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e |ssues: Questionable performance in typical psychological data
(Hoekstra et al., 2022; Mansueto et al., 2023)

e New ways needed to assess uncertainty
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Bayesian gVAR Estimation

* Gibbs sampler in R package BGGM (Williams and Mulder, 2021)
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Temporal Network
Y= By, 1+ (s
Ct ~ N<07 @_1)

Prior:
Bii ~ N (0, s5)
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Bayesian gVAR Estimation

* Gibbs sampler in R package BGGM (Williams and Mulder, 2021)
* New Stan implementation in tsnet (Siepe & Kloft, 2024)

Temporal Network Contemporaneous Network
Yyo=By 1+ pij = _—@”
V ©iOj
¢~ N(0,071) Prior:
Prior: 55
ﬁij ~ N(O, 36) Pij ~ Beta (5, 5)
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Simulation 1: Estimation Performance

e DGP: Real-world examples with six and eight nodes & dense network
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Simulation 1: Estimation Performance

DGP: Real-world examples with six and eight nodes & dense network
* Time series length: ¢ € {50,100, 200,400, 1000}
Methods:

e Bayesian gVAR without thresholding
e Bayesian gVAR with Cl-based thresholding
e LASSO gVAR in default setting

1000 Monte Carlo replications

} Wide & narrow priors
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Simulation 1: Results

Sparse true network:

» LASSO/Bayesian thresholding outperform
other methods
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Simulation 1: Results

—(b)
Sparse true network: o

» LASSO/Bayesian thresholding outperform
other methods °
_

Dense true network:

* Bayesian estimation without thresholding e-a
outperforms other methods V
* Narrower prior (more “regularization”) /

works better °
W,

wChoice of method depends on assumptions
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Idea of the Test

* Are differences between networks more than estimation uncertainty?

(Hoekstra et al., 2022)
e |dea: Matrix norms (Ulitzsch et al., 2023)
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e Randomly draw matrix pairs from each posterior of two networks

w Obtain reference distribution of uncertainty
e Comparison of empirical norm with reference distribution for

temporal and contemporaneous network
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False Positive Rate
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Limitations

 Typical limitations of idiographic network models still apply

w Studying heterogeneity likely often works better with multilevel
models

e No ‘proper’ Bayesian edge selection
* Issues in obtaining evidence for the null
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Implications

e Bayesian Estimation can be a viable alternative to LASSO for
idiographic networks

w Choice of estimation method depends on sparsity assumption
e The test may guard against wrong interpretations of heterogeneity

* Implemented in R package tsnet (available on CRAN)
 Potential use in intra-individual comparisons
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Simulation 1 Results
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Visualization of Test
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