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VAR(1) models

e For N=1 and 2 variables:

Y1
Y2

=>» Errors follow multivariate normal distribution with variance-covariance 2
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How many timepoints?

e Power
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Simulation-based approach

Power analysis
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How many timepoints?

* Power:
e Parameter specific 0.

* Focus on the effect(s) of interest ,,C/; A
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How many timepoint?

* Power:
* Parameter specific
* Focus on the effect(s) of interest

* Prediction accuracy:

* Focus on the whole model:
“how well will my model perform on unseen data?”

* Usually MSPE =» Issue
* A Tiraining = A Predictive accuracy

* PAA: Optimize the number of timepoints (T, aining)
to have a good probability to achieve
a good predictive accuracy
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Simulation-based comparison

Power analysis Prediction accuracy analysis
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=>» Modification of step 2 and 3



Step 3 of PAA

* Steps:
3.1 Compute Mahalanobis distance using true 2 (standardization)

3.2 Compute proportion of prediction errors < 95th percentile of the y?
distribution with df = #variables

Step 3.2
Step 3.1

=== Mahalanobis distance »
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Step 3 of PAA

* Steps:
3.1 Compute Mahalanobis distance using true 2 (standardization)
3.2 Compute proportion of prediction errors < .95 quantile of y?(#vars)

Step 3.1

* For high T raining-

Pr;ediétiofil erzrors — Mahalanobis distance I
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Steps 3 and 4 of PAA

* Steps:

Good
predictive —
accuracy

3.3 Define performance threshold: .94
Probability to {4. Compute expected predictive accuracy (EPA)
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Results

Power Predictive accuracy (PAA)

Complexity of

o
the model (#vars) N
Auto-regressive N* N
Cross-regressive AN* N °
Intercept A* -
Variance N -
Covariance N\ -

 Complement power
 Warning: Predictive purpose

° Whole model
* Parameter specific
* Standardized



AppPS

* R: Shiny app
* Julia: Dash app

This shiny app is based on Jordan et al. (?77). Its purpose is to perform a predictive accuracy analysis (PAA) for VAR(1) models in a N=1 context.
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Step 2 of PAA

e Generate data

( True Model

Generate

=1+ Model Trained

R=1000
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Results: Parameters’ influence

ar1 variation
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Expected Predictive Accuracy —

Results: Parameters’ influence parameters’ power
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