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Structure of the presentation
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• Concept of NatCat models
• The event intensity field
• Error propagation and quantification
• The possibility of overfitting
• Test of NatCat models
• Conclusion
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The Concept of NatCat Models
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NatCat Risk = Hazard  Vulnerability  Value

• Approach: event generation by Monte Carlo simulation
• Sub-models for hazard, portfolio geography and portfolio 

vulnerability
• Output: risk curves for the exceedance probability or 

return period of aggregated loss.
• A NatCat model is, inter alia, a stochastic and statistical 

model.
• Commonality with a simple statistical model: interpolation 

of experience and information in a scientific way
• Difference to a simple statistical model: sub models for 

knowledge and information transfer

Fig. 1: Scheme of simulation and aspects
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The field of event intensity on the 
example of Earthquake
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• The intensity field is described by the ground motion model (GMM).
• Differentiation in a deterministic component (expectation) and random components.
• Reduction to a regression model with residuals.

Fig. 2: Intensity field for EQ – ground motion model (GMM): a) expectation, b) random components (global –yellow, 
local – black), c) combination, d) analysis by regression model (schematic examples)
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Area-function and area-equivalence
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• Area-function 𝐴 𝑦 measures the set of points with intensity larger than 𝑦

• Area-equivalence: Area-functions are equal.

Fig. 3: The spatial view: a) modelled and actual expectation, b) local bias, c) area-functions 
(schematic examples).
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Consequences of area-equivalence
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• For a uniform and homogenous portfolio, the event losses for different 
area-equivalent intensity fields are equal (model versus reality).
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• If the local bias of the expected event intensity is misinterpreted as part of the random 
component, then the loss is over estimated since: 

misinterpreted local bias  overestimated variance of residual/random component  
 overestimated area with highest intensities  overestimated event loss



Error Quantification via adapted 
classical Approach
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• Error propagation can be approximated via delta method (Taylor approximation) 
with variance-covariance matrix of model parameters and Nabla operator.

• There are limitations in practice.
• The news approach can be validated or falsified (Raschke 2014, 2017).
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1. Estimation of the modell 
parameter vector and its 
variance matrix

3. Monte Carlo simulation 
of a set of parameter
vectors

4. Computation of a set 

of (Y>y for the set of 
simulated parameter vectors

5. Quantification of the
uncertainty of  step 2. by 
the variance of 4.

2. Computation of  (Y>y) 
with the point estimated 
parameter vector

Fig. 5: Adapted quantification of error propagation: a) proceeding scheme  for the example 
of local hazard curve, b) corresponding check of confidence ranges (Raschke 2017).
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The Possibility of Overfitting

4 – 8 June 2018, www.ica2018.org 10

• Tendency : complex phenomenon  complex model with many parameters.
• A increasing number of model parameters has consequences and does not lead 

automatically to a better model.
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Fig. 6: Fictitious example with exponential distribution (ED) with one parameters and generalized Pareto distribution (GPD) 
with two parameters: observations and point estimations, b) point estimations and 90% confidence ranges for the quantiles.
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Is the model appropriate?
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• Stochastic models should be tested in a statistical sense.
• Complete samples, e.g. of annual maximum loss 

occurrence, are seldom.
• Which difference between observation and model is 

acceptable?
• Classical test methods are not very powerful in contrast 

to new approaches (Raschke 2016).
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Fig. 7: Fictitious example for ‘recorded’ and ‘not recorded’ 
event losses (as if losses for the largest annual event loss).
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• The randomness of NatCat is not completely understood.
• Some practices are unacceptable from statistical point of view.
• Possible reason for the situation: the fragmentation of the NatCat communities.
• Stochastic models should be validated in a statistical sense.
• New stochastic models and statistical methods could be required.
• A peer-review of model approaches by research communities is suggested.

Conclusions
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Thank you very much for your attention!
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