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ABSTRACT

Intraindividual variability (IlV) characterizes the amplitude and temporal dependency of
short-term fluctuations of a variable and is often used to predict outcomes in psychological
studies. However, how to properly model IIV is understudied. In particular, intraindividual
standard deviation (or variance), which quantifies the amplitude of fluctuation of a variable
around its mean level, can be challenging to model directly in popular latent variable frame-
works, such as dynamic structural equation modeling (DSEM). In this study, we introduced
three novel modeling methods, including two two-step hybrid-Bayesian methods using
DSEM and a one-step full Bayesian method, to model IV as predictors. We conducted a
simulation study to evaluate the performance of the three methods and compared their
performance to that of the conventional regression approach under various data conditions.
Simulation results showed that the hybrid-Bayesian approach with multiple draws (HBM)
and the one-step full Bayesian (FB) approach performed well in recovering the parameters
when sufficient sample size and time points were available. The data requirement of using
FB was lower than HBM. However, the conventional approach and hybrid-Bayesian approach
with a single draw failed to recover parameters, even with large samples. We provided a
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simulated data example with code online to illustrate the use of the methods.

Introduction

Nesselroade (1991) distinguished the concepts between
intraindividual variability (IIV), which characterizes
short-term fluctuations of a variable around its mean
level that are “more or less reversible and occur rap-
idly” (p. 215), and intraindividual change, which is
enduring, developmental, and irreversible. Although
traditionally treated as random noise, IIV was found
to have substantive meanings, such that individuals
may consistently exhibit similar or different patterns
of intraindividual variability (Nesselroade, 1991, 2001;
Nesselroade & Molenaar, 2010). These pioneering
work motivated the study of interindividual differen-
ces in intraindividual variability in many areas of
psychology. For example, in aging studies, intraindi-
vidual variability in reaction time tasks of older adults
was found to be negatively related to their cognitive
performance over three years (Bielak et al., 2010). In
affect dynamics research, Ong et al. (2025) found that

higher mean levels and inertia of negative effect were
associated with depressive symptoms. Furthermore, in
the personality domain, Wright and Jackson (2025)
found that intraindividual variability around personal-
ity trajectories predicted health status using big longi-
tudinal data from five countries.

In the last several decades, intensive longitudinal
designs, such as the measurement burst design (e.g.,
Nesselroade, 1991; Ram & Gerstorf, 2009), experience
sampling (e.g., Carstensen et al., 2011), and daily diary
design (e.g., Laurenceau & Bolger, 2005), have gained
popularity for collecting many repeated measurements
over short periods of time, making it feasible to study
interindividual differences in intraindividual variabil-
ity. The focus of research has transitioned from
whether to study intraindividual variability to how to
study it (Boker et al.,, 2009). Ram and Gerstorf (2009)
categorized intraindividual variability into net (or
time-unstructured) versus time-structured intraindi-
vidual variability. The key distinction is that net
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intraindividual variability reflects dynamic characteris-
tics or time-unrelated change (e.g., the amplitude of
fluctuations), whereas time-structured intraindividual
varjability describes dynamic processes or time-
dependent change (e.g., cycles, oscillations, and lagged
effects). More specifically, net intraindividual variabil-
ity refers to the range or dispersion of behaviors
exhibited by an individual, with little consideration of the
temporal order of measurements. In contrast, time-
structured intraindividual variability emphasizes temporal
dependencies across occasions. Studying time-structured
intraindividual variability allows researchers to better
understand how individuals adapt to endogenous and
exogenous influences over time.

To measure net intraindividual variability, a fre-
quently used indicator is the intraindividual standard
deviation (ISD), reflecting the extent to which an indi-
vidual’s scores vary around their own intraindividual
mean score (Dejonckheere et al., 2019; Ram &
Gerstorf, 2009). Alternative indicators include the
intraindividual variance (IVAR), absolute range, inter-
quartile range, and others. Among these, IVAR is
often used, because its distribution is easier to model
than the others (Wang et al, 2012). Time-structured
intraindividual variability is typically assessed using
time series models such as the autoregressive models
or moving average models, capturing systematic, time-
dependent structures in the data. To quantify time-
structured intraindividual variability, the first-order
autocorrelation and the first-order autoregressive par-
ameter (i.e., the AR(1) coefficient, also called the iner-
tia) are commonly used in psychological research (Du
& Wang, 2018). For example, the inertia reflects the
extent to which a state at one time point can be pre-
dicted by its value at the previous time point.

Some IIV indicators, such as the mean square suc-
cessive difference (MSSD; Jahng et al., 2008), combine
both the amplitude of fluctuation and temporal
dependency. However, such composite measures may
obscure the distinct contributions of each dynamic
component when predicting an outcome. For
example, Wang et al. (2012) argued that the amplitude
of fluctuation and temporal dependency can have dif-
ferent predictability of outcomes and their real data
analysis results confirmed this. Therefore, they recom-
mended that the amplitude of fluctuation and tem-
poral dependency represent distinct aspects of
intraindividual variability, and thus should be mod-
eled by separate indicators.

As reviewed earlier, there is much research interest
in examining whether IIV (both the amplitude of fluc-
tuations and the temporal dependency) is predictive
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of psychological health outcomes (e.g., Bielak et al,
2010; Ong et al, 2025, Wright & Jackson, 2025),
allowing researchers to better understand interindivid-
ual differences and prediction of well-being and health
(e.g., Kuppens et al., 2012). To better understand the
current statistical practices in IIV research, we con-
ducted a literature review on how intraindividual vari-
ability was quantified and modeled in psychological
studies. We used PsycArticles with the keyword
“variability” in the abstract to identify IIV articles
published between 2010 and 2024 and in two journals:
Emotion and Psychology and Aging. 81 studies were
identified (see Appendix A in the Supplementary
Materials for details). We extracted the following
information from these studies, including the quantifi-
cation indicators of IIV, whether IIV was modeled as
a predictor in the analysis, and the modeling method
of ITV (i.e., via latent variable or using computed indi-
cators based on observed scores).

Among the 81 studies, 50 (61.7%) used ISD (or
IVAR) to quantify intraindividual variability and 12
(14.8%) used AR(1) coefficients to study inertia. The
rest of the articles used other indicators, such as
MSSD (34.6%) or intraindividual coefficient of vari-
ation (ICV; 4.9%), to quantify intraindividual variabil-
ity. In 43 (53.1%) of the 81 studies, intraindividual
variability was included as a predictor in the analyses.
In these studies, researchers are often interested in
studying whether and how IIV indicators (e.g., ISD,
IVAR, MSSD, and/or AR coefficients) predict health
and psychological outcomes, above and beyond the
intraindividual mean. From the review, we also found
that the prevalent method of modeling IIV was using
IIV estimates directly calculated from the observed
data. We refer to these IIV estimates as the observed
IIV such as the observed ISD, observed IVAR, and
observed AR(1) coefficient. For example, among the
50 studies that studied ISD (or IVAR), 44 (88%) mod-
eled the observed ISD (or observed IVAR) as a pre-
dictor or outcome in the analyses. For inertia, out of
the 12 studies, 10 (83.3%) used the observed AR(1)
coefficient and modeled them in the next-step analy-
ses. Due to its widespread use in current practice, we
refer to the modeling of observed IIV as the conven-
tional approach (or the “naive” approach).

However, researchers have noted a concern pertain-
ing to the reliabilities of those IIV estimates, which
can be computed using the squared correlation
between the IIV indicator estimates and true values
(e.g., between the observed ISD and the true ISD).
For example, Estabrook et al. (2012) conducted a
simulation study and found that the observed ISD had
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much lower reliability estimates compared to the
observed intraindividual mean (IM) when the number
of measurement occasions is small. Wang and Grimm
(2012) analytically derived the reliabilities of the
observed IM, observed ISD, and observed IVAR, and
reported consistent findings. They also found that the
observed IVAR can have low reliability estimates
when the number of measurement occasions is small.
Du and Wang (2018) extended this work and esti-
mated the reliabilities of the observed IM, observed
ISD, observed IVAR, and observed AR(1) coefficient
with autocorrelated data. Notably, they found that the
reliability estimates of the observed AR(1) coefficient
were even lower than those of the observed ISD and
observed IVAR under the same data conditions. In
the conventional approach, these observed intraindi-
vidual variability indicators are directly modeled as
predictors, which can lead to incorrect statistical infer-
ence about the regression coefficients, for instance,
underestimating their relationships with outcomes
(McDonald, 2013). To account for the reliability issue,
researchers have proposed using the latent variable
modeling or mixed-effects modeling frameworks in
which intraindividual variability is modeled as latent
variables or random effects. Below, we first review
latent variable or mixed-effects approaches for model-
ing ISD and IVAR, and then turn to the approaches
for modeling the inertia.

Gerstorf et al. (2009) first used item parceling to
obtain three ISD estimates. Then, in a structural equa-
tion model (SEM), a latent ISD factor was constructed
based on the three ISD estimates via the measurement
model, and used to predict an outcome in the struc-
ture model. However, the performance of this
approach has not been evaluated via analytical or
simulation studies. Hedeker et al. (2008) proposed the
mixed-effects location scale model (MELSM), where
the IM (the location) and IVAR (the scale) are mod-
eled as random effects, while allowing covariates to
predict variations in both (Dzubur et al., 2020). Feng
and Hancock (2024) extended MELSM to the struc-
tural equation modeling framework, enabling IM and
IVAR to be modeled as latent predictors and/or latent
outcomes. In these models, temporal dependency was
not modeled, and thus time-structured intraindividual
varijability (e.g., the inertia) was not considered. In
this case, the inertia is not included as a predictor of
outcomes, although our literature survey suggested
that researchers are interested in studying the predic-
tivity of temporal dependency.

Rast et al. (2022) proposed a multivariate general-
ized autoregressive conditional heteroskedasticity

model (MGARCH) to capture intraindividual variabil-
ity through the shock variance (also called the residual
or innovation variance), and to study the AR process
in the shock variance for each individual. Dynamic
structural equation modeling (DSEM; Asparouhov
et al., 2018; Hamaker et al., 2018, 2021) was pro-
posed to model the person-specific shock variance
and AR parameters as latent predictors or outcomes
at the between-person level. However, in these two
models, it is challenging to directly model ISD or
IVAR as latent variables to study the amplitude of
fluctuation in a process variable itself. Instead, the
shock variance is used as an IIV indicator to capture
dynamic characteristics. Importantly, when temporal
dependency is present and modeled, the shock vari-
ance differs from the intraindividual variance (IVAR)
of the process variable. Unlike ISD or IVAR, the
shock variance depends on which dynamic process is
modeled (Brockwell & Davis, 2002). For example, an
AR(1) model and an AR(2) model can yield different
shock variances using the same data. Additionally, as
reviewed in our literature survey, researchers are
more interested in examining individual differences
in the intraindividual variability of the process itself
rather than the residuals, and thus used ISD or
IVAR as indicators of net intraindividual variability
more frequently in the IIV literature (e.g,
Dejonckheere et al., 2019; Ong et al., 2025; Wright &
Jackson, 2025). Therefore, in the current study, we
focus on using IVAR and ISD as indicators of net
intraindividual variability indicators and study how
to model them.

In the recently developed continuous time -
residual DSEM (CT-RDSEM) framework (Asparouhov
& Muthén, 2024a), IVAR rather than the shock vari-
ance can be directly modeled as a latent variable.
However, the AR coefficients (e.g., the inertia) are not
directly modeled in this framework. Instead, the drift
matrix is modeled and the AR coefficients can be
obtained via a nonlinear transformation of the drift
matrix. Additionally, a non-linear transformation is
still needed to convert IVAR to ISD. Like DSEM, CT-
RDSEM cannot model IVAR (or ISD) and AR coeffi-
cients simultaneously as predictors in one step.

Our literature survey suggested that there is much
research interest in studying interindividual differen-
ces in both aspects of intraindividual variability: the
amplitude of fluctuation in a process variable itself
(e.g., ISD or IVAR) and temporal dependency (e.g.,
the inertia). However, our methodological review sug-
gested that there remains a lack of existing latent vari-
able approaches to do so, and the prevalent method is



still the conventional approach of modeling observed
IIV indicators. To our knowledge, only two prior
studies have examined this issue using multilevel or
latent variable approaches. Wang et al. (2012) devel-
oped a multilevel model that has both IVAR and the
inertia as random effects (or latent outcomes) via a
full Bayesian method. Krone et al. (2018) proposed a
Bayesian dynamic model to study emotion dynamics
in which IVAR and the inertia were modeled as
latent outcomes. However, the performance of these
methods has not been evaluated through simulation
studies. Furthermore, how to model IVAR (or ISD)
and the inertia as latent multiple predictors has not
been previously studied. Therefore, there remains a
gap in the literature regarding how to properly
model both aspects of intraindividual variability,
amplitude of fluctuation (e.g., ISD or IVAR) and
temporal dependency (e.g., the inertia), as latent
multiple predictors.

To fill in the research gap, in the current study, we
aim to introduce and evaluate novel approaches to
modeling the intraindividual mean, amplitude of fluc-
tuation (e.g., ISD or IVAR), and temporal dependency
(e.g., inertia) as latent multiple predictors with inten-
sive longitudinal data. We proposed a one-step full
Bayesian approach to simultaneously model the three
dynamic components as latent predictors and imple-
mented the approach in the Bayesian software pro-
gram JAGS. Considering the complexity of the model
in the one-step approach, we also developed two two-
step hybrid-Bayesian approaches, in which a smaller
model is estimated in each step, thereby reducing the
computational burden in each step. Stepwise estima-
tion procedures have been applied across various
types of latent variable models and offer several
advantages, such as improving model convergence,
reducing misspecification, and allowing greater flexi-
bility in handling complex model structures (e.g.,
Bakk & Kuha, 2018; Rosseel & Loh, 2024; Usami,
2023). An additional potential benefit of using the
proposed two-step approaches is that the two steps
can both be implemented in popular SEM software
Mplus, allowing researchers who are not familiar with
Bayesian platforms to easily adopt the
approaches. A simulation study was conducted to
compare the performance of the three novel methods
to that of the conventional regression approach of
using observed IIV indicators as predictors. We also

more

included illustrative examples to showcase how the
approaches can be implemented with shared code and
data online.
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The rest of the article is organized as follows. First,
we introduce the population model of interest and
demonstrate the purpose of fitting the population
model. We then describe the four studied approaches:
the conventional approach, the one-step full Bayesian
approach, the hybrid-Bayesian approach with a single
draw, and the hybrid-Bayesian approach with multiple
draws. Next, we conduct a simulation study to com-
pare the performance of the four approaches and pro-
vide modeling recommendations based on the
simulation results. After that, we use an illustrative
example to demonstrate the use of the four
approaches. We conclude the article with discussing
the implications and limitations of the study.

Methods

In the present study, we focus on examining whether
intraindividual variability of variable X is predictive of
an outcome variable, above and beyond the intraindi-
vidual mean of X. To study the intraindividual mean
and variability of variable X, repeated measures of X
can be collected over T time points from N individu-
als. With the longitudinal data, researchers can study
interindividual ~differences in the intraindividual
dynamic processes and how the dynamic components
are associated with individuals’ future outcomes. To
this end, the intraindividual mean and variability (i.e.,
both amplitude of fluctuation and temporal depend-
ency) of X can be extracted for each individual, then
included as predictors in a multiple regression model
to predict outcomes. There are multiple ways to
extract intraindividual dynamic components for each
individual, which will be discussed below in this sec-
tion. Before that, we introduce the population mul-
tiple regression model of interest, which is usually the
main analysis model if researchers are interested in
the predictivity of intraindividual dynamics.

The population regression model of interest

In the population model shown in Eq.1, intraindivid-
ual dynamic components, including the intraindivid-
ual mean (y;), temporal dependency (¢;), and
amplitude of fluctuations (ISD; or IVAR;), are
included as predictors to predict an outcome in a
multiple regression model. Note that in the population
model, the predictors are true scores rather than esti-
mates. In some methods described below in this sec-
tion, however, the estimated intraindividual mean and
variability instead of the true scores, are modeled as
predictors.
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Outcome; = By + By * 1; + B * ¢; + B3
xISD; (or IVAR;) +e¢; (1)
e; ~ N(0,0%) (2)

In Eq.l, u; is the true intraindividual mean which
quantifies the average level of variable X over T time
points for individual i. The first-order AR(1) coefficient
¢; is the carryover effect of observations of X at time
t — 1 on observations of X at time t, capturing the tem-
poral dependency or inertia for individual i. ISD; (or
IVAR;) is the true intraindividual standard deviation (or
intraindividual variance) which describes the amplitude
of short-term fluctuations in X for individual i. If sys-
tematic trends are identified in X, the trends should be
statistically removed before modeling the intraindividual
dynamics. For example, a polynomial change curve (e.g.,
linear) can be fitted to the time series data to remove
the polynomial growth or decline trend and the differen-
ces between the raw time series data and the expected
scores from the fitted curve form the detrended series.

In the IIV literature, both ISD and IVAR have been
frequently used to quantify the amplitude of fluctuation.
As shown in our literature survey, ISD is more fre-
quently used as a predictor than IVAR, because ISD is
in the original scale of the study variable and can have
better interpretability. IVAR is more often modeled as
an outcome than ISD due to its relatively tractable dis-
tribution and it has also been used as a predictor in
empirical IIV studies (e.g, Brose et al, 2012
Dejonckheere et al, 2019). Therefore, in the present
study, we use both ISD and IVAR as indicators of net
intraindividual variability and examine the performance
of different approaches of modeling them as predictors.

In the multiple regression model, the outcome of
interest is regressed on y;, ¢;, and ISD; (or IVAR;).
The intercept f5, is the baseline of the outcome when
all predictors are set to zero. The three regression coef-
ficients, f8;, f,, and f5;, measure the effects of the pre-
dictors on the outcome after controlling for the effects
of the other two predictors. Specifically, f;, measures
how p; predicts the outcome above and beyond ¢; and
ISD; (or IVAR;), f/, measures how ¢; predicts the out-
come after controlling for the effects of y; and ISD; (or
IVAR;), and f; measures how ISD; (or IVAR;) predicts
the outcome after accounting for y; and ¢;. The
residual e; is the deviation of the predicted outcome
value to the observed value for individual i, with mean
zero and standard deviation ¢. In this population
model, researchers are often most interested in estimat-
ing and testing the three regression coefficients (i.e., 5,
p,, and f;) to study whether the intraindividual mean
and variability are predictive of the outcome.

Next, we introduce the conventional approach and
three novel modeling approaches to estimating the
population model. We start with the conventional
approach in which the observed IM, AR(1) coefficient,
and ISD (or IVAR) are used to predict the outcome.
Next, we propose a full Bayesian method in which the
true IM, AR(1) coefficient, and ISD (or IVAR) are
modeled as latent variables to predict the outcome.
Finally, we introduce two two-stage hybrid-Bayesian
approaches in which estimates of IM, AR(1) coeffi-
cient, and ISD (or IVAR) are obtained from a multi-
level dynamic model for each individual in the first
stage and then are used to predict an outcome in a
regression model in the second stage.

Modeling approaches

The conventional approach

In the conventional approach, the observed or esti-
mated IM, AR(1) coefficient, and ISD (or IVAR) are
obtained for each individual before estimating the
population model. More specifically, the observed IM
of individual i (i.e., X;) is calculated by the average of
x; across T time points :

X = (Z%)/T, (3)

where x;; is the observed score for individual i at time
t. The observed AR(1) coefficient of individual i, ¢,
is calculated by

T-1

T
b= (G —E) (= X)) Y (a—X)% (4)

t=1 t=1

The observed ISD of individual i is calculated by
the standard deviation of observations over T time
points:

T

D —x)*/(T=1), (5)

t=1

—

ISD; =

and the observed IVAR (i.e., IV/A\R,-) is the square
of @i-

With person-specific predictors obtained from the
sample, the population model is estimated by fitting
the regression model below.

=Bo+ Pr*xi+ Py*x b+ P
* @,’ (OI' I\?XR,) + e, (6)
e; ~ N(0,0%)

Outcome;

In this approach, the predictors are estimates calcu-
lated from the sample and the estimation can be done



by a statistical inference method such as the ordinary
least squares method, maximum likelihood (ML) esti-
mation, or Bayesian estimation. In this study, we used
ML estimation to estimate the regression model under
the conventional approach.

As reviewed in the introduction, the predictors are
prone to the low reliability issue, especially for the
intraindividual variability predictors (i.e., q;ﬁi, ISD;,
and I\7A\R,»). Thus, we expect that the statistical infer-
ence results of the regression coefficients from this
approach may be incorrect.

The one-step full Bayesian (FB) approach

In the proposed one-step full Bayesian method, the
true IM, AR(1) coefficient, and ISD (or IVAR) are
modeled as latent variables via a multilevel autoregres-
sive model (the within-person model), and the within-
person dynamics and between-person relations (the
between-person model) are modeled simultaneously.

The within-person model can be written as

Xit = W + ¢y x (Xi -1 — 1) + &ir (7)
Eip ~ N(()’ TCi) (8)

In Eq.7, y; is the latent or true intraindividual
mean and is time-invariant, and x;; is latent mean
centered to disaggregate within-person and between-
person relations and reduce bias in estimating the
AR(1) coefficients (Asparouhov et al., 2018). After
latent mean centering, x; .1 — i; represents the tem-
poral deviation for individual i at time ¢t — 1 from the
intraindividual mean ;. The AR(1) coefficient ¢,
describes the carryover effect of temporal deviations
(i.e., x; -1 — ;) at time t—1 on deviations at time ¢
for individual i. Level-1 residual ¢; is the deviation of
the predicted value for individual i at time ¢ from the
observed value x;. &; is assumed to be normally dis-
tributed with mean zero and a person-specific vari-
ance m; (the shock or residual variance of individual
i). Note that the intraindividual mean p;, AR(1) coef-
ficient ¢;, and residual variance 7; are all allowed to
vary across individuals.

A logarithmic transformation was applied to m; so
that the within-person residual variance m; remains
positive while lognm; can range from negative infinity
to positive infinity (Hedeker et al., 2008; Hoffman,
2007; Wang et al., 2012). Following the standard dis-
tribution specification of dynamic components in
DSEM (Asparouhov et al, 2018; Hamaker et al,
2018), the three latent variables, y;, ¢;, and logn; are
assumed to follow a multivariate normal distribution
with a mean vector y and a covariance matrix ®.
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Assuming stationarity, ISD; (or IVAR;) can be
expressed as a nonlinear combination of ¢; and logn;
(Wang et al., 2012):

15D, — | 22Uos™) 9)
-4,

VAR, — M. (10)
1 - ¢;

After obtaining ISD; (or IVAR;), the between-
person model is specified as:

Outcome; = fy + fy * p; + o x d; + B3
xISD; (or IVAR;)+e; (11)
e; ~ N(0,0%).

Note that the computation of ISD; (or IVAR;) was
done in each iteration of Markov Chain Monte Carlo
(MCMC) sampling. Thus, at the between-person level,
all three predictors in Eq.11 are modeled as latent
variables.

To estimate the model, we used non-informative
priors in the present study, to allow the data “speak for
themselves” without imposing strong prior beliefs.
Thus, the priors have minimal influence on the poster-
ior distributions. Alternative prior specifications (e.g.,
informative priors) are also available and may be
appropriate depending on the context. Specifically, for
the means of y;, ¢;, and logn; (ie., 7 s), the prior was
respectively a univariate normal distribution N(0, 10'°).
For the covariance matrix of y;, ¢;, and logn; (ie., @),
a non-informative inverse Wishart distribution was
used with the scale matrix I3 (a 3-by-3 identity matrix)
and degrees of freedom =4 (Gelman et al., 1995;
Zhang, 2021). Each regression coefficient in Eq.11, f3,
to B;, had a normal prior N(0,10'°). For the regres-
sion residual variance ¢?, an inverse gamma prior
IG(.001,.001) was specified. We used the Gibbs sam-
pler algorithm to obtain the posterior distributions for
the model parameters and latent variables (Plummer,
2017). The AR(1) coefficients were constrained to be
within (-1, 1) when generating posterior samples to
(1) follow the stationarity assumption (Hamilton, 2020)
and (2) ensure ISD; (or IVAR;) was computed to be
positive in each iteration. The one-step full Bayesian
approach produces posterior distributions of the regres-
sion coefficients. Therefore, statistical inference can be
made about the regression coefficients by examining
their posterior means, medians, standard deviations,
and credible intervals among other quantities. We
implemented the estimation in jags using the “R2jags”
package in R (Su et al., 2024).
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The one-step full Bayesian approach models the
within-person dynamics and between-person relations
simultaneously. When both the within-person and
between-person models are complex (e.g., both the
within-person and between-person models involve
multivariate variables), we suspect that computational
problems may occur. To ease the computations, we
introduce two two-step hybrid-Bayesian approaches,
in which the within-person dynamics are estimated in
Step 1 and the regression model of interest is esti-
mated in Step 2, reducing the model complexity in
each step.

The two-step hybrid-Bayesian approach with a sin-
gle draw (HBS)

In Step 1, a two-level dynamic model is fit. The
within-person model specification was identical to
that in the full Bayesian approach (i.e., Eqs.7 and 8).
The three dynamic components, y;, ¢;, and logn;, are
assumed to follow a multivariate normal distribution
with a mean vector y and a covariance matrix ®. In
this step, the outcome variable of interest was added
as an auxiliary variable at the between-person level to
correlate with the person-specific dynamic compo-
nents (Wang et al., 2025).

K y,u Ui
VAR I DR IR Rl IO
ZOgTCi ylogn Us;
Outcome; | Yo Uy
Mn_
"2 | MyN(0, @) (13)
Us;
Uy |

This model can be fit in the DSEM framework using
the Bayesian estimator in Mplus. Non-informative pri-
ors are used by default in Mplus. For each of the four
fixed effects (i.e., 7 s), the prior follows a univariate
normal distribution N(0,10'). For the Level-2 covari-
ance matrix @, the default prior is an inverse Wishart
distribution IW (0, — p — 1), where p is the size of the
covariance matrix ®. This prior is essentially the uni-
form prior (-o0o, oo) for all @ parameters, resulting in
a non-informative prior (Asparouhov & Muthén,
2023). With Bayesian estimation, posterior distributions
of the random effects (e.g., y;, ¢;, and logn;) can be
obtained for each individual.

Note that ISD; or IVAR; cannot be directly mod-
eled in the DSEM framework. But estimates of ¢, and
logn; can be obtained from the posterior distributions
(e.g., posterior medians) and estimates of ISD; (or
IVAR;) can be computed based on Eq.9:

exp(logm;)

iSD; = &%) (14)
s

IVAR, — “PUogm) (15)
1=,

under the stationarity assumption. For individuals
whose AR(1) coefficient posterior medians are > 1 or
< —1, the time series would be nonstationary and the
ISD; (or IVAR;) estimates would be negative or
undefined. Therefore, these individuals were excluded
from the step-2 analysis.

In Step 2, posterior medians of y; and ¢; (i.e., fi;
and (})i) and the calculated @i (or I\7A\R,) were
modeled as predictors to predict the outcome variable:

Outcome; = f§; + f; * f; + f, * 4;1' + Bs

* Ig\D, (OI‘ IVA\R,) + e, (16)
e; ~ N(0,0%)

Note that in Eq.16, the three predictors are esti-
mates obtained from DSEM, not latent variables.

We used Mplus to fit the multiple regression model
with maximum likelihood estimation. Although it is
easy to implement, this approach ignores the uncer-
tainty in the single estimates (i.e., posterior medians),
which may underestimate uncertainty measures (e.g.,
standard errors) thus leading to poor coverage issues
(Rubin, 1987; Schafer & Graham, 2002). To circum-
vent this issue, we proposed a two-step approach with
multiple draws.

The two-step hybrid-Bayesian approach with mul-
tiple draws (HBM)

In Step 1, we obtain the posterior distributions of the
three dynamic components by fitting the same model
in the first step of the single-draw approach (i.e.,
Eqs.7-8 and Eqs.12-13). Different from the HBS
approach, multiple (e.g., M = 50) values of ¢; and
logn; were drawn from their posterior distributions.
Then, multiple ISD; (or IVAR;) estimates were
calculated for each individual accordingly, yielding M
datasets:

(17)

exp(logmim )
et

l_d)im

IVAR,, = (18)

where m = 1,2,..., M. Similar to the HBS approach,
individuals whose AR(1) draws have absolute values



larger than or equal to one were excluded from
further analysis. Specifically, individuals with any out-
of-range AR(1) draws were excluded from all M data-
sets because the multiple imputation function in
Mplus requires an equal number of observations
across all datasets.

In Step 2, a multiple regression model was fit to
each dataset:

Outcomei = Bo + Bun * i + Bam * G + B
* IS/I-DT,,, (or IV?&T{W,) + eims
eim ~ N(0,02,).
(19)
Then the regression results from M datasets were
aggregated using the standard pooling method for

multiple imputation (Rubin, 1996), with the point
estimate

M
Q=) Qu/M (20)
m=1

and the standard error estimate

> O/m+ 2L > (@u-07/ - 1)

m=1

(21)

where Q € {By, . 3} and U € {s .55, 5 }-

The first step was also implemented in the DSEM
framework in Mplus with the Bayesian estimation. In
the second step, we used the multiple imputation
function in Mplus to fit the multiple regression model
of interest with maximum likelihood estimation and
aggregate the results.

The steps of the full Bayesian and hybrid-Bayesian
modeling approaches are summarized in Table 1.
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A Simulation study

We conducted a simulation study to compare the per-
formance of the four modeling approaches (i.e., the con-
ventional approach, the one-step full Bayesian approach,
the hybrid-Bayesian approach with a single draw, and
the hybrid-Bayesian approach with multiple draws)
under different data conditions. With the results, model-
ing recommendations will be provided. In this section,
we first introduce the simulation study design and
evaluation criteria. Then, we describe the simulation
data generation and show the simulation results.

Simulation design

We employed a factorial experimental design with
four factors: the sample size (N = 50,100,
200, 300, 500), number of time points (T = 10, 20, 30,
50,100), variability indicator (i.e., ISD or IVAR for
the net variability), and effect size of the three regres-
sion coefficients (zero or small-medium f? = .05 to
0.1; Cohen, 1988; Maxwell, 2000). Across the three
regression coefficients, there are 2 x 2 x 2 = 8 effect
size combinations. Therefore, a total of 400
(5 x 5 x 2 x 8) conditions were evaluated. Each con-
dition had 500 replications.

For the full Bayesian or hybrid-Bayesian modeling
approaches, two chains were used for MCMC sampling.
For each chain, the number of iterations was set to
10,000 and the thinning period was set to 10. The first
half draws were burnt to stabilize the results. Hence, a
total of 1,000 posterior draws were obtained for each
parameter from the two chains. For the hybrid-Bayesian
approach with multiple draws, we set the number of
draws M = 50, based on the recommendations in the
multiple imputation literature (Rubin, 1987, 1996).

In this simulation study, we were interested in
whether the three regression coefficients (ie.,

Table 1. Steps in the full and hybrid-Bayesian modeling approaches.

Hybrid-Bayesian Modeling with a Single
Draw (HBS)

One-Step Full-Bayesian (FB)

Hybrid-Bayesian Modeling with a Multiple
Draws (HBM)

A single step: Jointly model the intraindividual
dynamic components and interindividual
relations by estimating the within-person
dynamic relations and between-person
regression model simultaneously.

Step 1a: Fit a DSEM and obtain posterior
distributions of y;, ¢;, and logm;.

Step 1b: @5, (or I\TA\R,») is computed based on
posterior medians of ¢; and logmn;:

Step 1a: Fit a DSEM and obtain posterior
distributions of y;, ¢;, and logm;.

Step 1b: Multiple ISAD,~ (or I\TA\RJ are computed
based on multiple posterior draws of ¢; and

- — - —~ logm;, yielding multiple datasets
ISD; = y/22logm), AR, = @elloom) — _
1-; 1-¢; IS/D;,, _ EX:(Z];[W)' |me :45'*"1(10;?,")’
m=12,..,M.

¢; and ISD; (or IVAR)) are calculated within
each iteration of MCMC sampling and are
modeled as latent variables.

Step 2: Fit the regression model of interest with
i, qg,, and ISD; (or IVAR;) as predictors.

Step 2: Fit the regression model with ;, (13,-7
and ISD; (or IVAR)) as predictors for each
dataset, and aggregate the results using the
standard pooling method in Rubin (1996).
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B1> B2, B3) can be recovered well using the four model-
ing approaches. We used the relative bias and 95%
confidence or credible interval (CI) coverage rate as
the evaluation criteria for parameters with nonzero
true value. For parameters with zero true values, the
empirical bias and empirical Type I error rate were
used as the evaluation criteria.

Specifically, the relative bias measures the extent to
which parameter estimates deviate from the true val-
ues. It is calculated by subtracting the true value from
the average estimate (the average of the point esti-
mates across all replications within a condition) and
then dividing this difference by the true value for
each parameter. Relative biases falling within the
range of [—10%, 10%] were considered ignorable
biases (Muthén & Muthén, 2002). When the true par-
ameter value is zero, the relative bias cannot be
obtained because the denominator is zero. In this
case, we used the empirical bias to measure the accur-
acy of the parameter estimates, which is calculated by
the difference between the average estimate across all
replications of a condition and the true value.

The 95% CI coverage rate and the empirical Type I
error rate measure how well statistical inferences are
made for a parameter. We used the 95% CI coverage
rate, the proportion of the 95% confidence or credible
intervals that contain the true value for each param-
eter within a condition to evaluate the inference per-
formance for parameters with nonzero true values.
Good 95% ClIs are expected to yield a coverage prob-
ability close to 95%. We treated coverage rates falling
within [91%, 98%] as satisfactory (Muthén & Muthén,
2002). For parameters with zero true values, the
empirical Type I error rate, the percentage of 95% Cls
that do not contain zero, was used. Empirical Type I
error rates within [2.5%, 7.5%] were treated as accept-
able for the nominal significance level of 5% (Bradley,
1978).

Data generation

We generated data based on Eqs.7-11. First, person-
specific i;, ¢;, and logn; were generated from a multi-
variate normal distribution. The true means and
between-person variances of the person-specific
dynamic components were adopted from the real data
analysis results reported in Table 1 of Hamaker et al.
(2018). The true mean vector of the three person-
specific components is y =[1,.3, — 2], and the true
variances (i.e., diagonal elements of @) are
[.6,.04,1.9]. The population correlations among the
dynamic components were set to 0.3 (medium size).

We constrained the generated values of ¢; to be
within (—1,.95) to (1) follow the stationarity assump-
tion (Hamilton, 2020) and (2) avoid potential compu-
tational issues arising by ¢; being too close to one
(Asparouhov & Muthén, 2024b), such as avoiding
having close to 0 denominator values when computing
ISD; (or IVAR;) in the Bayesian approaches. AR(1)
parameters that were generated outside (—1,.95) were
discarded (about 0.05% of the generated values) and
regenerated. There were about 6.7% negative autocor-
relations simulated, within the range (6.5% to 17.4%)
reported in Hamaker et al. (2018).

After obtaining the three person-specific dynamic
components, T occasions of e; was generated by Eq.8.
There are several ways to generate stationary time ser-
ies data. In this simulation, we used the method in
Fang and Wang (2024). Specifically, we set the start-
ing values (i.e., x;¢=—50) to be 0 and generated the
next 49 + T occasions of data for x; based on Eq.7
for individual i. Then, the first 50 observations of x;;
were discarded to ensure the remaining T observa-
tions are stationary for individual i.

In the final step, we computed the true ISD; (or
IVAR;) based on Eq.9 and generated the outcome
variable based on Egs.1 and 2. We set the regression
residual variance ¢? =1 and the true values of
B> By B; were determined by their effect sizes in the
simulation condition.

Simulation results

As mentioned earlier in the paper, the hybrid-
Bayesian approaches remove out-of-range AR(1) coef-
ficient draws in the second step. Across the simulation
conditions, for the HBS approach, less than 0.01% of
the AR(1) coefficient posterior medians had absolute
values larger than or equal to one. In the HBM
approach, on average, about 1% individuals had out-
of-range AR(1) coefficient draws and were excluded
from subsequent regression analysis.

Using ISD as a predictor

Figure 1 displays the relative biases and 95% CI cover-
age rates from the conditions where all fis have small-
medium effect sizes and ISD is a predictor, and
Figure 2 shows the empirical biases and empirical
Type I error rates from the conditions where all fis
have true values of zero and ISD is a predictor.

As seen from Figure 1, the conventional and HBS
approaches failed to recover the parameters. For
example, the conventional approach had non-ignorable
biases and low coverage rates when recovering the
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Figure 1. Relative biases and 95% Cl coverage rates when all regression coefficients had small-medium effect sizes and ISD is a

predictor.

Note. The shaded area marks the boundaries of [—.10,.10] for relative biases and [.91,.98] for 95% Cl coverage rates.
Conventional = the conventional approach; HBS =the hybrid-Bayesian approach with a single draw; HBM = the hybrid-Bayesian
approach with multiple draws; FB = the one-step full Bayesian approach.
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Figure 2. Empirical biases and empirical Type | error rates when all regression coefficients were zero and ISD is a predictor.
Note. The shaded area marks the boundaries of [.025,.075] for the empirical Type | error rates. Conventional =the conventional
approach; HBS =the hybrid-Bayesian approach with a single draw; HBM =the hybrid-Bayesian approach with multiple draws;

FB =the one-step full Bayesian approach.

regression coefficient of the AR(1) coefficient predictor
(ie, B,). The relative bias was —18.6% and 95% CI
coverage rate was 80.8% with T'= 100 and N = 500.
The coverage rate increased with larger T but decreased
with larger N. The HBS approach had a 30.0% relative
bias and a 62.1% coverage rate of f, when T = 100 and
N = 500. Similar to the conventional approach, cover-
age rates of the HBS approach increased with larger
T but decreased with larger N. Moreover, as seen in
Figure 2, the HBS approach had inflated Type I error
rates for 5, (e.g., 8.8% when T = 100 and N = 500).

Compared to the conventional and HBS approaches,
the HBM approach had better performance in recover-
ing the regression coefficients. Specifically, the HBM
approach had ignorable relative biases and satisfactory
coverage rates for all three regression coefficients when
T > 50. In terms of the empirical Type I error rates, the
HBM approach did not have inflated Type I error rates
for B, and f;, although this approach tended to be con-
servative with fewer occasions of data (e.g., T = 10).

The one-step FB approach generally worked well in
recovering all regression coefficients with sufficient N
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and T. The relative biases were ignorable and coverage
rates were satisfactory when T > 30 and N > 100,
except for only a few conditions slightly beyond the
range of [—10%, 10%]. As shown in Figure 2, the FB
approach had well-controlled Type I error rates when
T > 10 and N > 100.

In sum, the results suggested that the conventional
approach and the HBS approach had problems in
recovering the regression coefficients, especially for the
regression coefficient of the AR(1) coefficient predictor
(i.e., f,), and thus are not recommended. The HBM
approach successfully recovered all regression coeffi-
cients when T > 50. The one-step FB approach gener-
ally worked well and its data requirement (i.e., T > 30
and N > 100) was lower than the HBM approach.

In other effect size conditions, such as one or two
Ps having true values of zero, the conventional and
HBS approaches consistently had unsatisfactory per-
formance, especially in recovering f5,. In contrast, the
HBM and FB approaches recovered all regression
coefficients well, despite slightly different data require-
ments. The relative biases, empirical biases, 95% CI
coverage rates, and empirical Type I error rates from
these effect size conditions can be found in the online
supplemental material (Appendix B).

Using IVAR as a predictor

The results from conditions where all s have small-
medium effect sizes and IVAR is a predictor are dis-
played in Figure 3 and those from conditions where

are displayed in Figure 4. The overall findings from
modeling IVAR as a predictor were similar to those
from modeling ISD as a predictor, except for differen-
ces in the data requirements on N and T.

First, the conventional approach failed to recover
f, when all ffs had small-medium effect sizes. The
relative bias was —17.8% and the coverage rate was
76.2% when T =100 and N =500. Similarly, the
HBS approach failed to recover f,. The relative bias
was —25.3% and the coverage rate was 65.0% when
T =100 and N = 500. The coverage rates of the two
approaches increased with a larger T but decreased
with a larger N. In terms of the empirical Type I error
rates, the conventional approach had well-controlled
Type I error rates, whereas the HBS approach had
inflated Type I error rates, especially for f,.

The HBM and FB approaches had satisfactory per-
formance with sufficient N and T. When all s had
small-medium effect sizes, the HBM approach recovered
all ps well with satisfactory coverage rates and well-
controlled Type I error rates except for a few lower than
2.5% empirical Type I error rates when T is small (e.g.,
10 or 20). The relative biases for 5, and 5, were gener-
ally ignorable when T > 30; but the relative biases for
p5 approached the ignorable range when T > 100
(—14% to —4% relative biases when T = 100 and
N > 100). The FB approach worked well when T > 30
and N > 200, with ignorable relative biases, satisfactory
coverage rates, and well-controlled Type I error rates.

In sum, when IVAR is a predictor, the conven-
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Figure 3. Relative biases and 95% Cl coverage rates when all regression coefficients had small-medium effect sizes and IVAR is a

predictor.

Note. The shaded area marks the boundaries of [—.10,.10] for relative biases and [.91,.98] for 95% Cl coverage rates.
Conventional =the conventional approach; HBS =the hybrid-Bayesian approach with a single draw; HBM = the hybrid-Bayesian
approach with multiple draws; FB = the one-step full Bayesian approach.
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Figure 4. Empirical biases and empirical Type | error rates when all regression coefficients were zero and IVAR is a predictor.
Note. The shaded area marks the boundaries of [.025,.075] for the empirical Type | error rates. Conventional =the conventional
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FB =the one-step full Bayesian approach.

recovering the regression coefficients, especially the
one of the AR(1) predictor (i.e., f5,), and thus are not
recommended. The HBM approach can successfully
recover all regression coefficients but the number of
time points required can be 100 or more. The one-
step full Bayesian approach generally worked well and
its data requirement (i.e., T > 30 and N > 200) was
lower than that of the HBM approach.

lllustrative examples

To illustrate the use of the four modeling approaches
and numerically compare the results from the
approaches, we used simulated data based on real data
analysis results from Ong et al. (2025). We presented
two illustrative examples: one used ISD as a predictor,
and the other used IVAR. In Ong et al. (2025), nega-
tive affect was measured on 56 consecutive days in a
sample of 799 adults. At the within-person level, daily
negative affect was modeled by a multilevel AR(1)
model to capture the temporal dependency across the
56 days. At the between-person level, three dynamic
components, including the intraindividual mean (i.e.,
IM), inertia (i.e., the first-order AR coefficient), and
variability (i.e., ISD) of daily negative affect, were used
to predict depressive symptoms measured after the
56-day window. Results found that higher intraindi-
vidual means and greater inertia of negative effect
were associated with higher scores of depression.
However, variability measured by ISD was not signifi-
cantly linked to depressive symptoms after accounting
for the intraindividual mean and inertia.

Two datasets were generated: one for modeling ISD
as a predictor, and the other for modeling IVAR as a
predictor. The true values used to generate the data in
the illustrative examples were based on the results in
Ong et al. (2025). Specifically, y;, ¢;, and logn; in
Eq.12 were generated from a multivariate normal dis-
tribution. The means of the dynamic components were
set to be 1.25, 0.3, and —3.2, respectively, and the var-
iances were set to be 0.16, 0.06, 2.1, respectively. The
variance of y; was modified from the real data analysis
result 0.04 to 0.16 to increase the between-person vari-
ance of the intraindividual means. The correlations
among the three dynamic components were 0.55
between u; and ¢;, 0.81 between y; and logn;, and 0.40
between ¢; and logm;, respectively. Then, the true ISD;
(or IVAR;) was computed using Eq.9 (or Eq.10). The
regression coefficients of IM, AR(1), and ISD (or
IVAR) in the multiple regression models were set to be
10, 8, and —2 respectively. The effect sizes of the
regression coefficients (f?> = .10,.04,.002 in Example 1
where ISD was modeled as a predictor; f* =
.14,.04,.03 in Example 2 where IVAR was modeled as
a predictor) correspond to the medium (2, = .16)
and small (f?,, = .02, f2,, =.004) effect sizes in
Ong et al. (2025). The intercept and residual variance
of the multiple regression models in both examples
were set to 0 and 60, respectively. Using those values,
negative affect scores and depressive symptom scores
in both examples were generated following the same
procedure used in the simulation study. Each simulated
data had 800 individuals and 56 time points, similar to
Ong et al. (2025).
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Table 2. True values, estimates, and 95% Cls of the regression coefficients from the two illustrative examples.

True regression

Regression coefficient estimate and 95% confidence (or credible) interval

Predictor coefficient (f5) Conventional HBS HBM FB
Ex. 1: using ISD IM py =10 8.26 [6.50, 10.02]* 9.16 [6.81, 11.51]* 9.78 [7.25, 12.30]* 9.93 [7.39, 12.35]*
AR(1) p, =8 6.17 [3.67, 8.68]* 11.22 [7.68, 14.75]* 8.03 [4.14, 11.92]* 7.98 [4.25, 11.51]*
ISD 3 =-2 1.46 [-0.78, 3.71] —1.95 [—4.44, 53] —1.61 [-4.19, .97] —2.00 [—4.51, 0.60]
Ex. 2: using IVAR IM =10 9.21 [7.67, 10.76]* 8.63 [6.66, 10.59]* 9.91 [7.64, 12.18]* 9.90 [7.75, 12.04]*
AR(1) p,=8 6.99 [4.41, 9.56]* 12.00 [8.48, 15.53]* 8.74 [5.03, 12.45]* 8.50 [4.56, .12.171*
IVAR p3=-2 —0.39 [—1.25, 47] —1.45 [-2.35, —0.55]* —1.99 [—4.21, .14] —1.78 [-3.20, —0.56]*

Note. * indicates p < .05. Conventional =the conventional regression approach; HBS =the hybrid-Bayesian approach with a single draw; HBM =the
hybrid-Bayesian approach with multiple draws ; FB =the one-step full Bayesian approach.

In the modeling approaches that involve MCMC
sampling, the numbers of iterations, burn-in period,
and thinning period for each of the two chains were
set to 10,000, 5,000, and 10, respectively, consistent
with the simulation study. In the HBS approach, the
number of posterior samples that were used to get the
posterior medians was 1000. In the HBM approach,
the number of multiple draws was 50."!

Table 2 shows the results from the four modeling
approaches for the two examples. First, the conven-
tional approach failed to recover f; regardless of
whether ISD or IVAR was a predictor. Second, the
HBS approach failed to recover §, when IVAR was a
predictor, with a substantial relative bias (50%) and
a 95% CI not covering the true 5,. When ISD was a
predictor, the HBS approach also overestimated f,,
resulting in a 40% relative bias in the parameter esti-
mate. In contrast, the HBM and FB approaches recov-
ered all three parameters well with their 95% ClIs
covering the true regression coefficient values. These
two illustration examples showed that when inappro-
priate methods were used to model intraindividual
variability as predictors, biased parameter estimates or
inaccurate inferences could be obtained.

Discussion

The predictivity of intraindividual variability on health
or psychological outcomes is widely studied in many
subfields of psychology, such as affect dynamics, cog-
nitive performance, and aging research. However,
methodological research on modeling intraindividual
variability remains limited. In particular, the ampli-
tude of fluctuation quantified by the intraindividual
standard deviation (or variance) and the temporal
dependency (e.g., the inertia), can be challenging to
be simultaneously modeled as multiple predictors in
popular latent variable frameworks, such as DSEM.

'The example data and implementation code for the four methods can
be found in https://github.com/peggywangnd/IIV_DSEM.

To address the research gap, we introduced and eval-
uated three novel modeling methods, including a
one-step full Bayesian approach and two two-step
hybrid-Bayesian approaches, to model intraindividual
variabilty as predictors.

Primary findings and implications

Our simulation study showed that the conventional
regression approach of modeling observed IIV indica-
tors as predictors led to inaccurate inferences of the
regression coefficients. In the literature, researchers
have noted that the observed IIV indicators can have
low reliability estimates when the number of time
points is not sufficient (e.g., Du & Wang, 2018; Wang
& Grimm, 2012) and improper inferences can be
made for regression coefficients when predictors have
the low reliability issue (McDonald, 2013). Thus, our
simulation results on the performance of the conven-
tional approach were consistent with the literature.

The two hybrid-Bayesian approaches have advan-
tages compared to the one-step full Bayesian
approach. First, each step of the hybrid-Bayesian
approaches has a smaller model than the one-step full
Bayesian approach, leading to fewer potential compu-
tational issues. Second, in the current study, nonlinear
transformations were made on the dynamic compo-
nent estimates to obtain estimates of intraindividual
standard deviation (ISD) and intraindividual variance
(IVAR) in Step 1 and thus allow the direct modeling
of ISD or IVAR instead of the shock or residual vari-
ance in Step 2. In other studies, other linear or non-
linear transformations can be made on the step-1
estimates to allow the estimation and test of other
models of interest (e.g., mediation or moderation ana-
lysis) in Step 2. Between the two hybrid-Bayesian
approaches, the performance of the HBS approach
was not satisfactory, as it ignored the uncertainty in
the single draw estimates. However, the performance
of the HBM approach was satisfactory with sufficient
sample sizes and numbers of time points.



The HBM approach was implemented in Mplus
under the DSEM framework, which can enjoy the
advantages of DSEM, such as handling unequal time
intervals and missing data (Asparouhov et al., 2018;
Fang & Wang, 2024; Hamaker et al.,, 2018). The two-
step nature of this method makes it a feasible alterna-
tive to the one-step full Bayesian approach.

The one-step full Bayesian approach had satisfac-
tory performance when modeling either ISD or IVAR
as a predictor and the data requirements were lower
than those of the HBM approach. We implemented
the FB approach in R JAGS. However, it can also be
implemented in other Bayesian software programs
such as BUGS or Stan. Researchers who are more
familiar with other Bayesian software programs can
modify the JAGS code and implement the FB
approach elsewhere.

Limitations and future directions

In the current study, we assumed the process variable
from which the IIV indicators are calculated from has
zero measurement error. In psychological or behav-
ioral research, variables of interest often are measured
with a measurement scale and thus measurement
errors can exist. Wang and Liu (2025) showed that
when measurement errors exist, the conventional
regression approach performed even worse than when
there is no measurement error. For example, they
found that regular regression yielded worse perform-
ance about the coefficient of ISD when the number of
time points increases under the presence of measure-
ment errors. Our proposed approaches including the
HBM and FB approaches, which model both the amp-
litude of fluctuation and temporal dependency, can be
extended to account for measurement errors in future
research.

In our hybrid-Bayesian approaches, we included
step-2 variables in Step 1 modeling as auxiliary varia-
bles to model the between-person covariance matrix.
In the missing data literature, the inclusion of auxil-
iary variables has been discussed intensively (e.g.
Collins et al., 2001). In the mixture modeling litera-
ture, whether and how to include the distal outcomes,
predictors, and covariates into the latent class detec-
tion process has also been discussed (e.g., Asparouhov
& Muthén, 2014). Simulation results showed that if
the step-2 variables are not included in step-1 analysis,
inaccurate inferences were made from the hybrid-
Bayesian approaches (Wang et al, 2025). Whether
and how to include step-2 variable in Step 1 modeling
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should be further evaluated for dynamic modeling in
future research.

In the simulation study, we adopted the between-
person variance parameter values of the dynamic
components from a real data analysis in Hamaker
et al. (2018). We did not vary the sizes of the varian-
ces of the dynamic components due to the already
large number of studied simulation conditions (i.e.,
400). Thus, we did not examine its impact on the per-
formance of the modeling approaches in the present
study. Studying this impact could be an interesting
future research direction.

Conclusions

In this article, we proposed and evaluated novel
modeling approaches to simultaneously model two
aspects of intraindividual variability (i.e., the ampli-
tude of fluctuation and temporal dependency) as
predictors. Our simulation results showed the con-
ventional regression approach and the hybrid-
Bayesian approach with a single draw can lead to
inaccurate inference results (biased estimates and
poor coverage rates) about the predictivity of intra-
individual variability indicators. In contrast, the
proposed hybrid-Bayesian approach with multiple
draws and the proposed one-step full Bayesian
approach yielded accurate inferences when the sam-
ple size and the number of time points are suffi-
cient. We provided simulated data examples to
illustrate the use of the approaches with sharing the
data and model code online. We hope this study
offers useful tools for researchers interested in intra-
individual variability, especially in understanding
how interindividual differences in intraindividual
variability relate to outcomes.
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