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For decades, researchers have employed the Cross-Lagged Panel Model
(CLPM) to analyze the interactions and interdependencies of a wide variety of
inner- or supra-individual variables across the life course. However, in the last
years the CLPM has been criticized for its underlying assumptions and sev-
eral alternative models have been proposed that allow to relax these assump-
tions. With the Random-Intercept CLPM, the Autoregressive Latent Trajec-
tory Model with Structured Residuals, and the Dual Change Score Model, we
describe three of the most prominent alternatives to the CLPM and provide
an impression about how to interpret the results obtained with these models.
To this end, we illustrate the use of the presented models with an empirical
example on the interplay between self-esteem and relationship satisfaction.
We provide R and Mplus scripts that might help life course researchers to use
these novel and powerful alternatives to the CLPM in their own research.
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When investigating individual development
across the life course, researchers need to take
a multitude of interdependencies between inner-
individual and supra-individual factors into ac-
count (Bernardi, Huinink, & Settersten, 2018).
Bernardi et al. (2018) distinguish three basic,
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or first-order interdependencies: First, the time-
related interdependence of individual development
refers to the association between an individual’s
past and how it affects his or her future. Second,
the interdependence between life domains refers to
the extent circumstances in one domain (e.g., work
context) interact with circumstances in other con-
texts (e.g., family). Third, the multilevel interde-
pendence of the life course refers to the interac-
tions between individuals’ actions and (a) the life
courses of the individuals surrounding them, (b)
with supra-individual factors (e.g., societal con-
text) as well as (c) with inner-individual attributes
(e.g., personality traits, haemodynamic reactivity).
Importantly, the interplay among these first-order
interdependencies creates a set of second-order in-
terdependencies when investigating, for example,
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the interplay between changes in two characteris-
tics, such as whether improved self-esteem leads
to improvements in relationship satisfaction.

The analysis of such second-order interdepen-
dencies is particularly challenging as it requires
the repeated assessment of a variety of inner-
individual, contextual, social, and—depending on
the research question—supra-individual variables
characterizing each person. Furthermore, sophis-
ticated statistical models have to be employed al-
lowing a researcher to relate the repeated measure-
ments of the variables to each other. Among these
models, the Cross-Lagged Panel Model (CLPM;
e.g., Biesanz, 2012) is one of the most popular ap-
proaches to analyze the interactions and reciprocal
influences between variables over time.

Despite its widespread use, the strict assump-
tions of the CLPM have raised concerns regard-
ing whether it is in fact appropriate for exam-
ining contemporary questions in life course re-
search (Allison, 2009; Berry & Willoughby, 2017;
Hamaker, Kuiper, & Grasman, 2015; Hertzog &
Nesselroade, 2003). This controversy has stimu-
lated the development of a number of alternative
approaches providing life course researchers with
a fully packed box of new statistical tools. As
of yet, however, a comparative overview of these
models has been lacking. Therefore, our goal is
to provide a comprehensive overview of promi-
nent alternatives to the CLPM. The present arti-
cle is organized as follows: First, we recapitu-
late the classical CLPM. Thereafter, we introduce
three alternatives to CLPM: the Random-Intercept
CLPM (Hamaker et al., 2015), the Autoregressive
Latent Trajectory Model with Structured Residu-
als (Curran, Howard, Bainter, Lane, & McGinley,
2014), and the Dual Change Score Model (Grimm,
An, McArdle, Zonderman, & Resnick, 2012). We
then continue by comparing the three models with
each other and with the fixed effects regression
model (Allison, 2009) and the longitudinal multi-
level model (Hox, 2010; Snijders & Bosker, 2012),
two widely-applied models in life course research.
Finally, we will use an empirical example on the

interplay between self-esteem and relationship sat-
isfaction to illustrate the described models.

Before we start with introducing the models,
we note that the aim of the present article is to
equip researchers with statistical tools that might
be more appropriate than the classical CLPM.
Although we intend to introduce all models to
a broad, non-technically oriented readership, we
assume that readers are familiar with structural
equation models (for an introduction, see Kline,
2011) and latent difference score models (for in-
troductions, see Grimm, Ram, & Estabrook, 2017;
McArdle, 2009). For more technically oriented
readers, we provide a formal description of the
presented models in the Appendix. Finally, in
an accompanying project hosted on the Open Sci-
ence Framework (https://osf.io/sjph7/), we provide
demo datasets and exemplar analysis syntax for the
R package lavaan (Rosseel, 2012) and the commer-
cial software package Mplus (Muthén & Muthén,
2017) in order to enable life course researchers to
adopt these models to further investigate a plen-
itude of innovative and important new research
questions.

Cross-Lagged Panel Model

The CLPM is the standard model to examine
rank-order changes and time-lagged associations
between two longitudinally assessed variables (see
Figure 1 for a CLPM with four measurement
waves). It provides two types of coeflicients that
are of particular interest to life course researchers.
First, the autoregressive paths (al and a2 in Fig-
ure 1) provide information on the rank-order sta-
bility of x or y, respectively (i.e., the stability of
inter-individual differences; Mund, Zimmermann,
& Neyer, 2018). Second, the cross-lagged paths
(c1 and ¢2 in Figure 1) denote to what extent the
prior scores of one variable relate to subsequent
scores of the other variable. As the autoregres-
sive effects and the cross-lagged effects are esti-
mated simultaneously, the cross-lagged effects are
often interpreted in terms of residualized change
(Biesanz, 2012; Hertzog & Nesselroade, 2003).
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Figure 1. The Cross-Lagged Panel Model. exemplar model syntax are provided at https://osf.io/sjph7/.
Squares represent observed variables (e.g., test scores), circles denote latent variables. Triangles represent
intercepts. Single-headed arrows indicate regressions, double-headed arrows indicate correlations. The
figure is available at https://osf.io/sjph7/ under a CC-BY 4.0 license.

Estimation of the CLPM requires that two
variables had been assessed at two occasions at
least. Furthermore, both the autoregressive and
the cross-lagged paths may be constrained to be
equal across time, although this is not a general
precondition for the model to be applied. In fact,
changes in the magnitude of either the autoregres-
sive or the cross-lagged paths would usually be in-

terpreted as shifts in the developmental system. Fi-
nally, the model can be extended to include multi-
ple indicators of a construct and hence allows test-
ing for measurement invariance (for more informa-
tion, see Biesanz, 2012).

The CLPM is an interesting statistical model
that can be employed to study many questions
concerning individual development across the life
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course. However, several 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).

First, the CLPM assumes that individuals fluc-
tuate around a common group mean in each of the
involved variables over time and, hence, that there
are no stable between-person differences in these
variables. Thus, the CLPM does not consider 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). The fact
that the CLPM parameters may conflate within-
person and between-person effects increases the
probability of false interpretations of the results.
All three models that we will describe later in this
article attempt to explicitly take trait-like between-
person differences in the variables into account.

Second, the CLPM does not capture the mean
structure of the involved variables. Hence, the
model does not allow to examine whether there is
mean-level change across time (such as in growth
models; see Briiderl, Kratz, & Bauer, 2018)
and, related to the first point, whether there are
between-person differences in this change beyond
the autoregressive and cross-lagged effects. How-
ever, this is important as shifts in the rank-order of
individuals in a variable are only one aspect of sta-
bility and change researchers might be interested
in. Focusing on changes in the rank-order of in-
dividuals might disguise important developmental
trends, since individuals might experience change
that does not strongly affect the overall rank-order
in the sample (Mund et al., 2018). For example,
self-esteem has been found to increase on average
between age 15 and 30 (Orth, Erol, & Luciano,
2018) with the rank-order stability being as high
as .60 in this age period (Trzesniewski, Donnel-
lan, & Robins, 2003). The Autoregressive La-

tent Trajectory Model with Structured Residuals
and the Dual Change Score Model attempt to take
such between-person differences in within-person
development into account.

Finally, the CLPM cannot be used to investi-
gate whether the change between two consecutive
measurement occasions is associated with further
changes later in time. This hinders testing truly dy-
namic theories of life course development. At the
same time, this also ignores the temporal interde-
pendence of development stating that prior devel-
opments in one domain affect future developments
in other domains (e.g., Bernardi et al., 2018). The
Dual Change Score Model, in contrast, is capable
of including changes in one domain as predictors
of subsequent changes in the other domain.

In summary, the CLPM had a large impact on
longitudinal life course research by influencing
the conceptualization and investigation of devel-
opmental theories. However, the model makes a
number of assumptions that may make its results
difficult to interpret. Furthermore, it does not al-
low to represent the dynamic nature of life course
theories. In the next section, we describe statistical
models that address these limitations.

Three Alternatives to the CLPM

In the following, we describe the Random-
Intercept CLPM (RI-CLPM), the Autoregressive
Latent Trajectory Model with Structured Residu-
als (ALT-SR), and the Dual Change Score Model
(DCSM). After having introduced these models,
we will compare them to each other concern-
ing some central aspects as well as to the multi-
level growth model and the fixed effects regression
model.

Random-Intercept Cross-Lagged Panel Model

The RI-CLPM as recently proposed by Hamaker
et al. (2015) is displayed in Figure 2. It presents
an alternative specification of the CLPM allowing
to estimate the pure within-person autoregressive
and cross-lagged effects. The basic idea behind the
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RI-CLPM is that, instead of all individuals vary-
ing around a common group mean over time, each
individual fluctuates around his or her own rather
stable, trait-like level over time with respect to the
constructs under investigation. This assumption is
implemented by defining a latent intercept factor
for each construct across all time points. With
regard to the empirical example that we will de-
scribe in detail later in this article, the intercept
factor of relationship satisfaction, for instance, in-
dicates that some individuals tend to be generally
more satisfied with their relationships than other
individuals.

Due to the separation of within- and between-
person variation, the autoregressive effects provide
information on the within-person stability in x or y,
respectively, instead of containing information on
the (between-person) rank-order stability of these
variables. Similarly, the cross-lagged effects per-
tain to within-person associations. Specifically, the
cl-path, for instance, denotes to what extent a de-
viation above or below the person-specific mean
in x (e.g., self-esteem) at an earlier point in time
is associated with a subsequent deviation from the
person-specific mean in y (e.g., relationship satis-
faction) controlling for previous deviations from
the person-specific mean in this variable (Hamaker
et al., 2015). Finally, the within-time correlations
reflect within-person change associations and in-
dicates to what extent deviations from the person-
specific mean in x (e.g., self-esteem) are accompa-
nied by deviations from the person-specific mean
in y (e.g., relationship satisfaction).

Similar to the classical CLPM, the parameters
of the RI-CLPM are estimated in structural equa-
tion modeling (SEM) software (see code at https:
//osf.io/sjph7/). Estimating the model requires at
least three measurements for each of the involved
variables. Furthermore, the estimation of the RI-
CLPM presupposes that the variables were mea-
sured without error, that is, the error variances of
the observed indicators are constrained to be zero
(for details and a further discussion, see Hamaker
et al., 2015).

In summary, the RI-CLPM allows to separate
within- from between-person effects. As it is also
very flexible concerning the developmental mech-
anisms that it allows to examine, the RI-CLPM
provides information on reciprocal associations
between two (or more) variables within individu-
als.

Autoregressive Latent Trajectory Model with
Structured Residuals

The ALT-SR is an extension of the Autoregres-
sive Latent Trajectory Model (ALT), which was
proposed as a combination of growth curve mod-
els and the CLPM (Bollen & Zimmer, 2010; Cur-
ran & Bollen, 2001). However, it turned out that
the parameters of the ALT might be difficult to in-
terpret (Voelkle, 2008). Furthermore, under cer-
tain conditions, the ALT is equivalent to a stan-
dard growth curve model with autoregressive rela-
tionships between the error terms (Hamaker, 2005;
Jongerling & Hamaker, 2011). The ALT-SR (also
termed Latent Curve Model with Structured Resid-
uals; Curran et al., 2014) addresses these two is-
sues. Similar to the RI-CLPM, the model allows
combining within- and between-person research
questions. The bivariate ALT-SR for four measure-
ment occasions is depicted in Figure 3.

As can be seen in Figure 3, the ALT-SR contains
a latent growth curve part and a CLPM part. The
growth curve part captures between-person differ-
ences in initial levels (the latent intercept factors
in Figure 3) and development (the latent slope fac-
tors in Figure 3) of the variables of interest. Here,
we used a linear growth model to illustrate the
ALT-SR, but researchers are free to choose any
time course in the growth curve (Briiderl et al.,
2018; Ram & Grimm, 2007). In fact, the ade-
quacy of the parameter estimates relies on the cor-
rect specification of the growth curves for each of
the involved variables (Voelkle, 2008). As in any
other growth model (Briiderl et al., 2018; Grimm
et al., 2017; Ram & Grimm, 2007), the vari-
ance of the intercepts represent between-person
differences in the variables under investigation at
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Figure 2. The Random-Intercept Cross-Lagged Panel Model. Details on implementation and exemplar
model syntax are provided at https://osf.io/sjph7/, where the figure is also available under a CC-BY 4.0

license.

the first measurement occasion (e.g., some peo-
ple are generally more satisfied with their rela-
tionships than others at the first time point). Ac-
cordingly, the mean and the variance of the slopes
contain information on the average developmental
trajectory over time (e.g., relationship satisfaction
decreases on average) and between-person differ-
ences in this development (e.g., some individuals
decrease more strongly than others regarding their
relationship satisfaction), respectively. The corre-

lation between the intercepts and the slopes can
be interpreted as in standard multivariate growth
models (Briiderl et al., 2018; Nestler, Grimm, &
Schoénbrodt, 2015).

The CLPM part of the model is defined through
the autoregressive and cross-lagged relationships
between the residuals. This part of the model pro-
vides information on within-person dynamics as
the residuals reflect time-point specific deviations
from the person-specific mean and the person-
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Figure 3. The Autoregressive Latent Trajectory Model with Structured Residuals. Details on implemen-
tation and exemplar model syntax are provided at https://osf.io/sjph7/, where the figure is also available
under a CC-BY 4.0 license.
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specific growth curve. The autoregressive param-
eters describe the relationship between the within-
person residuals of the same variable at consecu-
tive time points. The cross-lagged paths, by con-
trast, indicate whether within-person residuals of x
and y at adjacent time points are related. Similar to
the RI-CLPM, both parameters are interpreted rel-
ative to a person’s developmental trajectory. Thus,
a positive cross-lagged parameter would indicate
that a person scoring higher than could be expected
from her developmental trajectory on one variable
tends to have values on the other variable that are
higher than could be expected from the person-
specific trajectory of this variable.

The ALT-SR is capable of accommodating many
advanced features, which makes it an extraordi-
narily flexible and powerful statistical tool. For
instance, it is possible to incorporate latent vari-
ables by setting up a second-order growth curve
as the between-person component. Furthermore,
the model can be extended by implementing pre-
dictors and consequences of between-person dif-
ferences in the intercepts and slopes. Finally, it
is also possible to investigate moderation by both
categorical and continuous variables as well as me-
diation (Curran et al., 2014).

Dual Change Score Model

The Dual Change Score Model is part of the
large family of latent difference score models
(LDS), sometimes also termed latent change score
models (LCS). Generally, an LDS combines fea-
tures of both growth models and the CLPM
(Hamagami & McArdle, 2001; McArdle, 2009;
McArdle & Hamagami, 2001; Steyer, Eid, &
Schwenkmezger, 1997). The most basic form of
an LDS for a single variable is depicted in Figure
4a. As can be seen in this figure, each time-specific
latent score (e.g., [x2), except the first one, consists
of the latent score of the previous time point (e.g.,
Ix1) and a latent change score (e.g., Alx1) reflect-
ing the change from the prior time point to the sub-
sequent time point. Thus, rather than investigating
shifts in the rank-order between two time points

as in the CLPM, latent difference score models ex-
amine the difference in a variable between adjacent
measurement occasions (see also Castro-Schilo &
Grimm, 2018).

The LDS estimates the mean of a variable at the
first time point, and the means of the difference
variables at the subsequent time points. The model
thus represents the initial mean and the mean-
level change at each of the subsequent time points
across participants (i.e., the average of all individ-
ual changes over time; Mund et al., 2018). Fur-
thermore, the variance of these variables can also
be estimated. This allows researchers to examine
between-person differences in the initial level and
change.

A number of well-known growth models such
as the intercept-only growth model or the linear
growth model can be specified in the basic LDS
framework (Grimm et al., 2017). The LDS in
Figure 4a, for example, would reduce to a linear
growth model when the mean and the variance of
all the latent difference variables were constrained
to be equal. Another way to specify the latent
growth model is to define another latent factor that
loads on all latent difference variables. As it de-
notes change across all time points, the mean and
the variance of this slope factor reflect a constant
change component.

Further expanding this “slope”-LDS with time-
dependent effects (i.e., by specifying a regression
between the latent scores at the prior time point
and the latent change scores) results in one of
the most well-known LDS models, namely the
Dual Change Score Model (DCSM; see Figure
4b; Grimm et al., 2017; Hamagami & McAr-
dle, 2001; McArdle & Hamagami, 2001). In the
DCSM, overall change is decomposed into a con-
stant change component and a proportional change
component. In Figure 4b, SlopeX reflects the
constant change component, which is similar to
the slope factor in growth curves and captures the
overall rate of change across all time points as well
as between-person differences in this change. On
the other hand, the proportional change component
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describes how change in a variable between adja-
cent measurement occasions depends on this vari-
able’s level at the prior time point.

The basic LDS and the DCSM depicted in Fig-
ures 4a and 4b can be extended to the bivariate
case so that the associations between two pro-
cesses across time can be investigated. The bivari-
ate DCSM is depicted in Figure 5. Adding time-
dependent effects between the latent change scores
of the two variables (i.e., the gray paths in Fig-
ure 5) as suggested by Grimm et al. (2012) results
in a more general version of the bivariate DCSM
that we call extended bivariate DCSM. One of the
key features that separates the extended bivariate
DCSM from most other models is that it allows
investigating the effects of changes in one vari-
able on subsequent changes in the other variable
(paths d1 and d2 in Figure 5), thereby enabling re-
searchers to directly examine an assumption that is
at the core of many theories of life course develop-
ment (e.g., Bernardi et al., 2018).

In the bivariate DCSM, overall change is decom-
posed into a constant change component, a pro-
portional change component due to the same vari-
able, and a proportional change component due the
other variable. The proportional change compo-
nents indicates the extent to which constant change
is limited or amplified by the same or the other
variable’s level at the prior time point. The cor-
relation between the constant change scores can be
interpreted just as the correlations between slopes
in growth curve models.

Together with other models from the LDS
framework, the DCSM is a powerful tool for inves-
tigating how the development of individuals across
the life course is associated to both prior and future
development in either the same or another domain.
Thus, most of the contemporary theories of the life
course positing temporal interdependence can be
adequately modeled with the DCSM. Furthermore,
latent variables, mediators, and moderators can all
be implemented in the LDS framework. However,
it should be noted that LDS in general do not sep-
arate within- and between-person variation, which

might be unwanted in specific research contexts.

Comparison of the Models

So far, we have reviewed three alternatives to
the classical CLPM that can be used to exam-
ine second-order interdependencies across the life
course. In closing of this section, we highlight
some of the similarities and differences between
the models (see Table 1) and also compare them to
the multilevel growth model and the fixed effects
regression model.

Comparisons among the described models.
As within- and between person variation are com-
mingled in classical CLPM (Allison, 2009; Berry
& Willoughby, 2017; Hamaker et al., 2015), it
is unclear which level of analysis the results of
CLPM actually refer to. The RI-CLPM and the
ALT-SR, in contrast, are quite clear with respect
to their focal level: the RI-CLPM concentrates
on within-person dynamics and captures between-
person differences in the level of each variable by
modeling the random intercepts (Hamaker et al.,
2015). The ALT-SR is likewise capable of consid-
ering within- and between-person differences si-
multaneously (Bollen & Zimmer, 2010; Curran &
Bollen, 2001; Curran et al., 2014). However, it
extends the focus of the RI-CLPM by additionally
considering between-person differences in within-
person development. The DCSM, as well as other
models from the LDS family, does not separate
within- and between-person effects so that the fo-
cal level of analysis is unclear (Grimm et al., 2012;
McArdle, 2009).

Furthermore, whereas the CLPM and the RI-
CLPM do not assume any general developmental
trends, the ALT-SR allows modeling a wide vari-
ety of linear and nonlinear trajectories over time,
depending on the number of measurement occa-
sions. The DCSM, by contrast, yields an expo-
nential trajectory whose type, however, depends on
the constant growth component, the proportional
component, and the average value at the first time
point. Relatedly, both the ALT-SR and the DCSM
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(a) Univariate LDS.
Figure 4. The Latent Difference Score (Panel (a)) and the Dual Change Score Model (DCSM; Panel (b)).
Details on implementation and exemplar model syntax are provided at https://osf.io/sjph7/, where the
figures are also available under a CC-BY 4.0 license.

(b) Univariate DCSM.

Table 1

Comparison of CLPM, RI-CLPM, ALT-SR, DCSM, RIRS, and FER
Aspect CLPM RI-CLPM ALT-SR DCSM RIRS* FER“
Level of Analysis unclear within and within and unclear unclear within

between between

Differences in development no no yes yes yes no
considered
Model-implied none none linear and exponential  linear and none
developmental trajectory non-linear non-linear

Measurement Occasions >2 >3 >4 >3 >2 >2

Note. CLPM: Cross-Lagged Panel Model; RI-CLPM: Random-Intercept Cross-Lagged Panel Model; DCSM: Dual Change
Score Model; RIRS: Random-Intercept Random-Slope Model (Multilevel Growth Model); FER: Fixed Effects Regression
Model. “Note that the standard RIRS and FER do not include autoregressive or cross-lagged parameters.

but not the CLPM and the RI-CLPM allow consid-
ering between-person differences in change.

equidistant for the parameter estimates to be mean-
ingfully interpretable. In cases in which the mea-
surement occasions are unevenly spaced for the en-
tire sample or single individuals either by incident
or by design, continuous time models should be
considered (Voelkle & Oud, 2013, 2015; Voelkle,
Oud, Davidov, & Schmidt, 2012).

The presented models further differ with respect
to the required number of measurement occasions.
The CLPM is the least demanding and can be ap-
plied with data collected at two time points only.
The RI-CLPM and the DCSM, by contrast, require

at least three measurement occasions whereas the Although all presented models have the poten-

ALT-SR requires even four time points to be ap-
plied. A commonality of the presented models is
that they require the measurement occasions to be

tial to advance the understanding of individual
development across the life course, they should
not be encumbered with the hope of disentangling
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Figure 5. The bivariate DCSM with a recently proposed extension (gray paths). Details on implemen-

tation of this model and exemplar model syntax are provided at https://osf.io/sjph7/, where the figure is
also available under a CC-BY 4.0 license.

causal mechanisms. Although the separation of  within- and between-person variation as done, for



12 MUND AND NESTLER

instance, in the RI-CLPM and the ALT-SR can be
seen as a major precondition for drawing causal
inferences from panel data (for an alternative view,
see VanderWeele, Hawkley, Thisted, & Cacioppo,
2011), such inferences are valid only if all other
conditions for causal interpretations are satisfied
as well (Allison, 2009). As these assumptions are
extremely strict, researchers should not expect to
ever encounter a situation in which causal infer-
ences from panel data are ultimately possible.

Comparison of the models with other estab-
lished models. All models presented thus far are
restricted versions of a structural equation model.
The SEM framework is very prominent in life
course psychology but less used by other life
course social scientists. Here, multilevel mod-
els (Hox, 2010; Snijders & Bosker, 2012) or lin-
ear fixed effects regression models (Allison, 2009)
seem to be more prominent. This paragraph is
therefore devoted to briefly compare the described
models with these latter two models.

Multilevel models. With respect to multilevel
models, we first note that a number of longitudi-
nal multilevel models can be estimated in a SEM
framework (e.g., Curran, 2003) and that the re-
sults are numerically identical to the results ob-
tained using multilevel model software (but see
Curran, Obeidat, & Losardo, 2010, for excep-
tions). One of these multilevel models is the
bivariate Random-Intercept Random-Slope model
(RIRS) for longitudinal data in which a linear time
variable is used to predict the longitudinal assess-
ments of variables x and y, respectively. Concern-
ing the models introduced here, the RIRS repre-
sents a restricted version of the ALT-SR. Specif-
ically, the linear ALT-SR model and the bivariate
linear RIRS would yield the same results when
the autoregressive and cross-lagged parameters are
zero. When these two types of parameters are not
zero, however, the bivariate RIRS separates the
model-implied variance into between-person dif-
ferences (i.e., in the intercepts and slopes) and er-
ror. The ALT-SR, by contrast, disentangles the
variance into between-person differences, within-

person differences across time (i.e., autoregressive
and cross-lagged effects), and error.

As said, the RI-CLPM is a constrained version
of the ALT-SR in the sense that no growth factor
is incorporated into the model. Therefore, the RI-
CLPM is similar to a bivariate random intercept-
only model with the exception that autoregressive
and cross-lagged effects are modeled for the resid-
uals. Finally, the bivariate RIRS can also be con-
sidered a restricted version of the bivariate DCSM
when the time-dependent effects on the change
scores are zero and the variance terms of the latent
change variables are set equal. In this case, the
latent variable at the first time point reflects the in-
tercept and the constant change factor reflects the
slope factor in the RIRS. When these constraints
are not made, the DCSM and the RIRS also differ
in the model-implied variance (i.e., the DCSM sep-
arates the variance in between-person differences,
error, and a mixture of between-person and within-
person effects).

Fixed effects regression model. 1In the fixed
effects regression model (FER, see e.g., Allison,
2009), the relationship between time-varying pre-
dictors (e.g., self-esteem) and outcome variables
(e.g., relationship satisfaction) is estimated while
controlling for time-invariant person-specific ef-
fects. The latter is achieved by, for example,
generating dummy variables for each person and
by considering these dummy-variables together
with the predictor variables in a linear regression
model. The standard FER examines concurrent as-
sociations between the predictor variables and the
outcome variables; the standard model thus does
not provide estimates of autoregressive or cross-
lagged effects (but see Allison, 2009, for an exten-
sion of the FER involving lagged variables).

The main difference between the standard FER
and the three introduced models is that the lat-
ter examine autoregressive and reciprocal effects
while the former does not. Furthermore, the stan-
dard FER does not include a trend component
which further differentiates it from the ALT-SR
and the DCSM. Besides that, the RI-CLPM and the
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ALT-SR are similar to the FER in that both models
include person-specific effects in the model (e.g.,
the intercept factor). All three models thus focus
on the examination of within-person relationships.

Empirical Ilustration

After having introduced the CLPM and three
contemporary alternative approaches, we illustrate
the interpretation of all models by an empirical ex-
ample on the interplay between self-esteem (SE)
and relationship satisfaction (RS). The reciprocal
influences between these two variables have often
been studied to investigate to what extent aspects
of social relationships are influenced by and like-
wise further influence trait-like personality char-
acteristics (e.g., Erol & Orth, 2014; Mund, Finn,
Hagemeyer, Zimmermann, & Neyer, 2015; Orth,
Robins, & Widaman, 2012).

For the illustration, we use data from the first
four measurement waves of the representative Ger-
man Family Panel pairfam (Huinink et al., 2011).
Pairfam is an ongoing study in which 12,402 indi-
viduals are interviewed yearly on a wide variety of
demographic, socioeconomic, and personal issues
(for more details, see http://www.pairfam.de/en).
In our analyses, we only include the 2,665 indi-
viduals who provided data on both SE and RS.
SE was measured using three items answered on
a 5-point rating scale while RS was measured us-
ing one item with a 10-point rating scale (for more
details, see Mund et al., 2015). Note that we use
these data for illustrative purposes only; hence, we
will not pay attention to specifics of the parameter
estimates (e.g., whether paths should be freely es-
timated across time or not), or consider the effects
of any covariates.

In the following, we discuss the key results of
the analysis using the different models. The com-
plete results, including the coefficients that we do
not report in the tables, are available at https://osf.
io/sjph7/.

Cross-Lagged Panel Model

The results of the CLPM are displayed in Table
2. The autoregressive paths amounted to 0.958 for
SE (al) and 0.902 for RS (a2), respectively, indi-
cating that the rank-order of SE is slightly more
stable than the rank-order of RS. Neither the path
from SE to RS (cl), nor the reverse path (c2)
reached statistical significance, which suggests no
longitudinal association between SE and RS. The
within-time correlations indicate a moderate co-
development of both variables over time in a sense
that stronger increases in SE are associated with
stronger increases in RS, which must be assumed
to be due to some third variable given the non-
significant cross-lagged effects.

Random-Intercept Cross-Lagged Panel Model

We found positive autoregressive parameters
when fitting a bivariate RI-CLPM to the data (see
Table 2). As autoregressive and cross-lagged pa-
rameters reflect pure within-person estimates, this
indicates that when an individual’s SE (RS) is
above his or her average level of SE (RS) at a
specific time point, this individual is expected to
score above his or her usual level of SE (RS) at the
subsequent time point. The positive c1-path in the
example suggests that a score above the person-
specific mean in SE at a given point in time is as-
sociated with a RS score above the person-specific
mean in RS at a later point in time controlling for
previous deviations from the person-specific mean
in RS. The path from RS to SE (¢2) was likewise
positive but considerably smaller than the c1-path
(see Table 2).

The positive within-time correlations indicate
that within-person increases in SE above the per-
son’s mean level are accompanied by person-
specific increases in RS compared to the person’s
average (see Table 2). Notably, estimates of the
correlations are considerably smaller than in the
classical CLPM, because they only contain one
source of variation (i.e., within-person). The trait-
like between-person differences are captured by
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Table 2
Selected Results of the CLPM, RI-CLPM, ALT-SR, RIRS, and FER for the Interplay Between Self-
Esteem and Relationship Satisfaction

CLPM RI-CLPM ALT-SR RIRS“ FER“
Parameter b S.E. b S.E. b S.E. b S.E. b S.E.
al 0.958 0.021 0.194 0.019 0.113 0.028 — — — —
a2 0.902 0.041 0.115 0.019 0.083 0.031 — — — —
cl 0.015 0.052 0.231 0.048 0.173 0.065 — — 0.282 0.035
c2 -0.013 0.008 0.024 0.005 0.021 0.007 — — 0.030 0.004
Ty — — 355 .033 349 .090 345 .039 — —
rs — — — — 058 .701 284 133 — —
Fixl iyl 396 .037 .039  .026 .051  .046 .083 .014 — —
Fix2.iy2 562 081 159 .015 145 0 .021 .083 .014 — —
3.3 562 .081 141 013 136 .020 .083 .014 — —
Fixd Iy 562 .081 147 013 149 .022 .083 .014 — —

Note. CLPM: Cross-Lagged Panel Model; RI-CLPM: Random-Intercept Cross-Lagged Panel Model;
RIRS: Random-Intercept Random-Slope Model (Multilevel Growth Model); FER: Fixed Effects Re-
gression Model. b: Unstandardized parameter estimate. S.E.: standard error; N for all models is 2,665.
Parameter estimates set in italics have a p-value > .01. al and c1 refer to autoregressive and lagged ef-
fects of self-esteem, respectively, while a2 and c2 refer to the same paths for relationship satisfaction.
r;: Correlation between intercepts; rs: correlation between slopes. “Note that the standard RIRS and

FER do not contain autoregressive or cross-lagged paths.

the random intercepts, which are moderately cor-
related in our example. This shows that individ-
uals with higher SE than other individuals tend to
be more satisfied with their relationships than other
individuals.

Autoregressive Latent Trajectory Model with
Structured Residuals

As in the RI-CLPM, the trait-like between-
person differences are captured by the random
intercepts, while between-person differences in
within-person development are captured by the
slope factors. For SE, the mean of the linear
slope factor was not significant while RS tended
to decline (Msjopey = —0.245, p < .001) over
the four measurement occasions (see full results at
https://osf.i0/sjph7/). The correlation between the
intercepts indicates that individuals with higher SE
than other individuals at the first time point tend to
be more satisfied with their relationships than other

individuals. The correlation between the slope fac-
tors was not significantly different from zero indi-
cating that no common development between SE
and RS occur in our sample (see Table 2).

As in the RI-CLPM, the autoregressive and
cross-lagged associations estimated with the ALT-
SR (see Table 2) pertain solely to within-person
dynamics. Specifically, the positive autoregressive
coefficients for SE (al) and RS (a2) denote that
higher-than-usual values of a person in a variable
go along with higher-than-usual values in the same
variable at the subsequent time point. The positive
cross-lagged parameter c1 indicates that increases
in SE above the person-specific trajectory are pre-
dictive of above-average deviations in the person-
specific development in RS. The estimate for ¢2
i1s again positive and smaller than the estimate
for cl and indicates that increases in RS above
the person-specific development are predictive of
more-than-usual increases in person-specific SE.
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Selected Results of the Dual Change Score Mod-
els for the Interplay Between Self-Esteem and Re-

lationship Satisfaction
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DCSM extended DCSM
Parameter EST S.E. EST S.E.
Intercept X  3.947 0.014 3944 0.014
Intercept Y  8.238 0.036  8.281 0.038
Slope X 3489 0409 3.623 0.582
Slope Y 0.120 3.334 -2.012 4.335
pl -1.369 0.139 -1.601 0.172
p2 1.723 0392 2.017 0.556
cl -3.647 1.119 -3.773 1.313
c2 0.232 0.055 0.324 0.087
phil — — 0.638 0.223
phi2 — —  =2450 0465
dl — — 3.293 1.038
d2 — —  =0.343 0.124
T 347  .040 333 .039
rs 783  .108 770 .120

Note. EST: Point estimate. S.E.: standard error;
N for all models is 2,665. Parameter estimates set
in italics have a p-value > .01. r;: Correlation be-
tween intercepts; rs: correlation between slopes.

The positive within-time correlations suggests
that deviations from the person-specific SE above
the person’s mean level and developmental trajec-
tory are accompanied by positive person-specific
deviations in RS compared to the person’s average
and development.

Dual Change Score Model

Although the DCSM differs from the RI-CLPM
and the ALT-SR in several ways (e.g., absence of
autoregressive effects in DCSM), a common fea-
ture of the DCSM and the ALT-SR is the correla-
tion between both intercepts and slopes. With re-
gard to the intercepts, the positive correlation dis-
played in Table 3 indicates that individuals higher
in SE than others tend to report higher RS than
other individuals.

In order to interpret the association between SE
and RS in our current example using the DCSM,

it is necessary to consider all parameters estimated
by the model: Starting from values of 3.947 (SE)
and 8.238 (RS), the constant change components
amounted to 3.489 (S x) for SE and to 0.120 for
RS (Sy), respectively. Estimates for the propor-
tional change component were —1.369 for SE (p1)
and 1.723 for RS (p2), respectively. For the cross-
lagged effects, the bivariate DCSM yielded an es-
timate of —3.647 for the path from SE to RS (c1)
and 0.232 for the reverse path (c2), respectively.
For SE, this indicates that SE increases constantly
in each time interval (i.e., positive constant change
component), but that this change is pulled down-
wards the more time points are passed (i.e., neg-
ative proportional change) and accelerated by the
earlier level of RS (i.e., positive cross-lagged ef-
fect). With regard to RS, the DCSM indicates
a slight constant yet nonsignificant increase over
time (i.e., positive constant change) that is even
amplified the more time points are passed (i.e.,
positive proportional change component). Prior
levels of SE were found to decelerate this change
(i.e., negative cross-lagged path; see Supplemental
Material at https://osf.io/sjph7/ for full equations
on this example).

The results of the extended bivariate DCSM
(right-hand column in Table 3) can be interpreted
accordingly. However, this model also allows ex-
amining the effects of previous changes in one
variable on subsequent changes in another vari-
able. In terms of our example, we found that the
effect of changes in SE on subsequent changes
in RS (d1) amounted to 3.293 while the reverse
effect (d2) amounted to —0.343. Thus, while
larger change in SE goes along with larger change
in RS, the reverse is not the case. Further-
more, the paths linking changes in SE (phil) and
RS (phi2), respectively, over time amounted to
0.638 and —2.450. This indicates that stronger
changes in SE in the earlier interval are followed
by stronger changes in SE in subsequent inter-
vals, while stronger changes in RS are followed by
weaker subsequent changes therein.
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Random-Intercept Random-Slope Model

As the RIRS does not contain autoregressive or
cross-lagged paths, our comparison with the other
models is restricted to the correlational associa-
tions between SE and RS. As in the RI-CLPM
and the ALT-SR, between-person differences are
captured by the intercept factors of the RIRS. As
can be seen in Table 2, the correlation between RS
and SE as estimated by the RIRS closely matches
the correlations between the intercepts and slopes
estimated in the RI-CLPM, the ALT-SR, and the
DCSM, respectively, indicating that individuals
higher in SE than others also report higher RS.

Similar to the ALT-SR, the mean of the linear
slope factor was not significant for SE but indi-
cated decreases in RS (Mgjopey = —0.249, p <
.001) over the four measurement occasions (see
full results at https://osf.io/sjph7/). The correla-
tion between the slopes, which was not significant
in the ALT-SR, was significant in the RIRS. This
indicates that changes in SE were associated with
changes in RS over time (see Table 2). This dif-
ference to the ALT-SR is due to the substantial au-
toregressive and cross-lagged effects between SE
and RS, which are not accounted for by the RIRS.

Fixed Effects Regression

Similar to the RIRS, the classical FER does not
contain autoregressive or cross-lagged effects. To
estimate reciprocal effects, it is necessary to run
two separate models, one to estimate the regression
of SE on RS and one for the reverse path (Allison,
2009). The estimated effects, however, pertain to
pure within-person dynamics.

For the first path from SE on RS (c1), the re-
sults of the FER converge well with those obtained
with the RI-CLPM and the ALT-SR (see Table 2).
Specifically, the positive c1-path indicates that de-
viations above the person-specific mean in SE at a
given point in time are associated with deviations
above the person-specific mean in RS. The reverse
path from RS to SE (c2) that was estimated in a
separate model, was likewise positive but consider-

ably smaller than the c1-path (see Table 2). It indi-
cates that individuals who score above their mean
in RS are expected to score above their person-
specific mean in SE.

Summary

We demonstrated the functioning of the CLPM,
RI-CLPM, ALT-SR, and DCSM by applying these
models to an empirical example on the interplay
between self-esteem and relationship satisfaction
in a representative German sample. While the
CLPM indicated no interplay between SE and RS,
all other models indicated reciprocal relationships
between these two variables. While the RI-CLPM
and the ALT-SR separate within- from between-
person variation and thus equip their cross-lagged
parameters with a clear and unambiguous mean-
ing, different sources of variation are conflated
in the CLPM, rendering the interpretation of the
cross-lagged parameters particularly difficult to in-
terpret and likely biased. The RI-CLPM and the
ALT-SR converged on virtually identical param-
eter estimates in those parts of the model shared
by both analytical approaches (correlation of in-
tercepts, cross-lagged and autoregressive effects,
within-time correlations). Additionally, the ALT-
SR indicated a developmental trend over time at
least for RS, providing a connection to the DCSM
in which such developmental trends were also ob-
served.

While the CLPM examines residualized change,
the DCSM builds on difference scores (Castro-
Schilo & Grimm, 2018). As a result, the DCSM
stands out and is not readily comparable to the
other models. However, it is evident from the
example that the DCSM allows researchers to
examine complex change trajectories and factors
influencing it. Particularly the extended bivari-
ate DCSM provides a highly dynamic perspective
on the analysis of second-order interdependencies
across the life course. It should be kept in mind,
though, that unlike in the RI-CLPM and ALT-SR,
within- and between-person variance are not sepa-
rated.
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Concerning the widely-applied and well-
established RIRS and FER, the results of our
empirical example demonstrate that they are more
specific than the other models discussed in this
article. The results of the FER closely match
the results obtained for the within-person parts
of the RI-CLPM and the ALT-SR. However,
the former examines concurrent associations
between the involved variables while the latter
investigate lagged relationships. The RIRS, in
contrast, resembles the between-person parts of
the RI-CLPM, the ALT-SR, and the DCSM. In
this respect, results of RIRS converge with the
other models regarding the correlation of the
intercepts. Concerning the associations between
the slopes, the results obtained with RIRS differ
from those obtained with the ALT-SR, which is
due to RIRS not incorporating autoregressive or
cross-lagged effects. To summarize, our results
show that the three approaches presented in this
paper substantially extend the RIRS and the
FER by providing additional information on the
longitudinal interplay between two variables that
might be of interest for life course researchers.

Conclusion

Trying to understand the life course of individu-
als is an ambitious endeavor that requires a tailored
set of tools regarding study design, data collection,
and data analysis (Bernardi et al., 2018). Across
their life course, individuals navigate through and
interact in different contexts. These interactions
between two complex systems (individual and en-
vironment) as well as interactions within individu-
als create a set of interdependencies that need to be
investigated when trying to understand individual
development across the life course (Bernardi et al.,
2018).

For a long time, the CLPM has been the primary
tool to analyze these interdependencies. However,
due to its strict assumptions, the CLPM might not
always be suitable for addressing the sophisticated
questions raised by contemporary life course re-
searchers (Allison, 2009; Berry & Willoughby,

2017; Hamaker et al., 2015). Fortunately, the
methodological toolkit of life course researchers
has evolved alongside their research questions and
many analytic approaches relaxing the strict as-
sumptions of the classical CLPM are readily avail-
able. With the RI-CLPM (Hamaker et al., 2015),
the ALT-SR (Berry & Willoughby, 2017; Cur-
ran et al., 2014), and the DCSM (Grimm et al.,
2012), we have discussed three of these modern
tools. It should be noted that none of these mod-
els is a Jack-of-all-trades; each comes with its own
strengths and weaknesses and one of them might
be more appropriate in a given research context
than the other. Thus, selecting one model in favor
of the other in a given research scenario requires
contemporary life course researchers to carefully
weigh the benefits and disadvantages of the mod-
els against each other to chose the model that best
fits their current research question.

Keeping this remark in mind, the models pre-
sented here bear the potential to leap forward the
understanding of second-order interdependencies
across the life course. These models equip life
course researchers with the tools to examine a wide
variety of vibrant research questions on the inter-
play between two (or more) variables within per-
sons and the between-person differences in this
interplay. Taking temporal interdependence se-
riously, the presented models enable researchers
to investigate truly dynamic aspects of the life
course as it is possible to scrutinize the influence
of changes in one variable on subsequent change
in another and to examine how these changes influ-
ence further variables (or changes therein). Thus,
life course researchers are equipped to investigate
more sophisticated questions and are not restricted
to the possibilities of the CLPM, both in terms of
theory and analysis. Notably, the models presented
here are extraordinarily flexible and can be fur-
ther extended in various ways. For instance, it is
straightforward to implement the models as dyadic
models, for instance when studying partner rela-
tionships (e.g., Mund et al., 2015). Similarly, it
is also possible to analyze selection effects (e.g.,
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do RS and/or SE predict childbearing?) when a
certain life event occurs during the course of a
study. The presented models further allow to ex-
amine how (psychological) characteristics and the
interplay between multiple constructs, and hence a
developmental system, adapt to these life events.

To summarize, the novel statistical approaches
presented in this article allow researchers to in-
vestigate a wide variety of innovative and com-
plex questions that might truly advance the under-
standing of individual development across the life
course. We hope that these tools will prove useful
for the analysis of data already available and for
designing new studies aimed at investigating the
life course alike. We believe that a more routine
use of these models can also inspire new theoreti-
cal accounts of individual development across the
life course.
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Appendix

In this Appendix, we present the formulas of
the models described in the main part of the
manuscript. We start with the Cross-Lagged Panel
Model (CLPM). This is followed by the Random-
Intercept-CLPM (RI-CLPM), the Autoregressive
Latent Trajectory Model with Structured Residu-
als (ALT-SR), and the Dual Change Score Model
(DCSM).

Cross-Lagged Panel Model. The CLPM
allows to examine rank-order changes in two vari-
ables and time-lagged associations between two
variables. The CLPM is based on a true-score for-
mulation of the observed variables x and y of per-
son I (see Biesanz, 2012; Grimm et al., 2017)

Xy = Dx; + uy

Vi = by + v, (1)

where x,; and y;, are the observed values of
person i at time ¢ (for all 7 > 0; e.g., self-esteem and
relationship satisfaction at the third time point), /x;;
and ly; are the latent true scores and u,; and vy
are the residuals of the observed variables. Given
these definitions, the CLPM equations for person i
are

Xi =80 + Qo1 11Xy + com1 by + Irxy + uy

Vi = b + ar12lyi1 i+ cmn Xy + Iryg + vy,

2)

where [rx,; and Iry, are time point specific
residual variables of the true scores. gy, and b, are
time point specific intercepts. a,_;; and a,_;, are
autoregressive parameters that can be interpreted
in terms of the rank-order stability over time. Fi-
nally, ¢,-1; and ¢,_;, are cross-lag parameters de-
scribing the association between scores of a vari-
able at the previous time point and subsequent
scores (measured at occasion ¢, t > 0) in the other
variable. All other terms are defined as in Equation
1

When estimating a CLPM, it is common to
constrain the autoregressive and cross-lagged pa-
rameters to the same values across measurement
waves. In this case, the time index would drop
from the coeflicients. Furthermore, it is typically
assumed that the residual scores of the observed
variables have equal variance across time points,
that the variance of the latent residual scores except
the first one (e.g., Irxy;, [ry;;) are time-invariant, and
that the correlation between these terms is time- in-
variant. For the residual scores of the initial time
point, finally, one typically estimates specific vari-
ance and correlation parameters.

Random-Intercept Cross-Lagged Panel
Model. The RI-CLPM extends the CLPM by
defining latent intercept factors for each of the two
measures:

Xy = (glo + ix;) + Aoy 1 X1 ; + o1 plyr i + rxg + wy

Vi = (big + iy;) + a1 olyi—1; + o1 lx—1; + Xy + vy,

3)

where ix; and iy; denote the deviation of per-
son i from the mean values in the latent intercept
factor for the repeatedly measured variable x (e.g.,
self-esteem) and y (e.g., relationship satisfaction),
and giy and bij are the means of these intercept
factors. All other variables are defined in the same
way as in the standard CLPM.

In contrast to the CLPM, the RI-CLPM does
not include the measurement error terms of the ob-
served indicators (e.g., the variance terms of these
residual scores are constrained to be zero). Fur-
thermore, when the means of the intercept fac-
tors are included in Equation 3, time point spe-
cific intercepts have to constrained to be zero. The
model also assumes that the two intercept factors
are correlated and that the latent residual scores
(e.g., Irxy, lry,) are correlated variables. Finally,
the variance of the latent residuals is constrained
to the same value across all time point except the
first one. Also, and similar to the CLPM, most re-
searchers constrain the autoregressive parameters
and the cross-lagged parameters to the same value
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across measurement waves. In this case, the time
index would again drop from the coefficients.

Autoregressive Latent Trajectory Model
with Structured Residuals. The ALT-SR extends
the CLPM by including a latent intercept factor
and a latent slope factor capturing linear change
for each of the two involved variables. The model
is given by:

xl"t = lx,',,_l + dx,"t + lui’t + I/tl',,
Yie = W1 + dyig + iy + vig, )

where dx;, and dx;, denote the values of per-
son i in the latent change score variable for x and y
at time point ¢, respectively. All other terms are de-
fined as in the standard CLPM. The DCSM further
assumes that the latent change scores occurring in
Equation 5 are functions of a constant change com-

Xip = (8lo + ix;) + Ai(8S0 + 5X;) + Ar—1,11X-1; + ¢-1 20Yr-portefitiant Hre latent values of person i at the pre-
YVie = (big + iy;) + Ai(bso + sy;) + a,12ly,-1i + 1,1 1x,Yiomsragsessent:

“4)

Here, sx; and sy; denote the slope factors and
gso and bs, are the means of these factors across
persons. A; is the loading of the slope at time point
t. All other variables are defined in the same way
as in the CLPM or in the RI-CLPM.

Similar to the RI-CLPM, the ALT-SR does
not include the measurement error terms of the
observed indicators. The time point specific in-
tercepts are also constrained to be zero. Further-
more, the model estimates all correlations between
the intercept factors, between the slope factors, and
between the intercept and the slope factors. Also,
the correlations between the latent residual scores
of the two variables at each time point are freely
estimated. However, the latter variables are as-
sumed to be uncorrelated with the intercept and
slope factors, respectively. Finally, equality con-
straints might be imposed for the autoregressive
parameters, the cross-lag parameters, and the cor-
relations between the latent residual scores.

Dual Change Score Model. The DCSM
also uses a true score formulation to model the
longitudinal trajectories and dynamics of the in-
volved variables. However, and in contrast to the
other three models, the DCSM models changes be-
tween measurement occasions (and not growth).
Therefore, changes are explicitly incorporated into
the model equations. For two variables, the basic
equations are

dxi; = gso + sx; + aylxi;—1 + calyi

dyi; = bso + sy; + axly; 1 + cilx;g. (6)

Here, sx; and sy; denotes person i’s values in
the constant change component for variable x and
y, respectively, and gs( and bs, denote the means
of these factors across persons. a; and a, denote
the influence of the variable at the previous time
point on the same variable at time ¢, and ¢; and ¢,
reflect the influence of the other variable at the pre-
vious time point # — 1. Per assumption, both types
of parameters are assumed to be time-invariant. Fi-
nally, we note that as the change score variables
are latent variables, the model should also contain
residuals for these change scores. However, it is
assumed that the variance of these residuals is zero.
We therefore decided to omit these terms in Equa-
tion 6.

When estimating the DCSM it is assumed
that the intercepts of the observed indicators and
the means of the true scores, except the true scores
for the first time point, are zero. The means of
the constant change component is also not set to
zero but is estimated. Furthermore, the variance
terms of the latent residuals except the first one
are set to zero. This allows to estimate all corre-
lations between these two true score variables and
the latent factors representing the constant change
component. All other variables are assumed to be
uncorrelated with these latent variables. Finally,



ANALYZING INTERDEPENDENCIES

the variance terms of the residual scores of the ob-  estimation.
served indicators are set to the same value during
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