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CALCULATING FINANCIAL LOSS FROM CATASTROPHES 
 

Peter TAYLOR1 
 
Abstract 
This paper describes the way uncertainty is treated  in  today’s  catastrophe loss models and 
how it could be improved in the future to provide more credible estimations of risk. 
 
The paper argues there are major deficiencies in the treatment of uncertainty in catastrophe 
loss models with inappropriate simplifications that mislead rather than inform.  It explains how 
and why we need an evidential basis for models, an honesty about  what  we  don’t  know, and 
expression of this lack of knowledge in the rigorous use of probability. 
 
After a brief introduction to uncertainties in catastrophe loss modelling, the paper will focus on 
just two of the many elements of uncertainty: 
 

1. The representation of vulnerability. 
2. The handling of probability in catastrophe loss models. 

 
From this analysis three conclusions will emerge: 
 

1. Vulnerability (or fragility) curves should allow discontinuities and expose the associated 
damage distributions, not just assume a parametric continuous distribution. 

2. Uncertainty  due  to  lack  of  knowledge  (“epistemic”  uncertainty)  should  be represented 
using probability distributions, not ignored. 

3. The handling of probability in catastrophe loss models should be empirical, not based 
on the convenience of closed form parametric distributions or the false god of a 
presumed central tendency. 

  

                                                
1  Dr Peter Taylor, Technical Director, Oasis Loss Modelling Framework Limited, London, 
peter.taylor@oasislmf.org 
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Introduction 
 

“Besides being invisible, your Highness, this cloth will be woven in colours and patterns 
created  especially  for  you.” 

Hans-Christian Andersen 
 
In so many areas of knowledge the certainties of the 20th Century have given way to 21st 
Century recognition that we may not be able to know everything – it’s  become  the   “age  of  
recognised  uncertainty”.    The  Cambridge  Professor  for  the  Public  Understanding  of  Risk,  David 
Spiegelhalter, puts it this way when commenting on risk (Spiegelhalter and Riesch 2011): 
 

“- Seek transparency and ease of interrogation of any model, with clear expression of the 
     provenance of assumptions. 
 -  Communicate the estimates with humility, communicate the uncertainty with confidence. 
 -  Fully acknowledge the role  of  judgement.  ” 

 

What a change from the confidence of the scientists, economists, and masters of the universe 
of yesteryear!  Spiegelhalter is just one of many authors who, since the turn of the century, 
have taken our hubris to task.  In Obliquity, John Kay (Kay 2010) highlights the damage done 
by those who thought they knew more about the world than they really did.  In Useless 
Arithmetic, Orin and Linda Pilkey (Pilkey 2006) examine models that have been used to 
support the interests of businessmen and politicians rather than adequately represent reality, 
with disastrous consequences in areas such as fishing and mining; in The Future of Everything, 
David Orrell (Orell 2008) challenges whether people can ever make meaningful predictions 
about real-life  systems,  notably  climate  and  genetics;;  Denis  Noble’s  The Music of Life (Noble 
2008) disputes the central dogma of biology that people are solely a consequence of their 
genetic make-up; and in Complex Systems and the Origin of Wealth, Eric Beinhocker 
(Beinhocker 2005) debunks the supposed certainties of classical economics. 
 
When it comes to catastrophe loss models, even the CEO of the market leading loss modelling 
company, RMS, admits there is a problem (Shah 2012): 
 

“some  now  feel  more  vulnerable  to  a  change in model versions than to the very catastrophes that these 
models  were  intended  to  mitigate.” 

 
Others in the industry are less equivocal - Tad Montross, CEO of GenRe (Montross 2010): 
 

“Understanding  the  models,  particularly  their  limitations  and  sensitivity to assumptions, is the new task we 
face.  Many of the banking and financial institution problems and failures of the past decade can be directly 
tied to model failure or overly optimistic judgments in the setting of assumptions or the parameterization of 
a  model.” 

 
and Karen Clark, the founder of catastrophe loss modelling (Clark 2011): 
 

“the  problem  is  the  models  have  actually  become  over-specified. What that means is that we are 
trying   to  model   things   that  we  can’t   even  measure.    The further problem with that is that these 
assumptions that we are trying to model, the loss estimates are highly sensitive to small changes 
in those assumptions.  So there is a huge amount of uncertainty.  So just even minor changes in 
these assumptions, can lead to large swings in the loss estimates.  We  simply  don’t  know  what  the  
right  measures  are  for  these  assumptions.” 

 
We  have  in  Karen  Clark’s  words  a  problem  of  “unknowledge”. 
 
It is the task of this paper to address this problem for catastrophe loss modelling in two areas 
– the representation of vulnerability, and the treatment of probability.  This is not to say other 
areas of uncertainty are less important, just for the sake of brevity we shall choose these two 
aspects.  
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Catastrophe Loss Modelling 
Catastrophe loss  models  made  their  first  appearance  30  years  ago  with  Karen  Clark’s  Applied  
Insurance Research.  These early models were market-share based systems used by treaty 
reinsurers.  Since then, their use and application have increased to the stage now where most 
property insurers and reinsurers use models and regulators expect them to be used.  Over this 
time there has been a change from widespread scepticism to blind acceptance. 
 
Catastrophe loss models simulate the impact of catastrophic scenarios,   termed  “events”, in 
order to estimate the frequency and severity of losses on both an economic and insured basis.  
The models are simplified representations of events and their effect in what might be termed 
a  “static  event  paradigm”   in  that  they  take  footprints  of damage caused by an event, driven 
from a worst-case measure, such as maximum flood depth, of a damage-causing peril.  Prima 
facie, there is little to suppose such a static worst-case model would be a good representation 
of a complex interacting dynamic reality.  The simple assumption that maximum peril intensity 
causes damage might not be valid.  It might be that we have only a statistical large-scale 
correlation of peril intensities and losses.  Perhaps we should therefore be cautious about 
expecting models to give reliable answers for individual properties (buildings)?   About the best 
that can be said is that using probability distributions to represent our uncertainties is the only 
rigorous way to articulate the problem with a static model.  Whether the resulting distributions 
of outcome losses are meaningful for drawing precise conclusions is to be determined.  It 
seems unlikely and, as we shall see, valid only in some circumstances. 
 
The use of catastrophe loss models for precise numbers – as is regularly done by underwriters 
and regulators today - is  a  “triumph  of  hope  over  experience”  to  quote  Oscar  Wilde’s  view  of  
second marriages.  (His view of first marriage is also caustically insightful - the  “triumph  of  the  
imagination over intelligence”.) 
 
Figure 1 below illustrates the way a catastrophe loss model works for each simulated event: 

 
Figure 1. The Catastrophe Loss Model Paradigm 
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The Event,  characterised  by  frequency  with  a  severity  by  “footprint”  (usually  an  area  such  as  
a postcode or a grid cell) impacts an Interest (usually a property with characteristics such as 
construction).  The Event then causes Damage at   the   property’s   location   according the 
property’s  vulnerability  to  the  severity  and  spread  of  damage.    This  results  in  the  economic  or  
Ground-up Loss, which may then give rise to a claim on an insurance policy with a resulting 
Insured Loss to the Policy.  Depending on the share (termed  “line”  in  insurance),  this  then  
gives a Loss to the Insurer.  This process mimics what happens with a loss and insurance 
claim in real life. 
 
Sources of Uncertainty in Catastrophe Loss Models 
There are many sources of uncertainty within catastrophe loss models, and categorising them 
is somewhat arbitrary.  Nonetheless, we can identify three broad categories: 
 

 Model Uncertainty covers the uncertainties that exist within the scope of the model.  
Model inadequacy represents the unsuitability of the underlying physical hazard and 
vulnerability models, as well as the effect of ignoring secondary perils such as demand 
surge (sometimes termed “Loss Amplification”) and fire following earthquake, or 
secondary coverages such as business interruption (BI).  Model risk is the risk that the 
particular model is wrong or provides an incomplete and misleading picture.  Parameter 
risk is  the  risk  that  the  model’s  parameters  (often  expressing  assumptions  or  calibration  
factors) are wrong, and calculation error the risk that the model has been insufficiently 
discretised or sampled. 

 Data Uncertainty in this case applies to information describing the insured exposures 
which are typically properties and structure.  This can cover location which is generally 
the most important attribute of an interest (such as a building), and understated values 
where, for various reasons, the insured values do not reflect the indemnity that would 
be incurred.  Data uncertainty can also include the risk profile of a building, i.e. the 
attributes that characterise propensity to damage - “primary   modifiers”   such   as  
construction  and  occupancy,  plus  “secondary  modifiers”  which  are  other  attributes  that  
affect damage such as a roof geometry.  And of course, any data may be out of date, 
as is so often discovered when a catastrophe occurs and a building is damaged which 
is not on the schedule used for underwriting. 

 Unmodelled Uncertainty is set apart from the data and the model as it relates to the 
part of the representation of the problem that is outside the domain of the model.  It 
covers a range of factors, which include secondary perils such as business interruption, 
demand surge, and fire following (although these can sometimes are included in the 
model and any weaknesses would then fall under “Model  Inadequacy”).    A  particular  
cause of unmodelled loss in recent years has been contingent business interruption 
losses caused by supplier failure.  The interpretation of policy wordings by the relevant 
jurisdiction can also materially affect losses, and a component of insurance cost 
generally ignored by modellers is the expenses and fees from adjusters and lawyers 
and other third parties involved in a claim, termed loss adjustment expenses.  In some 
cases these can be a material overhead on top of the pure indemnity cost. 

 
Table 1 and Figure 2 show how these can be applied to the components of the Catastrophe 
Modelling paradigm (the list is not exhaustive): 
 

Table 1. Some of the Major Uncertainties in Catastrophe Loss Models 

Area Uncertainty Description Type of Uncertainty 
Primary 
(Event) 
Uncertainty 

Definition When is a scenario an event and not an 
event? 

Model – Model Risk 

Frequency How often does this event occur? Model – Parameter Risk 
Clustering How correlated (or independent) are events 

in time? 
Model – Parameter Risk 
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Area Uncertainty Description Type of Uncertainty 
Secondary 
Uncertainty – 
Hazard 
Footprint 

Choice of peril 
intensity 

Which measure of intensity is appropriate (if 
any) as a driver of damage? 

Model – Model Risk 

Peril intensity Given the measure, how uncertain is the 
intensity? 

Model – Parameter Risk 

Secondary 
Uncertainty – 
Vulnerability 

Vulnerability How does vulnerability vary by type of 
property? 

Model - Model and Parameter 
Risk 

Damageability Given a property suffers the peril intensity, 
how uncertain is the damage? 

Model - Model and Parameter 
Risk 

Exposure 
Data 

Data quality How accurate and precise are the property 
data? 

Data (general) 

Coverage 
correlation 

How does damage to different insurance 
coverages correlate? 

Model - Parameter Risk 

Location 
correlation 

How does damage uncertainty correlate due 
to location? 

Model - Parameter Risk 
Data - Wrong location 

Stochastic 
modelling 

Discretisation 
error 

What errors are introduced due to 
discretisation (choice of probability bins)? 

Model - Calculation Error 

Sampling error What confidence level is associated to 
random sampling? 

Model - Calculation Error 

Socio-
economic 

“Loss  
amplification” 

How uncertain are loss cost estimates as a 
function of size of catastrophe? 

Model - Model Inadequacy 

Loss adjustment 
expenses 

Costs of adjusting and handling claims. Unmodelled – could be done 
from claim count though 

Legal 
judgements 

How uncertain are rulings of liability? Unmodelled - Wordings 

 

 
Figure 2. Uncertainties in the Catastrophe Loss Model Paradigm 

 
What is then particularly interesting is that many sources of uncertainty lie outside the model 
– Model Risk, much of the data uncertainty and of course unmodelled uncertainty. 
 
So how well do these models shape up to reality?  Not very well, it turns out.  Looking at actual 
losses from Hurricane Isabel (2003), models understated losses by a factor of between 2 and 
7 (DeMartini 2004): 
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Figure 3. Hurricane Isabel (2003) example modelled to actual losses 

 
Looking at the way loss estimates developed after the event for Hurricane Katrina (personally 
prepared figures): 
 

 
Figure 2. Hurricane Katrina modelled loss development (2005) 

 
Predictions for hurricanes and losses in a year show no skill (see Clark 2012): 
 

 
Figure 4. Near-term event set model predictions 2006-2009 

 
Comparative studies of model variability from a survey of modelled insurance programmes 
(Major and Kreps 2012) show wide variations: 
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Figure 5. 1999-2001 Survey of 180 cat layers - Expected Loss variability between models 

 
It’s  a  sorry tale and without any major earthquakes or hurricanes for many years in the United 
States, where most of the modelling has been done, we have not been able to test the models 
against reality to see if they are performing any better. 
 
As many commentators in the industry, including the original founders of modelling, now warn, 
catastrophe loss models should be treated with caution and as a guide not a predictor that can 
provide precision. 
 
We will now see why this is so by looking in detail at two of the many elements of uncertainty 
– one, vulnerability, which is a source of uncertainty; the other, the use of probability, the 
principal means of articulating uncertainty. 
 
Representation of Vulnerability 
There are many ways in which different models represent event footprint intensity and 
associated damage.  Some just provide mean values (simply mean damage models); others 
provide full probability distributions for both intensity and vulnerability.  Many use point values 
for intensity and damage (vulnerability) distributions.  Most use parametric distributions for 
damage.  For example, a popular catastrophe loss model uses one of beta, gamma, or beta-
Bernoulli depending on the peril; others such as flood models use uniform distributions for 
flood intensity and truncated normal for damage; earthquake models popularly use truncated 
lognormal for intensity and beta for damage.  A very few allow fully histogramic distributions, 
especially for vulnerability.  There are particular reasons behind these choices and there are 
significant differences in their consequences. 
 
This section will take as its particular example the Damage/Vulnerability part of the Loss Model 
structure as illustrated in Figure 6: 
 

 
Figure 6. The Damage/Vulnerability component of loss models 
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The convention is to use plots of mean damage ratios by intensity and then calculate the mean 
and standard deviation and fit distributions to these moments (e.g. beta distribution). 
See Figure 7. 

 
Figure 7. Vulnerability Functions Lagace.(2008) 

 
The flaw with this method is that these are plots of mean damage ratios not damage ratios.  
Individual properties will therefore respond differently, especially for chances of no damage 
and  total  loss  which  get  “washed  out”  with  mean  damage  ratios. 
 
Parameterised distributions are typically smooth and unimodal so do not reflect variations in 
damage outcomes due to substructures or incomplete classifications (e.g. occupancy might 
involve  many  construction   types;;   “unknown”  would  almost  certainly  mean  a  complex  multi-
modal distribution).  In short, using solely parametric distributions is the triumph of hope over 
experience. 
 
Yet that is what is typically done and means outputs look disarmingly smooth and regular with 
nice central tendency as one is led to believe from school statistics.  This is only likely to be 
valid where the Central Limit Theorem for a large number of independent identically distributed 
random variables (properties in this case) leads to a normal central tendency.  Otherwise, the 
loss distribution information which could be vital for excess of loss calculations gets washed 
out before the policy terms can be applied.  Companies using recognised uncertainty in the 
source distributions will be better equipped to understand the likelihood of loss, price and 
capital needs of the full loss distributions giving them an arbitrage advantage. 
 
One model that does use full vulnerability distributions is Applied Research Associates (ARA) 
in their HurLoss model.  The diagram from their sales brochure shown in Figure 8 illustrates 
the advantage of better information: the true bi-modal distribution results in a significantly 
different price for an excess layer versus its smooth, parameterized counterpart. 
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Figure 8. Distribution of High Rise Steel Frame Residential Building Ground-up loss in Suburban 
terrain 160mph 3-sec gust in open terrain (126 mph 1-min sustained in open terrain) ARA (2012) 

 
ARA are not alone, though, in highlighting the weaknesses of over-simplistic parametric 
distributions.  Vineet Jain of Applied Insurance Research (AIR) analysed hurricane losses 
shown in Figure 9: 
 

 
Figure 9. Fallacy of comparing mean location level losses with actual losses observed from a 

hurricane (Jain (2010) 
 
and concluded: 
 

“Modeled  mean  losses  for  locations  are  generally  smaller  than  location-level losses in realizations. The 
difference is that modeled mean losses are positive for every location, while many locations in the 
realizations  will  have  zero  losses.” 

 
Indeed, analysis of damage from Hurricane Ike came up with even more marked variation in 
damage.  Shown visually this is (personal analysis): 
 



 
Peter TAYLOR 

10 

 
Figure 10. Hurricane Ike observed damage 

 
The reported losses2 from LaPorte were that out of 10,000 properties surveyed, 28.9% were 
Undamaged, 66.4% had Minor damage and 4.7% Major damage. 
 
Further evidence comes remote-sensing analysis of the Christchurch earthquake of January 
2011 (Van der Woerd 2011) shown in Figure 11: 
 

 
Figure 11. Detailed damage assessment of the Christchurch CBD comprises of a point for each 

building, distinguishing five damage levels 
 
As an even clearer illustration of discontinuities Tom Larsen of EQE (Larsen 2012) analysed 
damage resulting from severe convective storms shown in Figure 12: 

                                                
2Harris County, Hurricane Ike Residential Damage Assessment Dec 2008 
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Figure 12. Tom Larsen, Severe Convective Storms in the US, RAA Conference 2012 

 
Larsen commented: 
 

“Loss  estimation  (net  of  deductibles,  limits)  is  very  sensitive  to  how  damage  is  modelled.” 
 
So, in conclusion: 
 

1. Simple continuous damage distributions mis-represent the likelihood of damage in 
many if not most cases of peril and building. 

2. Non-parametric discrete multimodal distributions allowing discontinuities are the more 
appropriate way to represent the engineering evidence of failure modes and the 
epistemic uncertainty associated with not knowing building type or occupancy. 

3. Vulnerability and damage functions should be developed based on science and 
engineering first and validated against claims second, not the other way round. 

4. Models should be run with different levels of detail on construction and occupancy to 
test the sensitivity to exposure data quality. 

5. Academics should look at distributions of damage and the practical importance of 
epistemic uncertainty not just produce fragility curves of mean damage for idealised 
construction and occupancy data. 

 
Probability in Catastrophe Loss Models 
Catastrophe loss models vary significantly in the way they handle probability.  Some use 
parametric continuous damage distributions with point intensity values, some generate 
location/coverage probability distributions which are then convolved to represent correlations, 
some just calculate means and standard deviations of loss and assume a beta-distribution, 
some use  convolutions  and  “truncated  beta”  approximations  for  policy  losses,  and  some  use  
Monte-Carlo sampling for policy loss calculations.  Worse still these calculations are treated 
as  “Trade  Secrets”  so  not  disclosed  to  clients  or  their  inadequacies  addressed.    A  “black  box”  
black hole, yet these technicalities can have profound financial consequences as Figure 8 
above shows. 
 
In this section, we will explain the calculation rules used in the Oasis Loss Modelling 
Framework which is an open source methodology and software for the calculation of economic 
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and insured losses.  We will then highlight how these differ from vendor methodologies and 
draw some conclusions. 
 
In designing the methods and options for the calculation, three considerations were 
incorporated into the Oasis Loss Modelling Framework: 
 

 Non-parametric probability distributions.  Modelled and empirical intensities and 
damage responses can show significant uncertainty, sometimes multi-modal (that is 
there can be different peaks of behaviour rather than just a single central behaviour).  
Moreover, the definition of the source insured interest (e.g. property) location and 
characteristics (such as occupancy and construction) can be imprecise.  The 
associated values for event intensities and consequential damages can therefore be 
varied and their uncertainty can be represented in general as probability distributions 
rather than point values.  Oasis makes no assumptions about the form of the probability 
distributions and instead treats all probability distributions as probability masses in 
discrete bins, including using closed interval point bins such as the values [0,0] for no 
damage and [1,1] for total damage and   allowing   discontinuities   (“Dirac   Delta  
Functions”)  within  the  open  unit  interval  for  such  phenomena as failure modes. 

 Monte-Carlo sampling.  Insurance practitioners are used to dealing with losses arising 
from events.  These losses are numbers, not distributions, and policy terms are applied 
to the losses individually and then aggregated and further conditions or reinsurances 
applied.  Oasis takes the same perspective, which is to generate individual losses from 
the probability distributions and the way to achieve this is random sampling called 
“Monte-Carlo”  sampling  from  the  use  of  random  numbers  (as if from a roulette wheel) 
to solve equations that are otherwise intractable. 

 Correlation of intensity and of damage across coverages and locations. 
Correlations  are  typically  modelled  between  coverages  and  between  locations.    Let’s  
take these in turn.  For coverages at a single location, the question is whether damage 
between, say, buildings and contents, is correlated.  Models often just fully correlate in 
the sense of using the same random numbers to sample the distributions for coverages 
at a property.  A more sophisticated way is to use a regression correlation coefficient 
and generate random numbers using pairwise correlation coefficients.  These 
coefficients are often relatively easy to estimate from claims data and the degree of 
correlation expressed in terms of a correlation coefficient.    Another way to handle the 
correlation of damage could be to take a primary distribution (such as buildings) and 
sample that and then apply a correlation matrix for the damage to another coverage 
given the sampled damage from the primary distribution.  This does not require 
separate sampling of the related distributions.  It is mathematically equivalent to 
correlated sampling.  Another route is to extend the conditional calculation by allowing 
a probability distribution (not just a value) to depend on the primary distribution.  
Business interruption, for example, can be modelled as a probability distribution 
conditional on property (buildings and contents damage).  For locations, the most 
obvious correlation is likely to be that variations in intensity are likely to be lower for 
adjacent properties and independent if they are far apart.  It is also arguable that 
vulnerability (leading to damage) might be correlated locally if, say, systemic variations 
in building practice occurred in a location due to the same builder. 

 
The methods chosen by Oasis are general and cover most cases known in other methods 
(albeit using discrete numeric calculations in place of closed-form continuous functions).  
However, quite different methods are commonly used today in other modelling software so it 
is worth explaining these and commenting on the differences that might follow if using them 
compared to Oasis methods: 
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 Calculation of losses.  The alternatives are to compute out all possible probability 
combinations   and   then   combine   them   (sometimes   termed   “convolution”)   or   to   pick  
some metrics, such as a mean and standard deviation, calculate these using numerical 
integration and then assume some closed form distribution.  Further terms and 
conditions would then be applied to the closed form distribution (e.g. the incomplete 
beta distribution for deductibles and limits if the beta distribution had been chosen for 
the closed form distribution).  It only takes a little reflection to see that following through 
sampled losses as if they were actual losses is closer to what happens, more versatile, 
and more accurate for the many complex terms and conditions that apply in insurance.  
The downsides are that it is computationally intensive and the numbers are statistical 
not numerically integrated so an important factor is taking sufficient samples relative to 
a desired precision of calculation.  Whether the full uncertainty approach of Oasis will 
make any difference to numbers affecting underwriting depends on the problem and 
the metrics of interest.  This is especially relevant whenever there are excess of loss 
conditions as the assumptions of closed form (e.g. beta) distributions of event losses 
can be sensitive to the model.  As a general rule, large numbers of homogenous 
properties (e.g. residential treaties) will give convergent answers so uncertainty may 
not matter as much, whereas for commercial property the uncertainty is very likely to 
affect the  results.    This  is  exemplified  in  the  “Robust  Simulation”  approach  advocated  
by ImageCat as shown in Figure 13. 

 

 
Figure 13. A Robust Simulation of Uncertainty (Lee et al 2014) 

 
 Correlations.  Correlations are typically modelled between coverages and between 

locations.    Let’s  take  these  in  turn.    For  coverages,  Oasis  provides  a  range  of  options  
from totally correlated to independent sampling to dependent coverages from a primary 
coverage.  Any model that does not include correlations for coverages will give very 
different results if they should be used.  So a model that assumes independence will 
give lower, and much lower where there are large spreads on uncertainty, accumulated 
results than one with fully dependent correlations.  For locations, correlations can come 
from hazard intensity and/or vulnerability as described above.  Location correlation can, 
again, lead to a major increase in losses.  Many models, though, do not use any 
location correlation but instead calculate the moments (means and standard 
deviations) level and then aggregate across exposures by computing out the means 
and correlated standard deviations (as the sum of the standard deviations) and 
uncorrelated standard deviations (as the square root of the sum of the variances).  This 
approach can be done in Oasis in a similar way for full uncertainty correlating all 
locations, and also by deciding correlations by groups of locations. 
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These differences can matter.  Assumptions for closed form intensity and vulnerability 
distributions and event losses, and simplifications over correlations can all induce significant 
differences in outcomes.  They also fail to make clear the range of uncertainties in important 
outputs such as Exceedance Probability curves and Event Loss and Year Loss distributions.  
There is no guarantee that any of these are unimodal (i.e. single-peaked), yet many models 
assume beta distributions for event losses and some model software assumes a percentile 
distribution of EP curve values using (say) a gamma distribution.  Why not just calculate out 
the sample numbers and then do all the statistics at the end?  Then we can find out whether 
the  simplifying  assumptions  were  valid  or  not.    But  this  isn’t  just  a  question of intellectual rigour, 
it has potentially important consequences for pricing (e.g. if the losses are multi-modal then an 
excess of loss layer from the discrete loss distribution will be different from a smooth closed 
form such as a beta distribution) and for capital (e.g. if the EP curve is showing multi-modal 
behaviour – such as two underlying EP curves – then picking the one inbetween is quite 
different from taking a view on whether to believe the high EP curve which could bust your 
company from the low-end curve where you make a fortune). 
 
There are various ways to undertake sampling in catastrophe loss models that use Monte-
Carlo methods, and here we highlight the two most common: 
 

 The  “Full  Monte” samples twice - the intensity first and then the associated damage 
distribution second.  This method was not implemented (or has not yet been 
implemented) in Oasis as it was computationally more efficient to pre-calculate a 
convoluted   “effective   damageability   distribution”   (see   below).      However,   it   is   worth  
bearing in mind that where event footprint intensity correlations by location are needed, 
the  “Full  Monte”  would  be  relevant. 

 

 
Figure 14. Sampling  by  the  “Full  Monte” 

 
 The second method is to use Effective Damageability Distributions using a single 

cumulative distribution function (CDF) for the damage created by integrating out the 
binned intensities of the vulnerability matrices. 
 
Sampling  can  then  be  done  against  the  single  CDF  rather  than  twice  as   in   the  “Full  
Monte”  as  shown  in  Figure 15: 
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Figure 15. Sampling using Effective Damageability 

 
Because in many cases there is a standard set of event footprint and damageability 
combinations (e.g. for a particular area) and the computation of CDFs can be 
computationally laborious,   then   “Benchmark”   CDFs   can   be   pre-computed and 
additional distributions are generated incrementally when a portfolio of exposures is 
applied.  For instance, there might be a portfolio which is primarily for Yorkshire, but 
there are a couple of properties included from Lancashire.  Then using the Yorkshire 
Benchmark makes sense and the few properties from Lancashire get their additional 
CDFs at runtime.  

 
In conclusion, then, the method of handling probabilities can matter in the following ways: 
 

1. Representing uncertainty using discrete probability distributions with discontinuities 
(including  for  intensity  as  a  “miss  factor”  and  for  damage  as  “no  loss”  and  “total  loss”  
and failure modes of constructions). 

2. Representing loss distributions with complete statistics, not assuming convenient but 
unrealistic simplifications such as beta distributions. 

3. Calculating insurance policy losses using Monte-Carlo sampling, not convolutions and 
assumptions about truncated distributions. 

4. Representing correlations between the loss distributions, and the range of outcomes 
that follows from uncertainty about correlations. 
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