific parameters model, the GORICA is slightly supporting
the informative hypothesis from Masselink et al. (2018),
stating that the cross-lagged effect of self-esteem on depres-
sive symptoms is stronger in absolute sense than the cross-
lagged effect of depressive symptoms on self-esteem. In a
future study, one could evaluate Hj;, again. Alternatively,
one could think about a substantial absolute difference
between the standardized cross-lagged parameters and use
that in the hypothesis. For example, one could specify Hyj, :
182 = 172l > -1, |B5] = |75] > .1. In that case, finding a ratio
of GORICA (for Hy; versus its complement) of 1 and more
implies that the standardized cross-lagged effects differ
substantially.

7. Discussion

In the literature, several studies have highlighted the exten-
sive usage of the (RI-)CLPM in various research domains,
including Zhou et al. (2020), Van der Schuur et al. (2019),
and Masselink et al. (2018) and the interest in causal dom-
inance. Our study inspected the evaluation of causal domin-
ance within those multivariate autoregressive models. We
used standardized parameters (as they are comparable). We
did not inspect multilevel models, but if one uses such a
model to evaluate causal dominance, one should use per-
son-mean-centered parameters, as suggested by Schuurman
et al. (2016).
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To evaluate causal dominance hypotheses, we made use
of the GORICA (Altimisik, 2018). The GORICA is a tool
specifically designed to investigate (in)equality constrained
hypotheses in a wide range of models, including (RI-)
CLPM. Additionally, the GORICA has been shown to be
applicable to CTmeta-analyzed models (Kuiper, 2021b). The
study by Kuiper (2021b) utilized the GORICA with so-called
CTmeta-analyzed lagged regression estimates (using a in a
continuous-time setting) to evaluate causal dominance
hypotheses and demonstrated its performance. This study is
limited to a small simulation study, focusing on the per-
formance of the GORICA with CTmeta-analyzed aggregated
CLPM estimates (thus based on estimates that come from
multiple studies). The study of Kuiper was meant as a fol-
low-up to this study and also refers to this on page 961. In
our research, we examine the performance of the GORICA
in various conditions (for a single study) with more elabor-
ate simulation studies. Scott (2021) conducted a simulation
study focusing on the impact of disregarding time-varying
inter-individual differences on cross-lagged parameter esti-
mates, revealing diverse patterns of bias in path estimates
and standard errors. Notably, causal dominance, in conjunc-
tion with time-varying between-person variance and covari-
ance, was found to exert significant influence on bias in
path estimates. While Scott also explored causal dominance
in cross-lagged models, his study had a different focus com-
pared to our research. Our study focuses on assessing the
capability of GORICA to evaluate the causal dominance
hypothesis within the context of (RI-)CLPM, while Scott uti-
lized Bayes Factor to select the best statistical model among
different types of cross-lagged models. One could also have
used the Bayes Factor to evaluate causal dominance. Both
the Bayes Factor and GORICA showcase comparable per-
formance, as evidenced in the supplementary material
(pages 24-25). The study of Scott underscores the crucial
role of using an accurate type of cross-lagged model.
Moreover, our method proves valuable for assessing causal
dominance within (RI-)CLPMs. To repeat, our study intro-
duces an approach for evaluating causal dominance in
lagged effects models (more specifically, in (RI-)CLPMs)
and demonstrates the performance of the GORICA using a
simulation study.

We based our study on the research conducted by
Masselink et al. (2018), which stated a stronger cross-lagged
effect of self-esteem on depressive symptoms compared to
cross-lagged effect of depressive symptoms on self-esteem in
a wave-specific parameters model. Our application of the
GORICA to Masselink et al. (2018) data yielded no support
for causal dominance in a wave-independent parameters
model. Moreover, we discovered evidence suggesting equal
standardized cross-lagged effects. In a wave-specific parame-
ters model, we found that the standardized cross-lagged
effect of self-esteem on depressive symptoms has more pre-
dictive strength than the standardized cross-lagged effect of
depressive symptoms on self-esteem; although, one could
doubt whether the support is compelling.

In our simulations, we solely inspected bivariate and tri-
variate (RI-)CLPMs, because most (RI-)CLPMs include two
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or three variables, since we believe these are most often
used. For example, Zhou et al. (2020) studied the association
between problematic internet use and mental health issues
among Chinese college students and Van der Schuur et al.
(2019) studied the relationship between social media use,
social media stress, and sleep. Although, we did not investi-
gate the performance of the GORICA under more-variate
models, we expect — based on the performance of the tri-
variate model compared to the bivariate model - that the
power to detect the true hypothesis to increase, when com-
paring pairs of standardized cross-lagged parameters.

In summary, the GORICA can be used to evaluate causal
dominance in bi- and tri-variate (RI-)CLPMs. Even though
the current study aimed at investigating causal dominance, a
statistical method by itself is insufficient to make causal
claims. Namely, only when the model includes all relevant
variables, and alternative explanations can be excluded, the
results can be interpreted causally. Nevertheless, evaluating
hypotheses concerning the predictive strength of (cross-
Jagged parameters is extremely insightful. To fully benefit
from what the GORICA has to offer, we recommend a
number of participants of at least 100 with at least three
waves of data collection.

We have demonstrated that the GORICA opens doors
for longitudinal data analysis and to facilitate the use of the
GORICA, the goric function (Vanbrabant & Kuiper, 2020)
in the restriktor package (Vanbrabant & Rosseel, 2020) is a
user-friendly method to calculate the GORICA values and
weights. Moreover, other types of hypothesis can be eval-
uated as well. To facilitate readers in gaining experience
with the GORICA, we have provided R code that can be
accessed at https://github.com/Chuenjai/Causal-dominance,
to apply the GORICA to longitudinal data, more specifically,
the code to run the two types of models we ran for the
Masselink et al. data in the Example section.
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