High-resolution data, not model flexibility, drive accurate predictions of
European winter storm damage
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The spatial distribution of damage predictions 1s
highly similar across model classes

Feature selection affects prediction accuracy

Predicting winter storm damage at the
more than model class

residential-building level

Winter storm on 2020-02-09
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Gridded meteorological data from the Dutch national weather service (KNMI) at:

Predicts sample average, used to evaluate gains from including features

2. Generalised linear models (GLM)
Least flexible functional form, but offers transparent interpretation

3. Generalised additive models (GAM)
More intricate non-linear effects through smooths, while interpretable

4. XGBoost (XGB)

Gradient-boosted tree method for learning highly non-linear relationships

and complex interactions

We test predictions on truly unseen winter storms with nested
leave-one-storm-out (LOSO) cross-validation
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We measure prediction bias across multiple winter storms (MBE)
and storm-level prediction errors (MAPE)

Z Z_Z Ys 100 E_YE
MBE =1 2 5 MAPE = ——
00 x 7 5 : Y.

where Y, is the prediction for winter storm s, Y; is the observed value, and
S 1s the number of held-out winter storms.

2.5 km horiz. res. (W/TSm/TSd)
1 km horiz. res. (P24)

The winter storm damage process 1s characterised by numerous non-linear

relationships
Chance-of-loss models
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Interactions act as secondary damage modifiers and give XGBoost no significant
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