
Structural Equation Modeling: A Multidisciplinary Journal

ISSN: 1070-5511 (Print) 1532-8007 (Online) Journal homepage: www.tandfonline.com/journals/hsem20

Three-Level Dynamic Structural Equation
Modeling

Tihomir Asparouhov & Bengt Muthén

To cite this article: Tihomir Asparouhov & Bengt Muthén (29 Jan 2026): Three-Level Dynamic
Structural Equation Modeling, Structural Equation Modeling: A Multidisciplinary Journal, DOI:
10.1080/10705511.2025.2608122

To link to this article:  https://doi.org/10.1080/10705511.2025.2608122

Published online: 29 Jan 2026.

Submit your article to this journal 

View related articles 

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=hsem20

https://www.tandfonline.com/journals/hsem20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10705511.2025.2608122
https://doi.org/10.1080/10705511.2025.2608122
https://www.tandfonline.com/action/authorSubmission?journalCode=hsem20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=hsem20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10705511.2025.2608122?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10705511.2025.2608122?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/10705511.2025.2608122&domain=pdf&date_stamp=29%20Jan%202026
http://crossmark.crossref.org/dialog/?doi=10.1080/10705511.2025.2608122&domain=pdf&date_stamp=29%20Jan%202026
https://www.tandfonline.com/action/journalInformation?journalCode=hsem20


Three-Level Dynamic Structural Equation Modeling

Tihomir Asparouhov and Bengt Muth�en�

Mplus 

ABSTRACT 
In this paper, we describe a three level dynamic structural modeling framework as a generalization of 
the DSEM framework of Asparouhov et al. Model estimation is discussed and the framework is illus
trated with simulation studies and practical examples. Two common scenarios are described. The first 
is intensive longitudinal data for a group of individuals where observations are nested within days, 
periods, waves or bursts. The second is intensive longitudinal data for individuals nested within higher 
level clusters. Comparisons are made with two-level DSEM models and emphasis is given to what can 
be learned from the additional level of clustering.
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1. Introduction

In this paper, we explore the possibility of expanding the 
Mplus dynamic structural equation modeling (DSEM) 
framework of Asparouhov et al. (2018) to accommodate an 
additional, third, level of nesting. Such a modeling frame
work can also be viewed as an extension of the standard 
hierarchical three-level framework for the special case where 
the lowest level of clustering arises from repeated measures 
across time. As in DSEM, modeling repeated observations 
across time for multiple individuals needs to accommodate 
autocorrelation of the observations across time in addition 
to the correlation due to nested observations modeled by 
the random effects in the multilevel models.

DSEM can be viewed as a computationally practical alter
native to RI-CLPM (random intercept cross-lagged panel 
modeling) when the number of repeated observations for an 
individual is large, such as with intensive longitudinal data 
(ILD). In that regard, DSEM3 (three-level DSEM) can be 
viewed as a practical alternative to a two-level RI-CLPM for 
ILD. Two-level RI-CLPM can be estimated with maximum 
likelihood estimation in Mplus.

There are several potential application areas for DSEM3. 
First, when repeated measures are observed for individuals 
who are also nested within higher-level units such as schools 
or hospitals, we can use the additional level of nesting to 
account for school-level or hospital-level effects, while still 
providing DSEM-level modeling for individual ILD. In such 
an application, the additional clustering level is the highest 
level of clustering. DSEM in its nature is profoundly a 
single-level model despite the fact that we do portray it as a 
two-level model. That is because we model data for individ
uals. The two-level nature of the model is just to capture 
the ILD. Multilevel modeling is essential, however, to study 
group-level effects on individuals, such as hospital effects, 

treatment effects, or classroom or school effects. Thus, 
DSEM3 is essentially multilevel-DSEM, which allows us to 
study these group-level effects for individuals that have ILD.

The second application area is the case of bursts of ILD 
for multiple individuals. Study designs may include multiple 
series of repeated measures. For example, once a month, 
intensive daily data might be collected to study an individu
al’s daily dynamics. Collecting the data over many months 
may allow us to study the long-term evolution of variables, 
while the intensive daily data would still allow us to study 
momentary assessment and dynamics. In this design, the 
new level is the middle level, which is responsible for cap
turing the monthly evolution of the variables that are not 
time-invariant. Subject-specific effects will remain at the 
highest level.

The third application area is similar to the “burst of ILD” 
application, however, here the bursts are not based on the 
design but on the human nature of sleep. Sleep is a funda
mental disruptor of momentary assessment models. 
Ignoring the nighttime sleep’s ability to reset and restore 
human behavior in a fundamental way is a detriment. 
Treating “sleep time” as just another 8-hour period is likely 
to distort the dynamics we want to study. Continuous time 
analysis in Asparouhov and Muth�en (2024a) shows that for 
one example, sleep-time is equivalent to 1.8 times daytime 
as far as memory of emotions in concerned. Clearly, how
ever, different emotions would be affected differently by the 
nighttime reset, which thus impairs our ability to study mul
tiple variables. We cannot fix this problem by stretching the 
time during the night. There is an additional computational 
issue that DSEM suffers from when accounting for night 
time. The TINTERVAL command in Mplus inserts missing 
data when there are no observations collected, i.e., in an 
hourly design, 8 rows of missing data are inserted for every 
day of observation to account for sleep time. That level of 
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missing data can be difficult for the Bayesian estimation, 
where every missing value is imputed at every iteration. 
Depending on the complexity of the model, there is an 
upper limit of missing data that an estimation can handle 
without being either too slow or too close to convergence 
problems or identification issues. DSEM3 offers a valuable 
alternative and potential solution to modeling night time, 
not just in terms of the computational aspect but also in 
terms of modeling the fundamental reset. For each day, the 
within-day data is modeled with a separate time-series. The 
middle level in the model contains the day specific effects, 
while the lower level contains the within-day time-series. 
The highest level is the individual level. This within-day, 
between-day, between-person model may in fact be the 
most common application area for DSEM3 because many 
existing ILD designs appear to fit this general description.

The fourth application area is in study design. Consider 
the fundamental question of how often we need to measure 
a variable. Clearly, most variables do not need to be meas
ured every second, and most momentary assessment studies 
would need more than one observation a day. DSEM3 can 
be used to determine the proper study design by analyzing 
“excessively” collected data for a small group of individuals. 
Consider as an example the situation where we want to 
determine if observations should be collected every 
5 minutes or every half an hour. The question is if a signifi
cant and meaningful change occurs over a 5-minute period 
that will allow us to study variable dynamics, or if a 30- 
minute period is sufficient. To answer this question, we can 
collect data on a small set of subjects 5 minutes apart. We 
can then conduct a DSEM3 analysis where the highest level 
is still the individual, the 30-minute period is the middle 
level, while the 6 observations within the thirty-minute 
period consist of the small cluster at the lowest level. The 
ultimate goal is to decompose the variance of the variables 
using only univariate analysis. The variance of the variable 
is decomposed in 3 ways: one for each level. The variance 
on the lowest level is further decomposed as random shock 
and autocorrelation. If the total within-level variance is 
smaller than 1 or 2 percent of the total variance, we can 
surely conclude that the 30-minute level is sufficient. We 
can repeat the above analysis for different size periods until 
we find an interval where the within-level variance is at suf
ficiently substantial levels. Using DSEM3 for the above pro
cedure is important because if we use a standard 3-level 
model, the part of the variance due to autocorrelation would 
be absorbed as a higher level variance and the within level 
variance would be underestimated.

The above applications are of two types. The first type is 
when the individual is the middle level, and individuals are 
nested within clusters (schools or hospitals). ILD is collected for 
the individuals. The second type is when the individual is the 
highest level cluster, while the middle clustering is based on 
time (such as in the bursts). The two types of applications are 
quite distinct in a way because when the middle level represents 
another time variable, there might be a possibility to further 
model autocorrelation on the middle level. Furthermore, when 
the middle level represents another time variable, such as the 

day variable in addition to within-day time variable, DSEM3 
might reduce the autocorrelations as compared to DSEM2. For 
example, introducing a day-specific effect in a model will com
pete with the autocorrelation of the within-day observations. 
The level of reduction in the autocorrelations would affect the 
cross-lagged modeling and might have substantial practical 
implications.

In what follows, we will continue to motivate DSEM3 with 
simulation studies and real-data examples. We also discuss a 
formal definition of the model as well as the model estimation. 
We limit ourselves to the case of normally distributed variables 
as well as the DSEM framework alone and not the RDSEM 
framework which separates predictors and dynamic variables.

2. The DSEM3 Model

Let Yijt be a vector of measurements for individual i in clus
ter j at time t, where the i-th individual is observed at times 
t ¼ 1, 2, :::, Tij: The DSEM3 model of lag L begins with the 
following decomposition

Yijt ¼ Y1, ijt þ Y2, ij þ Y3, j, (1) 

where Y2, ij and Y3, j are individual-specific and cluster- 
specific contributions and Y1, tij is the time t specific devi
ation for individual i in cluster j, i.e., the residual. All three 
components are latent normally distributed random vectors 
and are used to form three sets of structural equations - one 
on each level.

The within-level part of the DSEM3 model is described 
by the following equations which include time-series com
ponents of lag L and is essentially the same as the within- 
level DSEM model

Y1, ijt ¼ �1 þ
XL

k¼0
K1, kg1, ij, t−k þ

XL

k¼0
RkY1, ij, t−k

þ
XL

k¼0
K1, kX1, ij, t−k þ e1, ijt (2) 

g1, ijt ¼ a1 þ
XL

k¼0
B1, kg1, ij, t−k þ

XL

k¼0
QkY1, ij, t−k

þ
XL

k¼0
C1, kX1, ij, t−k þ n1, ijt: (3) 

Here X1, ijt is a vector of observed covariates for individ
ual i in cluster j at time t and g1, ijt is a vector of latent vari
ables/factors. The time-series nature of the model is 
contained in the fact that all of the variables from the previ
ous L periods can be used as predictors as well for the cur
rent period. When the time index t − k becomes non- 
positive, the variable is treated as missing.

The second and third level models are standard structural 
equation models and are essentially the same as in a stand
ard 3-level SEM

Y2, ij ¼ �2 þ K2g2, ij þ K2X2, ij þ e2, ij (4) 
g2, ij ¼ a2 þ B2g2, ij þ C2X2, ij þ n2, ij (5) 
Y3, j ¼ �3 þ K3g3, j þ K3X3, j þ e3, j (6) 
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g3, j ¼ a3 þ B3g3, j þ C3X3, j þ n3, j: (7) 

The vector X2, ij is a vector of individual-specific time- 
invariant covariates and X3, j is a vector of cluster-specific 
covariates. Similarly, g2, ij is a vector of individual-specific 
time-invariant latent variables and g3, j is a vector of cluster- 
specific latent variables. The variables e1, ijt; n1, ijt;

e2, ij, n2, ij, e3, j, n3, j are zero mean residuals as usual. 
Regressions among Y components on the between levels are 
indirectly included as well by creating a latent variable equal 
to the Y variable on the corresponding level.

Note that not all covariates are decomposed as the 
dependent variables are in (1). The covariates in the above 
model are present only on one of the levels. If a covariate 
needs to be decomposed, it must be treated as a dependent 
variable or alternatively it can be decomposed using 
observed centering. That is, a covariate Xijt can be replaced 
by three observed centered covariates, one on each level: 
X�j� ; Xij� − X�j� and Xijt − Xij� : Here Xij� is the average over 
t of Xijt and X�j� is the average over i of Xij� : Note that in 
general, it is always better to decompose the covariates 
because the three different components may have different 
regression coefficients. However, in some cases due to small 
data or the nature of the variables, statistical significance for 
the additional covariates might not be attainable. That is, 
there is no statistically significant variation across the two 
higher levels and the added predictors might be too close to 
constant and may practically lose their usefulness. In prin
ciple, using the latent variable decomposition (1) is prefer
able to observed centering for covariates, i.e., converting the 
covariate to a dependent variable is preferable. Such decom
position prevents biases that may be introduced in the 
model due to not accounting for the measurement error in 
the mean/averages. However, observed centering might be 
preferable because no assumption on the distribution of the 
covariates is made. Latent centering, i.e., latent decompos
ition as in (1), assumes normally distributed components. If 
the distribution of the covariate deviates substantially from 
a normal distribution, observed centering decomposition of 
the covariate might be preferable.

The vectors Y2, ij and Y3, j can include not just the latent 
decomposition parts of the variables Yijt but can also 
include observed variables that are subject-specific or 
cluster-specific. Thus, dependent variables observed at Level 
2 and Level 3 can also be included in the model.

An additional extension of the above model is the possi
bility of including random slopes. All structural coefficients 
in equations (2) and (3) can be random effects, i.e., coeffi
cients that vary over individuals and clusters. As in the 
Mplus 3-level SEM framework, such coefficients are treated 
as latent variables on the higher levels and become a part of 
the vector g2, ij and g3, j: Furthermore, residual variance and 
correlations in (2) and (3) can also be random effects and 
can vary over the higher level units. This is implemented as 
in the DSEM framework, where the log transformation for 
the variance and the Fisher-z transformation for the correla
tions, see Asparouhov and Muth�en (2023), are treated as the 

sum of two random effects: one from each of the two higher 
levels. This feature is available only in Mplus 9.1.

An essential part of the DSEM3 model is that all variable 
components on the within level are centered. Time- 
invariant, subject-specific or cluster-specific parts of the var
iables have been removed from the observed value when the 
variables or their lagged versions are used for the time- 
series modeling on the within level. If the variables are not 
centered, we can expect biased estimates, Hamaker and 
Grasman (2014). If the lagged variables are centered with 
the observed centering method, instead of the latent center
ing used in DSEM3, Nickell’s bias occurs, see Nickell (1981) 
and Hamaker and Grasman (2014). Similarly, if a non- 
lagged variable is not centered, biases related to the big-fish- 
small-pond effect can occur, Marsh et al. (2014). Similarly, 
if a non-lagged variable is observed-centered, biases occur 
related to not accounting for the error in the average, 
L€udtke et al. (2008). The concept of latent-centering is tradi
tionally used for multilevel SEM, Muth�en and Satorra 
(1995). More recently, it has been fully adopted in DSEM2, 
Asparouhov et al. (2018), as well as two-level SEM with ran
dom slopes Asparouhov and Muth�en (2019).

The model description thus far does not include a time- 
series model for the middle level. Such a time-series model 
can become of interest for those situations where the highest 
level cluster is the individual and the middle level clustering 
is a time-related variable such as bursts or day. Such model
ing will not be meaningful if the middle level clustering 
variable is not a time variable. For example, if the middle 
level clustering variable is individual, and the highest level 
clustering variable is a group of individuals, having an 
autoregressive model on the middle level is meaningless.

In Mplus 9.1, the DSEM3 framework has been general
ized to include a middle level time-series model. In this 
model, equations (4) and (5) are replaced with

Y2, ij ¼ �2 þ
XL

k¼0
K2, kg2, i, j−k þ

XL

k¼0
R2, kY2, i, j−k

þ
XL

k¼0
K2, kX2, i, j−k þ e2, ij (8) 

g2, ij ¼ a2 þ
XL

k¼0
B2, kg2, i, j−k þ

XL

k¼0
Q2, kY2, i, j−k

þ
XL

k¼0
C2, kX2, i, j−k þ n2, ij: (9) 

These equations essentially mirror the structure of equa
tions (2) and (3). The middle level index j must represent 
time in this model. The most common application is the 
case where i is the individual and j is the day, i.e., the case 
where observations are nested within day and individual. 
This model allows us to explore autocorrelation not just for 
the observations within a day but also a separate autocorrel
ation for the day specific effects.

A limited DSEM3 model estimation with time-series on 
both (lowest and middle) levels has also been discussed in 
Asparouhov and Muth�en (2024b). This alternative approach 
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is based on the DSEM2 framework where the within 
DSEM3 level is modeled in wide format. Such an approach 
is limited, however, because writing a model in wide format 
yields a multivariate model with a large number of variables. 
For more complex models this becomes very sdifficult and 
the estimation is very slow. In addition, organizing the data 
in wide format is more challenging.

It should be noted that before a time-series model can be 
established on both within and middle levels, a certain 
amount of data prerequisites will be needed: more than 5 
observations at the lower level, more than 5 observations at 
the middle level, substantial percentage of variance at each 
of the two levels, i.e., greater than 2% of the total variance, 
autocorrelations that are statistically different from 0 and 1 
on both levels. In addition, the data on the middle level 
must be in close proximity of time. Bursts of ILD that are 
several months apart are likely to have zero autocorrelation 
in human behavioral data. Overall, there are 4 components 
competing to explain correlations among the observations of 
a single variable Y: random effects Y3, j; Y2, ij; autocorrelation 
on the within level and autocorrelation on the middle level. 
Naturally the most difficult to establish will always be the 
auto-correlation on the middle level. Because of the high 
level of competition for correlation modeling among the 
four features, we can expect that only larger data would be 
suitable to estimate time series models at both levels. 
Exploring such middle level autocorrelation can be done 
using the sample autocorrelation for the factor score esti
mates of Y2, ij; or alternatively using a DSEM2 model for 
Y2, ijþY3, j: These factor scores can be obtained using the ML 
or Bayesian estimation of a three level model.

3. Model Estimation

Here we do not provide a full description of the model esti
mation but rather limit the discussion to the strategy used 
for the estimation. It is largely based on the DSEM2 model 
estimation. The strategy boils down to using MCMC 
Bayesian estimation where the random effects at level 2 and 
level 3 are updated in separate Gibbs sampler steps. 
Conditional on the level 3 effects Y3, j; the model becomes a 
DSEM2 model and thus Y2, ij can be updated as in DSEM2. 
Here the clustering of the observations is based on the mid
dle level clustering variable. Similarly, conditional on the 
level 2 effects Y2, ij the model becomes a DSEM2 model and 
thus Y3, j can be updated as in DSEM2. Here the clustering 
of the observations is based on the highest level clustering 
variable.

The above strategy is simple but the simplicity might be 
costly. Updating parameters, random effects, missing data in 
many more separate blocks creates the possibility for non- 
convergence due to highly posteriorly correlated compo
nents being updated in different steps. This can cause slow 
convergence and non-convergence. The effects Y3, j and Y2, ij 
are likely to be highly posteriorly correlated. The fewer mid
dle level units there are, the more posteriorly correlated the 
effects will be and if there is just one unit, that posterior 
correlation is 1. The exact same applies to random 

regression slopes present on both levels. Consider a simple 
example where the current estimate for these random effects 
is Y3, j þ h and Y2, ij − h; where Y3, j and Y2, ij are the true 
values, and h is a large value compared to their posterior 
variance. We would expect that the posterior updating of 
the effect will eliminate h after several MCMC iterations. 
However, there is nothing in the data that helps in that pro
cess when the data components are updated separately. If 
the middle effect is conditioned upon and is set at Y2, ij − h 
then the level 3 effect must be near Y3, j þ h: The opposite 
updating also will also not be able to remove h. In fact the 
only evidence against h comes from the fact that the mean 
of Y2, ij is zero and the variance on both levels is to be as 
small as possible. Such evidence however is quite small com
pared to the weight of the within level model which may 
contain a large number of observations.

The question then arises as to whether there exists a 
more efficient estimation algorithm that would update Y3, j 
and Y2, ij simultaneously. Clearly, the answer is yes. As in 
DSEM2, the model can be reformulated to use uncentered 
variables while the random effects are linearly transformed 
based on the autocorrelation. Thus, the model becomes 
similar to a three-level model where compact and simultan
eous updating exists: Y3, j is updated first, then ½Y2, ijjY3, j� is 
updated. That is, the joint distribution of Y2, ij and Y3, j is 
used for updating the random effects instead of the two 
conditional distributions ½Y2, ijjY3, j� and ½Y3, jjY2, ij�: A linear 
transformation of these random effects subsequently produ
ces the random effects for DSEM3. Implementing the more 
efficient “joint” algorithm is somewhat more intricate than 
implementing the less efficient “separate” algorithm. DSEM3 
in Mplus version 9 is based on the “separate” algorithm, 
while Mplus version 9.1 implements the “joint” algorithm 
for some DSEM3 models.

Bayesian estimation for latent centering of mediators 
with random slopes also provides an additional level of 
complexity. Latent centering has two variations: random 
slopes for covariates that are modeled on all three levels, 
and random autoregressive coefficients for variables mod
eled on all three levels. As described in Asparouhov and 
Muth�en (2019), such modeling necessitates an additional 
split in the random effect updating: random intercepts and 
random slopes must be updated in two separate steps. 
Otherwise, the posterior distribution is not explicit/normal. 
When this is added to the mix of DSEM3, we may obtain 
four blocks of random effects that are updated separately: 
random intercepts at level 2, random intercepts at level 3, 
random slopes at level 2, and random slopes at level 3. The 
“separate” algorithm uses all four blocks and faces more 
perilous waters to navigate; thus, convergence issues must 
be strictly monitored. The more efficient “joint” algorithm 
in this case would use just two blocks: random intercepts at 
both levels, and random slopes at both levels. Non-DSEM3 
three-level model estimation with or without random slopes 
for latent-centered mediators in Mplus 9 uses the more effi
cient “joint” algorithm. DSEM3 with latent centering model 
estimation in Mplus 9 uses the less efficient “separate” 
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algorithm, while Mplus 9.1 uses the more efficient “joint” 
algorithm for some such models.

The advantages of the more efficient “joint” algorithm are 
that it converges with fewer iterations, it is faster in terms of 
computational time per iteration, and ultimately is more likely 
to converge. The drawbacks of the “joint” algorithm are that 
it is more difficult to implement, as the joint distributions are 
more difficult to express mathematically in a computationally 
feasible form, and, related to that, it is available for fewer 
models than the “separate” algorithm, which can more easily 
accommodate more complex features.

4. Simulation Studies

In the next few sections we present some key simple models 
that illustrate the basic concepts of DSEM3. The purpose of 
these simulations is to demonstrate that the estimation 
method works correctly, i.e., that the parameter estimates are 
unbiased and that the credibility intervals include the true 
parameter values approximately 95% of the time. For this 
illustration, we use the following models: a simple autoregres
sive model with just one variable, a model with autoregressive 
effects on the within and middle levels, a model with random- 
autoregressive coefficient, a regression model between two 
variables with random slope where both variables are autocor
related, a vector autoregressive model with two variables, and 
a factor analysis model where the factor is autocorrelated.

4.1. Single Variable Model

Consider the single variable DSEM3 model

Yijt ¼ Y1, ijt þ Y2, ij þ Y3, j, (10) 
Y1, ijt ¼ qY1, ij, t−1 þ eijt (11) 

eijt � Nð0, r1Þ, Y2, ij � Nð0, r2Þ, Y3, j � Nð�, r3Þ: (12) 

The model can also be presented as a hierarchical model 
as follows

Level 1: Yijt ¼ Y3, jþY2, ijþqðYijt−1−Y3, j−Y2, ijÞþ eijt
Level 2: Y2, ij¼ eij
Level 3: Y3, j¼ �þ ej
eijt � Nð0, r1Þ, eij � Nð0, r2Þ, ej � Nð0, r3Þ:

The third term in the level 1 equation reflects the center
ing of the predictor, that is, the lagged outcome variable. 
The level-3 mean of the predictor as well as the level-2 spe
cific mean adjustment are subtracted to reduce the predictor 
to only the moment specific deviation that is relevant as a 
predictor for that moment. Note also that this is latent cen
tering because we do not use the observed average values to 
center the predictor but we use the model variables which 
are latent variables representing the means.

The model has a total of 5 parameters: the three varian
ces at each of the three levels, the intercept and the autocor
relation. Figure 1 shows the input file for a simple 
simulation study for this model. Here we use 50 level 3 
units, each with 10 level 2 units, and each of those contains 
10 observations equally spaced. The results based on 100 

replications are given in Figure 2 and show that the estima
tion performs well.

There are 3 different models that such data could be ana
lyzed with in the absence of the DSEM3 estimation. The 
first is just a regular 3-level model that ignores the autocor
relation parameter. The model can be estimated with the 
maximum-likelihood estimator or with the Bayesian estima
tor and in most situations the results are nearly identical. 
Here we use the Bayesian estimator to avoid any discrep
ancy due to the type of estimator. The second method is a 
DSEM2-L2 model where the third level of clustering is 
ignored. Such a method would be applicable when the level 
2 cluster variable is individual and the level 3 cluster vari
able is a nesting structure to which individuals belong, such 
as classrooms. The third method is DSEM2-L3 where the 
middle level clustering is ignored and the data within each 
level 3 unit is treated as an equally spaced set of sequential 
observations, a total of 100 in each level 3 unit. This method 
would be applicable for situations where the middle level 
clustering is a time variable.

The results for all the models are given in Table 1 and 
are all as expected. The 3-level model shows bias in r2: Not 
accounting for the autocorrelation will inflate the middle 
level intercept which can compensate somewhat for the 
autocorrelation. Underestimation is also visible in the stand
ard error of r1 which is caused by ignoring the non- 
independence at the within level. For the DSEM2-L2 model, 
r2 estimate matches r2þr3 value. The mean and variance 
standard errors are underestimated due to ignoring the 

Figure 1. Three-level DSEM single variable simulation study.
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higher level clustering and the non-independence of the 
level 2 units. For the DSEM2-L3 model, the autocorrelation 
is inflated as an attempt to explain the missing level 2 effect. 
The r1 The parameter is also inflated because not all the 
level 2 effect caused correlation can be fitted via autocorrel
ation. All other parameters remain intact. For example, in 
the 3-level model, r3 did not show any bias. That is, not 
accounting for the autocorrelation appears to strictly shift 
the 2-level variance only, but not the third level variance. In 
DSEM-L2, not accounting for the third level clustering did 
not affect the autocorrelation. In DSEM2-L3, ignoring the 
middle level clustering resulted in overestimation in the 
within level model but the third level variance is intact. 
Understanding the dynamics between these four models can 
be quite useful in practice. Estimating DSEM3 should be 
accompanied by these more restricted model estimations.

Note here that the results in Table 1 also point to a small 
bias in r3 for all models, although coverage is not affected. 
Note, however, that this is a well understood issue with the 
Bayesian estimator. We will discuss further various effects 
on the sample size at each level below. For now, we provide 
the following explanation. The quality of the estimates of 
the level 3 parameters is driven entirely by the number of 
level 3 units. The higher the number of level 3 units is, the 
closer we are to the asymptotic behavior of consistency for 
likelihood based estimation. When the number of level 3 
units is smaller, some finite sample size bias is expected. In 
addition, introducing a proper weakly informative prior for 
that parameter will likely influence the estimates and can be 

adjusted to reduce the bias. In contrast, the level 2 units 
and level 1 units are usually sufficiently large so that the 
asymptotic behavior is in effect. For our example, the num
ber of level 2 units is 500 and the number of level 1 units is 
5000 and therefore we can expect that the estimates will be 
consistent and that weakly informative priors will not have 
any effect on the estimates.

For the univariate model given above the variance of Yijt 
is decomposed 4-ways:

VarðYijtÞ ¼ r1 þ r1
q2

1 − q2 þ r2 þ r3: (13) 

The first term is the unexplained variance, the second 
term is the variance explained by the autocorrelation, the 
third and fourth terms are the effects of the second and 
third level clustering. We can think of this also in terms of 
intra-class correlation, i.e., in terms of the proportion each 
of the modeling components represents ICC1 ¼ r1=

VarðYijtÞ; ICCAR ¼ r1q
2=ðVarðYijtÞð1 − q2ÞÞ; ICC2 ¼ r2=

VarðYijtÞ; and ICC3 ¼ r3=VarðYijtÞ: In our simulated 
example the 4-way variance decomposition amounts to this: 
ICC1 ¼ 53%; ICCAR ¼ 5%; ICC2 ¼ 16%; ICC3 ¼ 26%: This 
variance decomposition has two implications. First, it allows 
us to focus on and understand where the variance for a 
variable is coming from. Second, for a variable to be truly a 
DSEM3 variable, all 4 components in this decomposition 
should be non-zero and also be practically and meaningfully 
non-zero. We argue here that components that are less than 
1 or 2 percents of the total variance are probably not of 
practical importance in most situations. Components that 
account for less than 1 or 2 percentage points from the total 
variance can be removed and a simpler model such as: 3- 
level, DSEM2-L2 or DSEM2-L3 should be considered as the 
base to build upon.

Figure 2. Three-level DSEM single variable simulation study results.

Table 1. Single variable DSEM3 model: estimate(coverage).

Parameter True Value DSEM3 3-level DSEM2-L2 DSEM2-L3

r1 1 1.01(.96) 1.01(.84) 1.01(.93) 1.16(.00)
r2 0.3 .30(.93) 0.40(.20) .80(.82) –
r3 0.5 .54(.95) 0.56(.97) – .56(.94)
q 0.3 .31(.94) – .31(.98) .40(.00)
� 1 1.00(.96) 1.01(.96) 1.00(.60) 1.01(.98)
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4.2. The Double Autoregressive Model

In this section, we consider a single-variable DSEM3 model 
with autoregressive coefficients at both the within and mid
dle levels. This model is applicable when observations are 
nested within individuals i at the highest level and within 
days j at the middle level. Multiple observations are taken 
within each day, with t denoting the time of observation 
within the day. The model is specified as

Yijt ¼ Y1, ijt þ Y2, ij þ Y3, i, (14) 
Y1, ijt ¼ q1Y1, ij, t−1 þ eijt , (15) 
Y2, ij ¼ q2Y2, i, j−1 þ eij, (16) 

eijt � Nð0, r1Þ, eij � Nð0, r2Þ, Y3, i � Nð�, r3Þ: (17) 

Here, Y3, i represents the time-invariant mean for individ
ual i, and Y2, ij represents the deviation from that mean on 
day j. The mean for individual i on day j is Y3, i þ Y2, ij:

Thus, Y2, ij can be interpreted as the day-specific mean for 
individual i on day j, excluding the time-invariant compo
nent Y3, i: The parameter q1 represents the within-day auto
correlation, while q2 represents the between-day 
autocorrelation.

We generate data according to the above model and ana
lyze it using five different models. The first model is the ori
ginal DSEM3 model given in equations (14)–(17). The 
second model, DSEM3-ARL1 (autoregressive on level 1), 
removes the parameter q2 from the DSEM3 model, thereby 
ignoring the between-day autocorrelation. The third model, 
DSEM3-ARL2, removes the parameter q1 from the DSEM3 
model, ignoring the within-day autocorrelation. The fourth 
model, DSEM2-day, averages the within-day observations 
and analyzes these averaged values using a DSEM2 autore
gressive model; the parameters r1 and q1 are removed from 
this model. The DSEM2-day and DSEM3-ARL2 models are 
quite similar in nature. The only difference is that the 
DSEM3-ARL2 model accounts for the error in the day- 
average as a measure of the day-mean. In fact, the DSEM3- 
ARL2 model can be formulated as a DSEM2 AR(1) model 
for a factor measured by multiple measurements within the 
day, with all loadings fixed to 1. The fifth model, DSEM2, 
ignores the day clustering completely and treats the individ
ual data as one long sequence of adjacent observations. This 
is a very common modeling approach. The DSEM2 model 
is related to the DSEM3-ARL1 model but differs in two 
ways. First, the DSEM2 model includes autocorrelation 
modeling for the transition between the last observation of 
one day and the first observation of the next day, a feature 
absent in the DSEM3-ARL1. Second, the DSEM3-ARL1 
model still includes a day-specific random effect, which 
likely captures a large portion of the within-day correlation 
among observations. We expect that this second difference 
is much more impactful than the first.

We generate 100 datasets with N ¼ 50 individuals meas
ured across D ¼ 10 days, each with T ¼ 10 measurements. 
We deliberately choose D and T to be relatively small but 
realistic values. The fact that D and T are not large is essen
tial for the discussion below. When D and T are large, the 
random effects Y3, i and Y2, ij will be nearly identical to their 

corresponding sample values: Y3, i will approximate the total 
(across-days) average value for individual i with very small 
posterior variance, and Y2, ij will approximate the difference 
between the average day value for individual i on day j and 
the total average value for individual i. This convergence 
occurs regardless of which of the five models is used, and 
the parameters they have in common will be estimated to 
similar values. Thus, comparison between the models is of 
interest only when D and T are small or moderate, which is 
the likely practical scenario.

The results of this simulation study are given in Table 2. 
In this table, the bias and coverage for models that differ 
from the generating model are computed not against the 
generating value but against the correct value for that spe
cific model. For example, when q1 is not included, the 
residual variance at the within level must be r1=ð1 − q2

1Þ ¼

1:2=ð1 − 0:32Þ; and the bias and coverage are compared 
against that value. The results show that the DSEM3 model 
performs correctly. The somewhat large bias in r3 is attrib
utable to the small value of N. With a larger value of N or 
with a weakly informative prior, the bias can be reduced. 
The results for DSEM3-ARL1 are as expected. The omission 
of the middle-level autocorrelation results in a larger r3 
variance and a smaller r2 variance as the model attempts to 
explain the autocorrelation via the random intercept. 
Remarkably, the within-level results with DSEM3-ARL1 are 
unaffected. Thus, we conclude that the consequences of 
omitting the middle-level autocorrelation are fairly benign: 
only the decomposition of the random intercept variances is 
distorted, but there is no effect on the key autoregressive 
parameter.

The results for DSEM3-ARL2 and DSEM2-day are con
cerning but also expected. In both cases, the autoregressive 
coefficient q2 is underestimated because Y2, ij is estimated 
with error. In the DSEM3-ARL2 case, the failure arises from 
not accounting for the fact that the different measurements 
are not independent but are autocorrelated. The failure for 
the DSEM2-day case is even more pronounced because the 
method ignores not only the autocorrelation but also the 
difference between the observed average and the true mean. 
In both cases, the underestimation of q2 naturally results in 
overestimation of r2: In the DSEM3-ARL2 case, the exclu
sion of the within-level autocorrelation increases r2 even 
further and naturally decreases r1: These simulation results 
suggest that averaging within-day observations is likely to be 
a poor strategy in most cases. Furthermore, this illuminates 
to some extent the following survey design issue: there is an 
established difference between momentary assessment (mul
tiple observations within the day on “how energetic do you 
feel now”) versus one summary assessment (“how energetic 
did you feel today”). The DSEM3 model can be used to 
model multiple momentary assessments, while the DSEM2- 
day presumably corresponds to the daily summary 
assessment.

The DSEM2 method shows overestimation of the auto
correlation, primarily due to the omitted day-specific effect. 
Correctly estimating the autocorrelation is important. In 
multivariate studies, cross-lag effects are often the key model 
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parameters. When autocorrelations are misestimated, cross- 
lag effect estimates will be unreliable.

For the DSEM3 model given above the variance of Yijt is 
decomposed 5-ways:

VarðYijtÞ ¼ r1 þ r1
q2

1
1 − q2

1
þ r2 þ r2

q2
2

1 − q2
2
þ r3: (18) 

The interpretation is the same as in equation (13). Here 
we have one additional term: the fourth term represents the 
variance explained by the between-day autocorrelation.

Note that DSEM3 and DSEM3-ARL2 can only be esti
mated in Mplus 9.1, while the other three models can be 
estimated in Mplus 9. For the remaining simulation studies 
we will use models with autocorrelation only on the within 
level.

4.3. Single Variable Model with Random Autocorrelation 
and Residual Variance

Here, we first consider the single variable DSEM3 model 
with random autocorrelation, i.e., with cluster specific auto
correlation

Yijt ¼ Y1, ijt þ Y2, ij þ Y3, j, (19) 
Y1, ijt ¼ qijY1, ijt−1 þ eijt (20) 

qij ¼ q2, ij þ q3, j (21) 

eijt � Nð0, r1Þ, Y2, ij � Nð0, r2Þ, Y3, j � Nð�, r3Þ: (22) 
q2, ij � Nð0, v2Þ, q3, j � Nðq, v3Þ (23) 

Covðq2, ij, Y2, ijÞ ¼ c2, Covðq3, j, Y3, jÞ ¼ c3: (24) 

The model can also be presented as a hierarchical model 
as follows

Level 1: Yijt ¼ Y3, j þ Y2, ij þ qijðYijt−1 − Y3, j − Y2, ijÞ þ eijt

Level 2: Y2, ij ¼ eij

qij ¼ q3, j þ dij

Level 3: Y3, j ¼ � þ ej

q3, j ¼ qþ dj 

eijt � Nð0, r1Þ, eij � Nð0, r2Þ, ej � Nð0, r3Þ, dij � Nð0, v2Þ,

dj � Nð0, v3Þ

Covðeij, dijÞ ¼ c2, Covðej, djÞ ¼ c3:

In this model the autocorrelation varies not just over 
level 3 units but also within level 3 units and is level 2 clus
ter specific. Figure 3 shows the Mplus input for conducting 
a simulation study for the above model and Figure 4 shows 
the results of the simulation. The results indicate that the 
estimation performs well.

In this simulation study we have also introduced miss
ing data. We doubled the size of the level 2 units to 20 
here but each observation is missing with probability of 
50%, so on average there are 10 observations within each 
level 2 cluster. This type of missing data is similar to the 
missing data created by the TINTERVAL command used 
when the observations are irregularly spaced. The 
TINTERVAL command in DSEM3 works the same way as 
for DSEM2. When observations are spaced further apart, 
missing data rows are inserted so that the actual data that 
is analyzed more fully represents the varying distances 
between the observations.

Jongerling et al. (2015) demonstrate that when random 
autoregressive coefficients are modeled, it is advisable to also 
include random residual variance for the lagged variables 
when the data are sufficient to estimate such effects. The 
autoregressive coefficient q and the residual variance param
eter r are tied together in estimating the total variance

v ¼
r

1 − q2 : (25) 

Table 2. Double autoregressive model comparison: bias (coverage).

Parameter Value DSEM3 DSEM3-ARL1 DSEM3-ARL2 DSEM2-day DSEM2

q1 0.3 .01 (.91) .01 (.91) — — .16 (.00)
q2 0.5 .02 (.93) — −:08 (.71) −:12 (.41) —
r1 1.2 .01 (.92) .01 (.90) −:11 (.03) — −:41 (.00)
r2 0.5 .00 (.96) −:11 (.47) .13 (.19) .06 (.83) —
r3 1.3 .13 (.93) .27 (.89) .16 (.92) .16 (.89) .30 (.79)

Figure 3. Three-level DSEM single variable with random autocorrelation simula
tion study.
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When a model is fitted, matching the mean of the vari
able is typically most important in terms of gain in model 
fit, followed by the sample variance, and then all other 
higher-order quantities. This means that a well-fitting model 
will likely match the sample variance quite well. Thus, equa
tion (25) becomes similar to a parameter constraint, and the 
posterior distributions of r and q are highly correlated. 
From this perspective, if q is random (subject-specific), it is 
natural to also allow r to be random (subject-specific). If 
this is not the case, there is the possibility that the random 
autoregressive coefficient will have to fit not only the auto
correlation but also the subject-specific sample variance. 
This can result in misestimation of the random autoregres
sive coefficient. Two-level DSEM simulation studies in 
Jongerling et al. (2015) and Asparouhov et al. (2018) show 
that a small bias in the autocorrelation can occur if subject- 
specific residual variances are ignored in situations where 
the two random effects are correlated across individuals. 
Mplus 9.1 expands the DSEM framework to include random 
residual variance. Figure 5 shows a simulation study where 
the within-level residual variance varies over the highest 
level of clustering. In this figure, the model population 
command is omitted for brevity but is identical to the 
model command. Here, r1 is replaced by a cluster-specific 
residual variance parameter r1j; and log ðr1jÞ is a normally 
distributed random effect at the third level, correlated with 
the random intercept and autocorrelation. Figure 6 contains 
the results of this simulation, demonstrating that the 

estimation performs well. For this particular simulation 
study, if we ignore the cluster specific residual variance and 
we estimated the model as in Figure 3, the only parameter 
that is overestimated is the autocorrelation variance on the 
middle level (coverage falls to 45%). Therefore it appears 
that in DSEM3, the implications of ignoring subject specific 
random residual variance might be quite different than 
those for DSEM2. Further systematic studies are needed to 
more fully understand these differences. Note also that ran
dom residual variances decrease the model parsimony and if 
the data is not sufficient to support the added model com
plexity, the random residual variance model may experience 
convergence problems or it may decrease unnecessarily the 
precision of the estimates.

The next two sections describe the most basic bivariate 
models.

4.4. The DSEM3 Regression Model

This model features three-level modeling, latent centering 
for the endogenous and the exogenous variables, autocorrel
ation on the within level for both the endogenous and the 
exogenous variables, as well as a random regression slope 
that varies over both level 2 and level 3 clusters. The model 
can be described more formally as follows

Yijt ¼ Y1, ijt þ Y2, ij þ Y3, j 

Xijt ¼ X1, ijt þ X2, ij þ X3, j 

Figure 4. Three-level DSEM single variable with random autocorrelation simulation study results.
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Y1, ijt ¼ q1Y1, ijt−1 þ sijX1, ijt þ eijt 

X1, ijt ¼ q2X1, ijt−1 þ nijt 

sij ¼ s2, ij þ s3, j 

All the variables in the above equations are assumed nor
mally distributed. The three variables on level 2: Y2, ij; X2, ij;

and s2, ij can form any kind of structural model at level 2, 
including regressions and correlation models. The three var
iables on level 3: Y3, j; X3, j; and s3, j can form any kind of 
structural model at level 3. Figure 7 shows an Mplus simula
tion study example of the above model and Figure 8 shows the 
results. We see here that the bias is minimal and the coverage 
is near the nominal levels for all parameters. Slightly larger 
bias is observed for the parameter estimates at level 3, how
ever, this bias is the results of the small number of level 3 units 
(in this simulation it is 50) and the bias is expected to grad
ually disappear as the number of units increases and the 
asymptotic guarantees can kick in. Alternatively, using weakly 
informative proper priors for the parameters at level 3 can be 
used to reduce the bias when the number of level 3 units is 
small. Mplus uses by default the improper prior of a constant 
over the entire range for each parameter.

Figure 5. Three-level DSEM single variable with random autocorrelation and 
residual variance.

Figure 6. Three-level DSEM single variable with random autocorrelation and residual variance results.
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4.5. The DSEM3 Vector Autoregressive (VAR) Model

The next basic bivariate model is the VAR model where the 
autocorrelation is bivariate and the variables from the cur
rent period are predicted by both variables from the prior 
period. The model is described by the following equations

Yijt ¼ Y1, ijt þ Y2, ij þ Y3, j 

Zijt ¼ Z1, ijt þ Z2, ij þ Z3, j 

Y1, ijt ¼ r1Y1, ij, t−1 þ r2Z1, ij, t−1 þ e1ijt 

Z1, ijt ¼ r3Y1, ij, t−1 þ r4Z1, ij, t−1 þ e2ijt:

The pairs of variables e1ijt and e2ijt ; Y2, ij and Z2, ij; Y3, j 
and Z3, j; are normally distributed correlated variables and 
form the models on each of the three levels. Figure 9 shows 
an example of an Mplus simulation study for the above 
model and Figure 10 shows the results. The bias is minimal 
and the coverage is near the nominal levels for all parame
ters. Figure 10 also shows the quality of the estimation of 
the random effects/intercepts Y2, ij, Y3, j, Z2, ij, Z3, j: Currently 
this output shows the correlation between the random effect 

estimate for each cluster and their true value as a function 
of the cluster. These correlations are averaged across the 
100 replications in the simulation study. The MSE is also 
included. In general, here we want to see high values for the 
correlation between the estimates and their true values. 
However, there is no specific guidance for how high the 
correlations should be as these will typically depend on the 
model, sample size and parameter values. The correlations 
can mostly be used to evaluate how easy it is to estimate a 
particular random effect as compared to another. From the 
results of Figure 10 we conclude that the level 3 random 
intercepts are much easier to estimate than the level 2 ran
dom intercepts. This is as expected because the level 3 
effects are measured by 200 values (number of observations 
in level 3 units) while the level 2 effects are measured by 20 
values only. In this particular simulation study each replica
tion takes 0.3 seconds.

4.6. The DSEM3 Factor Analysis Model

Suppose that a latent factor is measured by p indicators 
across multiple time points t for multiple individuals i in 
multiple clusters j. The DSEM3 factor analysis model is 
given by the following equations

Ypijt ¼ Y1, pijt þ Y2, pij þ Y3, pj 

Y1, pijt ¼ k1pgijt þ e1, pijt 

gijt ¼ rgij, t−1 þ nijt 

Y2, pij ¼ k2pgij þ e2, pij 

Y3, pj ¼ �p þ k3pgj þ e3, pj:

Here gijt; gij and gj are the factors on the three different 
levels. The loadings are free and the factor variance/residual 
variance is fixed to 1 for identification purposes. Without 
the autoregression for the level 1 factor, the model is simply 
a 3-level factor analysis. Without the third level model, the 
model would be a DSEM2 factor model. Note that given the 
4 indices above, the model is essentially a 4 level model, 
where the new 4-th level is essentially the multivariate index 
p. If needed, the loadings can be held equal across the levels 
and the factor variance can be estimated at level-2 and 
level-3. This will yield a latent-centering decomposition of 
the factor variable which mimics the observed variables 
decomposition by levels.

Figure 11 shows an Mplus simulation study example of 
the above model and Figure 12 shows the results for a selec
tion of the parameters. The bias is minimal and the cover
age is near the nominal levels for all parameters.

5. Data Requirements

A three level DSEM model would ideally be applied to the 
analysis of data that is reasonable in size at each level, 
meaning sufficiently large. That may be a problem for many 
DSEM3 applications as often data is collected without a spe
cific model in mind. Human data is also sometimes too 
expensive to collect in unlimited quantities. Thus, the 
DSEM3 methodology must in principle be evaluated for 

Figure 7. Three-level DSEM regression.
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situations with insufficient data. In this section we will per
form some simulation studies to inform on some of the 
issues that arise. However, we can not provide a simple 
answer of this sort: a minimum of n1 units are needed on 
level 1, a minimum of n2 units are needed on level 2, and a 
minimum of n3 units are needed on level 3. Such an 
approach would be naive. The data that is needed depends 
on the model. The more complex the model is, the more 
data is needed. Random/subject specific autocorrelation 
would naturally need longer time series than fixed/subject 
invariant autocorrelation. Furthermore, the amount of data 
that is needed depends on the parameter values. It is much 
easier to make a distinction between a random intercept 
and autocorrelation if the autocorrelation is not very high.

The simulation studies that we consider here are based 
on balanced designs where each level-3 unit has the same 
number of level-2 units which are also of the same size. In 
practice such assumptions are rarely met and we use the 
average size of level-2 units and the average number of 
level-2 units within each level-3 unit as measures of data 

size. We assume that the performance of the methodology 
for the unbalanced design would be similar to the case of 
balanced design with the same average values. This assump
tion, however, applies mostly to simpler models. More com
plex models such as those that have many cluster specific 
parameters may have substantially worse performance with 
unbalanced designs. Consider for example the situation 
where the data contains many level-2 units of size 1. If the 
three levels represent within-day, between-day, and 
between-person variation, units of size 1 would mean having 
many cases with only 1 observation per day. Suppose also 
that the model contains more than one level-2 specific ran
dom effect. Those effects are unidentified by the data they 
are intended to model in the clusters of size 1 and can only 
be estimated from the general information from all other 
clusters. If the number of level-2 units of size 1 is substan
tial, that information would also appear practically unidenti
fied as it contains many unidentified effects. This would 
result in poor performance, slow convergence or non- 
convergence. If the design is balanced or if the model is 

Figure 8. Three-level DSEM regression results.
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simpler such issues would not arise. We conclude that in 
practical applications it is important to consider not just the 
average cluster sizes but also the distribution of the cluster 
sizes. In particular, if there are many very small level-2 
units, random slopes and random auto-regressive coeffi
cients should not be level-2 specific but only level-3 specific. 
Preference should be given to models where only the ran
dom intercepts are level-2 specific. Mplus currently does not 
provide a detailed level-3 and level-2 joint cluster size distri
bution. To evaluate the cluster size distribution it would be 
necessary to estimate a two-level model where the clustering 
variable is the level-2 clustering variable. Mplus will produce 
the distribution of the level-2 cluster sizes. The number of 
level-2 units in each level-3 unit should also be considered. 
If many level-3 units contain just one level-2 unit similar 
non-identification may occur.

In multilevel models, 3-level SEM as well as DSEM2, a 
random effect parameter is justifiable only when it can 
replace at least 5 or 10 fixed parameters. For example, if on 
level 3 we have just two units, it is more reasonable to use a 
2-group 2-level analysis, i.e., replace the random intercept 
with two fixed intercept parameters: one for each group. 
Note that 2-group 2-level model still has many more param
eters. A simplified version of using the grouping variable as 
a covariate, essentially results in a 2-group analysis where 
only the intercept parameters are group specific. Thus with 
a small number of units at the highest level, three level 
models are not recommended and instead two-level models 
should be used. To some extent this applies also to the 

situation with very few level 2 units. There are two or three 
alternative modeling approaches to consider. One approach 
is to use a two-level model where the clustering is based 
only on the level 2 clustering variable (which essentially 
combines the two clustering variables). A second approach 
which is feasible in situations where the second level cluster
ing is based on identical information across the three levels: 
for example (men in level 3 units v.s. women in level 3 units 
or first and second bursts of ILD). In this case again a cova
riate can be used instead of a clustering variable. 
Alternatively a multivariate approach can be used where the 
data is set in a wide format with each of the level 2 variables 
represented as parallel processes, see Hamaker et al. (2023). 
Finally, if the number of level 1 units is small, a three level 
model can be reformulated as a two-level wide model. It is 
important to understand that a time series model with very 
few observations in the sequence is generally difficult since 
the autocorrelation would be difficult to separate from the 
correlation implied by the random intercept.

5.1. Simulation Studies with Small Number of Units at 
Each Level

In this section, we explore the effect of having a small num
ber of units at each of the three levels. We will utilize as a 
starting point the simulation study described in Section 4.1. 
For simplicity, in our simulations, all units on the third level 
have the same number of level 2 units. We denote that 
number by N2: Also, each level two unit has the same num
ber of observations. We denote that by N1: We also denote 
the number of level 3 units by N3: Thus the total sample 
size is N ¼ N1N2N3: We compare the setup in Section 4.1
to the setup where each of these 3 numbers is lowered to 5. 
The results are presented in Table 3. When N3 is lowered to 
5 a large bias is seen for r3; but this is expected. When N2 
is lowered to 5, the estimates remain good. When N1 is low
ered to 5, small bias can be seen for r1; r2 and q: As previ
ously discussed, when N1 gets smaller an identification issue 
arises between r2 and q: Even though the bias is small, 
coverage for these parameters drops. Overall the perform
ance in all 3 situations appears acceptable but not perfect.

Next we repeat the above stimulation with the autocor
relation parameter set to 0.8 instead of 0.3. The results are 
given in Table 4. In the 10/10/50 case, the estimates mostly 
remained good. A small bias in the autocorrelation appears 
to lead to lower coverage. In the other three cases the results 
are now worse than with autocorrelation of 0.3. Some non- 
convergence is also recorded. The r2 parameter estimates in 
particular appear to be poor and much worse now. One 
explanation is that when the autocorrelation is 0.8 and N1 is 
5 or 10, the implied autocorrelation between the most dis
tant observations in the time series is not zero but 0:33 ¼
:85 or 0:11 ¼ :810: This means that the autocorrelation is 
non-zero for any two variables in the time series and such 
correlation can be absorbed by the random intercept thereby 
compromising the estimation of r2: It is clear that the com
bination of a small number of units on any level and high 
autocorrelation leads to more challenging estimation.

Figure 9. Three-level DSEM VAR.
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5.2. Latent Centering v.s. Observed Centering

L€udtke et al. (2008) shows that latent centering in multilevel 
modeling has an advantage over observed centering as it 
accounts for the error in the centering. This applies to two- 
level models as well as three level models with and without 
random slopes. Often however the differences are small and 
observed centering can be used as a simpler alternative 
model and as a replacement of latent centering model for 
situations where latent centering leads to convergence 
problems.

In this section we conduct a simulation study to compare 
the performance of latent and observed centering. Here we do 
not use a dynamic model but a standard 3-level model with
out autocorrelation. Figure 13 shows the input file for gener
ating the data and analyzing it with latent centering. Figure 14
shows the input file for analyzing the same data using 
observed centering. We conduct the simulation study with a 
smaller and a bigger sample size. For the smaller sample size 
case, we use N1 ¼ 10, N2 ¼ 10, N3 ¼ 20: For the bigger sam
ple size situation, we use N1 ¼ 20, N2 ¼ 20, N3 ¼ 50:

Figures 15 and 16 show a comparison of results for the 
key regression parameters for the smaller and bigger sam
ples. For the smaller sample size, we see that the advantages 
of latent centering are somewhat smaller. Depending on the 
particular parameter one is interested in and the choice of 
criterion: bias, coverage, or MSE, either one of the two esti
mation possibilities could be perceived as preferable. 
However, for the larger sample size, the advantages of the 
latent centering method are rather clear. The observed cen
tering method yields biased parameter estimates for one of 
the parameters which also results in poor coverage and 
much larger MSE.

General guidance for the latent v.s. observed centering 
comparison is somewhat difficult to formulate as we have 
several levels of variability: the sample size on each of the 
three levels N1; N2 and N3 as well as the model complexity. 
Nevertheless, the general theory as well as the precise 
observed centering bias for two-level models estimated in 
Asparouhov and Muth�en (2006), can be used to illuminate 
at least some scenarios. First, as N3 increases, the latent cen
tering is guaranteed to yield unbiased estimates, correct 

Figure 10. Three-level DSEM VAR results.
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coverage and smaller MSE than observed centering. This is 
because larger N3 is the only condition needed to claim the 
ML asymptotic properties of the latent centering method. 
The smaller the values of N1 and N2; The larger the 
observed centering bias will be as the sample averages will 
have larger errors. Larger values of N3 will not improve the 
observed centering bias but larger values for N1 and N2 will. 
The observed centering bias depends on the model param
eter values as well as N1 and N2: The larger the difference 
between the regression coefficients on the three levels, the 
larger the observed centering bias will be. If N1; N2 and N3 
If all are all smaller, the observed centering may have 
smaller MSE, even if the parameters are biased. With 
smaller samples, i.e., small N1; N2 and N3; the increased 
variability of the latent centering estimates, associated with 
the fact that the method is less parsimonious in terms of 
estimating more random effects, may overpower the 
observed centering bias and result in larger MSE. 
Furthermore, in the presence of missing data, observed cen
tering becomes even less reliable because the averages may 
have an additional bias if the missing data is not missing 
completely at random (MCAR). Latent centering will not be 
impacted by missing data and is guaranteed to work well 
even when the data is missing at random (MAR), i.e., where 
missing values in one variable are associated with the values 
of another variable. Overall, the latent centering method is 
generally more reliable and should be the first choice esti
mator. Observed centering could be considered either as an 

alternative solution to latent centering convergence prob
lems if such arise, or as a more accurate solution in the 
small sample situation. Simulation studies might be neces
sary to justify observed centering use.

The above comparison between observed and latent cen
tering applies equally well to DSEM3 models. As described 
in Section 3, in the DSEM3 framework, the latent centering 
with random slopes in Mplus 9 is based on a less efficient 
algorithm that is more likely to result in non-convergence. 
Mplus 9.1 uses the more efficient algorithm which is com
parable with the algorithm used for non-dynamic three level 
models as in the above simulation study.

We conclude this section with one final clarification. The 
comparison described above is specific to the case when a 
predictor is multiplied by a random slope that varies over 
level 2 and/or level 3 units and the predictor is a variable 
decomposed on all three levels. It does not apply to the 
cases when the predictor is a lagged variable, when the slope 
is not random or when the predictor can not be decom
posed (for example time). In these situations observed v.s. 
latent centering can still be formulated, however, the estima
tion methodology is different and only latent centering is 
used. If the slope is not random, then the latent centering 
estimation algorithm is quite efficient because all random 
effects (only random intercepts) are updated simultaneously. 
The lagged variables latent centering is also somewhat dif
ferent as the same centering variable is applied to the lagged 
and the current variables. This allows the model to be refor
mulated so that the centering is just one scaled variable. If 
the covariate is not decomposed on all three levels, then no 
centering is done at all.

6. Real Data Examples

Here we describe some real data examples and demonstrate 
what can be learned from using the DSEM3 models. All 
examples are based on intensive longitudinal data for groups 
of individuals that would typically be analyzed with two- 
level DSEM models. The data is analyzed with DSEM3 
where an additional level of clustering is included in the 
model. In the first four examples, the additional level of 
clustering is the middle level and is based on observations 
nested within a time period such as observations nested 
within days. In the fifth examples, the additional level of 
clustering is the highest level, i.e., individuals are nested 
within groups/clusters.

The analyses we present here are based on multiple 
model estimations. Among these are standard 3-level models 
without autocorrelation as well as DSEM models without 
the added level of clustering. These model estimations are 
indispensable preliminary evaluations that help us navigate 
complex modeling issues. Furthermore, each variable is ana
lyzed separately prior to being added to a multivariate 
model. Models with random slopes or random autoregres
sive coefficients are first analyzed with nonrandom effects. 
Models with covariates are analyzed with and without the 
covariates. When covariates are not included, we can more 
easily evaluate the variance decomposition without having 

Figure 11. Three-level DSEM factor analysis.
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to model the variance for the covariates. In many cases, 
modeling a correlation between two variables is equivalent 
to modeling a regression between the variables. These alter
natives yield equivalent models but often yield different 
insights. With all of these combinations, each example is 
based on about a dozen models but we present only one 
model. That is the DSEM3 model that we found to be of 
practical interest. Note, however, that not all of the results 

presented in the text below can be found in the tables but 
are coming from these preliminary analyses.

In some cases we present results on a standardized scale. 
Such results are not available in Mplus for DSEM3 models 
with random slopes or random autoregressive coefficients. 
This is because for such models the scale of the variables is 
also random. For DSEM2 models, cluster specific standard
ization is computed in Mplus and the average standardized 
results are reported but this is not yet available for DSEM3 
models. Without random slopes, DSEM3 model standardiza
tion is computed as for standard 3-level models, i.e., the 
standardization is done on each level separately. However, if 
we want to see estimated intra-class correlations (ICC) or to 
decompose the variance in terms of percentages as in (13), 
the standardization that is needed is based on the total vari
ance across the three levels. Since such a standardization is 
not available in Mplus, we standardize the variable prior to 
model estimation. Such an approach is not optimal since it 
uses sample variance instead of DSEM3 model estimated 
variance but nevertheless is quite useful to quickly evaluate 
the relative importance of the various model components. 
Such an approach is also available when the model contains 
random effects.

Figure 12. Three-level DSEM factor analysis.

Table 3. Small number of units: absolute bias(coverage).

N1/N2/N3 10/10/50 5/10/50 10/5/50 10/10/5

r1 .01(.96) .05(.70) .01(.94) .03(.92)
r2 .00(.93) .06(.84) .01(.94) .03(.91)
r3 .04(.95) .03(.95) .00(.97) 1.33(.87)
q .01(.94) .06(.66) .00(.99) .01(.94)
� .00(.96) .01(.90) .00(.96) .02(1.00)

Table 4. Small number of units and high autocorrelation: absolute 
bias(coverage).

N1/N2/N3 10/10/50 5/10/50 10/5/50 10/10/5

Convergence 100% 70% 100% 70%
r1 .01(.96) .01(.93) .01(.94) .02(.93)
r2 .02(.90) .47(.61) .16(.91) .49(.90)
r3 .02(.96) .01(.98) .02(.97) 2.08(.89)
q .02(.62) .03(.54) .02(.82) .00(.97)
� .01(.90) .00(.95) .00(.96) .02(1.00)
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6.1. Glucose

The data for this example are provided by Jean-Philippe 
Laurenceau. Glucose levels for 63 individuals are recorded 
over multiple days, with observations taken every 5 minutes. 
Due to the short interval, the example is almost continuous 
in nature. When we estimate a DSEM2 model for this 
example, the autocorrelation is 0.995, meaning the R2 The 
previous observation is 0.99. This makes the variable diffi
cult to study in terms of other predictors observed at the 
same time, i.e., predictors that are not observed at higher 
levels. As the distance between observations becomes very 
small, the autocorrelation approaches 1.

There are two questions that DSEM3 can address with 
these data. First, what interval can be used instead of the 5- 
minute interval to make the analysis more meaningful? 
Second, does a day effect exist for the glucose data—that is, 

do glucose levels differ meaningfully from one day to 
another to support a day-specific effect?

The DSEM3 analysis for a simple univariate model as in 
Section 4.1, which uses individual as the level 3 clustering 
variable and hour as the level 2 clustering variable, yields a 
within-hour correlation of 0.982. The residual variance at 
the within level is estimated to be less than 0.1% of the glu
cose variance. We thus conclude that the changes occurring 
within the hour are negligible, and we can summarize the 
information using the average hourly glucose value. We 
reach the same conclusion using a standard 3-level model 
(essentially fixing the autocorrelation to 0). In that case, the 
within-level variance accounts for 4% of the total variance, 
which remains within negligible ranges. All of these analyses 
indicate that the autocorrelation between values within the 
hour is very high and the innovation shocks are very small. 
We conclude that using the average hourly glucose level 
provides a sufficiently accurate representation of the data.

In this context, continuous-time dynamic modeling is 
also helpful for understanding the negative impact of col
lecting observations too close in time. Suppose that two var
iables Y and Z are continuously observed across time. The 
autocorrelation matrix for Y and Z is a 2 by 2 matrix with 
the univariate autocorrelations on the diagonal and the 

Figure 13. Latent centering simulation study.

Figure 14. Observed centering simulation study.
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cross-lagged effects on the off-diagonal. As the distance t 
between two observations changes, the autocorrelation 
matrix changes. The changes on the diagonal are straightfor
ward: the values go from 1 to 0 as t goes from 0 to infinity 
as a logarithmic function. The off-diagonal values, however, 
change differently—they go from 0 to 0 as t goes from 0 to 
infinity and are maximized somewhere in the middle. This 
means that effects from one variable to another are not vis
ible when the distance between observations is too small or 
too large. When t is too small, the autocorrelation is too 
large to allow the impact of another variable to be 
expressed. Asparouhov and Muth�en (2024a) show that 
under certain conditions, cross-lagged effects are most vis
ible at time t�:

t� ¼
log ð− log ðrYÞÞ − log ð− log ðrZÞÞ

ð− log ðrYÞÞ − ð− log ðrZÞÞ
(26) 

where rY and rZ are autocorrelations at a unit of time. If the 
autocorrelation between the two variables is similar, then

t� �
1

− log ðrYÞ
: (27) 

Since we do not have a second variable in the glucose 
example, we can use (27) to compute an approximate time 
interval best suited to allow another variable to express its 
impact. In our example, we obtain 4.5 hours as the optimal 
value, based on a 5-minute autocorrelation of 0.982. While 
these formulas are intended for cross-lagged effects, they 

Figure 15. Latent v.s. Observed centering comparison: N1 ¼ 10; N2 ¼ 10; N3 ¼ 20:

18 ASPAROUHOV AND MUTHÉN



generally apply to contemporaneous effects in the presence 
of autoregressive modeling as well. We must allow sufficient 
distance between consecutive observations so that the varia
bles can change enough to enable the study of impacts from 
other variables. Since we do not have a second variable in 
this study, for simplicity, we continue the analysis with aver
age hourly glucose levels instead of using the 4.5-hour inter
val. In Section 4.2, we showed that averaging a variable 
across a period of time distorts the analysis. Thus, any 
results on the average hourly glucose must be interpreted 
strictly in those terms rather than as momentary glucose 
levels.

Next, we address the question of whether a day-specific 
effect exists. Using the average hourly data as the dependent 
variable, the day variable as the level 2 cluster variable, and 

the individual as the level 3 cluster variable, we estimate the 
univariate random autoregressive model. Three covariates 
are added to the model: weekend indicator, gender, and age. 
The Mplus input file is given in Figure 17, and the results 
are in Figure 18. The results decisively reject the day effects 
and a weekend effect. Although the weekend effect is posi
tive for both the mean and the autocorrelation, with 63 
individuals and just one weekend being observed on average 
per person, statistical significance is out of reach. Even if we 
add between-day autocorrelation, the day effect appears to 
be zero and accounts for less than 1% of the total variance. 
The individual-level effects are significant. Both the random 
intercept and the random autoregressive coefficient yield z- 
scores of 4 for both variance components. The average 
within-day autocorrelation is 0.78 for the hourly data. The 

Figure 16. Latent v.s. Observed centering comparison: N1 ¼ 20; N2 ¼ 20; N3 ¼ 50:
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covariates at the individual level are also not significant at 
this sample size. The most significant covariate effect is gen
der on the autocorrelation coefficient, with females showing 
2% lower autocorrelation on average, which might be inter
preted as females being more reactive to interrupt prolonged 
periods of too high or too low glucose levels. The z-score 
for that effect is 1.7. The individual effect accounts for 30% 
of the variation in the hourly glucose data.

6.2. Positive Affect and Tiredness

In this section, we analyze the data described in Muth�en 
et al. (2025). Two variables, Positive Affect (PA) and 
Tiredness, are recorded for 219 individuals at random times, 
on average about 5 times a day for up to 7 days. We will 
explore the regression analysis described in Section 4.4, 
where Tiredness will be used to predict PA. As in the previ
ous example, we include day- and individual-specific effects 
for both variables, random contemporaneous regression 
effect, random autocorrelation for both variables, as well as 

Figure 17. Day effect model for glucose data.

Figure 18. Day effect model for glucose data results.
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regression for the day specific values and the individual 
time invariant values. It is of particular interest to see if the 
three regression coefficients are different across the 3 levels. 
If these coefficients are different, then we conclude that 
decomposing the predictor as three separate predictors, one 
on each of the three levels, improves the model quality com
pared to the model where the predictor is treated as a whole 
with just one regression coefficient.

We do not include in this analysis between-day autocor
relation. Univariate analysis for PA reveals that if we include 
such a correlation the estimate for the between-day autocor
relation is 0.973 and the confidence limits for this estimate 
include 1, i.e., the between-day autocorrelation is not statis
tically significant from 1. This means that the between-day 
autocorrelation does not contribute to model fit beyond 
what the between-individual random intercept does. If we 
keep the between-day autocorrelation in the model we 
would create a poorly identifiable model that can comprom
ise the inference for the remaining part of the model. It also 
means that 7 days of observations are not enough to parse 
out an individual level random intercept and a between-day 
autoregressive effect in the model.

Figure 19 shows the input file for this analysis and 
Figure 20 shows the results. We did not include the cova
riances between the various effects to simplify the model. 
Such a model is typically used as a preliminary analysis to 
evaluate the need to model the effects as random, however, 
Asparouhov and Muth�en (2024c) show that random effect 
covariance modeling is essential and if it is ignored may 
result in biased parameter estimates.

To evaluate the differences across the levels for statistical 
significance, the difference between the 3 regression 

coefficients is included in model constraints. These differ
ence are often referred to as the big-fish-little-pond effects; 
see Marsh et al. (2014). We also standardize the two varia
bles. Because of the random slopes and autocorrelations, 
model standardization as well as the model-estimated vari
ance/covariance matrix are not available. If the variables are 
standardized, we can easily see the size of the day effect as a 
proportion of the unit total variance.

Figure 20 shows that the regression coefficients at all 3 
levels are significant and negative as expected. The effect 
also appears to progress across the levels: the instantaneous 
effect is smallest, the day effect is larger, and the individual- 
level effect is the largest. The day effect components are sig
nificant, and the z-score for both is above 3. Note that z- 
scores are not included in the Mplus output with the 
Bayesian estimator. Statistical significance is instead eval
uated with the credibility intervals. However, the random 
effect variance component parameter is an exception to that 
rule. The credibility interval for the variance parameter will 
include only positive values since the posterior distribution 
is obtained from the MCMC generated parameter values 
which are always positive(proper values). Thus, using the 
credibility interval for these parameters would always con
clude that the parameter is significant. Instead we use the z- 
score (computed manually from the output) to evaluate stat
istical significance. We generally use this rule-of-thumb: the 
variance component is significant if the z-score is above 3. 
This rule-of-thumb uses the higher cutoff value of 3, rather 
than the usual value of 1.96 because testing at the border of 
admissible space yields an intractable cutoff value. The add
itional one unit of standard deviation is used to ensure that 
we are not at the border of the admissible space. Clearly, 
this rule-of-thumb is not perfect but in our experience it is 
fairly reliable in terms of yielding the correct conclusion in 
simulation studies.

The day effect accounts for just 5% of the variance, while 
the individual-level effect is close to 50% for both variables. 
One interesting issue to note here is that the regression 
coefficient on the middle level has a larger standard error 
than on the highest level, and note that this is counterintui
tive. There are 6 times as many observations on the middle 
level as there are on the highest level, so the order in prin
ciple should be reversed. In fact, the corresponding 3-level 
model (without autocorrelation) does have that kind of 
ordering in the size of the standard error, i.e., larger at the 
highest level. The reverse ordering in DSEM3 is in part due 
to the fact that the day effect is more difficult to identify 
because it competes with the autoregressive coefficient for 
explaining covariance between the day observations.

Two of the three differences between the regression coef
ficients are statistically significant. Only the difference 
between level 2 and level 3 effects is not significant. It is 
interesting to note here that if we remove the autoregressive 
coefficients and estimate the model with a 3-level model, all 
3 differences are significant. Ignoring the autocorrelation on 
the within level results in underestimation of the standard 
errors as well as incorrect formation of the day-effect size. 

Figure 19. Tiredness effect on positive affect.
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In the 3-level model, the day effect is overestimated to be 
above 10% of the variance, double what it should be.

The random effects (regression coefficient and two ran
dom autocorrelations) appear to have statistically significant 
components on both levels. This means that the effect of 
Tiredness on PA varies across individuals and even across 
the different days for the same individual. Similarly, the 
autoregressive coefficient varies across individuals and 
across days. It is interesting to compare this model also to 
the model where all the effects are not random. We find 
that the day effect, particularly for Tiredness, is much 
smaller, but not statistically significantly so. To explore this 
phenomenon, further targeted simulation studies must be 
conducted where random effects are estimated as fixed. We 
will not pursue this here, however.

We may also compare the DSEM3 run to the DSEM2 
run that ignores the day effect and essentially analyzes all 
data across the days as one long sequence. Note, however, 
that four missing data rows are inserted for sleep time, 
which at the moderate autocorrelation present in this data 
results in practically independent observations across the 
different days. Comparisons with DSEM2 (results not 

included) reveal that even without the day-specific effects, 
the random slope means remained unchanged, although 
their variances are larger compared to the variance of 
DSEM3 on the individual level. Note that this doesn’t occur 
if we compare the models without the random slopes and 
autocorrelations. In that case, PA autocorrelation in DSEM3 
is smaller and there is a larger day effect, while Tiredness 
autocorrelation doesn’t change and the day effect is smaller. 
We interpret this as evidence that the random effects are 
needed to properly estimate the day effects and that the het
erogeneity of the autocorrelations and the relationship 
between the two variables is essential for this data.

We also note here that Muth�en et al. (2025) analyzed the 
data with cycles, where the idea is that patterns within-day 
are repeated across days. It is possible to include such mod
eling here as well. One of the advantages of using cycles is 
that the trigonometric functions, when set up correctly, yield 
the same patterns across the day because the trigonometric 
functions are periodic and reset at the beginning of each 
day. In DSEM3, this sort of repetition of within-day trends 
occurs naturally. Given the level 2 and level 3 effects, the 
conditional model for within-day is by definition the same.

Figure 20. Tiredness effect on positive affect.
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6.3. Positive Affect Factor Analysis

The positive affect variable described in the previous section 
is the average score of six 7-category items. In this section 
we describe a DSEM3 factor analysis where the items are 
analyzed separately. Detailed description of the measure
ments is available in Muth�en et al. (2025). Three of the 
items are characterized as low arousal PA and the other 
three as high arousal PA. EFA analysis reveals that the six 
item measure two factors: low arousal PA and high arousal 
PA. One of the items loads about equally well on both fac
tors while the remaining items are pure indicators.

The DSEM3 analysis explores the decomposition of the 
factors across the three levels: within-day, between-day and 
between-person levels. The model can be described as fol
lows

Ypijt ¼ Y1, pijt þ Y2, pij þ Y3, pj 

Y1, pijt ¼ kpg1, ijt þ e1, pijt 

g1, ijt ¼ Rg1, ij, t−1 þ nijt 

Y2, pij ¼ kpg2, ij þ e2, pij 

Y3, pj ¼ �p þ kpg3, j þ e3, pj:

Equivalently, the model can be written in terms of 
decomposition of the factors as well as the error terms as 
follows

Ypijt ¼ �p þ kpgijt þ epijt 

gijt ¼ g1, ijt þ g2, ij þ g3, j 

g1, ijt ¼ Rg1, ij, t−1 þ nijt 

epijt ¼ e1, pijt þ e2, pij þ e3, pj:

In the above equations, g is a vector of size 2, kp is a vec
tor of size 2, R is a 2 by 2 autocorrelation matrix for the 
factors, and nijt is a correlated error terms vector of size 2. 
The loadings are held equal across the levels so that the fac
tors can be expressed as variables decomposed on the three 
levels.

Figure 21 contains the Mplus input for estimating the 
above model. We also include three individual level predic
tors for the two factors as well as the variable tiredness, 
which is used as a predictor on all three levels. The decom
position of the factors to a large extend matches the results 
of the average PA score found in the previous section. For 
the low arousal PA, the individual effect accounts for 50% 
of the variation, and the day effect for 8%. For the high 
arousal PA, the values are 53% and 7%. These values are 
slightly higher than those for the observed average PA. This 
is expected as when item specific errors are removed we 
expect higher correlations. Cross-lagged effects are not sig
nificant and the auto-correlations for the two factors are .29 
and .31. The correlations between the two factors across the 
three levels are .63 for the within-day level, .89 for the 
between-day level, and .86 for the between-individual level. 
The between-day correlation is only marginally significantly 
different from 1, which means that the day specific effect is 
likely just one dimensional.

The biggest difference between the two factors that we 
find in this analysis is in the effect of Tiredness on the fac
tors. Tiredness has a much stronger negative effect on the 
high arousal PA. The correlations between Tiredness and 
low arousal PA on the three levels are: −.06, −.31, −.37; 
while for the high arousal PA the values are −.31, −.47, 
−.53. Among the other predictors the effects on the two fac
tors are similar except for AGE which just like Tiredness 
has a much stronger negative correlation with the high 
arousal PA. These results match the findings in Muth�en 
et al. (2025).

6.4. Smoking Urge and Negative Affect

In this section, we discuss the data described in Muth�en 
et al. (2026) and Section 9 of Asparouhov and Muth�en 
(2024a). Smoking Urge (SU) and Negative Affect (NA) are 
recorded for 235 individuals over a period of 4 weeks, with 
about 5 observations per day at random times. Previous 
analysis suggests that the autocorrelation does not carry 
overnight here as well, and thus using DSEM3 as a model
ing framework where the day level is the middle level 
appears to be suitable. Here we compare DSEM2 and 
DSEM3 analyses for the VAR model discussed in Section 
4.5. We use TINTERVAL with 20-minute periods, which 
results in nearly 90% missing data inserted to space the 
observations across periods to match the random times of 
observations. The continuous time analysis in Asparouhov 
and Muth�en (2024a) suggests that such small time interval 
is necessary to most accurately model the erratic nature of 
the Smoking Urge variable. The results of the two analyses 
are given in Figures 22 and 23. We see here that on the 
individual level (between subject level), the results are 
largely unaffected by the inclusion of day-specific effects, 
i.e., DSEM3 and DSEM2 yield the same values. We also see 
that both variables yield substantial day-specific effects in 
the DSEM3 analysis (variance parameter z-scores are greater 
than 10). Since the individual level remains unchanged in 
the analysis, we conclude that the day effect level interacts 

Figure 21. Positive affect factor analysis.
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primarily with the within level part of the model. Thus, for 
the purposes of properly understanding the impact of the day 
level on the model, we report the ICC of the day level as the 
proportion of variance not explained by the individual level. 
The ICC for SU is 30%, while for NA it is 33%. These kinds of 
ICC levels are profound, and if ignored, will have a substantial 
effect on the model. The DSEM2 autocorrelation estimates of 
0.75 and 0.46 are estimated in DSEM3 to be much lower: 0.57 
and 0.09. The cross-lagged effect from NA to SU, on the other 
hand, increase from 0.18 to 0.28.

An alternative model where the three correlations 
(WITH statements) in DSEM3 are replaced with the regres
sion of smoking urge on negative affect is also estimated. 
This model specifies a contemporaneous relationship 
between the variables rather than just cross-lagged. The 
standardized results for this model are presented in Figure 
24. We see that both cross-lagged relationships are not sig
nificant. In contrast, for DSEM2, the cross-lagged relation
ships are significant with and without the contemporaneous 
effect (not shown). Since the DSEM2 model is nested within 
the DSEM3 model, the results of DSEM3 are presumed 
more reliable and we conclude that the cross-lagged rela
tions are not needed and that the contemporaneous rela
tionship on the three levels is a sufficient representation for 

this data. It is interesting to note here that the standardized 
results reveal that the relationship between the variables 
strengthens across the levels: it is weakest on the within-day 
level, stronger on the day level, and strongest on the indi
vidual level.

Next we want to clarify why DSEM2 is nested within 
DSEM3. Based on an average sleep of 8 hours and 
TINTERVAL of 20 minutes, the DSEM2 analysis has at least 
24 rows of missing data inserted between the last observa
tions in one day and the first observation of the next days. 
The correlation between these observations in DSEM2 is 
R24; where R is the autocorrelation matrix given in Figure 
23. That matrix is practically zero with the highest entry in 
it being 0.001. Without using matrix computations, one can 
also make the same conclusion by considering the higher of 
the two autocorrelations given in Figure 23. That is the 
autocorrelation for Negative Affect: 0.749. Simply using a 
calculator, we compute that 0:74924 � 0:001:
Autocorrelations less than 0.01 can be considered practically 
zero. Autocorrelations of 0.01 imply an R2 of the prior 
observation of 0.0001. In summary we see that in the 
DSEM2 model, the observations across days are practically 
independent. In such situations, the difference between the 
DSEM3 model and the DSEM2 model is only in the day 

Figure 22. Smoking urge and negative Affect DSEM3.
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effects. Therefore we can make the claim that DSEM3 is 
nested above DSEM2. Note, however, that such a statement 
is not true in general, and if we want to make that state
ment we must establish as we did above implied independ
ence of the observations across the different days.

We also estimated the models with between-day autocor
relation. Adding this autocorrelation across all models left the 
within-level structure unchanged while reducing individual- 
level effects and increasing day-specific effects as expected. In 
the univariate models, the between-day autocorrelation was 
0.91 for SU and 0.67 for NA, both significantly different from 
1. Four weeks of data proved sufficient to identify these corre
lations as distinct from individual-level variance. However, 
the SU autocorrelation of 0.91 is high enough to raise con
cerns. Since 0:9128 ¼ 0:07 (where 28 represents the maximum 
number of observed days), the autocorrelation implies non- 
zero correlations across all day values, which competes with 
the individual-level random intercept and suggests the model 
may be near the boundary of identifiability. While the uni
variate model estimated without issues, the bivariate model 
incorporating a VAR structure at the day level converged 
extremely slowly, with the SU autocorrelation approaching 1. 
This added complexity prevented separation of the 
individual-level random intercept from the day-level autocor
relation for SU. In contrast, a bivariate model with between- 
day autocorrelation only for NA estimated readily.

6.5. Emotional Cost and Interest for University Students

The following data was provided by Patrick Beymer and 
consists of weekly surveys of 5,407 university students 

enrolled in 62 classes in a total of 13 science courses. The 
data is collected for up to 13 weeks. The two variables that 
we consider here are the emotional cost of the course load 
and interest in the course. Six individual-level covariates are 
available: final course grade, high school GPA, gender, race, 
first-generation college status, and self-declared STEM 
intention. We would like to conduct a two-level DSEM, i.e., 
DSEM3, where we account for the nesting of the students in 
sections/classrooms or courses. The purpose can be two- 
fold. One can consider the course/classroom-specific effect 
to be a variable of interest. For both of these variables, eval
uating the average level of interest being generated in each 
classroom as well as the average emotional cost to the stu
dents can be of interest for many reasons. On the other 
hand, if we want to consider the effect of high school GPA 
on emotional cost to the student, it would clearly be a defi
ciency to ignore the class and course information. Not only 
would the standard errors be underestimated by ignoring 
the extra level of clustering, but also there is potential for 
the point estimates to be subject to confounding effects such 
as “high school GPA” might be associated with “heavier 
emotional cost classes.” This example is different from the 
examples considered previously. Here, the individual is the 
middle-level clustering variable, while students will be 
nested in course or classroom. As in any multilevel analysis, 
there are two interpretations of the model. The standard 
interpretation is that the higher level of clustering provides 
an effect that makes the variables within the cluster more 
correlated. The second interpretation is that we account for 
non-invariance across the various groups of individuals.

Figure 23. Smoking urge and negative Affect DSEM2.
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The first question we want to consider is whether the 
course nesting or classroom nesting is the correct higher- 
level nesting variable. Is the student outcome of interest 
driven primarily by the course variable or by the teacher/ 
classroom variable. If the course variable doesn’t have a sub
stantial impact, or a statistically significant impact, or it has 
an impact that is smaller than the classroom variable, we 
clearly should be using the classroom variable as the higher- 
level nesting variable. To investigate this issue we conduct 
preliminary analysis similar to Section 4.3—a univariate 
DSEM3 model with random autocorrelation using both var
iables and both nesting options. The outcome is that course 
effects are not significant (z-score of the variance parameter 
of the random intercept at the course level is less than 3), 
while classroom effects are significant. The size of the 
effects, however, is similar. Due to the fact that there are 
only 13 courses in this data, while classroom entries are 62, 
this is likely just a sample size effect. Because the number of 
classrooms is larger, the evidence for classroom effect is 
more solid than that for the course variable. We continue 

the analysis using the classroom as the higher-level cluster
ing variable.

Next, we want to illustrate the effect of accounting for 
the classroom effect on the individual-level regression. We 
will use the emotional cost variable for this illustration. 
From the univariate analysis, we see that the classroom level 
autocorrelation effect is not significant. Thus, we remove 
that effect, and the random autocorrelation is estimated as 
an individual-level variable only. We estimate the effect of 
the 6 individual-level covariates on the emotional cost vari
able. The DSEM3 input is given in Figure 25, and the com
parison of DSEM2 and DSEM3 results is given in Figure 26. 
A substantially different pattern of significance emerges. In 
DSEM2, 4 of the covariates have significant effects on the 
autocorrelation, although the Z-score of all of these is less 
than 3 and thus can be considered marginal. These effects 
are all considered not significant in DSEM3. DSEM3 
concludes that emotional cost is higher for non-white and 
first-generation college students. These effects were not sig
nificant in DSEM2. The opposite occurred for STEM intent. 

Figure 24. Contemporaneous regression of smoking urge and negative Affect DSEM3.
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Also notable is the difference in the size of the effect of 
high school GPA. This effect is substantially higher in the 
DSEM3 model. We see here that accounting for the class
room effect shifts the predictive power of the covariates.

We also consider the VAR model for the two variables: 
course interest and emotional cost. The standardized 
DSEM3 results are given in Figure 27. We see that the two 
variables are negatively correlated on all the levels, and the 
correlation increases with the levels: within-student weekly 
correlation is −0.09, average individual values correlation is 
−0.43, and the average class-level correlation is −0.75. 
DSEM3 cross-lagged results are identical to DSEM2 cross- 
lagged results: small negative but significant in both direc
tions. The total autocorrelation from the values in the 
previous period accounts for about 7% of the variation 
within-student. The classroom-level effects for emotional 
cost is 13% of the total variance, and for the course interest 
variable it is 9%. As usual, these values are computed from 
the decomposition given in (13).Figure 25. Emotional cost of university classes DSEM3.

Figure 26. Emotional cost of university classes DSEM3 vs. DSEM2.
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7. Conclusion

Dynamic structural equation modeling is becoming more 
popular. More intensive data is being collected and ana
lyzed. As the data frame increases, more data features must 
be addressed in the model. The DSEM3 modeling frame
work expands on that front and adds one more level of 
nesting. In this article, we made an attempt to motivate the 
use of this expanded framework and suggest a variety of 
research questions that could be pursued. The new models 
can be compared with the simpler 3-level SEM models and 
the DSEM models to more fully understand the data. Four 
correlation modeling techniques: autoregressive, level 1 
effects, level 2 effects, and level 3 effects; compete and inter
act with each other in the DSEM3 framework. Simulation 
studies can be used to further illuminate various aspects of 
the modeling.
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