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1 Introduction

Thank you for tryingModelRisk for Insurance and Finanbg Vose Software!

We have designed and develop¢ddelRisk keeping in mind the questionn‘a perfect
world, what would we, as risk analysts, like to leaw a risk analysis software tool?

TheModelRiskfamily of products will be a set of tools with &agersion focused on a
particular broad area of risk analysis. The fistsionModelRisk for Insurance and
Financeis a risk analysis tool specifically designedtfoe insurance and finance
industries that allows the user to incorporate aded techniques in actuarial and
financial risk analysis into Excel modeModelRiskgives you access to the most up-to-
date, advanced quantitative techniques availakileowi needing to resort to complex
programming. WitiModelRiskyou will be able to build very sophisticated amadnplex
spreadsheet-based models in a fraction of theriapeaired to develop custom-coded
applications.

ModelRiskwill be relatively easy to master for anybody faamiwith standard Excel
functions and interfaces. At the same tiMedelRiskprovides very sophisticated
capabilities for building complex risk models.may be difficult at first to know where
to begin learning how to uddodelRiskand start building models. Therefore, this Quick
Start Guide is the best place for most new uselbe¢in. It will help you with:

Getting Started;

Overview of the software;

Tutorial on how to accomplish several common tagits ModelRisk

References to more information and additional help.

If you are interested in additional help after eaving this document and working the
examples, we have listed a number of additionawes at the conclusion of this Guide.
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2 Getting Started

2.1 Installation

To installModelRiskirom a CD-ROM, please follow these steps:
1. Insert theModelRiskdisc into the CD-ROM drive on your PC.
2. Follow the instructions that appear on the screen.
3. If instructions do not appear, double-click tledelRisksetup.exe file on the CD.

In case you downloadédodelRiskfrom our website:
1. Locate the installation file on your hard-drive.

2. Double-click the installation file and follow thestructions that appear on the
screen.

If you have any problems or questions, please contaand we will get back to you as
soon as possible (see contact information at tdeoéthis Guide).

2.2 Start-Up

To launchModelRisk go to Start >> Programs >> Vose SoftwareModelRisk
You should briefly see a flash screen appear itidigahatModelRiskis starting.

Excel should open automatically:
o WhenModelRiskhas started there should be a drop-down menedbth
of Excel titled “VoseModelRisk.
0 You should also see tiModelRiskToolbar.

£
I“__‘I_] File Edit Wiew Insert Format Tools Data  Window Define Run Analvze  Help  Wose ModelRisk

D, A, <0 BB B B | 58 3e 3a Tt Be 74 B0 B4 |l [ e et || U bt 92 S 2 v W @

o TheModelRiskicon # will appear in the Windows notification area at
the bottom right of your screen.

Possible problems you may encounter:

If you see the flash screen but the menu and todibaot appear within Excel,
you may need to select Add-Ins from Excel’s “Toalsdp-down menu and make
sure the Vose Functions box is checked.

Page 2



ModelRisk for Insurance and Finance Quick Startdgui

For Crystal Balf users: the ModelRisk icon needs to be presetigmtindows
notification area before launching Crystal Ball.

If you have any other difficulty, please contactamsl we will get back to you as
soon as possible! You can find our informationh&t énd of this Guide.
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3 Overview of ModelRisk

3.1 ModelRisk Help File

Before usingvlodelRisk we recommend that you look at the extensive fiklprovided
with ModelRisk To open this file:

Go to the “VoseModelRisk drop-down menu;

Select the ModelRiskHelp File” (see picture below).

In the help file you can find the details of all
ModelRiskfeatures and how to use them. This
help file should be your first reference for any
guestions you might have regardiMgdelRiskor
risk analysis in general.

Vose ModelRisk |

View Function

Distributions 3

Probability Calculation 3
Among others, th&lodelRiskhelp file includes
explanations and information about:
All built-in probability distributions;
All available functions;

Rizk Bvent Calculation

Deduct Calculation

Lopulas 3

The use of objects iModelRisk
lllustrations and uses of the many
interfaces;

Background, theory and many practical
applications of risk analysis and
simulation modeling;

Aggregate modeling
Fitting

Time Series
Insurance fund

Other tools

Topics such as good practices in model
building and validation;

Many of the above subjects are illustrat
with example models and videos.

ModelRisk Quick Start Guide
ModelRisk help file

View welcome screen...
Distributions in ModelRisk...

The explanations, descriptions and tools in the ShowExampleModels...
ModelRiskHelp file will help you understand the
software quickly, and provide you with a good
start to building your own models. The goal of therent “Quick Start Guide” is to give
you a brief overview oModelRisk so that you can quickly become comfortable

navigating and usinlylodelRiskand its Help file.

About ModelRisk

3.2 Structure of ModelRisk

Microsoft Excel is used extensively to model bussproblems and a number of Add-Ins
(such as Crystal Bélland @RISK) enable Excel to be used for Monte Carlo simutatio
and optimization.

However, Monte Carlo simulation Add-Ins provideptie basic building blocks of
simulation, allowing one to replace fixed valuesiimodel with random values drawn
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from probability distributions. Many sophisticatadd highly practical risk analysis
techniques have been developed that require marettiese basic building blocks.
ModelRiskmakes these techniques available to allow thetodaunild more complex
models and perform sophisticated analysis with.€agme of these techniques include:
Stochastic time-series models such as Geometriwidam Motion, mean
reversion, jump diffusion, ARCH, GARCH, EGARCH, ¢omous time Markov
Chain and many others;
Simulation, statistics and probability calculatidasover 70 univariate and
multivariate distributions;
Copulas for modeling complex dependencies;
Fitting of distributions, time series and copulasiata with facilities to handle
missing, truncated and censored data, and optolnsktto the data for automatic
updating and to include uncertainty about parametgmates;
Simulation, statistics and probability calculatidosaggregate distribution
modeling using Monte Carlo, recursive and FFT meashancluding aggregate
distributions for correlated portfolios;
Inclusion of retentions and limits in insurance aeghsurance payments at
individual and aggregate exposure levels;
Life insurance modeling;
Calculations of premiums under several methods;
Direct calculations of excess loss and VaR at iiddial or aggregate levels;
Numerical integration of any bounded Excel/Modekragjuation;
Extreme value simulation and calculations;
Portfolio optimization

ModelRiskis therefore a companion product to both ExcelamgdMonte Carlo
simulation package for Excel such as @RISK, CryBtdl or others. WitiModelRisk
the user can build the sophisticated models liatexe, plus many more, in a
spreadsheet environment rather than resortingrtgoEx custom coding.

3.2.1 Excel Add-In

ModelRiskis a Microsoft Excel add-in that works seamlesslgonjunction with any
Monte Carlo simulation risk analysis software. Téatures irModelRiskcan be
invoked in exactly the same fashion as regulatiiiExcel functions. All of the syntax
for theModelRiskfunctions is explained in detail in the extendinadp file.

There are three main wais insertModelRiskfunctionality into your model:

1. TheModelRiskToolbar for the most broadly applicable techniques
2. Many functions are available under the “Vose ModgtRdrop-down menu.

3. All ModelRiskfunctions, objects and distributions can be entéreectly in Excel
by typing them into the applicable cell or usingcEliks Insert Function interface.
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Most users will want to build their models usiMigdelRiskdirectly in a spreadsheet
environment. It is also possible to incorporate filmctions withirModelRiskdirectly
into your own C++, VBA, etc. code by using ModelRssdeveloper’s kit. For more
information, please contactfo@vosesoftware.com

3.2.2 Functions vs. Objects

In addition to providing Monte Carlo functionalitylodelRiskoffers a unique and very
powerful approach to handling probability distrilouis in risk analysis modeling with the
use of bbjects!

Other risk analysis software packages only offerahility to randomly sample from
probability distributions to create Monte Carlosaros (‘iterations’). ModelRiskoffers
this capability (e.g. the function =VoseLognormalf110) generates random samples
from a Lognormal distribution with a mean of 10@anstandard deviation of 10) but in
addition,ModelRiskalso allows you to define a distribution asadmjectwhich can then

be manipulated in many ways as we will see in #ergles below. The use objects
has, until now, only been available in high-endmeatatical research software or in
certain programming languag@dodelRiskpioneers the next generation of risk analysis
software, bringing the power and flexibility of fability objects to the intuitive, familiar
environment of Excel.

For example, in Cell Al in Excel we could write: VseGammaObject(2,3)” which
defines a Gamma(2,3) distribution object. Theningiin a different cell:
“=VoseMean(Al)” will return the mean of a Gamma(2jsstribution.

“=VoseStopSum(Al, 100)” will simulate the number@imma(2,3) distributions
that would be needed to exceed a total of 100.

“=VoseAggregateMC (200, A1)” will randomly simulatiee sum of 200
Gamma(2,3) distributions.

“=VoseRiskEvent(0.2,A1)” will generate values ofher O (with a 0.8
probability) or a random value of the Gamma (2,8hwa 0.2 probability.

Some other examples are:
“=VoseAggregateFFT(VosePoissonObject(10), VoselLogadObject(2,5))” will
construct the aggregate distribution of Poissonyadipbles following a
Lognormal(2,5) distribution using Fast Fourier Tsgmm methods.
Similarly, “=VoseAggregateFFT(VosePoissonObject(10)
VoseLognormalObject(2,5), 0.99)” will return the"d@ercentile of this aggregate
distributiondirectly from calculation rather than simulation.

ModelRiskhas a large range of functions that can make tusbjectsto solve common
risk analysis problems. Some of the advantagebjefictsinclude:
- Greatly simplified risk analysis models;
Distribution assumptions made clearer and visiblsareen;
Reduced model size;
Speeding up simulations by several orders of madajtand
Improved accuracy.
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Objectshelp reduce errors in model building by automatmgch of the complex
mathematics leaving you to focus on the problesteid of fighting with formulae in
Excel.

Objectscan even be created for distributions fitted tadall linked ‘live’, so that if you

update your data, the full model gets updated).eikample:
“=VoseMean(VoseGammaFitObjed#ta)” will return the mean of a Gamma
distribution fit to an array of valuedata;
“=VoseMean(VoseGammaFitObjedtta, TRUE))” will return the statistical
uncertainty about this mean;
“=VoseAggregateFFT(VosePoissonFitObjeeii@al),
VoseLognormalFitObjecHata2),0.999)” will calculate the 99"8percentile of
the aggregate distribution where the frequencydaidh size distributions are fit
to data setdatalanddata2respectively; and
“=VoseMean(VoseDeductObject(VoseGammaFitObgat),10,90, TRUE)))”
will return the mean of a Gamma distributed castofidata with a retention of 10
and a maximum limit of 90.

We are sure that once you start using distributigjectsin your risk models, you will

quickly see how they can make your modeling quicket much less prone to errors,
easier to track and modify, and much simpler ttofel
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4 Building Some Models

We have provided here several example models Haatlififerent features dflodelRisk
These are presented in a “tutorial” format and gmiencouraged to work through them
in detail in order to become familiar with tModelRisksoftware.

4.1 Modeling a Risk Event

4.1.1 Problem Description

Imagine that you are involved in managing a paldiiy complex project (for example,
building a bridge or construction of an airplan®&pu have identified five risks as being
particularly important for finishing the projectthin budget. If any of these risks occur,
there will be a negative financial impact on youdget. You wish to model the totadk
associated with this set of five risks. For eash there is a unique probability of
occurrence. If an event occurs, there is a findmwipact which follows a specific
distribution unique to that event (see table below)

Risk Event Probability of | Impact Distribution
occurrence (US$1000's)

A 0.2 Lognormal(6,3)

B 0.1 Exponential(3)

C 0.4 Pareto(6,2)

D 0.02 Gamma(3,4)

E 0.5 Weibull(14,2)

Table 1 - List of risks with the probability of eacoence and impact

For example, Risk Event A has a 0.3 probabilitpodurring and if it does occur, the
resulting impact of the risk follows a lognormasuibution with mean of US$6,000 and
standard deviation of US$3,000.

4.1.2 Conceptual Solution

In this example, we are assuming that all fivegiake independent of each other. For
each risk event, we will build a model which esgslytgenerates a probability
distribution that combines both the risk and itpact. If we then take a random sample
from each of these combined distributions and swersamples, the total will be one
iteration (possible scenario) of the many potemgalilts of these risks. Running a
Monte Carlo simulation and collecting the resultsugm values will therefore generate a
probability distribution of the total financial ksessociated with these five risks.
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4.1.3 Building the Model

VoseRiskEvent() is ModelRiskbuilt-in facility designed specifically for thistsation.
We can use the function to model this problemvery straightforward and compact
form, as shown in Figure 1. For all our examplesmilkefollow the formatting
convention of inputs as blue, outputs as red, ahcutations and data labels as black.

Al B | C | D | E [ F
1
2 Risk Event | Probability Impact Event
3 A 0.2 VoseLognormal(6,3) 2.8978
4 B 0.1 VoseExpon(3) 0
5 C 0.4 VosePareto(6,2) 0
6 D 0.02 VoseGamma(3,4) 0
7 E 0.5 VoseWeibull(14,2) 1.7611
8 Sum 4.6589
9
10 Formulae table
11 D3 (D4:D7 similar) =VoselLognormalObject(6,3)
12 E3:E7 =VoseRiskEvent(C3,D3,RiskUniform(0,1))
13 E8 =RiskOutput() + SUM(E3:E7)
14

Figure 1 - Risk Event model with ModelRisk

4.1.4 Viewing the Model

As an initial test of your model, you can presskBekey (Excel’s recalculate
shortkey). Each time you press the key, a randalonevis generated from the
Risk Event distribution for each risk. Hitting tR® key a number of times will
give you a feel for the behavior of the model.

Next, for verification purposes, you might wantisualize some of the
components of the model. You can do this by selg@ cell and clicking the

View Function }ff) button on théModelRiskioolbar to display the underlying
formula and distribution (you can click the Viewrfetion button for almost every
feature inModelRish.

Try this for both the Risk A Impact cell and Riskdat cell and you will see the
two windows shown in Figure 5 and Figure 6:
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¥Yiew ModelRisk function
=YoseLognormalobject{, 33

% Distribution details

Wiy Help
1 =
ANAEHE A e e
Active Chart |- M Statistics
Lognormal 2]=[~x] L s ! Cwerlays |UoseLognormaI(E
mu: 6 |
sigma: 3 e bean | E.0000
riiir - -Irifinity B e Median | 5.36EE
iz - + firiity X P& Mode | 4.2933
shift:0 E-*| 0457 Min| 0
Faw | +Infinity
Add Distribution... = Spread
w010 - Stodew. | 3.0000
i) Yariance | 9.0000
Cofv | 0.5000
i Shape
0.05
Skewness | 1.8250
Kurtosis | 15.5625
Markers
0.00 Lawe | -Infinity
1.00 - Upperst |+ nfimity
LowerP | 0O
UpperP | 1.0000
080 g ® Spread | Infinity
o g F Spread | 1.0000
% 050 E
Z E 1% | 1.7883
3 = 5% | 24675
040 -
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L 50% | 5.3666
0.20 - E 75% | 7.3802
'%' 95% | 116719
000 : : 99% | 161047
Mo errors
5.00 10.00 15.00 O 8

Figure 5 - Formula View of Risk Event A Impact ¢edll D3)

Yiew ModelRisk function

{ Risk Event Modelling

Risk Event parameters ) !
& - | R
Probability @ ID.2UDDUDDDUD =|s-.|
Impack : IUoseLognormaIObje - 100 =SSR CE )
0.80 -
00 - - 0o3
0.70 -
o ¥
E 060 - g
> 00z g
=030
z g
[]
2
S 0.40 - g
&
0.30 -
-0
Errors 020 -
0.0 -
000 : : . : 0.00
0.00 S.00 10000 15.00 20,00
Qutput Location: [ =$E$3 5| I Objet © Smuetion © Fod C Fod © Fly @ Help | oK Cancel

Figure 6 - Formula View of Risk Event A (cell E2)
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415

Running the Model

Now it is time to run the model so we can deternthreeresulting total risk associated
with these five project risks. Therefore, follovethext steps:

Set up your simulation software for at least 5,@6fations of the model and run
the simulation.

If you generate a histogram with 50 bins from thsuiting data, it should look
very close to Figure 7 shown below.

f #b Select Distribution =N | EEH <7
View Help
ANAE H @'
= .“;J M S [3(&]

0.00 10.00 20.00

Figure 7 — Histogram of total risk

Users of other Monte Carlo simulation software ags may think that the above
example model is not really that different from wisapossible with other software.
There are, however, a few important differences:

o0 The VoseRiskEvent(Probability, Impatt) function creates a distribution
that combines the probability and impact togetBeiving the sampling of the
distribution via a Uniform(0,1) in the host Monteu® simulation software
(in this case @RISK) allows you to perform a corsamsitivity analysisf
your project. For example, we get the Tornado cbiafigure 2:
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Correlations for Sum
Risk C 0.451
Risk A | 0.446
Risk E | 0.303
Risk B 7 0.133
Risk D 7 0.058
0 0.2 0.4 0.6
Correlation Coefficients

Figure 2- Tornado chart for the Risk Event modghwiodelRisk

If we had done this model with just the tools aafalié with @RISK (see Figure 3), or
any other Monte Carlo simulation software packagewould get the Tornado chart
of Figure 4.

Al B | [ | D | E [ F
1
2 Risk Event | Probability Impact Event
3 A 0.2 3.27105412 3.2711
4 B 0.1 7.14823065 7.1482
5 C 0.4 2.515289597 0
6 D 0.02 9.370751868 0
7 E 0.5 1.753673828 1.7537
8 Sum 12.1730
9
10 Formulae table
11 D3 (D4:D7 similar) =RiskLognorm(6,3)
12 E3:E7 =RiskBinomial(1,C3)*D3
13 E8 =RiskOutput() + SUM(E3:E7)
14

Figure 3 - Risk Event model with @RISK
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Correlations for Sum

Risk A Event 0.609
Risk D Event |0.425
Risk C Event |0.304

Risk E Event | 0.247
Risk B Event 0.236
Risk A Impact 0.149

Risk B Impact 7:| 0.077
Risk C Impact 7:| 0.045
Risk D Impact 7:| 0.031
Risk E Impact 7:| 0.026

0 0.2 0.4 0.6

Correlation Coefficients

Figure 4 - Tornado chart for the Risk Event modehw@RISK

0 Using ModelRisk you can now see the impact of thele risk (probability
and impact combined for example Risk A), and netdbparate effect of the
probability of Risk A and the impact of Risk A,

o For anyone constructing or reviewing the risk mpdes very easy to see
what is being modeled since the model is compatieasy to follow.

o Finally, while the above model is fairly simplewbuld be relatively easy to
expand and enhance this model, without making theéatng very complex.

4.1.6 Conclusion

Using these results, the project manager can diigta&keholders a realistic view of the
probability of going over budget due to these riaksvell as the possible impact of going
over budget. In addition, using the sensitivitylggig you can determine the main risk
drivers (i.e. ‘what factors are causing my projecgjo over budget?’), and therefore
make better decisions on how to reduce the riskiseoproject.

While the above example was fairly simple, it destoates several very useful features
of ModelRisk

Distributions and Objects

Risk Events (combination distribution of probalyilénd impact);

Monte Carlo simulation

The View Function butto ¥

The next example will show you how to use soméeftime series fitting and modeling
capabilities within ModelRisk.
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4.2 Time Series Fitting and Modeling

4.2.1 Problem Description

Imagine that you work for a utility company. Yatompany purchases large quantities
of a commodity (e.g. coal or natural gas) in otdeoperate their facilities. One of your

new responsibilities is to forecast the future @ this commodity. You currently have
historical monthly prices from the last 30 monthsah are shown below in Table 2.

You would like to build a model that forecasts coatliy prices for six months into the
future.

Month/Year| 2005 2006 2007
January 117 138 160
February 127 147 154

March 129 161 148
April 147 163 165
May 139 152 161
June 134 147 156
July 126 149 ?
August 124 156 ?

September | 123 136 ?
October 129 135 ?
?
?

November | 135 134
December 147 136
Table 2 — Historical commodity prices

4.2.2 Conceptual Solution

You know from previous experience that the pricggliis commodity tend to follow a
time-series pattern in the family of Geometric Brman Motion with Mean Reversion
(GBMMR). You therefore decide to use this knowledgd build a time-series model to
forecast the price for the next six months.

First, you need to fit a GBMMR time-series modeytur historical data. After this, we

can use that model to forecast prices for six moitto the future. We explain these two
steps in the next two sections.
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4.2.3 Fitting the GBMMR time-series Model to yourd ata

Here are the steps to build this model usvtagelRisk

First enter the data shown in the chart aboveHxiel with the top left in cell Al.
The result should look similar Figure 8 below.

A | B |
_1 | Mth-¥r Price
_2 | Jan-05 117
_3 | Feb-05 137
_4 | Mar-05 1323
_5 | Apr-05 147
_6 | May-05 139
_7 | Jun-05 134
_8 | Juko3 135
_ 9 | Aug-05 134
10 | Sep-05 123
11| Oet-05 125
_12 | Now-053| 135
_13 | Dec-05 147
14 | Jan-05 138
_15 | Feb-05 147
16 | Mar-06 161
AT | Apr-06] 163
_18 | May-05 152
19| Jun-05 147
20| Juk0g| 143
21 | Aug-06| 135
22 | Sep-08 135
23| Oct-06 135
24 | Nov-06| 134
_25 | Dec-06| 135
28 | Jan-07| 180
27 | Feb-07 154
_28 | Mar-07| 148
_28 | Apr-07| 165
30 | May-07| 181
31| Jun-07| 155
32| Jukoy
33 | Aug-07
34 | Sep-07
35| Oct-07
36 | Now-07
37 | Dec-07

Figure 8 — Excel table of historical prices
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Now select the data, click on the Time Series &itdni*% and you should see the
following window shown in Figure 9 appear:

Figure 9 — Select Time Series window
In the “Select Time Series Model” window, doubleeklGBMMR and click OK.

In the “PastTimeStamps” field enter the historto@estamp range, A2:A31, or
click the button next to the field and highlighettata range in the spreadsheet.

In the “FutureTimeStamps” field enter the foredasestamp range, A32:A37, or
click the button next to the field and highlighettata range in the spreadsheet.

In the “Output Location” field enter the range @lls for our forecast, B32:B37,
or click the button next to the field and highlighe range of cells in the
spreadsheet.

The Time Series Fit window should now look simtiafigure 10:

Figure 10 - GBMMR data fitted with forecast
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The red portion of the graph is the historical datd the blue portion is one
instance of the forecast for the next six montifigou hit the enter key or click

the button, you will see that the red portion is stasiry but that the
blue portion will change. Each time you do thisiye generating a new
scenario (‘iteration’) of potential future prices.

It is difficult to see how a stochastic forecaghéees by viewing just one forecast
scenario at a time. In the “Number of lines” fieldter the value 10. The window
should look similar to Figure 11 showing a set @ffdrecasts.

Figure 11 — GBMMR data fitted with multiple foretases
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When you click OK, you can see that the cells lf@r future six months are now
populated with the forecasted values (Figure 12):

Figure 12 — Spreadsheet with forecasted valuegdh r

As in the previous example model, each time youheitF9 keyModelRiskwill
generate a new instance of the time-series foréaastich of the next 6 months.
If you wish to view or make changes to the fiteselany of the six forecast cells

and click the button or the button, make any changes and click OK.
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4.2.4 Running the Model

In this example, imagine that you are most intexd#t the probability that the
commodity price in Dec-07 will be greater than 190.

In your Monte Carlo simulation software, designie forecast cell of Dec-07
(B37) as an output/forecast and run the modeltfteast 10,000 iterations. From
the resulting probability distribution of prices Brec-07, you can now determine
the probability that the price will be greater tH0.

You will see that based on this model, there ightyia 17.2% probability that
the price in Dec-07 will be greater than 190.

4.2.5 Conclusion

From this example we have learned some of the lieaiares oModelRisk’s
capabilities in Time Series Fitting and forecastamgl how easy it is to udéodelRiskto
include time series features in your models. Asweationed before, you can find a lot
more information about Time Series Fitting and mioge(including some truly
advanced time series methods) in the ModelRisk Hiép
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4.3 Simple Aggregate Distribution Model

In this very simple example, we show how to gergegat aggregate distribution from two
other distributions. There are several aggregatelaltion methods available with
ModelRisk.In this example we will demonstrate two methods.

4.3.1 Problem Description

Imagine that you are an analyst at an insurancepaagn You would like to build a
distribution of the potential losses for the neXtmonths from a particular automobile
accident policy.

We know that the insurance company has 464 polgens and that the expected
number of claims per policy holder per year is 6.p4e have estimated this from
historical data). We assume that the number ofmdagier year will follow a Poisson
distribution with a rate of 464*0.245 = 113.68. \Aleo know that the size of historical
claims follow a Lognormal distribution with a meahUS$2,400 and a standard
deviation of US$900. This particular policy hademluctible of US$2,000 which means
that the insurance company will only have to paygbrtion of a claim where the
damage exceeds US$2,000. Policyholders will thegednly file a claim if the total
damage is greater than US$2,000.

4.3.2 Conceptual Solution

Conceptually, what we have to do here is find thialtof a random number of random
variables. The number of random variables to lskeddogether is called theequency
distribution’ In our case that is the number of claims inrtet 12 months, which we
will model as a Poisson distribution with a ratel@B.68. The size of each random
variable to be summed is called theverity distributioh In this example, the severity
distribution is the Lognormal with a mean of US$®)4nd a standard deviation of
US$900, where the distribution is also truncatddwé)S$2,000.

Frequent mistakdn our experience of auditing models, summing cemdariables is
one of the areas where even experienced risk daalften make mistakes in their
modeling. A frequent mistake in risk modeling ida&e a single sample from the
frequency distribution and multiply it by a singlample from the severity distribution
and simulate it for a large number of iterationst. &xample, if in one iteration the
random sample from the claim frequency is 100 aedsample from the severity
distribution is US$2,500, we might assume thatttii@ claim losses for this iteration for
next year to be 100*(US$2,500-2,000) = US$50,000is seems intuitively correct at
first glance but it is actually an incorrect teaque. Using this method in a model
assumes that for this iteration each of the cldonsext year has damage of exactly
US$2,500 which is clearly not realistic. In realigach of the 100 claims will likely have
a different severity.
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Correct methodThe correct way to model this scenario is to tiake a sample from the
frequency distribution which is the number of claiand then take a sample from the
severity distribution for each claim. For exampléhe sample from the frequency
distribution is 100, we would need to take 100 sasfrom the severity distribution and
sum them to get an estimate of claim losses fonéx¢ year. Then this would need to be
done for several thousand iterations to build tgregate distribution of total claims for
the next 12 months.

With the parameters used in this example, thisscbmethod is a feasible option.
However, when the frequencies are large (i.e. tods of accidents/month), it is very
cumbersome and time consuming to implement thisgaiore for building an aggregate
distribution in a standard Monte Carlo simulati@tkage. For each aggregate
distribution, a number of steps using conditionatesments and look up tables is required.
In a real-world model with many aggregate distiidms, this could result in a very large
spreadsheet model (possibly thousands of rows)hailt be prone to errors and

difficult to debug, or even impossible to implement

In contrastModelRiskincorporates several very powerful techniqueslalibd to provide
simple and intuitive methods for modeling aggreghséributions. The methods available
in ModelRiskinclude the aggregated Monte Carlo method, reeeimsiethods and Fast
Fourier Transform (FFT) methods. For more detailshese, please refer to the
ModelRiskHelp file.

We will first choose the VoseAggregateMC() functighich replicates the Monte Carlo
simulation procedure described above (under thdihgacorrect method’) but in a much
easier, faster and more straightforward way.

We will also show how to use FFT technology buitbiModelRiskio implement this
model with the VoseAggregateFFT() function.

4.3.3 Building the Model
4.3.3.1VoseAggregateMC() Model

OpenModelRiskand Excel.

Starting in cell Al enter a table like the one shdwere in Figure 13.

Figure 13 — Aggregate model data

Select Cell F2 and then from the VddedelRiskdrop-down menu select
Aggregate modeling>>Aggregate MC.

In the “Frequency Distribution” field, enter “VoseBson(A2*B2*(1-

VoseLognormalProb(E2,C2,D2,1)). This modifies tkpexted frequency by the
probability that an accident will have a cost exiieg the deductible.
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In the “Severity Distribution” field, enter
“VoselLognormalObject(C2,D2,,VoseXBounds(E2,))".

When the VoseXBounds(min,max) function is used dhis&ribution statement, it
specifies where to truncate a distribution on tigla land low end. If one of the
fields is left blank, VoseXBounds defaults to +fimity respectively.

There are some distributions for which the Vose&ggteMC() distribution is
exactly known through probability identities. Irose cases, the function will run
extremely fast. For all claim distributions thatlude a VoseXBounds()
truncation there is , a simulation must be donthedunction will be somewhat
slower. For more details refer to the ModelRiskgHée.

To complete this model, make sure the Output Loodield has “=$F$2”. The
window should look like Figure 13 below.

Figure 14 — VoseAggregateMC distribution window
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Now click the OK button.
Your spreadsheet should look like Figure 15:

Figure 15 — Spreadsheet view from aggregate distioin

Notice now that each time you hit the F9 kieipdelRiskdisplays a sample in cell
F2 from the aggregate distribution immediately withthe delay originally
needed to build the distribution.

4.3.3.2VoseAggregateFFT Model

Alternatively, you may choose to use a differeshteque for building aggregate
distributions called the Fast Fourier TransformTfFmethod. The FFT method uses
calculation techniques to estimate the aggregatelalition. The steps to use the Fast
Fourier Transform (FFT) method in our example madet

In your original spreadsheet model, copy cells Wdagh E2 and paste them into
cells A3 through E3.

Select cell F3 and enter
“=VoseAggregateFFT(VosePoissonObject(A3*B3),Vosehwagnal Object(C3,D
3,,VoseXBounds(E3,)),,).

Your spreadsheet should now look like Figure 16:

Figure 16 — Spreadsheet view of MC and FFT aggregadtributions

Select cell F3 and click the button and the following window (Figure 17) will
appear showing the Frequency Distribution, Sevé@isgribution and Aggregate
Distribution (the aggregate distribution will beslea on the FFT method);
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Figure 17 — VoseAggregateFFT distribution window

4.3.4

Cells F2 and F3 will now sample from their respeztlistributions each time you
push the F9 key.

If you run a Monte Carlo simulation for severaldlsand iterations and track the
results from both aggregate distributions, you timak the resulting distributions
will be very similar.

Conclusion

In this third example we have demonstrated twdyfaophisticated risk modeling
techniques of determining aggregate distributiat #re (as you have seen) easy
and faster to use witklodelRisk

You can now use samples from either of these agtgetdjstributions as part of a
larger more complex model. One example might yaadrto build an aggregate
distribution for a number of different policies.olY could do this by making a
model similar to one of the above for each poliog the summing the result. If
you were to run a Monte Carlo simulation on thalteg¢sult, you could build an
overall aggregate for the total losses from athef policies. A spreadsheet model
might look like Figure 18:

Figure 18 — Example of determining the aggregatsevkral policies

Finally, you may consider that the different insw@ policies may be correlated
which can be easily implemented with ModelRisk Bing copulas.
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5 Technical Support

For more information aboModelRiskfor Insurance and Finance,
Web Site:http://www.vosesoftware.com
Email: info@vosesoftware.com
PhoneTel: +32 (0)9 330 34 82.
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