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Catastrophe Model Risk
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Catastrophe Model Risk

It might not feel like it - given the always present burden of regulation and
process - but catastrophe model skill is especially needed in a soft market!

In a soft market models can become a powerful competitive (if not
disruptive) advantage - if we understand their unique potential as
well as the biases and errors.
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Model Risk:

Offset mark to model vs. mark to market

Difference between results of two “similar” models

Difference between model results and actual results




Catastrophe Model Risk
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Basis Risk (imperfect Hedging)

Complexity (over-fitted)

Correlation, Correlation Uncertainty

Metric: “EL/Mean” might not be the right measure
Model Implementation

Model Usage (data etc.)

Regulation (Model) Risk (“overregulated™?)

Time inconsistency (long-term average vs. forecasting)
Uncertainty and Volatility (epistemic and aleatoric)
Wrong Model

1. Are we Using the “Right” Model?
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Models are based on assumptions:

Exposure calibration: too high = too low
vulnerability

Scope: time, region, coverage 1/100 MUSD

“Actual” Near-term
Model theory: relevance of process

2. Ensemble Modeling = “Good” - Are two Models an “Ensemble”?
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3. Aleatoric Model Uncertainty - What Range do we Want to Consider?

Uncertainty creates bias for “non-linear
model” (e.g. ground acceleration)

Hazard dominates model risk
Vastly different for different perils

Larger for higher damage ratio (EQ,
FL, TOvs. ETC)
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3b. Aleatoric Model Uncertainty - Higher for Single Risks

Model Risk decreases with
diversification and portfolio size

Portfolio management may hence have
higher skill than prizing

Models used for prizing single risks and
local portfolio need >> # events than
diversified portfolios
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Single Factory vs. Portfolio (Peru EQ)

Single factory, remote area
Nationwide Peru
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4. How Many Events/Years do we Need to Model?

Rule of Thumb: As many as you
need to flatten the curve!

Millions of years for local insurance books
International portfolios are fine with 10K
years (in case local sub-portfolios are
unlikely to contribute to tail).

It is often more economical and rewarding
to run several sets of 10K years rather
than a few sets of 100k year portfolios

Single Factory vs. Portfolio (Peru EQ
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5. Epistemic Risk, Japan EQ Model Failure

® EQ forecasting using time-lack,
Poissonian, or Clustering

© The best solution might not be the
most commonly believed?
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CAEQ risk assessment follows the same principal...!

5a. CL, Sept 17, 2015: You may Want to Rebuild Your Model After a Large Event...

Insured
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Internal Model
run as of 9/17,
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See e.g. Yu-nung Nina Lin et al.
For post-seismic N migration of
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ATDAT Chile report, 9/1

James Daniel oral communication 1

5b. High Forecasting Skill but Whatuse...?

AMO, ENSO, NAD,EPNPpricod . actual Atanic ACE

Simple Statistical ACE Forecasts, Skill ~ 70% for HU Activity

“Random Processes” seem to drive variability. Loss prediction using the above has
often little skill (landfall odds, where storms make landfall etc.). The value is rather in

forecasting years with lesser/or more than average activity.

Allow ‘“reasonable” activity forecasting into your annual strategy and risk appetite!
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5c. 1/150 “Positive” Event vs. Largest Recent “Negative” Event (Katrina) = 1/25!
...How Much is Random and How Much can be Learned?

# Florida landfalling HU events “Over-dispersedand

"HU events:

Last 8 years withouta
| landfalling HU

|

This did not happen once in
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5d. Correlation/Clustering in time: 4" Event Losses,
Nebraska 2014

“Blocking” and clustering of events
over >1 month in a specific US
territory might not have happen

03 oftenin history and is hardly seen
in “bootstrapped” models:

Blue: nearest neighbors i.e. next
events. They cluster in Space
(data since 1950)

frequency

Green: purely random reference

Red: selection with events,1
months apart: Some clustering!
(higher than green)
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5e. The Higher the Resolution the Higher the Model Risk...?

Increasing #variables = increasing complexity
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6. Exposure Model Risk

“Garbagein...”- not wrong but misleading...?

Exposure is derived by a model(index) and may not be independent from
a catastrophic model (dependent variable)

How does company exposure compare to exposure used to calibrate
model? What is the “best” resolution for Exposure input?

Exposure should be considered “stochastic”...

Resolution-Dependent Results
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7. How can we Best Adjust/Calibrate Models?

Commonly done: Quality score

Component adjustment (e.g. adjust frequency, intensity, or vulnerability ‘
separately)

Historical benchmarklosses r_‘>

Adjustmentbased on internal stochastic model(s) t

We Conclude: Epistemic Risk is the # 1 Catastrophe Model Risk

The scarcity of information, the need for detailed loss forecast, the
concept of “long-term”, and the “believe” that we understand a process
drives failure!

“Big Data” concepts, i.e. deviating from theory to agnostic data
processing might help (deducing rather than inducing) ..."Paradigm shift
in Modeling”
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With all this, What do | Need to do as a Risk Officer?

“mediaefinanciabnews.com

“Get your brain back”: Invest in an own catastrophe model that helps calibrate or
rebuild the currently used models in your company

Use the Vendor Model as a trading platform (and see what others follow)

Your Model must be: 1) able to forecast, 2) good at comparing risk across the
world, 3) built on parsimonious assumptions (tradeoff between complexity and
bias), 4) flexible and quick. Team up with scientists (wisely!)

Consider uncertaintyin prizing and capital cost assumptions (same ELR might
have very differentmeaning)

Build on a trusted portfolio (even) more than on technical prizing




