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Abstract

We analyzeanactuarialapproacHor thepricing andreservingof aguaranteethinimumdeath
bene t (GMDB) in unit-linkedlife insurance We explain two possiblestratgiesto dealwith
suchtypeof multi-periodcapitalallocationproblems.The rst oneusesno futureinformation
whereadhe secondonedoes.We explain how a cash- ow modelcanbe usedto performthe
actuarialpricingandsummarizea simulationstratey which canbeusedto derive approximate
distribution functionsfor thefutureresenes,capitalsandtotal solvengy levelsin theapproach
wherefutureinformationis used.We testthesimulationstratgy andobtainusefulinformation
abouttherisk of a GMDB within theactuarialreservingstratayy.

1. INTRODUCTION

Whenpricing andreservingfor guarantees unit-linkedlife insurancepnetraditionallymakesa

distinctionbetweernthe so-called nancial (seee.g. Brennanand Schwartz (1976))andactuarial
approachUnderthe actuarialapproachpnedoesnot applya nancial hedgingstratgy. Instead,
capitalis allocatedto ensurefor the necessargecurity In the nancial approachpricingis done
in the Black-Scholes-Mertoframavork. As mentionedn Hardy (2003),threetypesof potential
costsarenot incorporatedn the risk-neutralprice: transactiorcosts,hedgingerrorsarisingfrom

discretehedgingntervalsandadditionalhedgingcostsarisingfrom thefactthatlog-returnsarenot

normallydistributedwith x ed and . Baseduponacash- ow model,in theactuarialapproach,
thepriceis equalto thediscountedweragecostsin therealworld plusaloadingfor the capital.

Sincea GMDB s typically creatediabilities for multiple years,it is possibleto review reseres
andcapitalswhennew informationabouttheunderlyingasseandthemortality becomeswvailable.
We referto IAA (2004),whereit is advisedto take future informationinto accounton a regular
basisof e.g.oneyearwhenassessinthe solveng of long-termrisks.

We describetwo reservingand capital allocationstratgies. The rst takes no future informa-
tion into account.Hence attime 0, theresenesandthe capitalswhich will be keptin the future
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are x ed. This stratgyy hassomecomputationahdvantagesut doesnot seemvery rational. By
taking theinitial capitalsufciently large, a lot of securitycanbe foreseenput from the results
for the secondstrateyy, we will seeit is very likely we will maintainan amountof capitalwhich
Is too largein the futurewhenapplyingthe rst stratgy. Hence,in the cash- ow model,onewill
endup with a premiumwhichis unnecessarilfigh. The secondstratgy takesfutureinformation
into accounton a yearly basis. Sucha stratgly seemsmorerationalbut is quite cumbersomeo
calculate We brie y explainandverify anapproximatesimulationmethodto make thecalculation
of this stratgyy possible.Our approachallows usto estimatedistribution functionsfor the future
resenesandtotal solvengy levels. This providesalot of informationabouttherisk whichis borne
by the (re)insurereservingn anactuarialway.

Insteadof working with alog-normalmodelfor theunderlyingassetasin Frantzetal. (2003),we
usea morerealisticregime-switchinglog-normalmodelwith two regimesasdescribedn Hardy
(2001).

The remainderof this paperis organizedas follows. In section2, we shov how onecandeal
with mono-periodcapital allocationproblemsusing risk measures We then suggestwo multi-
period capital allocationstratgiesin section3. Section4 explainshow actuarialpricing canbe
performedusing a cash- ow model. In section5, we discusshow we modelledthe unit-linked
contractwith GMDB andwe brie y explain a simulationstratgy for using future information.
Finally, we comparethe two multi-period stratgjiesfor the GMDB in section6, wherewe also
analyzethe approximatedlistribution functionsof thetotal solveng levelsandthereseresin the
approactusingfutureinformation.We concluden section?.

2. MONO-PERIOD CAPITAL ALLOCA TION

Assumewe areexposedto arandomlossX . For the momentwe assumeX is aninsurancdoss
to which oneis exposedfor only one periodandwe do not take into accountdiscounting. We

de ne the purepremiumPP asthe averageE[X ] of X andassumehis pure premiumis held

asaresene. For risky businessthe pure premiumitself will of coursenot guaranteghat at the

endof the period,thereis enoughsecurityto withstandthe losseswvhich may occur Therefore,
companiegxposedo risksneedto hold capitalasa safetymaigin againstpossiblebadoutcomes.
We denotethe capitalasK . We de ne thetotal solveng level TSL asthesumof theresere and

the capital. This TSL shouldbe sufciently large suchthatfuturelossescanbe paidwith a high

probability,

Both in theoryandin practice,risk measuresre gaining more and more interestfor assessing
total solveng levels.We rst de ne somewell-known risk measures:

De nition 2.1(Value-at-Risk) For anyp 2 (0;1), theVaRat level pis de nedanddenotedoy
Qp[X]=inffx 2 RjFx (x)  pg; (1)
whete Fx (x) denoteghedistribution functionof X .

The VaR at level p of arisk X canbe interpretedasthe value at which thereisonly 1  p %
probabilitythattherisk will have anoutcomeargerthanthatvalue.
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De nition 2.2(Tail Value-at-Risk) For anyp 2 (0; 1), theT\aRatlevelpis de nedanddenoted

by . zZ,
TVaRy[X] = ﬁ) Qq[X Jdg (2)
P

De nition 2.3(Conditional Tail Expectation) For anyp 2 (0;1), the CTE at level p is de ned
anddenotecdby
CTERX]= E[X]jX > Qp[X]]: 3)

The CTE atlevel p of alossX canbe interpretedasthe averageof all possibleoutcomesof X
which areabore Q,[X ]. It is well-known thatthe TVaR andthe CTE arethe samefor all p-levels
if thedistribution functionof X is continuous.

Someinterestingeferencesnrisk measureandtheir propertiesandusesareDhaenestal. (2003),
Dhaenectal. (2004a) Dhaeneetal. (2004b)andGoovaertsetal. (2004).

3. MULTI-PERIOD CAPITAL ALLOCA TION

We rst introducesomenotation.We denote0 asthetime atwhich theinsurancas writtenandT
asthetime atwhichthelastliabilities arepossible. Supposeve areexposedo arisk

X = (X110 X1); (4)

P
Z=(Zo=Xqe Y1127 1= Xe ) (5)

Z is thevectorof all futureyearlylossesdiscountedo the startof the rst year Furthermorewe

introduce
X1 X1t Pt
D=(Do=  Z;Dy=  Z":::;Dy 1= Z1 1€ = M); (6)

t=0 t=1

As time passesimportantinformation may becomeavailable. In the context of a GMDB, this
informationconsistf thevalueof theunderlyingassetthe numberof survivorsandthereturnon
theinvestmentsSupposeheinformationis describedy a Itration F = (F)i2jo.;r;. Weassumea
time periodof oneyearafterwhich resenesandcapitalsmaychange.

For the easeof later computationgseesection4), we assumeall paymentsare madeat the end
of theyearin which the costsoccur

3.1. ApproachNot Using Futur e Information
At time 0, we hold the purepremium

PP = E[DoJFo] = Ro, (7)
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asaresere. In addition,we coulddecideto hold a capital
Ko= [Do RojFo]; (8)
where is arisk measureWhennot usingfutureinformation,we de ne thefuturereseresas:
Ry = E[DyjFo;t2 f1;:::;T 1g; (9)

sotheresene at the startof yeart is equalto the averagediscounteduture costsattimet 1,
giventheinformationat time 0. Usingthe samerisk measureasat time 0, andnot incorporating
futureinformation,we cande ne

Ki= [Dy RyFol;t2f1:::;T 1g: (10)
Thetotal solvengy level att is thende ned anddenotedas
TSLi= R+ Kyt2f1::; T  1g (11)

It is very unlikely this approachwill in reality be appliedfor reservingand capital allocation
purposesAn insurerhaving futureinformationavailablewill normallytake thisinto account.The
useof this stratg)y shouldbe seermasa possiblefastcomputationabpproximationn the cash- ow
modelof the stratgyy describedn section3.2 (seesectiord for moredetails).

3.2. ApproachUsing Futur e Information

At time 0, we applythe samestratgy asin section3.1. At timet 2 f1;:::; T 1g, wede ne the
reserneas
Rt = E[DtJFt], (12)

whereF, denotegheinformationavailableatthe startof yeart. For the capital,we take
Ki= [Dy RyF¢;t2fL::5T 1g (13)

As seenfrom time 0, R; andK; arerandomvariables,sinceF; is still unknovn. At t however,
R; andK; canbe determinedisingthe samemethodsasthosewhich areusedto determinepure
premiumandthe capitalattime 0. Thetotal solvengy level att is again de ned anddenotedas

TSLi= Ri+ Kyt 2f1:::;T  1g (14)

The advantageof this approachs that the resene andthe capital are regularly adaptedo new

information. Thisalsomeanghatwhenthenew informationis bad,moreresenesandcapitalthan
actuallybeingavailablemayneedto be allocated.In otherwords,if the safetymargin is not high

enoughgiventhe new information,it is enlagedwith new capital. Of coursethisis subjectto the
assumptiorthatoneis ableto allocatenew capitalif necessaryT hreequestionsarevery pertinent
in this context:

1. Isit probablethat,at a given momentin the future,new capitalwill needto be allocatedin
orderto obtainatotal solveng level whichis sufciently high?

2. Giventhatnew capitalneeddo beallocatedhow large canthis amountbe?

3. Canacompay if necessargllocateadditionalcapitalto arisk?
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In generalwhennew capitalneeddo beallocatedwe mayfaceproblemsof ruin. Onecanindeed
guestionif onewill nd shareholdersvilling to investin a productwhich is performingbadand
leadingto losseson the capitalwith a substantiaprobability Therefore,a situationwhereit is
probablethat high amountsof capitalneedto be reinjectedin the businesss not preferable.For
ananswelto the rst two questionsn the context of a GMDB, we referto section6.2.

The answerto the third questiondependsupona numberof factors. If a compary would only
be exposedto risks of the samenaturewhich arevery correlatedthenit may be very dif cult to
nd additionalcapitalif it is required. For a compary with a morediversi ed portfolio of risks,
this mayhowever be possible.

4. ACTUARIAL PRICING USING A CASH-FLOW MODEL

In a cash- ow model, one modelsthe averagein-and out ows, taking the point of view of the
shareholdersAssumetherisk-freerater is constantandequalto the rateof returnon the bonds.
Assumethetaxrateis equalto andthereturnonthestocksaftertaxation,is equalto .

We thenhave thefollowing averageout ows:

1. Net meanclaim payments:cs(1 ), wheres 2 f1=12,2=12;:::;Tg. Hence,costscan
ariseattheendof every month. For the easeof latercomputationswe assumelaimswhich
occurin acertainyearareonly paidattheendof thatyear Hence,attheendof yeart, the
(re)insuremasto payc(l ), where

2
)Q' (12 s)r

G = e 2 G st 2fl::TQ (15)
s=1
2. Netmeanchangdn thetechnicalprovisions: p(1  ),wheret 2 f0;:::;Tg
3. Meanchangen theallocatedcapital: k¢, wheret 2 f0;:::;Tg
We have thefollowing in o ws:
1. Netmeanreturnontheprovisions:R;(p)(1 ), where

Ri(p) = p (€ 1)t2f1:: Ty (16)

2. Netmeanreturnonthecapital: R;(k), where
Ri(k) = ki 1(e 1)andt2f1;:::;Tag: (17)
3. Net premiumincome: TFP (1 ), whereTF P denoteghe technico- nancialpremium
which hasto be determined.

It is atthis pointthatwe canunderstandhe possibleusefulnessf the stratgy describedn section
3.1. To calculatethe averagein-and out ows, we needto determinethe averagereseresp; and
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Hence,with respectto the reseres, thereis no differencein the cash- ow model betweenthe
approachdescribedn section3.1 andsection3.2. Assumethe capitalsare calculatedusingthe

kt = E[Kt] = E[CTEp[Dt RtJFt]] 6 CTEp[Dt RthO]: (19)

We coulduseCTE[D;jF o] asanapproximatiorof k; but we certainlyneedto verify whetherthis
approximations good.

Oncethe averagefuture cash- ows are knowvn, we discountall of themwith the costof capi-
tal, which we assumeo be knowvn andconstant.Thetechnico- nancialpremiumis de ned asthe
valuewhich makesthe sumof thediscountedn o ws equalto the sumof the discountedut ows.
Hence thetechnico- nancialpremiumis the valuewhich solvesequation(20)

n #
2
tcoc X2 e o
e p.  Ri(p) + € 2 G sz (1 )
t=0 s=1
X
= e COC R (k) k]+ TFPQ1 ); (20)

t=0

with the corventionthatRo(p) = Ro(k) = Oandc; = Oforalls 0. Now supposdhe average
resenesareequalto thefuture meanclaim paymentsdiscountedattherisk freerate,i.e.

127 1)
p = e

s=1

rs=120t+ s=12- (21)

(12 s)r

p
Using(21)it canbeveri ed thattheterm p, R(p)+ <5 € 7 G 1+512in (20)is equalto

Po if t=0; (22)

O if t2f1:::;Tg: (23)

The assumptiorthat costsare only paid at the endof the yearwastakenin orderto obtain (23).
Using(22) and(23), we canwrite thetechnico- nancialpremiumas

P
w0 @ % ki Ru(K)],
1 ;

TFP = Py + (24)

This meanghetechnico- nancialpremiumconsistof two parts:
1. Theresenre Py takenattimeO.

2. A loadingfor the averageamountsof capitalk; which areallocatedat the startof eachyear

5. SIMULATION STRATEGY

5.1. Modelling a GMDB

We supposeéhereis a groupof N, = 1000insuredagedx = 50 which all investC = 1into a
risky asse(S;): o. The(re)insuremprovidesa guarante®f K = 1in casetheinsureddiesbefore
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retirement. Hence,in casean insureddiesat time t, the (re)insurerwill pay (K  S;). for the
guarantee.Notthat(K  S;). is equalto thepayof functionof a Europearput optionwith strike
price K andmaturity datet on the underlyingasset(S;)i2 0. We supposehereis no surrender
andthereis anageof retirementxg = 65 afterwhich no paymentsaaremade. At retirement,no
guaranteds given.

We usethe regime-switchinglog-normal (RSLN) modelwith 2 regimesas describedn Hardy
(2001). This modelprovidesuswith monthlylog-returnsfor the underlyingasset.We denotethe
regime applyingto theinterval [s;s+ 1) as 5. Hence s 2 f1;29. In acertainregime ¢ we
assumehereturnYs satis es:

Ys=log(—==j s) N( o o) (25)

Ss

Furthermorethetransitionsbetweertheregimesareassumedo follow a Markov Processharac-
terizedby thematrix P of transitionprobabilities

Pj = Pr[ s =jj s=i];fori;j 2 f1;2g: (26)

As parametersye usethe parametergstimatedisingthe maximumlog-likelihoodtechniquex-
plainedin Hardy (2001).We usethe S&P 500data(total returns)rom Januaryl 960to December
2003.Theestimate¢parameteraresummarizedn table3.

To modelmortalities,we usea Gompertz-MakhamapproachThesurvival probabilityof aperson
agedx is thendescribedas

X t
tPx = exp t M : (27)

forsome > 0, > Oand . Weusethe rst setof Gompertz-Makhamparametersn table3
up to age65 andthe secondsetfor ageshigherthan65. As for the underlyingassetwe model
mortalitieson a monthly basis,generatingrom a binomialdistributions.

5.2. Using Futur e Information

Firstwe describea naive simulationstrategy which couldbeusedto incorporatdutureinformation
(seegure 1). At time 0 we make N simulationggoingfrom 0to T andwe usetheseto determine
thedistribution functionof Dy. At time 1, we thenobtainNs valuesfor the underlyingassetand
Ns valuesfor thenumberof peoplewho arestill alive. Thisleadsto N = N2 combinationsFrom
eachof thesecombinationswe shouldthenmake new simulationsfrom 1 to T to determineN
distributionfunctionsfrom which resenesandcapitalscanbe calculatedp,; andk; aredetermined

be determinedisinga similar strateyy.
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Figurel: Treesimulationsto obtainp; andk;.

It caneasily be understoodhat this approachwill requirea hugeamountof computationtime.
Therefore we turn to an approximationstratgy. This stratgy is describedn detailin Desmedt
etal. (2004). We hereonly describantuitively the simpli cations which aremadeto the stratgy
describedabove.

Insteadof usingall futurevaluesfor theunderlyingassetindfor themortality to estimatethe
requiredresere andcapital,we limit oursehesto aonly N, valuesfor theunderlyingasset
andNo classedor themortality. Sincethein uence of the positionof the underlyingasset
ontheestimatectostsis alot moreimportantthanthatof themortality, wetake Ng < Na.

Both for theunderlyingassetandfor the mortality, we avoid resimulatingat future pointsin
time.

5.3. Veri cation
5.3.1. PuTt OPTION

In Hardy (2001),theoreticaformulasfor the VaR andCTE of a Europearput optionwith payof
functionX = (G S;). onarisky asse{(Ss)s2(0.n) arederivedunderthelog-normalmodel. As
pointedout by Hardy, whenp < Pr[S, > G], thede nition of the CTE given by (2.3) doesnot
give suitableresults.Therefore sherede nesthe CTE as

1 9E[XiX > QpXT1+ ( ° P)QplX].

s (28)

CTE,[X]=

where %= maxf jQy[X]= Q [X]g. In whatfollows, we will usede nition (28) for the CTE.
Whencalculatinghe CTEfrom sirBuIationswetake CTEp[X]equatltotheaverageofthe(1 p)%
worstoutcomeslf S, LN (n; " n ),thenforp Pr[S, > G]

+n 2=2
CTEX] = 6 ST ) (29
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Ontheotherhand,if p< Pr[S, > G], onecanverify the CTE is givenby

1 PriS,>G
CTE,X] = 1[ n ]CTEPr[Sn>G][X]: (30)
To testthe simulationstrategy for the underlyingassetwe wish to calculate
E[CTEL(G Sn)+iS/]l; wherey 2 £1;:::;Tg; (31)

Firstwe calculatethetheoreticalvalueof (31),asif p  Pr[S, > GjS,] werevalid for all possible

valuesS, asa(sometimesough)approximatiorof E[CTE,[(G S,)+]Sy]]. Hencewe canwrite
|

Z, -

| el + =2 y) P
E[CTEL(G  Sn)+iS]] . G Xl—p( (P " noy) s, (x)E32)
e+ 220 ) 0 !
= 6 g ') Tny)  xfs (x)dx (33)
P 0
_ gl + ?=2)n p .
=6 S5 e P (34

Theapproximatiormadein (32) will improve for high valuesof p but evenfor very high p-values
it will still needto be correctedo geta goodapproximationjf we gointo thefuture. In Desmedt
etal. (2004),it is describedn detailhow this correctioncanbe made.

In table 1, we summarizethe resultsof this testfor the CTE at level p = 0:99 for a maturity
guarante®f G = 1= S, after10years.Giventheinformationwe have at0, we wish to compare
the averagesimulated(As) andtheoretical(A1) CTE at level 0.99 of the maturity guaranteeat
the startof every year takinginto accountthe informationaboutthe underlyingassetwe have at
thatmoment.We madel5000simulationsfor the underlyingassefor 10 yearswherethereturns
arelog-normallydistributedwith parameters = 0:085and = 0:20. In column1, we specify
theyearatthe startof whichtheaverageCTE's atlevel 0:99 arecomparedIn thefourth column,
we calculatethe differencebetweenAs and A+, relatve to Ar. In column5, we calculatethe
differencebetweem s andA+, relative to thelevel of theguarantee.

| Year| Ar | As | B Rl A Aqj
0.557] 0.568] 2.0% 1,1%
0.508| 0.512| 0.8% 0,4%
0.453| 0.450| 0.7% 0,3%
0.397| 0.399| 0.5% 0,2%
0.339| 0.345| 1.8% 0,6%
0.286| 0.297| 3.8% 1,1%
0.234| 0.246| 5.1% 1,2%
0.183| 0.183| 0.0% 0,0%
0.132] 0.138| 4.5% 0,6%
0.082| 0.088| 7.3% 0,6%

Boo~v~ouos~wNPR

Tablel: TestaverageCTE atlevel 0.990f a put option.

We seethatfor all compared/earsthetheoreticabndaverageCTE arefairly close.
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5.3.2. ITERATIVITY PROPERTY OF THE EXPECTATION

In gure 2, we comparethe averageresenesfor the parameterasspeci edin table3. Forall t 2
f0; Tg, thedashedine representshe approximatiorof E[E[D]jS;; N¢]]. Thefull line represents
E[D+]So; No].We seethatthetwo lines t very well ontoeachother This meanghatunderthese
conditions,our approximatiorstratgy passeshetestof theiteratvity propertyof theexpectation.
By takingN o smallerunderthe sameconditionswe would seetheiteratiity propertyis lesswell
satis ed. Theinvestigation of someotherconditionslearnedthatwhencostsaremorelikely (e.qg.
whenK > Sp), lessvaluescanbetakenfor the underlyingasseto satisfytheiteratiity property
in thesameway. Onthe otherhand,whencostsarelesslikely (e.g.whenK < Sp), No needso
belargerto obtainresultsof the samequality asof thosein gure 2.

6. RESULTS

6.1. AverageCapitals and Technico-FinancialPremium

In gure 3, we seethatthe capitalsstartatthe samevaluein thetwo multi-periodstratgies. At the
startof the secondyear the stratgy usingfutureinformationrequireson averagelesscapitalthan
theonenot usingfutureinformation. The differencesncreasaf we move furtherinto thefuture.

30

20 ™

Reserves
e e
B [4,]

o
w

Capitals

101

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Ti me Ti me

Figure2: Comparisorof theaverageresenes.  Figure3: Comparisorof the averagecapitals.

As we seein table 2, the differencesdbetweenthe averagecapitalsin the two stratgieshave an
importantin uence onthetechnico- nancialpremium.

] | Approachsection3.1 | Approachsection3.2 |

PP 0.79 0.79
Ko 21.97 21.97
TFP 14.05 6.50

Table2: Comparisortechnico- nancialpremium.

Thetechnico- nancialpremiumin the approachot usingfuture informationis morethantwice
aslargeasin theapproachn which futureinformationis takeninto account.
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6.2. Distrib ution Functions of Futur e Total SolvencyLevels

In gure 4, we shav the approximatedistribution functionsof the future total solveng levels,

usingthesimulationstratgy. Theverticalline is thetotal solvengy level attime 0. To characterize
the otherlines, we canusethefollowing rule: the highertheline is attheleft, the furtherin time
thesituationwhichis represented.

1.0 == ==
P b
o ///////:7//4;7
e

+— 0. 9 | '//’ L /////
; 4 T / v
— 0.8 /// e yd o
- NS
o 0. / /// / /,/
: 1’ , / /// // ’1'
o O ] /

. / /
=V
w 0. ‘ /)
c / /
0. / / /o
= /o

/
_g 0 //
- — //
= 0. /
(72}
a5 0.
0.

10 20 30 40 50 60 70
TSLt

Figure4: Approximatedistribution functionsfor the total solvengy levels at the startof eachyear
whenusingfutureinformation.

We seethatin about30%of thecasesthetotal solvengy level atthe startof the secondyearshould
belargerthantheinitial total solvengy level. Thelargestestimationdor therequiredtotal solvencgy

level at the startof the secondyearareabouttwice aslarge astheinitial total solveng level. On

theotherhand,thelowestestimationsareaboutonethird of theinitial total solvengy level. Hence,
alreadyafter oneyear the differencedn mainly the underlyingassetcanbe suchthatwe obtain
a very wide rangein possiblerequiredtotal solveng levels. At the startof the third year the
largestestimationdbecomeeven larger but the probability that the total solvengy level shouldbe
largerthantheinitial total solvengy level decreasew about25%. Thenfor afew yearsthelargest
estimationgemainata comparabldevel. We alsoseethatthe probabilitiesthatthe total solvengy

levels shouldbe largerthantheinitial total solvengy level continuedecreasingAt abouthalf the
lifetime of the risk, the largestestimationsstartto decrease¢oo. From the startof year ve on,
thereareestimationdor therequiredtotal solveng level of 0.

7. CONCLUSION

In this paper we suggestech multi-period capital allocationstratgly which incorporateduture
information. We explainedhow this stratgy can be usedwithin a cash- ow modelto price a
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multi-periodrisk. An interestingexampleof sucharisk is a GMDB in unit-linkedlife insurance,
especiallywhenpricing andreservingis donein anactuarialway. After explainingandverifying
a simulationstrategyy for the approachusingfuture information,we comparet with anapproach
not using future information. For the averagereseres, we seeboth stratgiesleadto the same
results,dueto the iterativity propertyof the expectation. For the averagecapitalshowever, we
obsere importantdifferencedetweerthetwo methods As aconsequencehetechnico- nancial
premiumfor themethodnotusingfutureinformationis morethantwice aslargeasin theapproach
usingfutureinformation. Our simulationstratey alsoprovidesapproximationgor thedistribution
functionsfor the future reseresandcapitals. Fromthese interestinginformationaboutpossible
variationsof reseresandcapitalscanbewithdrawn.

8. USED PARAMETERS AND NOTATIONS: SUMMARY

Simulations
Numberof simulations Ns 15000
Numberof valuesfor underlyingasset Na 500
Numberof classesgor mortality No 5
ContractuaParameters
Portfolio composition fN,;x;Cg f100Q50; 1g
Initial valueunderlyingasset So 1
Guaranteatdeath K 1
Age of retirement XR 65
Mortality Parameters
0.000591068646661458
Gompertz- 0 65 0.00000737593571037331
Makeham 0 65 0.11807173977857
parameters 65 99 0.000619125291109306
65 99 0.0532009916754107
Parameter€ashFlow model
Risk freerate r 0.0425
Taxrate 0.4
Averagereturnoninvestmentsn shares 0.0505
Costof capital cocC 0.085
Parameter&R SLN model
Averageog-returnin regimel 1 0.0135
Averagedog-returnin regime 2 2 -0.0109
Volatility in regime1 1 0.0344
Volatility in regime 2 2 0.0645
Probabilityto move from regimelto 1 P11 0.0483
Probabilityto move from regime2to 1 P21 0.1985

Table3: Usedparameterandnotations:summary
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