Epistemic Uncertainty Model
for Use of PEER-NGA Ground
Motion Models In
National Hazard Mapping



Sources of Epistemic Uncertainty

1. Uncertainty in selecting the appropriate
database

2. Uncertainty in selecting the appropriate model
formulation

3. Uncertainty in estimating the population mean
with a finite data set

4. Uncertainty in estimating the population mean
due to uncertainty in the predictor variables in
the dataset (magnitude, distance, Vg5, €tc.)



Epistemic Uncertainty

 Components 1 and 2 addressed by
multiple PEER-NGA models

— Differences in selection of appropriate data

— Differences in selection of appropriate model
formulations



Epistemic Uncertainty

 Components 3 and 4 can be assessed for
each model

— Component 3 a function of selected data
— Component 4 a function of data uncertainty



Uncertainty in Mean of a Sample

» Estimate of mean of a sample

O- = 9

X n

* Extension to ground motion data with
nested sampling
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Results for PEER-NGA Models

M and RRUP
Range Boore and Campbell and Chiou and
Atkinson Bozorgnia Young s
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Assessment of Constraints on
Model Parameters

» Assessment of uncertainty in parameters

IS given by asymptotic standard errors and
correlations

* The non-linearity in the model and the
high degree of correlation between some
parameters makes interpretation difficult

« Use a non-parametric simulation approach
— Bootstrap standard errors of predictions



Bootstrap

Assume that observed data defined an empirical
joint distribution for predictor variables and
response

Sample with replacement from this empirical
distribution to generate new data set

Fit this simulated data with functional form and
obtain ground motion predictions for a range of
M, R, Style of Faulting, etc.

Repeat the process multiple times and compute
the standard deviation of the predictions. This
provides an estimate of o,



Bootstrap

* Two approaches for regression analysis
— Re-sampling data with replacement

— Re-sampling residuals and adding these
residuals to the model predictions (this breaks
the tie between the predictor variables and the
response)

* Approaches for sampling from nested data
(i.e. correlated data) are not well
developed
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BS Residuals
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Effect of Predictor Variable
Uncertainty

Simulate new data sets with predictor variables
estimated from standard errors reported in Flat
File

Fit this simulated data with functional form and

obtain ground motion predictions for a range of
M, R, Style of Faulting, etc.

Repeat the process multiple times and compute
the standard deviation of the predictions. This
provides an estimate of o, due to data
uncertainty

Combine this with bootstrap estimate (add
variances or directly in combined simulation)



Epistemic Model for USGS
Mapping

* Multiple PEER-NGA models provide
partial estimate of epistemic uncertainty
across models

* Bootstrap type analyses provide an
assessment of epistemic uncertainty for a

given model
— Use to construct estimate of o,(M, R, etc.)



