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Summary

The goal of this study was to investigate the use of decision trees to predict financial loss associated with an earthquake, as an alternative to the Capacity
Spectrum Method (CSM). Decision trees (rules) are built through regression analysis of a synthetic loss dataset (generated by EQRM and using the CSM).These
rules can then be applied to other real or modelled earthquakes to approximate loss, which removes the iterative CSM step in the EQRM loss calculation, and
increases its efficiency.This will allow more simulations to be conducted, hence capturing more of the uncertainty inherent in any impact modelling process.

Background Results and Discussion

e The ability to provide rapid and accurate estimates of damage following an earthquake
is central to effective disaster management.
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Sadigh [’] and a preliminary Australian model (hereafter referred to as the Allen model;
per comm.T.Allen)). Loss (structural damage) was calculated for each combination,

Capacity Spectrum Method vs. decision-tree approach

e For higher earthquake magnitudes (eg: Mag 7.5), results obtained using the decision-tree
approach closely match those generated using the CSM (Figure 3). For lower earthquake
magnitudes (eg: Mag 5.5), there is greater discrepancy between the two approaches
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predicted loss and the top splitting variable for some building types.

resulting in 37800 loss calculations for a range of event scenarios on the same fault for
the particular HAZUS building type.This process was repeated for all 56 of the HAZUS
building types.

CART is a software package that builds classification and regression trees for predicting
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categorical and continuous variables respectively. The rationale for using CART was: (a) to 106

find which variables appear most important in determining structural damage (loss); and

(b) to generate a decision tree (rules) using these variables and their values, to allow us to
predict loss without the need for a full CSM analysis.
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variable we hope to predict), and the following variables were selected as potential
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predictor variables: earthquake magnitude, ground motion model, regolith site class,

Joyner-Boore distance, and ground motions at 36 spectral periods (between O - 3
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Figure 3: Aggregated building losses for each building type for each method (decision tree rules and full CSM) for a magnitude 7.5
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(the Atkinson and Boore model CSM approaches, for different earthquake magnitudes and ground motion models.

was not used in the rule generation).
e To produce more ‘generally applicable’ decision-tree rules (likely to be associated with
a decrease in predictive accuracy), a larger synthetic test dataset should be used in the
appropriate periods of ground-motion (predictor variables) needed for that building type CART analysis. Conversely, creating a unique rule set for each ground motion model

to estimate loss. should be associated with increased predictive accuracy.

using the Atkinson and Boore ground motion model [?] to enable the CART
rules to be tested on an independent dataset. Using the site-database, the relevant rule
was accessed for each building type, with each rule accessing the

Conclusions

 CART is a powerful and useful software tool for revealing complex relationships between variables in multi-variate datasets.

* The best splitter variables (i.e. those that are most closely related to structural damage) determined by CART were periods of ground motion in the earthquake response spectra (eg:
response spectral acceleration at'T = 0.5 seconds), rather than variables such as Joyner-Boore distance, site-class (soil type), or earthquake magnitude.

* The decision-tree approach is able to produce loss estimates within 6% of the loss estimate produced using the full CSM in EQRM.The rules perform best (i.e. are able to predict loss)
when applied to ground motions that are calculated using the ground motion models originally used to develop the rules.

e The decision-tree approach for generating loss estimates is computationally more efficient than the full CSM, and by accepting the trade-off of a small decrease in the accuracy of
loss estimates (for earthquake magnitudes greater than 6), it allows modelling of significantly more earthquakes, thus should produce more rigorous estimates of earthquake risk and
event impact.
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