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Abstract

An increasing number of researchers in psychology are collecting intensive longitudinal data in order to study
psychological processes on an intraindividual level. An increasingly popular way to analyze these data is
autoregressive time series modeling; either by modeling the repeated measures for a single individual using
classic n = 1 autoregressive models, or by using multilevel extensions of these models, with the dynamics for
each individual modeled at Level 1 and interindividual differences in these dynamics modeled at Level 2.
However, while it is widely accepted in psychology that psychological measurements usually contain a certain
amount of measurement error, the issue of measurement error is largely neglected in applied psychological
(autoregressive) time series modeling: The regular autoregressive model incorporates innovations, or “dy-
namic errors,” but not measurement error. In this article we discuss the concepts of reliability and measure-
ment error in the context of dynamic (VAR(1)) models, and the consequences of disregarding measurement
error variance in the data. For this purpose, we present a preliminary model that accounts for measurement
error for constructs that are measured with a single indicator. We further discuss how this model could be used
to investigate the between-person reliability of the measurements, as well as the (person-specific) within-
person reliabilities and any individual differences in these reliabilities. We illustrate the consequences of
assuming perfect reliability, the preliminary model, and reliabilities, using an empirical application in which
we relate women’s general positive affect to their positive affect concerning their romantic relationship.

Translational Abstract

An increasing number of researchers in psychology are collecting data that consist of many repeated measures (say
25 or more) for many individuals. These data can be used to study psychological processes on a within-person level.
An increasingly popular way to analyze these data is autoregressive time series modeling; either by modeling the
repeated measures for a single individual or for multiple individuals by using multilevel extensions of these models.
However, while it is widely accepted in psychology that psychological measurements usually contain a certain
amount of measurement error, the issue of measurement error is largely neglected in applied psychological
(autoregressive) time series modeling. In this context we discuss the consequences of disregarding measurement
error, and present a preliminary model that accounts for measurement error for constructs that are measured with
one item. We discuss how this model could be used to investigate the reliability of the measurements across
individuals, as well as the reliabilities per individual. We illustrate the consequences of disregarding measurement
error, the preliminary model, and reliabilities, using an empirical application in which we relate women’s general
positive affect to their positive affect concerning their romantic relationship.

Keywords: reliability, intensive longitudinal data, autoregressive modeling, measurement error, time
series analysis
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In psychology there is an increased attention for modeling
within-person, dynamical processes, using intensive longitudinal
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data. Intensive longitudinal data consist of many repeated mea-
sures, say 20 or more, typically for multiple individuals (Walls &
Schafer, 2005). Such data are becoming readily available to psy-
chological researchers due to the development of personal devices
such as smartphones. As a result, psychological scientists are
reaching for new modeling techniques that get the most out of
these rich, complex data (Hamaker, Ceulemans, Grasman, & Tu-
erlinckx, 2015; Hamaker & Wichers, 2017).

A promising approach for analyzing intensive longitudinal data
is multilevel vector autoregressive (VAR) modeling. These mul-
tilevel models are based on classical VAR models, which are fitted
for single subjects (e.g., a person, dyad, country, and so on) for
which many repeated measures were taken (Box, Jenkins, Reinsel,
& Ljung, 2015; Chatfield, 2004; Hamilton, 1994). In VAR models,
multiple variables are regressed on themselves and each other at
one or more previous measurement occasions. In psychology,
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VAR models of Order 1 are most often used (VAR(1) models), in
which the variables are regressed on themselves and each other on
the nearest previous measurement occasion. VAR modeling makes
it possible to investigate how current values of a variable affect
values of that variable at the next measurement occasion—the
autoregressive effect. The autoregressive effect reflects the amount
of carry over across measurement occasions, sometimes also re-
ferred to as inertia (Suls, Green, & Hillis, 1998), of the psycho-
logical process. In addition, VAR modeling makes it possible to
investigate potential reciprocal effects between different variables
over time, for example: Does stress affect feelings of depression at
the next measurement occasion, do feelings of depression affect
stress at the next measurement occasion, or are both the case?

By extending these models to a multilevel model, it is possible
to fit these models for multiple individuals simultaneously, taking
into account that people may be similar to some extent, and
making it easier to generalize results to a larger population than for
classical n = 1 VAR models (Schuurman, Ferrer, de Boer-
Sonnenschein, & Hamaker, 2016). At the same time, the multilevel
model allows for the model parameters to vary across individuals,
so that differences between individuals are taken into account.
Currently, these models are applied more and more in psychology,
especially in the area of affect regulation and dyadic interactions
for both n = 1 (e.g., Cohn & Tronick, 1989; Madhyastha, Ha-
maker, & Gottman, 2011; Snippe et al., 2015; Stavrakakis et al.,
2015; van der Krieke et al., 2015), and multilevel applications
(e.g., Bringmann et al., 2013; De Haan-Rietdijk, Gottman, Berge-
man, & Hamaker, 2014; Kuppens, Allen, & Sheeber, 2010;
Lodewyckx, Tuerlinckx, Kuppens, Allen, & Sheeber, 2011; Ne-
zlek & Gable, 2001; Rovine & Walls, 2005; Snippe et al., 2017;
Suls et al., 1998; Wang, Hamaker, & Bergeman, 2012).

In most multilevel autoregressive modeling applications in psy-
chology it is implicitly assumed that the observed variables are
free of measurement error, that is, perfectly reliable. This is un-
likely to be true for most psychological measurements, because
most of the measured constructs are not directly observable, and
measuring them is complex. In line with this notion, many cross-
sectional psychological studies take the reliability of measure-
ments into account by measuring a single construct with multiple
exchangeable (or parallel) items, and modeling this measurement
structure with latent variable models, such as factor or IRT models.
This approach is, on rare occasions, also taken in a multilevel
autoregressive modeling context with dynamic (multilevel) factor
models (Lodewyckx et al., 2011; Molenaar, 1985; Oravecz &
Tuerlinckx, 2011; Song & Ferrer, 2012). However, single-item
measures or single variables often play a central role in longitu-
dinal studies (Lucas & Donnellan, 2012). Using multiple items for
each construct of interest severely increases the burden on the
participants, who may have to fill out these items on a daily or
even hourly basis. Moreover, such latent variable models may be
considered inappropriate theoretically, for example, because the
items cannot be considered exchangeable, such as when each item
is considered to play a unique role within a network of items (cf.,
Borsboom & Cramer, 2013; Borsboom, Mellenbergh, & van
Heerden, 2003; Schmittmann et al., 2013), or because the same
measurement structure does not apply to each individual in the
multilevel model (e.g., there are factorial measurement invariance
issues). Regardless of these considerations, however, ignoring

the reliability of measurements remains problematic because it
leads to substantially different estimated regression effects. For
example, it has been shown that for » = 1 univariate AR(1) models
the autoregressive effects will be estimated much closer to zero
compared with the true autoregressive effect if there is measure-
ment error in the data, how much depending on the amount of
measurement error variance in the data (Schuurman, Houtveen, &
Hamaker, 2015; Staudenmayer & Buonaccorsi, 2005).

The aim of the current work is to emphasize the importance of
accounting for potential measurement error variance in dynamic
VAR models. For this purpose, we discuss the concepts of reli-
ability and measurement error in the context of (multilevel)
VAR(1) models, and we show that disregarding measurement error
can severely distort the cross-lagged relations between variables,
as well as the autoregressive effects. For this purpose, we discuss
an extension of the multilevel VAR model that accounts for
measurement error for variables that are measured with a single
indicator.! By allowing the parameters of this model to vary across
persons, it is possible to derive the reliability for our the measure-
ments for each individual, as well as the consequences of assuming
perfect reliability.

This also allows us to look at reliability in a new light: While it
has occasionally been acknowledged that the reliability of mea-
surements may be different for each person (e.g., as early as 1968
by Lord & Novick, 1968), this is generally disregarded in psycho-
logical studies. A notable exception is a recent study by Hu et al.
(2016), who create parallel tests to estimate person-specific reli-
abilities for a replicated time series design. However, by using an
extended multilevel VAR approach that accounts for measurement
error, we can estimate person-specific reliabilities for the repeated
measurements of each individual, as well as estimates for the
reliability for measuring between-person differences. Furthermore,
we correct for imperfectly reliable measurements during the anal-
ysis, potentially even for single indicator measures.

In the remainder, we first discuss reliability as defined in clas-
sical test theory and reliability in the context of longitudinal
research. After that, we introduce an extended multilevel autore-
gressive model that incorporates measurement error, we discuss
reliability in the context of this model, and use this to show the
consequences of disregarding measurement error in a multilevel
and multivariate context. After this, we discuss a preliminary
implementation of this model in Mplus, with a small simulation
study. We fit this model to an empirical data set on the effects of
women’s general positive affect, and that concerning their roman-
tic relationship, to illustrate the interpretation of the model, ac-
companying reliability estimates, and consequences of disregard-
ing measurement error. We end with a discussion in which we
consider the concept of reliability and measurement error further in
light of our findings, and offer suggestions for future work in this
area.

Measurement Error and Reliability

Reliability concerns the consistency of measurements. That is,
in the hypothetical situation that we would replicate our measure-

! This is essentially a dynamic factor model where each indicator loads
on a single factor, and is identified by merit of the dynamic process among
the factors.
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ments of a certain quality of interest while the quality of interest
has not changed, perfectly reliable measurements would give the
same result for each replication (Cronbach, 1947). In contrast,
measurements that are unreliable can result in different scores for
each replication. The unreliable part of a score is considered to be
due to random measurement errors,” while the reliable part is what
is consistent across replications, and includes the true value of the
actual quality of interest and any consistent errors in the measure-
ments (e.g., consistently measuring a person as two pounds heavier
than he or she really is). As such, reliable measurements are not
necessarily valid, but obtaining reliable measurements is a precon-
dition for obtaining valid measurements.

Although we are interested in reliability in the context of the
autoregressive modeling of within-person differences here, the
roots of reliability lie in cross-sectional studies of between-person
differences. Therefore, we start by discussing the definition of
reliability from classical test theory in the context of cross-
sectional studies. After that, we discuss reliability in the context of
longitudinal (autoregressive modeling) studies of intraindividual
differences.

Reliability in Classical Test Theory and
Cross-Sectional Studies

Reliability was first defined in the context of classical test
theory. As stated previously, reliability concerns the consistency of
measurements across replications. A key issue is therefore how to
define these “replications.” Lazarsfeld (1959; as cited by Lord &
Novick, 1968, p. 29) describes the following thought experiment to
illustrate what is meant with replications:

Suppose we ask an individual, Mr. Brown, repeatedly whether he is in
favor of the United Nations; suppose further that after each question
we “wash his brains” and ask him the same question again. Because
Mr. Brown is not certain as to how he feels about the United Nations,
he will sometimes give a favorable and sometimes an unfavorable
answer. Having gone through this procedure many times, we then
compute the proportion of times Mr. Brown was in favor of the United
Nations [. . .].

In this example, the proportion of times Mr. Brown was in favor
of the United Nations is defined as his “true score,” the reliable
part of the replicated measurements. That is, in classical test theory
the true score 0, of a specific person i is defined as the expected
score over an infinite number of independent replications, such
that 6, = E[y ], where y,; is the observed score for a certain variable
for a spec1f1c person i at replication r. The deviations around the
true score across the replications are defined as measurement
errors €,,, such thaty,, = 0, + €,,.

Although the true score and measurement errors in classical test
theory are defined on the level of a specific individual, reliability
is defined for the measurements of a specific population of indi-
viduals (cf., Lord & Novick, 1968; Mellenbergh, 1996). The focus
lies on the distribution of the observed and true scores across all
individuals in that population. The expected value of the observed
scores across the individuals in the population is equal to the
expected value of the true scores of these individuals, that is,
E[y] = E[O] The variance of the observed scores V(y) is the sum
of the variance of the true scores 72 and the measurement error
variance o, that is, V(y) = 72 + o2 The reliability rel(y) of the set

of measurements is then defined as the proportion of variance in
the observed scores that is due to the variance in the true scores,
rel(y) = 7/V(y) = 1 — ¢2/V(y). As such, the maximum reliability
is equal to 1, indicating that variable y is measured without error
in the population, and the minimum reliability is 0, indicating that
the measurements consist of only measurement error in the pop-
ulation.

In practice, the true score(s) for any individual are of course
unknown, such that in order to be able to take the reliability of our
measurements into account, the true scores (or inversely, the
measurement errors) have to be estimated from the data. The main
idea behind most approaches to estimate or correct for measure-
ment error is the same: Find out what part of the observed scores
remains constant across replications (i.e., what part is due to the
true trait scores), and what part fluctuates randomly across repli-
cations (i.e., what part is due to measurement error). To do this, it
is necessary to obtain replicate measurements for the construct of
interest, specifically, replications of the same kind as described in
the thought experiment cited by Lord and Novick (1968, p. 29;
citing Lazarsfeld, 1959). Obtaining such replications is not an easy
feat, and the different reliability measures available are in general
based on different ideas on how to obtain these replications (Cron-
bach, 1947).

The most well-known methods for estimating reliability are
parallel-test reliability methods, internal consistency methods, and
test—retest reliability methods. Parallel-test reliability is based on
the construction and administration of two or more “parallel tests”
to each individual, that is, tests that are constructed to be equiva-
lent (cf., Borsboom, 2003; Cronbach, 1947, 1990; Lord & Novick,
1968). Internal consistency reliability is used for composite scores,
and circumvents the construction of parallel tests by treating the
components from which the scores are composed as the replica-
tions of the construct under scrutiny (cf., Borsboom, 2003; Cron-
bach, 1947, 1990; Lord & Novick, 1968). For instance, for a test
score that consists of multiple items, each item may be considered
a replicate measurement of the construct, such that the correlations
between these items may be used as an indicator of reliability (e.g.,
as is done for Cronbach’s alpha, and latent variable models such as
factor models, IRT models Mellenbergh, 1996). Finally, test—retest
reliability is based on the repeated administration of the same test,
that is, each individual fills out the same test multiple times (cf.,
Borsboom, 2003; Cronbach, 1947; Lord & Novick, 1968).

Reliability for Longitudinal Studies

The reliability measures we discussed above were developed in
the context of cross-sectional studies, which investigate interindi-
vidual differences: differences between trait scores of individuals
(the true scores in that context), which are stable across some
relevant length of time. Given that in cross-sectional studies the
interest is typically in studying stable differences between subjects,
within-subject fluctuations are treated as the measurement error in
these reliability estimates, while the stable between person differ-
ences are considered to be the reliable part of the data.

However, in longitudinal studies we are usually explicitly inter-
ested in within subject fluctuations over time (intraindividual

2 Throughout the text we will refer to “random measurement errors” as
measurement error.
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differences in state scores, rather than interindividual differences
in trait scores). Hence, it is insufficient for longitudinal studies to
only separate the variance of the observed scores into variance due
to between-person differences and variance due to within-person
differences. For longitudinal studies one also needs to establish
what part of the within-person differences is due to measurement
error, and what part of the within-person differences is due to
variation in true scores over time—that is, due to systematic
within-person dynamic processes.

A promising way to do this for intensive longitudinal data, that
was recently introduced by Hu et al. (2016), is to create parallel
tests, or use an internal consistency approach for the repeated
measurements of single subjects, to obtain reliabilities per person
(assuming that the measurements are independent). However, cre-
ating parallel tests or indicators is difficult (see, e.g., Hu et al.,
2016), and not a viable option if some or all variables are measured
with a single indicator. Furthermore, we may wish to not only
obtain an estimate of the reliability of our repeated measures, but
to also correct our parameter estimates for this reliability. That is,
we need to not only to estimate, but also account for the reliability
of our repeated measures within our longitudinal model.

The additional step of separating the measurement error vari-
ance from within-person variance due to a systematic dynamic
process, and doing this during the analyses, has gotten attention in
the literature on autoregressive modeling in the context of panel
data. Panel data consist of a few repeated measures (say two to
five) for many participants, and are usually analyzed with struc-
tural equation models. In some panel data models, measurement
error is separated from systematic within-person differences that
result from an autoregressive process by using multiple indicators
in a factor structure (e.g., Edmondson et al., 2013). The trait-state-
error (TSE) model suggested by Kenny and Zautra (1995), also
accounts for the reliability of single indicators, and can be seen as
an extension of the Quasi-Simplex model (Joreskog, 1970). In the
TSE model, systematic between-person differences (“traits”), are
separated from systematic within-person differences result from an
autoregressive process (“‘states”), and measurement error. A down-
side of the TSE model is—as is the case for many panel data
models—that the model ignores potential individual differences in
the dynamic processes, while it is unlikely that dynamic processes
are the same for each person (Hu et al., 2016; Kenny & Zautra,
1995; Molenaar, 2004). Allowing for such individual differences
generally requires intensive longitudinal data, rather than panel
data.

An intensive longitudinal data alternative to the TSE model is
n = 1 (autoregressive) time series modeling, in which models are
fitted for each person separately based on such intensive longitu-
dinal data. The advantage of this approach is that the model can be
tailored to each person, so that individual differences in dynamics
are taken into account, and that there is no between-person vari-
ance to account for. Although the time series models used in
psychological practice usually do not take measurement error into
account, it is possible to do so, even for single items (cf., Schuur-
man et al., 2015). Downsides of the n = 1 approach are, however,
that one needs relatively many repeated measures per person to fit
these models, and that it is hard to generalize the results for
specific individual to a larger population.

However, it is possible to extend the n = 1 models, including
those that take measurement error into account, to a multilevel

setting (or similarly, extend a multilevel VAR model so it incor-
porates measurement error, or extend the TSE model to incorpo-
rate random effects for all parameters of the within-person pro-
cess). A multilevel approach allows for fitting the model for all
individuals at once, and evaluating to what extent the within-
person process differ across persons, which makes it easier to
generalize results to the population of individuals. Furthermore, by
allowing the dynamic process to be different for each person, it is
possible to take into account that some persons’ responses can be
measured more reliably than others.

In the following section we will introduce such a multilevel
model, and we will use the model equations to derive various
reliabilities, including person-specific reliabilities. We will use
these to evaluate what the consequences would be if we fit a
VAR(1) model that disregards measurement error to data that
contains measurement error. Later on, we will present a prelimi-
nary implementation in Mplus to fit this model, and obtain person-
specific reliability estimates. We provide a small preliminary sim-
ulation study for the performance of the model. Finally, we apply
it to an empirical example, illustrating the interpretation of the
model and the reliability estimates we obtain in practice.

Measurement Errors in the Multilevel VAR(1) Model

In the following, we will introduce the extended multilevel
VAR(1) model that incorporates measurement error, which we
refer to as the Measurement Error VAR(1) (MEVAR(1) model).?
The multilevel MEVAR(1) model consists of two levels. At Level
1, the within-person process for each individual is specified, and at
Level 2, the between-person differences in this process across
individuals are specified. We will discuss both levels in order,
starting with Level 1. We focus on the specification of a bivariate
model where the dependent variable is only regressed on its
nearest previous measurement occasion (the VAR(1) model), with
a measurement model for a single indicator. This model can
however be extended further to models that include more depen-
dent variables and predictors, or to use a measurement model with
multiple indicators (which would result in a multilevel dynamic
factor model Molenaar, 1985; Song & Ferrer, 2012, with the
addition of random covariance matrices). A graphical representa-
tion of the bivariate MEVAR(1) model is presented in Figure 1.

Level 1 of the MEVAR(1) Model

The Level 1 model is specified with two equations, the mea-
surement equation, and the transition equation (using a state space
model representation, cf., Harvey, 1989; Kalman, 1960; Kim &
Nelson, 1999). In the measurement equation presented in Equation
1, the observed scores for variable y, and y, for person i at
measurement occasion ¢ are contained in 2 X 1 vector y,;. These
observed scores are separated into three 2 X 1 vectors, w,, ¥,;, and

€, that is,
[}’m} _ [Mu] n Fm} N [ﬁm} )
Youi Mo Youi €y

3 Schuurman et al. (2015) referred to the n = 1, univariate version of this
model as the AR(1) + WN (AR(1) + White Noise) model. Mplus refers
to that univariate model as the MEAR(1) model. We chose to align with the
names used in Mplus here.
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A graphical representation of the multilevel MEVAR(1) model, a VAR(1) model which takes

measurement error into account. Measurement error is captured in the terms ;.

€14 0:| Uglli
~ MvN , . 2
LG} ! {[0 [Ueni 0222,-]} @

The vector w; contains the person-specific means pw,; and w,; for
each variable, for individual i. These means are stable across the
repeated measurements for each individual, and therefore reflect a
baseline, or “trait” part, for each persons’ scores. For example,
some persons are on average more extroverted than others. The
differences between the trait scores ,; and f,; across persons,
reflect systematic, trait-like, between-person differences.

The vectors ¥,; and €,; in Equation 1 together reflect the within-
person fluctuations around the person-specific trait scores: While
some persons are on average more extroverted than others, a
specific person i may display more or less extroverted behavior
across different occasions ¢. The terms €,,; and €,,; capture mea-
surement error for person i at occasion f, and, as shown in
Equation 2, are assumed to be serially uncorrelated, and multivar-
iate normally distributed with means equal to zero, and 2 X 2
covariance matrix 3.

The terms ¥, and ¥,, reflect the deviations from the mean of
each variable for person i at occasion 7 that are due to a systematic
dynamic (autoregressive) process. The autoregressive process for
Y1 and ¥, is further specified in the transition equation as

Vui by (b12i:||:5/1171i:| {(ﬂm}
- = e + 3
{YZn} |:¢2l,i booi | V21 Wy )
Wy 0} Tolli

~ MvN , . 4
[“’2“} b {{0 [Ulei 0(21)221‘:|} @

That is, the variables y;,; and y,,; in Equation 3 depend on
themselves and each other at the previous measurement occasion,

such that they constitute a VAR(1) process. The regression coef-
ficients of the VAR(1) process are gathered in 2 X 2 matrix &,.
The relationship between the variables and themselves at the
previous measurement occasion for person i is reflected in the
autoregressive coefficients ¢,,; for variable 3,;, and ¢,,; for vari-
able ¥,;. Positive autoregressive coefficients indicate that the score
of the current measurement occasion will be similar to that of the
previous measurement occasion—the larger the autoregressive co-
efficient the more similar the scores will be. As such, autoregres-
sive parameters reflect carry-over in a process, which has also been
referred to as inertia (Kuppens et al., 2010; Suls et al., 1998). On
the other hand, an autoregressive coefficient of zero or near zero
indicates that the previous value of a variable does not, or hardly
carries over to the next occasion. A negative autoregression coef-
ficient indicates that a relatively high score at the previous mea-
surement occasion is usually followed by a relatively low score at
the current measurement occasion, and vice versa. Negative au-
toregressive effects seem relatively rare in psychological research,
but could be expected for processes that concern intake of sub-
stances, such as smoking, drinking, and eating (e.g., Rovine &
Walls, 2005).

The effects of 3,,_,; and ¥,,_;; on each other at the next occasion
is reflected in the cross-lagged coefficients ¢,,;, and ¢,,,. That is,
if we study motivation and job satisfaction and their effects on
each other over time, the effect of satisfaction on motivation at the
next occasion for person i is reflected in ¢,,,, and the effect of
motivation on satisfaction in ¢,,,..

The residuals for the transition equation, w,, and w,,, reflect
perturbations of the dynamic process for person i at occasion ¢, and
are referred to as innovations. As can be seen from Equation 4, we
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assume here that these innovations are normally distributed with
means of zero, and covariance matrix 3, .

Innovations versus measurement error. The innovations
w,,; and w,,; and the terms that capture the measurement error €, ,;
and e,,; are substantially different: The innovations w,,; and w,,;
represent any unmeasured effects on the observed variables that
are carried over from one measurement occasion to the next
through the autoregressive and cross-lagged effects. This is visible
from Figure 1, where the effect of w,_,; is passed along through
V-1, and to y, via the autoregressive effect ¢,. Because the
innovations affect the system across multiple occasions, the inno-
vations are sometimes also referred to as dynamic errors. Mea-
surement error, on the other hand, is specific to one occasion.
Consider, for instance, the classical examples of a measurement
error, where someone accidentally checks the wrong answer on a
questionnaire, or presses the wrong button during a computer task.
The effects of these errors do not carry over to the next measure-
ment occasion, but are specific to that moment. Such occasion-
specific effects are not captured by the innovations, but should be
modeled separately. By including €,,; and €,,; in the measurement
equation, the measurement error is separated from the autoregres-
sive processes for y,, as can be seen from Figure 1, where the
measurement error is not passed along through arrows to future
measurement occasions. As such, the measurement error can be
distinguished from the dynamic errors w,,; and w,,;. In traditional
(multilevel) VAR(1) models the innovations are incorporated in
the model, whereas the terms €,,; and e,,; are not, and as such
potential measurement error is disregarded.

Some additional remarks about the terms €,,; and €,,; are in place
in the current context: Although these terms will capture measure-
ment error present in the data, they may also capture other within-
person fluctuations that are specific to occasion ¢. In fact, they will
capture anything that affects the variables at one occasion, of
which the effect is dissipated before the next measurement occa-
sion. For example, if someone fills out an hourly questionnaire on
mood while eating a tasty snack, this may influence that person’s
mood at that occasion, but this effect on mood may have dissipated
before the next measurement occasion an hour later. Then, this
effect would end up in the terms €,;, even though it does not reflect
an actual error of measurement but a true, occasion-specific,
fluctuation in mood. Hence, while we refer to the terms €, as
“measurement error,” they actually represent a mix of occasion-
specific fluctuations of the true score and measurement errors. Of
course, regardless of whether the occasion-specific fluctuations are
true fluctuations or measurement error, it is important to take them
into account. Furthermore, for these reasons, we also allow for
correlations between the measurement error terms of different
variables in the model. Given that the measurement error terms
may contain “true” occasion-specific fluctuations in the observed
scores, these fluctuations may be the result of shared unobserved
effects, resulting in correlations between the measurement error
terms of different variables. It is important to take these potential
correlations into account in the model. Such correlations indicate
that the measurement error terms capture more systematic than just
“pure” measurement error. We will return to these issues in the
Discussion section.

Separating measurement error from innovations. A second
important point is that the innovations and the occasion-specific
fluctuations are distinguishable in the model only by merit of the

autoregressive and cross-lagged effects. If there is no time depen-
dency in the data, and the autoregressive and cross-lagged effects
are equal to zero for a variable in the model, the measurement error
and innovations cannot be distinguished from each other for that
variable. Essentially there are no dynamic errors in that case, there
is only measurement error—and as a result, the model will no
longer be identified. In any given sample, however, it is extremely
unlikely that these will be exactly equal to zero, and consistent
with this, Schuurman et al. (2015) found for the n = 1 case that a
Bayesian MEAR(1) model still provided reasonable estimates of
the model parameters if the true autoregressive effect was zero. For
data where the dynamic effects are very close to zero however, the
model may be more difficult to empirically identify and estimate,
and hence require more data to get more accurate and precise
estimates, than when the dynamic effects are not close to zero
(Schuurman et al., 2015). Note however that the results of the
simulation study by Schuurman, Houtveen, and Hamaker (2015)
are based on n = 1 models. An elaborate simulation study for the
multilevel case should show how this pans out exactly for the
group level parameters of the multilevel model. We discuss a
small, preliminary, simulation study on the performance of the
multilevel MEVAR(1) model in a later section.

Level 2 of the MEVAR(1) Model

At Level 2 of the multilevel model the individual differences in
the dynamic processes of the individuals are modeled. It seems
natural that the means, autoregressive, and cross-lagged regressive
coefficients differ from person to person, and in most multilevel
VAR(1) applications, this is accounted for (e.g., Bringmann et al.,
2013; De Haan-Rietdijk et al., 2014; Jongerling, Laurenceau, &
Hamaker, 2015; Lodewyckx et al., 2011; Schuurman et al., 2016).
As such, we allow the means, autoregressive, and cross-lagged
regressive coefficients to vary across persons. We assume that
each individual’s parameter comes from a common population,
with a common probability distribution. Characteristics from this
distribution, such as its mean and variance, can be used to make
inferences about the between-person differences in the within-
person dynamics of the individuals. Specifically, we assume that
the means ; and the regression parameters ¢,;;, $os;0 $yoy and
&,,; are multivariate normally distributed, with means vy,,;, ¥ .5,
Yoi15 Y120 Yapa1» A0 Vg0, and a 6 X 6 covariance matrix W. The
means vy, also referred to as fixed effects, reflect population aver-
ages for the individual means (the trait scores), autoregressive, and
cross-lagged effects. The personal deviations from the fixed effects
are also referred to as random effects, and their variances are
included in W. The covariances in W reflect the associations
between the person-specific parameters across persons.

In addition to the trait scores and regression effects contained in
w; and @, respectively, it is also important to consider that the
variability of the measurement error and innovations may differ
across individuals: The variances and covariances of the innova-
tions and measurement error may differ from person to person (cf.,
Lord & Novick, 1968). The innovation variance and the measure-
ment error variance may indicate, for example, sensitivity or
reactivity to external (unobserved) events, with more sensitive or
reactive people having larger variances. Further, each individual
may of course experience different external events, also resulting
in different innovation or measurement error variances and cova-



gical Association or one of its allied publishers.

ent is copyrighted by the American Psycholo

This docu

ated broadly.

ividual user and is not to be dissemin

ended solely for the personal use of the inc

This article is i

76 SCHUURMAN AND HAMAKER

riances for different persons. As such, it seems likely that the
variances of the innovations and measurement error, and the co-
variances or correlations between the innovations or measurement
error, vary in magnitude across persons, which should be ac-
counted for in the model. Yet (co)variances are usually kept fixed
across persons in the multilevel literature, including in multilevel
time series applications in psychology (for an exception, see
Jongerling et al., 2015). The decision to keep these (co)variance
matrices fixed seems be more practically than theoretically moti-
vated, as the software options for doing this are still limited. In our
implementation of the model in Mplus v8 we will allow for
random covariance matrices for the innovations and for the mea-
surement (details in a later section).* As a result, we will obtain
estimates for each person’s innovation covariance matrix and
measurement error covariance matrix. Next to this, we obtain
estimates for the average innovation and measurement error vari-
ances and covariances in the group of persons (the fixed effects),
that is, Vo2, Yo2,0 Yo, Vo2, » Yol and Yo,y Furthermore,
we obtain estimates for the variance for each of the innovation
and measurement error variances and covariances, respectively
111%“ ¢(2,i22, llJ(z,wlz, 1115,5“, d’tzTZzz’ and ll;(z,dz. Such a variance, for
instance the variance of the measurement error variances of vari-
able y,, L]Jﬁgn, indicates how much variability there is in the
measurement error variances for variable y, across persons. The
variance of the covariances between the innovations of variable y,
and y,, L]ngz, for example, indicates how much variance there is in
these covariances across persons.

Deriving Reliabilities From the Multilevel MEVAR(1)
Model

The model parameters of the MEVAR(1) model are corrected
for the reliability of the data, by modeling the measurement error
using the terms €. We can also use the model parameters to
calculate the between-person reliability and the within-person re-
liabilities for each person. This information can in turn be used to
determine the consequences of disregarding measurement error in
the VAR(1) model, as will be discussed in more detail in the next
section. Below, we will first discuss the composition of the vari-
ance of the multilevel MEVAR(1) model: What part of the data is
due to between-person variance, what part is due to within-person
variation over time, and for the within-person variation—how
much is the result of the dynamic process, and how much may be
due to measurement error. After this, we discuss how to derive the
between-person reliability and the within-person reliabilities for
each person based on this.

The reliability for a specific variable can be calculated as the
proportion of true score variance to the total variance for that
variable, or equivalently, as one minus the proportion of measure-
ment error variance to the total variance. The total variance V(y)
for each variable in the MEVAR(1) model, taken over all partic-
ipants’ repeated measures, can be decomposed into three parts:
The between-person variance or trait score variance 2 (i.e., the
variance of the person-specific means), the expected value of the
person-specific variances for § (the VAR(1) process captured in
the transition equation in Equation 3) E[Tz] and the expected value
of the person-specific measurement error variances Yo2- Hence, we
have

V) = + E[75] + vee. ®)

The terms (s, and Vo2 are both parameters of the MEVAR(1)
model specified in the previous section. The term E[TZ] is the
expectation taken over all the person-specific variances for vari-
able y, where the person specific variance for this vanable for
person i is equal to ’T . This person-specific variance ’T— in turn is
equal to the dlagonal element for that variable of the covariance
matrix Tj; for person i. The covariance matrix Tj; contains the
variances and covariances of ¥ for person i, that is, the variances
and covariances of the VAR(1) process specified in the transition
equation (Equation 3) for person i. This covariance matrix is equal to

Ty = mar((I = ©; Q@ ®))~'vec(X,,), (6)

where [ is an identity matrix, ® indicates the Kronecker prod-
uct, function vec() transforms a matrix into a column vector,
and mat() transforms a vector into a matrix (cf., Kim & Nelson,
1999, p. 27).

Based on the variance decomposition in Equation 5, we can
calculate various reliabilities for our measurements of variable
y. For example, we can determine an overall reliability of our
measurements y of both within-person or between-person dif-
ferences, by calculating rel(y) = (s, + E[Tz])/V(y) However,
this reliability blends the variances of two kinds of true
scores—that of the trait-scores (y2) and that of the true within-
person fluctuations (E[’Tz]) As such, the observed scores might
be highly reliable as a measurement of the trait scores, and
hardly reliable as a measurement of the true within person
fluctuations, or vice versa, but this would not be clear from our
calculated reliability—instead it would reflect a mix of these
two different reliabilities. As a result, it is not very clear for
what kind of inferences the observed scores are suitable or
unsuitable based on this calculated reliability. It also does not
take into account that the reliability of the observed scores with
regard to measuring true within person fluctuations may be
different from person to person. It seems therefore more useful
to determine the reliability for the trait scores and the within-
person fluctuations deviations around these scores separately.

In the following, we will first discuss the reliability for the
trait-scores, which indicates the reliability of the measures for
making inferences about stable differences between people, akin to
the traditional reliability estimates developed for cross-sectional
studies. After that, we will discuss reliabilities for the within-
person fluctuations: both person-specific reliabilities, and the av-
erage reliability for the group as a whole. These indicate the
reliability of the measures for making inferences about intraindi-
vidual differences, which can be different for each individual. In a
following section we will use these reliabilities to determine the
consequences of disregarding measurement error.

Reliability for Systematic Between-Person Differences

For the between-person reliability estimate, the true scores we
are interested in measuring are the trait scores, that is, the person-

* Note, however, that for sake of simplicity, here we do not allow the
random variances and covariance to covary among themselves, or with the
random trait scores or regression coefficients.
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specific means. The variance of the trait scores is captured in
parameter Y in the MEVAR(1) model, and is one of the three
terms of the total variance presented in Equation 5. We can obtain
the between-person reliability of variable y using

U2
rel(y) = V(;_) N
Note that the denominator in this equation contains the total
variance, which next to the variance of the trait scores s, is
comprised of both the expectation of the measurement error vari-
ance across persons, v,2, as well as the expectation of the variances
of the within-person fluctuations that are due to the dynamic
process, E[T)Z] Therefore, the between-person reliability will be
low if on Iaverage the deviations from the trait scores over time are
relatively large. That is, akin to traditional reliability estimates, all
within-person fluctuations in the observed scores are not of direct
interest here, and are considered noise for this reliability. This
between-person reliability indicates the reliability of the measure-
ments one would get on average, if one was interested in measur-
ing the trait scores, and took one measurement for each participant,
just like a cross-sectional study.

Reliabilities for Within-Person Fluctuations

Given that the dynamics for each individual may vary substan-
tially from person to person, this may also be the case for the
reliability of their scores. Based on the person-specific variances
discussed in Equation 6 we can determine the reliability for the
within-person fluctuations over time for each individual sepa-
rately. For the MEVAR(1) model, the total variance of variable y;
for a specific person i equals

v(y) = T%i + 021» (8)

Note that for any specific individual, there is no between-
person variance, such that the term {52 is excluded. Then, the
reliability for the observed scores of a specific person i can be
determined with

_ Ty
reb ) = 505 €

Note that, as can be seen from this equation, that differences
between the reliabilities of different individuals can arise when
their autoregressive or cross-lagged associations differ or when the
variability of their innovations differs, because then the terms T%i
differ; or when the variability of their measurement error differs,
because then the terms o2 differ.

It can also be useful to determine what within-person reli-
ability we can expect on average for a member of our group of
interest. To do this, we can use the information on the reliabili-
ties for each individual we observed. For example, we can
calculate the average person-specific reliability over the indi-
viduals, and the accompanying variance of the person-specific
reliabilities, to get an impression of the range of person-specific
reliabilities in the group. Furthermore, if Level 2 (person level)
predictors are available, such as gender or personality traits,
these may also be used to obtain predictions for the person-

specific reliabilities (e.g., we could use these Level 2 predictors
for the person-specific parameters, and based on the predicted
person-specific parameters, determine the associated person-
specific reliabilities).

Consequences of Disregarding Measurement Error in
VAR(1) Modeling

Given that the model parameters and the reliability of each
variable can be different for each person at Level 1 of the multi-
level model, the consequences of disregarding measurement error
(or other occasion-specific fluctuations) in the data can also be
different for the estimated parameters each person. In the follow-
ing, we will therefore discuss the effects of disregarding measure-
ment error for the person-specific parameter estimates of individ-
uals at Level 1 of the model.”

For a univariate AR(1) model, it is known that disregarding
measurement error in the data results in AR parameter estimates
that are pulled toward zero, so that the autoregressive effect
(I&,]) for the AR model will be underestimated compared with
the autoregressive effect (|d,)) of the true AR + WN model
(Schuurman et al., 2015; Staudenmayer & Buonaccorsi, 2005).
How much the autoregressive effect will be underestimated in
such a univariate AR(1) model depends directly on the person-
specific reliability rel, (y,) that was defined in Equation 9, that
is:

&; = rel (v, (10)
where §; is the expected estimated autoregressive effect in the AR
model and ¢, is the true autoregressive effect from the MEAR(1)
model, such that the discrepancy between ¢; and the true ¢, is
equal to 1 minus the person-specific reliability.®

For a VAR(1) model, the effects of disregarding measure-
ment error are more complicated. The difference between the
true @, and the estimated matrix of autoregressive and cross-
lagged effects in ¢;i that result when measurement error is
disregarded depends on the person-specific reliability matrix
rel (y,) (pp. 108-109, Buonaccorsi, 2010; Gleser, 1992), which
is equal to

rel,(y) = T5i(2q + T5) . (1)

Each element in this reliability matrix is a rather complex
function of the covariances and variances of the true scores and
measurement error. For instance, in the bivariate case this
results in

3 Note that because the fixed effects in the multilevel model equal the
expectation of the person-specific parameters, the effect of disregarding
measurement error on the fixed effects depends on the effects of disre-
garding measurement error for each person-specific parameter. Hence, the
discrepancy in the fixed effects can be determined by taking the expecta-
tion of the discrepancies for the person-specific parameters, and thus would
be a blend of all the discrepancies in the Level 1 parameters.

¢ Note that ¢; is also equal to the first order autocorrelation of both
models. The first order autocorrelations of the AR(1) model and the
MEAR(1) model are equal, but are not equal for the zeroth or later orders
than order 1, with the MEAR(1) model having slower decaying autocor-
relations.
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2 (2 2
T Th0i + o) = Tii(Tyi0 + Tei2)

2 2 2 2
rel,(y,) = (511 + 0211 (50 + 0220) — (Ty12 + T12)?

2 2 2
Tylzi(”"vni + Uelli) — T511i(Ty12i T Terni)

2 2 2 2
(Ty’vlli +og li)(Tyzzi + O'ezzi) - (Tylzi + 0e2)?

2 2 2
T510i(Thi + Te0) — Tooi(Ty10i + Teri)
2 2 2 2
(11 + 0211) (T + 02000 — (3100 + 02)?

.(12)
2 2 2
Tyzzi("'yl it Uelli) — T312i(Ty12i T Terni)

2 2 2 2
(Tylli + o-elli)(T)')ZZi + O'ezzi) - (Tylzi + 0e2)?

The diagonal elements of rel (y,) are related to the person-
specific reliabilities rel, (y;) for each person: Specifically, if the
correlations between the true scores are zero, and the correlations
between the measurement error is zero, the diagonals are exactly
equal to the reliabilities rel (y,).

The relationship between the expected matrix of autoregressive
and cross-lagged effects CI;i for the VAR(1) model, and the matrix
&, for the MEVAR(1) can be expressed as

@, = Dyrel, (y), (13)

which results in the following for the bivariate case,

& = bt biarar oy T b
o lbarin t dnrar byt boorn |

where r,,, indicates an element of the reliability matrix. It is important
to note from Equations 11 to 14, that the resulting difference between
the true parameters from the MEVAR(1) model and the estimated
parameters from the VAR(1) model partly depends on the other
regression parameters: For instance, the distortion of ¢}, compared
with ¢, depends on r,,, but it also depends on the product of ¢, and
15, such that the larger ¢, and r,, the larger the discrepancy
between the true ¢,; and the estimate ¢;; from the VAR(1) model
may become. As a result, the more variables that are included in the
model, the more complicated and pronounced these discrepancies can
become, because the more variables are included, the more distorting
terms will be included in each element of <13,» (e.g., in a 3 X 3 model
the discrepancy between ¢, and ¢,, will not only depend on r,, and
the product ¢, and r,,, but also on the product of ¢,5 and r5).
Furthermore, note that even if a variable is measured without error,
the estimated VAR(1) autoregressive effect for that variable (e.g.)
may still differ notably from the true autoregressive effect from the
MEVAR(1) model, as a result of measurement error in other variables
in the model.

One may further observe from Equations 11 to 14 that the
impact of disregarding measurement error on estimates of the
autoregressive and cross-lagged effects will depend roughly on
two aspects: The person-specific reliability for each variable, and
the correlations between the measurement error of the different
variables in the model. More specifically, the lower the reliabilities
of the variables, the more pronounced the distortion of the autore-
gressive and cross-lagged effects will be when the VAR(1) model
is erroneously fitted to the data. The stronger the (either positive or
negative) correlations between the measurement error, the more
easily spurious effects will arise.

Disregarding measurement error can have various effects on the
estimated autoregressive and cross-lagged effects: They may be un-

(14)

derestimated or they may be overestimated, to the extent that effects
may “disappear” or even switch signs, and spurious effects may arise.
In Figure 2 we present four examples of the effects of disregarding
measurement error on the estimated autoregressive and cross-lagged
effects in a VAR(1) model, using four pairs of network graphs. The
top row of Figure 2 shows network graphs of four true data-generating
MEVAR(1) models, and the bottom row shows the corresponding
graphs for the results of a regular VAR(1) model that disregards
measurement error.” Comparing the top and bottom row of network
graphs shows that many arrows are thinner for the bottom VAR(1)
graphs than for the top MEVAR(1) graphs, indicating that many
autoregressive and cross-lagged effects in the VAR(1) model are
underestimated compared to the true MEVAR(1) effects. These au-
toregressive and cross-lagged parameters are pushed toward zero. The
extent of the underestimation is different for each variable, depending
on the reliability of that variable.® Further note, comparing the true
MEVAR(1) graphs and the VAR(1) graphs, that many small spurious
effects (thin arrows not present in the true model) are introduced in the
VAR(1) graphs. Graphs Al and A2 illustrate that it is possible to find
large spurious effects, in this case a large positive spurious effect
between Variable 1 and 2. Note that this spurious effect in the VAR(1)
graph is actually the strongest effect in the model. Graphs B1 and B2
illustrate that relatively large negative spurious effects may arise as
well as a result of disregarded measurement error, here between
Variable 1 and 5. Graphs C1 and C2 illustrate how a true large effect
of the MEVAR(1) may become underestimated to the point that it
“disappears” or even changes signs when fitting a VAR(1) model (i.e.,
the relationship between Variable 4 and 2 changes signs from .3 in
graph C1 to —.01 in graph C2). Finally, Graphs D1 and D2 illustrate
that associations may also be overestimated (i.e., for the relationships
between Variable 4 and 2), and that many of the effects of disregard-
ing measurement error, that were separately illustrated in Graphs
A-C, may occur together. These examples show that disregarding
measurement error by using the VAR(1) model instead of the
MEVAR(1) model can result in very different estimated autoregres-
sive and cross-lagged effects, and hence different conclusion about
the dynamic process under study.

Preliminary Implementation of the MEVAR(1) Model
in Mplus

Next to determining the consequences of disregarding measure-
ment error based on the MEVAR(1) model, it is also possible to fit
the MEVAR(1) model to account for measurement error in our
VAR(1) model, and to estimate the reliabilities discussed in the
previous sections. We provide a preliminary implementation of the
model here, making use of the Bayesian DSEM modeling in Mplus

7 Note that these graphs are based on Equation 13—there was no data
simulated—such that sampling error is not an issue in these graphs. The
reliabilities for the examples range in between .85 to approximately .5 (for
the generating values for all the relevant parameters, see Appendix B and
C). These reliabilities are similar to those found in an n = 1 empirical
example by Schuurman et al. (2015; ranging from .5 to .7), those found by
Hu et al. (2016) of on average .7 to .75 for the PANAS, and to the results
of the empirical example of the current work, which are presented in a later
section. These reliabilities may seem low, but this is not necessarily
surprising. We will discuss this issue further in the Discussion section.

8 Note that if one is interested in calculating network statistics for these
graphs, such as centrality/betweenness, that these characteristics can be
seriously distorted for the regular VAR(1) model as a result of this.
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Figure 2. Four pairs of graphs that provide examples of the potential effects of disregarding measurement error
(using a regular VAR(1) model) on the regression coefficients. Graphs on the top row (A1, B1, C1, D1) represent
the data-generating MEVAR(1) model, while the accompanying graphs on the bottom row (A2, B2, C2, D2)
represent the parameter estimates that would be obtained using a VAR(1) model, disregarding measurement
error. In these graphs, circles (nodes) represent the measured variables, and arrows between the nodes (edges)
represent the relationships between these variables. Edges that point from one variable into itself represent
autoregressive effects, and edges that point from one variable to another variable represent cross-lagged effects.
Red/solid arrows indicate positive effects, and blue/dashed arrows indicate negative effects. The larger the
absolute value of a regression coefficient, the thicker the arrow. Regression coefficients smaller than .03l in the
VAR(1) graphs are suppressed for sake of clarity. See the online article for the color version of this figure.

v8 (Muthen & Muthen, 2017).° An advantage of the Bayesian
approach is that one gains the flexibility to fit complex multilevel
models, as a result of the Bayesian MCMC estimation proce-
dures. This for example allows us to fit a full bivariate multi-
level MEVAR(1) model including random means, regression pa-
rameters, and covariance matrices. These Bayesian procedures
also make it relatively easy to estimate new quantities based on the
estimated model parameters, as well as uncertainty intervals for
these estimated quantities. This will be especially useful for ob-
taining the between-person and person-specific reliability esti-
mates. For an introduction to Bayesian statistics and MCMC
estimation procedures, we refer the reader to Hoijtink, Klugkist,
and Boelen (2008) and Gelman, Carlin, Stern, and Rubin (2003).

We specify the model as described in the previous sections, and
make use of Mplus’ default prior distributions. Annotated Mplus
code for the MEVAR(1) model is provided in Appendix A. Ran-
dom covariance matrices are modeled in Mplus by specifying a
latent variable (z) on which the residuals for Variable 1 and 2 load,
with the factor loadings fixed to 1 (cf., Hamaker, Asparouhov,
Brose, Schmiedek, & Muthén, 2018). That is, to obtain random
measurement error covariance matrices the following is specified:

€| |1 vy
[EZti] - {1 ]Z'i - [Uz}

(15)

Note that as a result of this specification, for a specific individ-
ual the variance of the measurement error €,, is then equal to the
variance of latent variable z plus the variance of v, ((rf + oﬁl), and
the variance of €,, is then equal to the variance of latent variable
z plus the variance of v, (02 + 0-32). The covariance between the
innovations is equal to the variance of z (02). Mplus assumes
normal distributions for the logs of the variances of z, v, and v,
across persons, allowing in this way for random variances and
covariances across persons. We use this latent variable approach to
obtain random measurement error covariance matrices, as well as
random innovation covariance matrices. Note however, that in
using this latent variable approach, depending on the factor load-
ings, the covariances will either be restricted to be positive (both

2 We opt for Mplus because of their flexible implementation of random
covariance matrices. Code for an implementation in open source software
OpenBUGS/WinBUGS/Jags that implements the model with random co-
variance matrices for a bivariate model is available from Schuurman
(2016). Further, it may be possible to program a similar implementation as
that in Mplus—or an alternative implementation of the model with random
covariance matrices—in Stan, which is Bayesian open source software
based on Hamiltonian sampling (Carpenter et al., 2016).
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factor loadings equal to one), or negative (one factor loading equal
to —1). That is, one has to decide a priori whether the residual
correlations are likely to be positive, or negative, in this imple-
mentation of random covariance matrices in Mplus (cf., Hamaker
et al., 2018). This is arguably a disadvantage of this random
covariance matrix implementation. An advantage of this imple-
mentation is, however, that it readily generalizes to larger multi-
variate models than bivariate models, and (for instance) to models
that would include covariates for the random variances and cova-
riances.

We performed a small proof of principle simulation study to
provide an indication of the estimability of the model. We evaluate
the convergence of the model by inspecting the mixing of the
chains and the Gelman-Rubin statistics for the parameters (Gelman
& Rubin, 1992). We fitted the model using two chains of each
90,000 iterations, of which half was discarded as burn-in. We
simulated data according to the MEVAR(1) model for different
sample sizes using Mplus, with 100 replications for each condi-
tion: For a sample size of 100 time points and subjects, 100 time
points and 200 subjects, and 200 time points and 100 subjects.
Depending on the number of subjects and time points, running 100
iterations for two chains took approximately between 10 s to 20 s.
We evaluate the performance of the model based on the bias, mean
square errors, and coverage rates for the 95% credible intervals for

Table 1

each parameter. The true values and simulation results for the fixed
effects and the variances for the random effects are presented in
Table 1, these results for the covariances of the random effects are
available upon request for sake of sparsity.

For the smallest sample size of 100 time points and subjects, we
encountered some issues in the model estimation: For a sample
size of 100 subjects and repeated measures, 80 replications could
be completed; 20 aborted during estimation because the sampler
ventured into nonpositive definite territory for the covariance
matrix of the random effects. For a sample size of 100 subjects and
200 repeated measures, 99 replications were completed, and for
200 subjects and 100 time points 96 replications were completed.
The results show that for the completed replications the fixed
effects and the (co)variances of the random covariance matrices
are estimated quite well: Bias and MSE are small, and decrease
when sample size increases, and coverage rates are overall in
the area around .95. We do see some notable bias for the fixed
effects of Variable 2: For this variable the measurement error
variance is slightly underestimated, and the innovation error vari-
ance is slightly overestimated, and the autoregressive effect is
therefore also slightly underestimated. For some cases we see that
this bias decreases more slowly as sample size increases than the
precision of the estimates increases, resulting in lower coverage
rates for larger sample sizes. Overall, the fixed effects, and the

Bias, Mean Square Error (MSE), and Coverage Rates (CR) for the 95% Credible Intervals, for the MEVAR(1) Model for Different

Numbers of Repeated Measures (T) and Subjects (N)

Bias MSE CR
n = 100 n = 100 n = 200 n = 100 n = 100 n = 200 n = 100 n = 100 n = 200

Parameter = true t =100 t =200 t =100 t = 100 t = 200 t = 100 t = 100 t = 200 t = 100
Y1 =5 .004 .002 .004 .004 .004 .002 91 94 .96
Yoo =5 .001 —.016 .002 .003 .003 .002 .95 98 .96
yb,, =5 —.021 —.011 —.004 .002 .001 .001 .98 97 .98
Vb = .5 —.047 —.030 —.041 .004 .002 .003 .89 91 .80
yb, = 2 —.006 —.004 —.011 .001 .001 .001 .98 .99 .98
Yoy =0 .021 .010 .019 .002 .002 .001 .94 97 91
logys2 | —4.1 .045 .031 —.011 .053 .045 .036 1 .96 .96
logyy2,, = —32 135 123 157 .055 .042 .042 .94 97 92
logye2, = —3.9 071 .076 .084 .029 .027 .020 .96 95 92
logys2, = —2 —.025 —.003 —.011 .007 .007 .003 .98 93 97
logys2, = —2.8 -.127 —.078 —.128 .051 .032 .034 .93 94 .92
logys2, = —3.7 .051 .043 .058 .027 .021 .012 .93 97 97
Ui = . .035 .037 .016 .004 .004 .001 .89 .86 .94

2= .059 .053 .025 .006 .006 .002 .83 78 .84
Y3 = .01 .012 .009 .006 .000 .000 .000 .83 .70 .85
i = .01 .018 .012 .010 .000 .000 .000 75 1 .69
Yiin = .01 .010 .006 .004 .000 .000 .000 .61 76 .92
i = .01 .021 011 011 .001 .000 .000 .60 73 72
logt];%,zll =5 —.131 —.111 —.133 .037 .036 .034 1 .99 1
loglbgzzz = —.141 —.141 —.154 .095 .063 .061 .96 97 .90
log(? L, = L1 —.143 —.113 —.136 .054 .040 .038 .95 97 91
logdjﬁz“ =5 .031 .020 .020 .008 .006 .003 .98 98 .99
logl];%,zw =1 .099 .084 .095 .061 .048 .030 .98 .99 97
log? =13 —.112 —.127 —.126 .051 .053 .033 .95 95 .96
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variances of the random covariances matrices, and the covariances
between the random effects are recovered well, even for smaller
sample sizes.

However, the variances of the random regression coefficients,
and to a lesser extent the variances of the random means, are
overestimated. This pattern of overestimation of the variances of
the random effects is similar to what is known to happen for
smaller sample sizes for the regular multilevel VAR(1) model, as
well as for multilevel dynamic factor models, for certain specifi-
cations of the Inverse-Wishart prior distribution for the covariance
matrix of the random effects (Schuurman et al., 2016; Song &
Ferrer, 2012). For variances that are quite close to zero, such as
those for the regression coefficients, the Inverse-Wishart prior
distribution can be informative, resulting in biased estimates for
smaller sample sizes, or equivalently, for more complex models,
when the data does not completely dominate the prior distribution.
It might be possible to improve the estimates of the variances for
smaller sample sizes here by using data-informed prior distribu-
tions, as suggested by Schuurman et al. (2016). This would require
preestimates of the variances, for example, obtained by first esti-
mating a model with uniform priors for the variances of the
random parameters (fixing covariances to zero), or from prior
information such as previous research or expert knowledge. For
the current implementation of the MEVAR(1) model the results for
the variances of the regression coefficients should be taken with a
grain of salt, especially for smaller numbers of subjects. When the
number of subjects increases to 200, the estimates for these vari-
ances improve considerably, but are still suboptimal.

An important direction for future research is therefore to inves-
tigate if and how the estimates of the variances of the random
effects can be improved by specifying better informed priors,

Table 2

including how suitable preestimates of the variances of the random
effects could be obtained for this model. Such prior distributions
may also help keep the Bayesian sampler in positive definite
territory, such that more replications can be completed in each
condition. Note, however, that for the current implementation the
fixed effects, the covariances of the random effects, and the
variances random effects for the random covariance matrices are
recovered well.

Furthermore, this implementation will still be more accurate
than those of a regular VAR(1) model that disregards measurement
error, if measurement error is present in the data. To illustrate this
we also fitted a regular multilevel VAR(1) model to data generated
from the MEVAR(1) model. As can be seen from the results in
Table 2, performance for the VAR(1) is very poor, resulting in
large bias and low coverage rates for the regression coefficients
and residual variances. The effects of disregarding measurement
error in the VAR(1) models depend on the true regression param-
eters and measurement error (co)variances, and as such may differ
from situation to situation, as discussed in the previous section.

Obtaining Reliability Estimates From the Bayesian
MEVAR(1) Model

Obtaining the reliability estimates while fitting the MEVAR(1)
model can be done by making use of the Bayesian MCMC samples
from the posteriors of the estimated parameters. We save these
samples in Mplus, import them into R, and perform calculations on
these samples to obtain the posteriors for the reliabilities.

Specifically, for the person-specific reliabilities we first need to
obtain the measurement error covariance matrices for each person,
based on the modeled logs of the variances of z, v, and v,. That is,

Bias, Mean Square Error (MSE), and Coverage Rates (CR) for the 95% Credible Intervals, for the VAR(1) Model, Where the True
Model is the MEVAR(1) Model, for Different Numbers of Repeated Measures (T) and Subjects (N)

Bias MSE CR
n = 100 n = 100 n = 200 n = 100 n = 100 n = 200 n = 100 n = 100 n = 200

Parameter = true t =100 t =200 t =100 t =100 t = 200 t = 100 t = 100 t = 200 t = 100
Y1 =3 .002 .001 .004 .003 .004 .002 .94 93 .96
Y2 =5 .003 —.015 .000 .003 .003 .002 97 .99 .94
vyby =5 —.331 —.328 —.330 110 .108 109 0 0 0
Ybyy = .5 —.240 —.238 —.238 .058 .058 .057 .06 0 0
Yb, = 2 —.055 —.050 —.054 .003 .003 .003 .10 .10 0
yb,, =0 .006 .008 .006 .000 .000 .000 92 .90 .90
log«/ai“ = —4.1 2.25 2.26 2.25 5.07 5.12 5.05 0 0 0
log«/(,Lz022 = =32 1.06 1.07 1.06 1.12 1.14 1.12 0 0 0
log«/(,Lzulz = =39 1.18 1.19 1.18 1.40 1.43 1.41 0 0 0
Yo =3 .045 .037 .018 .005 .004 .001 .85 .86 92
Yoo =3 .054 .053 .025 .005 .006 .002 .84 78 .82
Ygn = .01 .009 .008 .007 .000 .000 .000 .29 .26 .20
U3 = .01 .016 .015 014 .000 .000 .000 .05 0 .00
Y32 = .01 .005 .005 .003 .000 .000 .000 77 .68 .82
g1 = .01 —.005 —.006 —.006 .000 .000 .000 49 24 0
logdjga“ 5 —.056 —.111 —.059 .008 .008 .006 .89 .86 81
logl],r%,zzz =14 —.533 —.141 —.553 304 311 314 .18 .14 0
logs? L= 1.1 —.395 —.113 —.415 171 202 .038 181 .20 .06
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for each iteration of the MCMC procedure we first take the
exponents of log(a2)), log(a), and log(c?). Then we calculate the
variances of the measurement error by adding o2 to o2}, and to o2,
in each iteration. The covariance between the measurement error is
equal to 0. We use the same approach to obtain the innovation
covariance matrices. After this, in each iteration of the MCMC
procedure, we calculate the person-specific covariance matrix Ty
for each person i using Equation 6, based on the sampled person-
specific regression parameters and the sampled person-specific
innovation covariance matrices. From the relevant diagonal ele-
ment of this covariance matrix, we obtain the variance T%l- for our
variable of interest, which we need to estimate the person-specific
total variance v(y,). Based on this estimate and the estimated
measurement error variance o, we then calculate the total vari-
ance v(y;) for each person using Equation 8 in each iteration of
the MCMC procedure. Finally, in each iteration we calculate the
person-specific reliability making use of Equation 9, based on the
estimate we obtained for the total variance v(y;) and the estimated
person-specific variance T%,-. This results in an estimate of the
person-specific reliability for each iteration of the MCMC proce-
dure for each person, which together result in a posterior distribu-
tion of the person-specific reliability for each person. Based on
these posterior distributions we can determine a point estimate and
credible intervals for each person’s reliability.

To calculate the average person-specific reliability across per-
sons, we calculate the mean across the person-specific reliabilities
in each iteration of the MCMC procedure. Note that this mean is
essentially a sample mean, and that the credible interval for this
estimate thus disregards sampling variability; it takes into account
the variability across the iterations of the MCMC procedure, but
does not take into account that the current selection of subjects is
just one possible sample from a larger population. As such, care
should be taken when generalizing the average within-person
reliability to other samples, as the credible intervals will be too
small for this purpose. The larger the number of subjects in the
sample, the smaller this discrepancy will be.

For the between-person reliability of a specific variable, we
make use of Equation 5 to 7. However, before we can use these
equations, we need to obtain the fixed effects for the measurement
error variance vy, and vy,,, in each iteration of the MCMC proce-
dure, based on the fixed effects for log(a2,), log(c2;), and log(c2).
Note that that if log(X) is normally distributed with mean p. and
e;uvz/z

variance o,, X is lognormally distributed, with mean and

variance (e"2 - 1)e2”+”2. Making use of this property, we trans-
form the fixed effects for log(a2);), log(cZ), and log(c?zi) to a
regular scale in each iteration. Afterward, we calculate the fixed
effects for the covariances matrices in each iteration, by adding the
samples of the resulting fixed effect for o? to the fixed effect o2,
and to the fixed effect of 0%. The fixed effect for the covariance
between the innovations or measurement error is equal to the fixed
effect for o2. Next, we calculate matrix Tj; for each person i using
Equation 6, based on the estimated person-specific regression
parameters and the estimated person-specific innovations covari-
ance matrices. From the relevant diagonal element of each person-
specific covariance matrix, we obtain the person-specific variances
T%,-, which we need to estimate E['Tyz] To obtain an estimate of
1:3[73] we calculate the average Iperson-specific variance across

persons in each iteration. We then calculate the total variance using

Equation 5 in each iteration, based on the estimate we obtained for
E[T%], the estimated variance of the person-specific means {2, and
the fixed effect for the measurement error variance V2. Finally, in
each iteration we calculate the between-person reliability making
use of Equation 7, based on the estimate we obtained for the total
variance V(y) and the estimated variance of the person-specific
means Y. This results in a sample of the between-person reliabil-
ity for each iteration of the MCMC procedure, which together form
a posterior distribution. Based on this posterior distribution we
determine a point estimate for the between-person reliability and
the credible interval for the between-person reliability.

Empirical Application on Dyadic Affect Data

In this empirical application we use a data set on affect mea-
surements from a daily diary study including 191 couples, includ-
ing both university students and couples from the local community
(Ferrer, Steele, & Hsieh, 2012; Ferrer & Widaman, 2008). We
focus on two measures of positive affect for the women from these
couples: (a) daily relationship positive affect (RelPA), that is, the
positive affect (PA) each woman experienced specifically about
her romantic relationship that day; and (b) general positive affect
(GenPA), the PA each woman experienced generally that day.
RelPA was measured with nine 5-point Likert scale items (1 =
very slightly or not at all to 5 = extremely), for which the
participants indicated to what extent they felt the following ways
about their relationship that day: “emotionally intimate,” “trusted,”
“committed,” “physically intimate,” “free,” “loved,” “happy,”
“loving,” and “socially supported.” GenPA was measured with the
PANAS (Watson, Clark, & Tellegen, 1988). The participants
reported on their RelPA and GenPA at the end of each day, for
approximately 60 to 90 days. For each woman, daily average
scores were calculated for both types of PA.

Here, we will investigate how GenPA and RelPA influence each
other within women. Specifically, we want to know if (a) the
temporal evaluation of one’s relationship spreads to other areas in
daily life; (b) general affective tone colors the evaluation of one’s
relationship; or (c) both are the case. The multilevel MEVAR(1)
approach allows us to study this question by establishing associ-
ations between GenPA and RelPA, and identifying individual
differences in these associations.

We fit the model (as specified in Equation 1 to 4) for the RelPA
and GenPA, making use of the DSEM module of Mplus Version
8 (Muthen & Muthen, 2017) as described previously (see Appen-
dix A for the Mplus code). In the following, we first present the
parameter estimates for the MEVAR(1) model and the regular
VAR(1) model. After that we discuss the estimated between-
person and person-specific reliabilities for the MEVAR(1) model.

Results for the Dynamics of General and Relationship
Positive Affect

The point estimates of the fixed effects and the variances of
the random effects, and their 95% credible intervals (CI) are
presented in Table 3 for the MEVAR(1) and the regular VAR(1)
model. We discuss the autoregressive and cross-lagged effects
for the MEVAR(1) and VAR(1) model first, followed by the
estimated trait scores, and measurement error and innovation
covariance matrices for the MEVAR(1) model.
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Table 3

Parameter Estimates for the Bivariate Multilevel MEVAR(1) and VAR(1) Model for Women in a Relationship, Modeling the
Relationship Between Daily Relationship and General Positive Affect

Women Fixed effects Var. random effects

Parameter MEVAR(1) [95% CI] VAR(1) [95% CI] MEVAR(1) [95% CI] VAR(1) [95% CI]
g 2.7[2.6,2.7] 2.6[2.6,2.7] .36 [.29, 46] 38 .31, .47]
W, 3.5[3.4,3.6] 3.5(3.4,3.6] 44 (.36, .55] 48 [.39, .60]
b, .75 [.69, .80] 311[.28, .34] .01 [.01, .02] .03 [.02, .04]
b, .59 [.53, .64] .37 .34, .40] .03 [.02, .05] .03 .03, .05]
b, .07 .02, .13] .02 [.00, .04] .02 [.01, .04] .01 [.00, .01]
b, —.03[—.07,.00] .04 .02, .07] .01 [.00, .02] .01 [.01, .02]
O .06 [.05, .08] 30[.27, .33] .00 [.00, .01] .04 .03, .05]
o3, 12 [.10, .15] 28 [.25, .32] .02 .01, .07] .06 [.04, .11]
[ .04 [.03, .05] .10 [.08, .12] .00 [.00, .01] .01 [.01, .03]
Pogr 33[.15,.59] 29 [.16, 48]
o2 221[.19, .24] .02 [.02, .04]
o2 14112, .17] .02 [.01, .05]
(o . .05 [.04, .07] .01 [.00, .01]
Pugr 26 [.11, .53]
rel,,, 42 .38, .45]
rel,,, .58 [.54,.62]
rel,, .50 [.39, .57]
rely, .54 .40, .61]

Note. Parameter estimates for the fixed effects (group means) and the variances of the random effects (group variances) are presented for the

person-specific means (p,, ), autoregression effects (¢, db,), cross-lagged effects (¢,,, ¢,,), the innovation variances (024 02) and covariance (o,
and correlation (p,,,), the measurement error variances (e, o2, and covariance (0,) and correlation (p.,,), the average person-specific reliabilities (rel,

rel,,,), and the between-person reliabilities (rel,,, rel,,).

Autoregressive effects. The estimated means and variances
for the autoregressive effects indicate that for most women the
autoregressive effects of general and RelPA are expected to be
positive. For RelPA we would expect that the autoregressive
coefficients for 95% of the women range from about .25 to .9. For
GenPA we find ranges from about .55 to .95. This indicates that
for the most, if not all, women we expect there to be carry-over
present in the regulation of both types of positive affect. In other
words, if the GenPA or the positive affect about the relationship of
a woman is perturbed—for instance resulting in a relatively high
PA—the positive affect will linger some time above the average
level of PA. However, the same holds when she experiences a
relatively low PA: In this case PA will linger for some time below
baseline levels due to the autoregressive effect. When we compare
these estimated autoregressive effects of the MEVAR(1) model
with those of the VAR(1) model, we find that the inertia is
estimated to be much weaker for the latter, with average effects of
.3 (95% CI [.28, .34]) and .4 (95% CI [.34, .40]) for GenPA and
RelPA, respectively, compared with average effects of .75 (95%
CI [.69, .80]) and .59 (95% CI [.53, .64]) for the MEVAR(1)
model. In fact, the credible intervals for the fixed autoregressive
effects for the VAR(1) and MEVAR(1) model do not even overlap,
such that inferences about the strength of the carry-over are mark-
edly different for the two models.

Cross-lagged effects. For the MEVAR(1) model, the estimate
of the average cross-lagged effect of GenPA at the previous day on
current RelPA is equal to —.03 (95% CI [—.07, .00]), which
indicates there is no evidence that RelPA positively influences
GenPA the next day on average. There is some variance around
this effect (.01; 95% CI [.00, .02]), indicating that this cross-lagged
effect is expected to range from about —.2 to .15 across women.

wgs)

wg?

There is evidence that GenPA colors women’s experienced RelPA
the following day on average, although the effect may be small:
The estimated average cross-lagged effect was .07 (95% CI [.02,
.13]) across women, with a variance of .02 (95% CI [.01, .04]).
Based on these results, we would expect that the cross-lagged
effects of RelPA on GenPA for 95% of women would lie in
between approximately —.2 and .35. For the VAR(1) model we
find no clear evidence for an effect of GenPA on RelPA on
average, but we do find evidence for an effect of RelPA on
GenPA—the opposite of what we find for the MEVAR(1) model.
That is, in this example, we reach different conclusions for both
the autoregressive effects and for the cross-lagged effects in the
VAR(1) and MEVAR(1) model.

Trait Scores and Innovation and Measurement Error
Covariance Matrices

Based on the estimated means and variances of the traits scores
(see Table 3), we find that women on average feel moderately
positive to quite positive about their relationship, although there is
considerable variance in this across women. Across women, most
would be expected to have a trait score between approximately 2.2,
indicating they on average feel slightly positive; and 4.8, indicat-
ing they feel very positive about their relationship. The average
experienced GenPA is estimated to be a bit lower on average (see
Table 3), and based on the estimated means and variances of
the trait scores across women, we would expect most women to
have a trait score between approximately 1.5 (low GenPA) and 3.8
(moderately high GenPA).

When we inspect the estimated correlations between the random
trait scores and the regression parameters for the MEVAR(1)
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model, we find that the traits scores for GenPA and RelPA are
positively correlated (.59; 95% CI [.48, .69]): Women that gener-
ally have a high mean level of GenPA, also tend to have a
relatively high mean level of RelPA. Further, we find that the
autoregressive effects for RelPA are negatively correlated with
the cross-lagged effects of GenPA on RelPa (—.51; 95% CI
[—.74, —.21]). That is, for women with relatively consistent scores
for their relationship positive affect, their general PA tends to color
their positive affect about their relationship less. We find no
evidence for correlations between the remaining random parame-
ters.

Finally, when we inspect the variances and correlations of the
innovations and the measurement errors, we find that the estimated
average variances lie within a range of .05 to .2, and the variances
around these average variances range from .003 to .02 (see Table
3). The average correlation between the innovations of general and
RelPA is .33 (95% CI [.15, .59]). This indicates that there is a
considerable part of the concurrent association between RelPA and
GenPA that cannot be explained by the experienced PA at the
previous occasion, that seems to be due to unobserved influences
of which the effects are passed along across multiple measurement
occasions. The average correlation between the measurement error
of GenPA and RelPA is .26 (95% CI [.11, .53]). This indicates that
there is also a considerable part of the concurrent association
between RelPA and GenPA that seems to be due to unobserved,
occasion-specific effects. Note that this correlation indicates that
part of the occasion-specific effects are not “pure” measurement
errors, but something more systematic.

Reliabilities for Relationship and General Positive
Affect

In the following we will discuss two types of reliability for
RelPA and GenPA: The between-person reliability, and the
person-specific (within-person) reliabilities.

Between-person reliability. We estimated the between-
person reliability, that is, the proportion of variance that is due to
stable differences across women, for RelPA and GenPA based on
Equation 7. We found that for both GenPA and RelPA about half
of the variance in the observed scores across all women and
repeated measures is estimated to be due to systematic differences
between women, while the other half is due to differences within
women (relbg =.5; 95% CI [.39, .57]; rel,, = .54; 95% CI [ .4,
.61]).

Within-person reliabilities. In the previous subsection we
found considerable variation across women in the regression pa-
rameters, and in the variances and correlations for the innovations
and measurement error. As a result, the reliabilities for general and
RelPA will also differ from woman to woman. Figure 3 contains
plots of the posterior distributions, trimmed at their respective 95%
CI, for each woman’s person-specific reliability. The pink (left)
distributions are the posterior distributions for GenPA, and the
blue (right) distributions are the posterior distributions for RelPA,
and the dots in each distribution represent the median reliability.
The posterior distributions are ordered on the estimated median
reliability for RelPA (i.e., with the woman with the lowest reli-
ability on the top-right, and the highest on the bottom-left). As can
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Posterior distributions for each woman

Figure 3. Plots of the posterior distributions for the reliability of relationship positive affect (blue/right), and
general positive affect (pink/left) for each woman. The dot in each distribution represents the median for that
distribution. The tails of the posteriors are trimmed at their 95% credible intervals. The posteriors are ordered
across women based on their median reliability for relationship positive affect, from low to high (top left to
bottom right). See the online article for the color version of this figure.
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be seen from this figure, there is quite some variation in the
estimated reliabilities across women. The lowest and highest esti-
mated reliabilities for RelPA were approximately .20 and .93, and
.11 and .90 for GenPA. Overall, the reliabilities for RelPA seem to
be estimated slightly higher than those of GenPA. It can also be
seen from Figure 3 that there is a fair amount of uncertainty about
the person-specific reliabilities, that is, they have wide Cls. Still,
there is evidence that the reliabilities of the PA measurements are
likely to be lower than .8 for many women (i.e., most of the
posterior distributions’ mass lies below a reliability of .8). In other
words, a considerable part of the variation in the observations for
most women can be ascribed to measurement error or other occa-
sion specific fluctuations. This is also reflected in the average
person-specific reliabilities (see also Table 3) of .42 for GenPA
(95% CI [.38, .45]), and of .58 for RelPA (95% CI [.54, .62]).

Finally, we investigated whether there is an association across
women between the reliabilities for RelPA and GenPA. A scatter
plot of the point estimates of the person-specific reliabilities is
shown in Figure 4. We find evidence for a positive relationship
between the reliabilities of GenPA and RelPA, with a correlation
of .38 (95% CI [.26, .49]). This indicates that women that have a
relatively high reliability for GenPA, also tend to have a high
reliability for RelPA.

Discussion

The variance of intensive longitudinal data for a certain variable
generally is a mix of between person variation, within-person
variation due to dynamic processes, and occasion-specific, random
within-person variation which includes measurement errors. Reg-
ular VAR(1) models disregard this last source of variance, essen-
tially assuming perfectly reliable measurements. We have shown
that if such variance is present in the data, but is disregarded, this
can result in severely distorted autoregressive and cross-lagged
effects. It is therefore important to consider the reliability of
intensive longitudinal measurements, and account for this in our
dynamic VAR(1) models.
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Figure 4. Scatter plots of the point estimates (medians of the posterior

distributions) of the person-specific reliabilities for general positive affect
(GenPA) in relationship positive affect (RelPA) across women.

The MEVAR(1) model we presented in this work separates the
three sources of variation, while also taking into account that there
may be differences in the sources of within-person variation across
persons. Our proof of principle simulation study indicates that the
model can recover most of the model parameters reasonably well,
but for smaller numbers of participants the variances of the random
regression coefficients are overestimated. A more extensive sim-
ulation study across a wide range of sample sizes and parameter
values is needed however to determine the performance of the
model more generally, and is an important direction for future
research. Another clear topic for future research is to see if it is
possible to improve the estimates of the variances of the random
effects by specifying different priors (e.g., by using the methods
suggested in Schuurman et al., 2016). Similarly, an important line
of research, both for this and other multilevel models, concerns the
investigation of the optimal way to account for random covariance
matrices. Allowing for random covariance matrices is nontrivial,
and other approaches than we used here may be possible, for
example, by sampling random covariances matrices from an
Inverse-Wishart distribution. It would also be worthwhile to fur-
ther investigate what the consequences are of disregarding the
differences across persons in the innovation covariance matrices
and measurement error covariance matrices, as is often the case in
practice (cf., Jongerling et al., 2015, for an exposition on the
consequences of disregarding such differences in the innovation
variances in a univariate model).

An alternative way to account for measurement error in the
multilevel VAR context, if there are multiple items available that
measure the same construct, is to make use of the internal consis-
tency approach using a dynamic factor model (Molenaar, 1985;
Song & Ferrer, 2012). This would require, however, that the items
function to some extent as parallel tests for the latent variable of
interest, for every individual in the multilevel model, which may be
difficult to achieve (but see Hu et al., 2016). Further, in some cases
using multiple indicators for each construct may severely increase
the burden on the participants, especially if measurements are
taken frequently and with short intervals as is the case in many
intensive longitudinal studies that use experience sampling. As
such, more research on the feasibility of the multilevel dynamic
factor model, next to the MEVAR(1) model, is welcome.

By making use of a dynamic multilevel modeling approach, it is
possible to evaluate the reliabilities of a measurement instrument
for between-person differences in a specific population of individ-
uals, but also person-specific reliabilities for within-person fluc-
tuations. As noted previously, reliability is defined as specific to a
certain population and the measurement instrument (Mellenbergh,
1996). That is, reliability estimates for one population (e.g., men)
cannot simply be generalized to another (e.g., women). In the case
of reliability for within-person psychological processes, each per-
son may have a unique psychological process, and as such may be
considered a single subpopulation (within a larger population of
individuals). For example, in the empirical example we saw that
people differ in their levels of inertia for both their general positive
affect and their positive affect concerning their relationship. Fur-
thermore, one can imagine that some people experience more, or
are more easily affected by, external events than other people, or
some persons may take more care in filling out self-report mea-
sures than others. From this perspective, it seems not very infor-
mative to state one reliability estimate for all individuals. By
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taking a multilevel dynamic modeling approach, we can take this
into account.

Concerning the concepts of measurement error and reliability, it
is important to note again here that the measurement error terms in
the multilevel MEVAR(1) model do not only contain variance that
is due to measurement errors—they also contain any “true”
occasion-specific fluctuations in the construct of interest. As such,
reliability estimates based on this measurement error variance can
in practice at most provide an estimate of the lower bound of the
reliability of the observed scores (as is the case for all other
reliability estimates in psychology discussed; see also Borsboom,
2003; Guttman, 1945; Ten Berge & Socan, 2004). To separate true
occasion specific fluctuations from measurement errors further,
one option may be to also make use of internal consistency
reliability measures in the model, by including multiple indicators
in a dynamic factor model; if an occasion-specific fluctuation
occurs in all indicators at the same time, this may be indicative of
a true occasion specific fluctuation rather than a measurement
error (see Edmondson et al., 2013, for an example of this in the
context of panel modeling). Again, however, this would require
that the indicators function to some extent as parallel tests, which
is nontrivial to assume. In practice, a combination of the single
indicator model described here, together with the use factor struc-
tures where reasonable, may prove to be a fruitful approach.

Regardless, however, of whether the “unreliable part” of the
data is a result of real fluctuations in the construct, or of measure-
ment errors, it is important to take this type of occasion-specific
variation in the data into account. An important contribution of the
current work is demonstrating that disregarding this type of vari-
ation, as is the case in regular (multilevel) VAR(1) models, results
in severely distorted estimated autoregressive and cross-lagged
effects. Depending on the reliabilities of the variables and the
correlations among the occasion-specific fluctuations, the regres-
sion parameters may be under- or overestimated, may switch signs,
and spurious cross-lagged relationships may emerge. The lower
the person-specific reliability of a specific variable, the more
severe these biasing effects will be. An important question for
future research is therefore how to test whether a MEVAR(1) or
VAR(1) is best suited for the data. Schuurman et al. (2015) show
for the n = 1 case, that the AIC, BIC, and DIC are not suitable for
this purpose. It may be possible however to design a test based on
the patterns of autocorrelation decay of the models, or to make use
of other information criteria, or Bayes factors.

Another important question is what kind of reliabilities we may
expect in practice when the observed scores do include measure-
ment error. Empirical examples that provide estimates of person-
specific reliabilities are still very rare. In an n = 1 example by
Schuurman et al. (2015) about the daily mood of eight women,
reliabilities ranged from about .5 to .7. In the empirical application
of the current work on general and relationship PA we find similar
results, with average reliabilities of .4 and .6 across women. Hu et
al. (2016) find slightly higher average within-person reliabilities of
about .7 or .75 for the PANAS, using a parallel test and internal
consistency approach. The reliabilities found may seem somewhat
low, but this result is less surprising for the MEVAR(1) model,
considering that €,; could also include true occasion-specific fluc-
tuations in the variable of interest in addition to measurement
error. In the empirical example, we found a residual correlation
between the measurement error, which implies that at least part of

what is classified as measurement error may in fact be something
more systematic. Such fluctuations in the observed scores may
occur as a result of a wide range of both internal and external
influences, including for example the weather, hormone levels,
getting a phone call or e-mail, eating a snack, hearing a certain
song, and so on, as long as the resulting fluctuations are specific to
a single measurement occasion.

It is an interesting notion, that depending on the nature of these
true effects, what is classified as measurement error variance may
not only depend on the variables and population of interest, but
also on the frequency of measurements. If the occasion-specific
effects are truly unique to the measurement occasion, as would be
the case for truly random errors of measurement, we would expect
the variance of the measurement errors to be stable regardless
of the spacing or frequency of measurements we take. In practice
it might also be possible, however, that part of what is classified as
occasion-specific effects are true effects on the variable of interest,
of which the effect dissipated before the next measurement occa-
sion.'® If this is the case, different intervals of measurement may
result in different measurement error variances: For example, if
one measures once every minute, these effects most likely carry
over to the next measurement occasion through the autoregressive
effect and will be part of the innovations, but if one measures once
every hour, or once a day, or even once a week, such effects may
not carry over to the next measurement occasion and become part
of the error term w,; instead. Then, depending on the construct of
interest and the frequency of measurements, the proportion of
variance due to occasion-specific fluctuations may be consider-
able. With a different frequency of measurement, the proportion of
measurement error variance may be different too.

If this is the case, it may be possible in practice to decrease the
proportion of such “true’” occasion-specific fluctuations in the model,
by measuring more frequently so that the intervals between measure-
ments become smaller, such that these fluctuations essentially become
classified as innovations rather than measurement error. However, this
is speculative, and will surely not always be practically possible, for
instance, because it increases the burden on participants too much.
Furthermore, the variance due to truly occasion specific effects, such
as actual random measurement errors, will remain regardless of the
measurement interval. Of course, to some extent, classical measure-
ment errors such as making a mistake filling out a questionnaire, may
be circumvented by designing better measurement instruments or
improving the measurement conditions.

In practice, however, it seems likely that a proportion of the
variance in our measurements will be the result of effects of which the
influence is specific to one measurement occasion, including mea-
surement error, next to effects that are carried over to multiple mea-
surement occasions. Therefore, it would be prudent to account for
both dynamic error and measurement error in VAR models, while
allowing for interindividual differences in the reliabilities of the mea-
surements of multiple individuals. The multilevel MEVAR(1) model
discussed here may provide a relatively flexible environment for
accomplishing these two goals. We hope that this work may contrib-
ute to the dynamic modeling field by raising awareness of both the

19 This would imply that different external influences may affect the
variable, and carry over at different rates.
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consequences of disregarding measurement error, and the possibilities
for accounting for measurement error, in dynamic VAR models.
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Appendix A
Mplus Code for the MEVAR(1) Model

Mplus Code

DATA: FILE = datafile.dat;

ANA1YSTIS: TYPE IS TWOLEVEL RANDOM; estimator=bayes; fbiter=(120000) ;

proc=2; bseed = 1 2;

SAVEDATA: bparameters=bp.dat; save = fs(1000);

file=fs.dat;

factors= all; data imputation: thin=100;

VARIABLE: names = clus pag pas;
MISSING ARE *;
CLUSTER = clus;

MODEL:

SWITHIN%

Imaking latent variables ytilde (here f1 and £2)

f1 by pag@l(&l);
f2 by pas@l(&1);
[f1@0] ;
[f2@0];
lrandom regression coefficients
phil2 | f1 on f2&1;
phill | f1 on fl&1;

(Appendices continue)
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phi2l | £2 on fl&1;
phi22 | £2 on f2&1;

lrandom measurement error variances and covariances
logvl | pag:
logv2 | pas;
Z BY pag@l pas@l;
logvZ | Z;

lrandom innovation variances and covariances

logv3 | f1;
logvd | £2;
W BY fl@l f2@l;
logvW | W;
%BETWEEN%
lfixed effects and variances for random means
[pag*6.5];
pag*3;
[pas#*5];
pas*5;

lfixed effects and variances for random regression coefficients
[phill=*.5];
phill*.01;
[phi22%.5];
phi22%.01;
[phi12%*0];
phil2#*.01;
[phi21*0] ;
phi21%.01;

Ifixed effects and variances for random measurement error (co)variances
[logvl*0];
[logv2*0] ;
logvl*.15;
logv2*.15;
logvZ*.05;
[logvZ#*.25];

lfixed effects and variances for innovation (co)variances
[logv3*0] ;
[logva*0] ;
logv3*.15;
logvéa*x.15;
logvW*.05;
[TlogvW#.25];

! correlations between the random means and regression coefficients
! no correlation between random (co)variances and other parameters for simplicity
pag pas phill phi22 phil2 phi2l with pag#*0 pas*0 phill*0 phi22#%0 phil2*0 phi21%0;

PLOT:TYPE IS PLOT1 PLOT2 PLOT3;
OUTPUT:TECH1 TECHS;

(Appendices continue)
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Appendix B

Parameter Values Used for Generating Graphs A and B in Figure 2

Graph A Graph B
D, (6 0 0 0 .0 525 25 25 .0
0 61 3 3 3 0O 5 0 0 .0
0 0 62 0 0 0 0 4 0 0
0O 0 0 63 0 0O 0 0 5 .0
LO 0 0 0 .64 0O 0 0 0 4
3 i 5 —-15 -1 -1 -1 50025 25 25 257
-5 5 2 2 21 25 5 1 1 1
-1 2 S 2 2 25 .1 .5 .05 .05
-1 2 2 5 15 25 .1 05 5 .05
L —.1 2 2 15 5 25 .1 .05 05 5
pI (5 —28 —-25 —-25 —-25 50025 25 25 257
—-28 5 A5 15 17 255 1 1 1
—-25 .15 5 15 1 25 .1 .5 .05 .05
—-25 15 .15 5 1 25 .1 05 5 .05
L—25 .17 .1 .1 5 25 .1 .05 05 5
rel,, [.65 —.04 .06 .07 .07 93 —.04 —.08 —.06 —.087
17 .87 .02 .02 .01 A1 71 =07 —.07 —.08
12 .08 .59 .01 .03 08 —05 .68 —.05 —.04
A1 .09 .01 .60 .00 09 —-05 —.06 .69 -—.05
L.12 .08 .04 .00 .60 06 —06 —.04 —.04 .70 |
(f)i [39 —.02 .04 .04 .047 54013 .10 .11 —.087
21 .60 .20 .19 .19 06 35 —.04 —.04 —.04
.07 .05 .36 .01 .02 03 —.02 27 —.02 —-.02
.07 .05 .00 .38 .00 05 —-03 —.03 35 -—.02
.08 .05 .02 .00 .38 02 —-02 —.02 —.02 .28
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Appendix C

Parameter Values Used for Generating Graphs C and D in Figure 2

Graph C Graph D
@, (70 0 0 07 6 0 0 0 2
05000 07 0 2 0
00500 025 6 —350
33353 2 3 =35 6 0
L0 0 0 0 6] Lo o 0 0 7
D 5 .1 .01 .1 1] (5 0.0 .0 .0
d05 0 05000
s d5 00500
- 11105 0.0.0.50
25 L1111 5] L0 0005
=3 p 5 25 1 .1 .1 M 0 0 0 0
2 E 25 5 25 25 25 014 0 0 0
3 E 125 5 1 .1 0 0 12 0 0
E 2 1 25 1 5 .05 0 0 0 180
25 L1 25 1 05 5 0 o 0 0 8
B g rel,, [.65 —.15 .00 .10 .00 ] (.47 —01 .00 .02 .07]
g = -06 62 —.08 .04 —.07 -02 56 —.04 23 .00
5 o 00 —.I11 38 .06 .01 00 —03 54 —.16 .00
£ 06 —.16 .02 .80 .08 03 29 —24 58 .01
g3 [—01 —13 .00 .09 .61 | L.06 .00 .00 .00 .54
g @, (46 —.10 .00 .07 .00 ] [29 —01 .00 .01 .157
< -03 31 —.04 02 —.03 00 45 —07 27 .00
6 00 —06 29 .03 .01 -0l 02 40 —25 .00
& 20 —01 .16 49 21 AL 35 —34 48 .02
00 —.08 .00 .06 .37 04 —00 .00 .00 .38
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