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Appendix

Online Resource B: Proof of Concept Simulation for the Multivariate SOLDE
and FOLDE Models With Individual Differences in Equilibrium

Purpose and Previous Research

To the best of our knowledge, the multivariate FOLDE model with individual differences
in equilibrium that we used has never been studied and reported elsewhere before. How-

ever, model functioning and parameter quality were shown before in the following studies:

e univariate FOLDE modeling without individidual differences in equilibrium (Boker,
Moulder, & Sjobeck, 2020; Boker, 2007)

e multivariate FOLDE modeling without individual differences in equilibrium applied
to an empirical data set (Chow, Ram, Boker, Fujita, & Clore, 2005)

e multivariate SOLDE modeling without individual differences in equilibrium (von
Oertzen & Boker, 2010; Boker, Neale, & Rausch, 2004; Boker, Tiberio, & Moulder,
2018)

e univariate SOLDE modeling with individual differences in equilibrium (Boker, Sta-
ples, & Hu, 2016)

In order to ensure that our specific model also yields reliable parameter estimates, we con-
ducted a small proof of concept simulation that provides evidence for the general function-
ing of the multivariate SOLDE and FOLDE models with individual differences in equilib-

rium. For this purpose, the DLO parameters from our empirical data analysis were used as

data generating input parameters.

Methods

Data were generated for N = 41 persons measured on 10 observed variables for 1" = 56 oc-
casions conforming to a DLO with n = —0.01 and ( = —0.03. The loadings varied between
0.6 and 1. The time-delay embedding dimension was 6, the tau and deltaT parameters
were 1.

The simulation was conducted in the software environment R (R Core Team, 2019,
version 3.6.2) using the package deSolve (Soetaert, Petzoldt, & Setzer, 2010, version 1.28)
to generate data conforming to a DLO and using the package OpenMx (Neale et al., 2016;
Boker et al., 2019, version 2.17.2) and the NPSOL optimizer to estimate the LDE models
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under multiple core usage. The simulation was run on a standard laptop and the proce-
dure was replicated 400 times. Since multivariate LDE models are complex and hard to
fit, we employed the mxTryHard () function with 5 extra attempts to reach model conver-
gence. For model convergence, we relied on OpenMx default criteria. The full simulation
code is provided as part of Online Resource A. Run time for this small simulation was al-
ready approximately 38.5h on a standard laptop.

Model performance is evaluated with respect to convergence, bias, variance, and
root mean square error (RMSE). As measure of bias, the relative bias is reported and as
measure of the variance, the standard deviation of an estimate across replications is re-

ported.

Results

Table B1 displays the results of this proof of concept simulation. As can be seen, model
performance is in general good for the simulated scenarios for both the SOLDE and the
FOLDE model. The biases are small and well below +10%, which is still considered to be
acceptable by some researchers (Muthen & Muthen, 2002).

In contrast to Boker et al. (2020), who relied on univariate models for one single
subject, we found that for the multivariate, multisubject SOLDE approach to modeling
the DLO, convergence was slightly higher, bias for the frequency parameter was slightly
smaller and variances for frequency and damping parameters were also smaller than for
the FOLDE approach. The RMSE combining bias and variance is also slightly smaller for
SOLDE than for FOLDE with respect to the frequency parameter and almost equal for
SOLDE and FOLDE with respect to the damping parameter. However, in general, differ-
ences are rather small and both models work very well in the given context. In compar-
ison, Boker et al. (2020) report relative biases of the frequency and damping parameter
for the SOLDE approach between 7 and 18% across all conditions and for the FOLDE ap-
proach between 0.1 and 11%. The differences may be due to the increased model complex-
ity as a consequence of the multivariate measurement of the latent construct. However, the
interplay between multivariate LDE model, model complexity (e.g., in terms of number of
indicators) and DLO parameter values can only be investigated using fully-blown Monte
Carlo simulation studies.

In conclusion, for the our purpose, our proof of concept simulation has ensured that
the SOLDE and FOLDE models work well in the simulated context.
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Table B1
Sitmulation Results

Outcome SOLDE FOLDE
Convergence (%) 96.25 84
relative bias, (%) 0.82642 1.89747
relative bias; (%) 2.63169 2.12508
SD, 0.00045 0.08721
SD¢ 0.00246 0.00258
RMSE, 0.00046 0.08722
RMSE; 0.00265 0.00276
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